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Abstract

A novel conceptual and practical framework
for feature construction is introduced. The
user can declaratively specify the features of
interest using a conjunctive query. The query
may involve various constraints over the fre-
quency of the features (e.g. being frequent on
the positives and infrequent on the negatives)
and the generality of the features. The solu-
tions to the query are organized in a version
space, and are computed using an integration
of the version space algorithm and the level-
wise algorithm in data mining. The resulting
features can then be used by traditional ma-
chine learning algorithms.

To experimentally validate the framework,
we focus on feature construction within
chemoinformatics applications, where the
features to be constructed are linear frag-
ments. Linear fragments are sequences of lin-
early connected atoms.

1. Introduction

In the past few years, both machine learning and in-
ductive logic programming have devoted a lot of at-
tention to feature construction (Srinivasan et al., 1996;
Kramer, 1999; Dehaspe & Toivonen, 1999; Alphonse
& Rouveirol, 2000; Kramer, Lavra¢ & Flach, 2001).
Feature construction in inductive logic programming
is important for practical as well as theoretical rea-
sons. Firstly, adequate feature construction techniques
may contribute new insights into the relation among
relational representations and propositional ones. Sec-
ondly, efficient and effective feature construction tech-
niques combined with attribute-value learning may
outperform pure inductive logic programming tech-
niques. There exists some recent evidence that this
may well be the case. For instance, in the PTE-2 chal-
lenge (Srinivasan, King & Bristol, 1999), the best pre-

dictors employed a set of features induced using the
Warmr system (Dehaspe & Toivonen, 1999). Warmr
basically discovers all frequent Datalog queries within
a specified language. These queries can then be em-
ployed as boolean features in a propositional learner.

Despite the existence of various feature construction
techniques (Srinivasan & King, 1999; Dehaspe &
Toivonen, 1999), there exists so far neither a com-
mon framework for feature construction, nor a good
understanding of the relative advantages of the differ-
ent feature construction techniques. Indeed, various
open questions exist. For instance, should the class
information be taken into account (as in (Srinivasan
& King, 1999)) or not (as in (Dehaspe & Toivonen,
1999)) during feature construction ? How many fea-
tures should one construct 7 What if the features are
mutually dependent ? Some learners, such as e.g. sup-
port vector machines, can cope with a large number of
features. Others, such as e.g. naive Bayes or logistic
regression, have difficulties dealing with a large num-
ber of mutually dependent features.

We present a common conceptual framework for study-
ing these issues. It is based on an extension of the
version space model that we introduced elsewhere (De
Raedt & Kramer, 2001). Within this model, it is pos-
sible to declaratively specify the features of interest.
The specification takes the form of a set of constraints
concerning the frequency of the features on (possibly
different) datasets as well as on the generality and syn-
tax of the features. Using our framework, one can e.g.
specify that the features should cover at least 5 per-
cent of the positive examples, should cover at most
10 percent of the negatives, and should be more gen-
eral than a specified feature. The space of all features
satisfying the constraints takes the form of a version
space. Elsewhere, we have given efficient algorithms
for computing the borders of the version space. The
algorithms are based on a tight integration of the lev-
elwise algorithm by (Manilla & Toivonen, 1997) and
Mellish’ description identification algorithm (Mellish,
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Figure 1. Example compound in a 2-D representation. 'cl—
¢c~cn~c~c—o0 is an example fragment occurring in
the molecule. (Benzene rings consist of six carbon atoms
connected by aromatic bonds.)

1990), that extends Mitchell’s version space algorithm
(Mitchell, 1982).

In order to validate the framework, we focus on appli-
cations in bio- and chemoinformatics. We present an
implementation as well as experiments where the con-
structed features are molecular fragments. Molecular
fragments are sequences of linearly connected atoms.
They are useful and important for the induction
of so-called Structure-Activity Relationships (SARs),
which are statistical models that relate chemical struc-
ture to biological activity. The use of automati-
cally derived fragments in SARs originates from the
CASE/MultiCASE systems developed by (Rosenkranz
et al., 1999). With more than 150 published references,
the CASE/MultiCASE systems are the most exten-
sively used SAR and predictive toxicology systems.

The search for interesting molecular substructures has
also been studied within the context of inductive logic
programming and knowledge discovery in databases.
For instance, Warmr (Dehaspe & Toivonen, 1999) or
the approach by Inokuchi, Washio and Motoda (2000)
have been used in this context. Warmr is a system
discovering frequently succeeding Datalog queries, and
thus is not restricted to fragments. The approach by
Inokuchi et al. (2000) deals with arbitrary frequent
subgraphs, and thus is not restricted to linear frag-
ments. Both approaches differ in that the derived
features are more expressive. However, finding the
features is computationally much more expensive and
complex than for linear fragments.! Linear fragments
were introduced by (Kramer & Frank, 2000). All of
these approaches can only deal with a minimum fre-

!Testing whether a linear fragment occurs in molecule
seems to be polynomial.

quency constraint on a single dataset. In contrast,
we also deal with maximum frequency thresholds and
multiple data sets.

The paper is organized as follows: in Section 2, we in-
troduce the molecular fragment finding task and the
primitives for querying such fragments, in Section 3,
we show that the space of solutions to a query is essen-
tially a version space, in Section 4, we discuss how to
use the resulting framework for feature construction,
in Section 5, we report on various experiments with the
constructed features in three biochemical applications,
and in Section 6, we conclude.

2. Framework
2.1 Molecular fragments

A molecular fragment is defined as a sequence of lin-
early connected atoms. For instance, o — s — ¢’ is
a fragment meaning: “an oxygen atom with a single
bond to a sulfur atom with a single bond to a carbon
atom”. In such expressions ’¢’, 'n’, ’cl’, etc. denote
elements, and '—’ denotes a single bond, '=’ a double
bond, ’#’ a triple bond, and ’~’ an aromatic bond. As
common in the literature, we only consider “heavy”
(i.e., non-hydrogen) atoms in this paper.

We assume that the system is given a database of ex-
ample compounds and that each of the example com-
pounds in the database is described using a 2-D rep-
resentation. The information given there consists of
the elements of the atoms of a molecule and the bond
orders (single, double, triple, aromatic). An example
compound in such a representation is shown in Fig. 1.

A molecular fragment f covers an example compound
e if and only if f considered as a graph is a subgraph
of example e. For instance, fragment 'cl — ¢ ~ ¢ ~ ¢ ~
¢ — o' covers the example compound in Fig. 1.

There are a number of interesting properties of the
language of molecular fragments M:

e fragments in M are partially ordered by the is
more general than relation; when fragment g is
more general than fragment s we will write g < s;

e within this partial order, two syntactically differ-
ent fragments are equivalent only when they are
a reversal of one another; e.g. 'c — o — s’ and

's — 0 — ¢ denote the same substructure;

e g < s if and only if g is a subsequence of s or g is
a subsequence of the reversal of s; e.g. ‘¢ — o' <
'c—o0—4¢'.

Note that the representation of molecular fragments



is relatively restricted compared to some other rep-
resentations employed in data mining, such as first-
order queries (Dehaspe & Toivonen, 1999) or sub-
graphs (Inokuchi, Washio & Motoda, 2000). Although
fragments are a relatively restricted representation of
chemical structure, it is easy for trained chemists to
recognize the functional group(s) that a given frag-
ment occurs in. Thus, the interpretation of a fragment
reveals more than meets the eye.

2.2 Constraints on fragments

The features that will be constructed can be declara-
tively specified using a conjunction of primitive con-
straints ¢; A ... A ¢, The primitive constraints ¢; that
can be imposed on the unknown target fragments f
are:

e f<p,p<f,~(f <p)and =(p < f): where
f is the unknown target fragment and p is a spe-
cific pattern; this type of primitive constraint de-
notes that f should (not) be more specific (gen-
eral) than the specified fragment p; e.g. the con-
straint ‘c— o' < f specifies that f should be more
specific than 'c — ¢, i.e. that f should contain
'c — o' as a subsequence;

e freq(f,D) denotes the relative frequency of a
fragment f on a set of molecules D; the relative
frequency of a fragment f w.r.t. a dataset D is
defined as the percentage of molecules in D that
f covers;

b freq(fa-Dl) S ta freq(fa-D2) 2 t where t is a
positive real number and D; and D, are sets of
molecules; this constraint denotes that the rela-
tive frequency of f on the dataset D; should be
larger than (resp. smaller than) or equal to t; e.g.
the constraint freq(f, Pos) > 0.95 denotes that
the target fragments f should have a minimum
relative frequency of 95 % on the set of molecules
Pos.

These primitive constraints can now conjunctively be
combined in order to declaratively specify the tar-
get fragments of interest. Note that the conjunction
may specify constraints w.r.t. any number of datasets,
e.g. imposing a minimum frequency on a set of active
molecules, and a maximum one on a set of inactive
ones. E.g. the following constraint :

(le=d < HIN(f< 'c—0—s5—c—0—5§)A
freq(f, Act) > 0.95A freq(f,InAct) < 0.05)

queries for all fragments that include the sequence 'c—
o', are not a subsequence of 'c—o0—5s5—c—o0—s', have

a frequency on Act that is larger than 95 percent and
a frequency on InAct that is smaller than 5 percent.

3. Solving constraints

In this section, we show that the solutionspace sol(c; A
...\ ¢p) in M for a conjunctive constraint ¢; A ... A ¢y
is a version space and can therefore be represented by
its borders.

Due to the fact that the primitive constraints ¢; are
independent of one another, it follows that

sol(c1 A ... Aep) = sol{cy) N...N sol(cy)

So, we can find the overall solutions by taking the in-
tersection of the primitive ones.

Secondly, each of the primitive constraints ¢ is mono-
tonic or anti-monotonic w.r.t. generality (cf. (Manilla
& Toivonen, 1997)). A constraint ¢ is anti-monotonic
(resp. monotonic) w.r.t. generality whenever

Vs,g€ M : (g <s)A(sesol(c) = (g € sol(c))

(resp. (g € sol(c)) — (s € sol(c))). The ba-
sic anti-monotonic constraints in our framework are:
(f < p), freq(f,D) > m, the basic monotonic ones
are (p < f), freq(f,D) < m. Furthermore the nega-
tion of a monotic constraint is anti-monotonic and vice
versa.

Monotonic and anti-monotonic constraints are impor-
tant because their solution space is bounded by a bor-
der. This fact is well-known in both the data mining
literature (cf. (Manilla & Toivonen, 1997)), where the
borders are often denoted by BD1, as well as the ma-
chine learning literature (cf. (Mitchell, 1982)), where
the symbols S and G are typically used.

To define borders, we need the notions of minimal and
maximal elements of a set w.r.t. generality. Let F' be
a set of fragments, then define

min(F)={feF|-3g€ F:q< f}

max(F)={feF|-Iqge F: f<q}

We can now define the borders S(c) and G(c)? of a
primitive constraint ¢ as

G(c) = min(sol(c)) and S(c) = maz(sol(c))

2At this point, we will follow Mitchell’s terminology,
because he works with two dual borders (a set of maximally
general solutions G and a set of maximally speci c ones ).
n data mining, one typically only works with the -set.



Anti-monotonic constraints ¢ will have G(¢) = { }
and for proper constraints S(¢) = { }; proper mono-
tonic constraints have S(c) = { } and G(c) = { }.
Furthermore, as in Mitchell’s version space framework
we have that

sol(c)={feM|3se€S(c),geG(c):g< f < s}

This last property implies that S(c) (resp. G(c)) are
proper borders for anti-monotone (resp. monotone)
constraints.

So, we have that the set of solutions sol(c;) to each
primitive constraint is a simple version space com-
pletely characterized by S(¢;) and G(c¢;). Therefore,
the set of solutions sol(c; A...Ac¢;,) to a conjunctive con-
straint ¢; A... Ac,, will also be completely characterized
by the corresponding S(c1 A...Acy,) and G(e1 A...Acy).

Elsewhere (De Raedt & Kramer, 2001; De Raedst,
2000), we have presented algorithms for computing the
S and G sets corresponding to the constraints. The
algorithm basically integrates the levelwise algorithm
by (Manilla & Toivonen, 1997) with Mellish’s descrip-
tion identification algorithm. In principle, one might
also employ Hirsh’s version space merging algorithm
(Hirsh, 1994).

. A ramework or eature construction

The above presented framework for molecular frag-
ment finding will now be used for feature construction.
To realize this, one has to specify a conjunctive query.
The solutions to the query then form the features of
interest. In the remainder of this section, we consider
various types of queries, each of which will construct
a different set of features. We will assume that the
features are constructed with the aim of classification,
and we will also assume that there are two sets of ex-
amples: P which corresponds to the positives, and
which corresponds to the negatives. Furthermore,
=P

.1 minimum fre uenc t res old

The minimum frequency threshold query is of the fol-
lowing form freq(f, ) > where is a constant. In
other words, one is interested in those fragments that
frequently occur in the whole dataset. The reason for
imposing a minimum frequency threshold is that one is
not interested in features that only seldomly occur in
the data, because they are likely to be uninteresting.

e wish to stress that it is easy to generalize the tech-
ni ues for classes. Also, some of the techni ues can also
be generalized for other learning tasks such as e.g. regres-
sion.

As one extreme, consider fragments that do not occur
in the data. It should also be clear that by increasing
one will obtain fewer fragments and that decreasing
will result in more fragments. So, allows one to tune
the number of constructed features.

The minimum frequency approach has been pursued
in the PTE-2 challenge using the Warmr system.

A variant of this type of query would construct features
with a minimum frequency on the positives together
with those with a minimum frequency on the nega-
tives. This variant will not be pursued any further in
this paper.

.2 minimum and a ma imum fre uenc
t res old

One of the problems with imposing only a minimum
frequency threshold is that one may obtain features
that hold for almost all of the examples. These are
likely to be as uninteresting as those that only sel-
domly occur. Therefore it may well be more appro-
priate to use a query imposing both a minimum and
a maximum frequency. Such queries take the follow-
ing form (freq(f, ) < )A(freq(f, ) > ), where

and are real numbers between 0 and 1. It seems
reasonable to choose =1-— .

sing ositi e and negati e e am les

One drawback of the previous two settings is that the
information about the class of the examples is ignored.
Other works such as (Srinivasan & King, 1999) have
employed class information during the feature con-
struction task. Class information can also be adopted
in our framework using the following type of query
(frea(f,P) > ) A(freg(f, )< ). One then finds
those fragments that are frequent on the positives and
infrequent on the negatives. Alternatively, one could
work with (freg(f,P) < ) A (frea(f, )> ). Fea
tures that are a solution to these types of query are
likely to be more predictive with regard to the class
information.

The choice of and is essentially free. E.g. one could
choose these parameters in such a way that the result-
ing fragments are significant w.r.t. the class distri-
butions. For instance, in many chemical applications
it can be assumed that interesting fragments have a
frequency of less than 25 (here counted in absolute
numbers rather than in percentages) in the positive,
active compounds. Setting the minimum frequency in
the actives to 6, 10, 16 and 20, respectively, one can
apply the 2-Test to a 2 2 contingency table with
the class as one variable and the occurrence of the



fragment as the other one to determine the maximum
allowable frequency in the inactive compounds.

Mutuall de endent features

One drawback of using all features that satisfy a con-
junctive query is that many features will be interre-
lated. Whereas some machine learning systems, such
as support vector machines, can cope with such mutu-
ally dependent features, this is problematic for many
other algorithms such as nearest neighbor, naive bayes,
and logistic regression. If the features are to be used by
these last class of algorithms, it is best to filter out the
resulting fragments. The version space representation
actually offers a natural way to realize this. Indeed,
if one restricts one’s attention to only the elements of
the border sets, then many of the dependencies will
automatically be removed. The reason is that within
the space of solutions to the constraints, the border
elements occupy extreme positions. This is easily seen
by taking a chain of fragments ¢ < f; < ... < f, < s
such that ¢ € G and s € S. Here, f; is likely to be
quite similar to f;y1 and f; 1. However, within this
chain, g and s are maximally different.

Therefore, we will distinguish e tensional from inten-
stonal feature construction. The former will employ
all features in the version space, the latter will only
employ the extreme elements.

. erimental esults

In order to validate the described approach, we per-
formed experiments in three real-world domains: car-
cinogenicity prediction (Srinivasan, King & Bristol,
1999) (the PTE-2 dataset), mutagenicity prediction
(Srinivasan et al., 1996) and biodegradability predic-
tion (Dzeroski et al., 1999). For biodegradation predic-
tion, we used a two-class version (degradable or not)
with a half-life time (HLT) threshold of 4 weeks.

In all of the domains, we only used 2-D information
and some global properties. The 2-D information in-
cludes just the elements and the bond orders (single,
double, triple and aromatic). No other information is
used. In particular, we did not use any partial charges,
atom types, functional groups or the like. In addition
to plain 2-D information, we included the results of
the Ames test for the PTE data, the LUMO and logP
values for mutagenicity, and the molecular weight and
the logP for biodegradability.

The general set-up of the experiments is that we
first construct features using the feature construction
method outlined above. We then feed these features
into propositional learners, available in the Weka work-

bench (Witten & Frank, 1999). In particular, we em-
ployed C4.5, PART (Frank & Witten, 1998), logistic
regression and linear support vector machines.

All the results were obtained using proper 10-fold
cross-validation. In other words, the structural fea-
tures were constructed given all examples but those
from the resp. held-out set. Subsequently, we applied
the resulting feature definitions to the respective held-
out set.

We varied the minimum/maximum frequency thresh-
olds as follows: min = 3 %, max = 97 %; min = 5 %,
max = 95 %; min = 10 %, max = 90 % and min = 20 %
and max = 80 %. It should be clear that with the first
parameter setting, a very large number of features is
obtained. Increasing the minimum frequency and de-
creasing the maximum frequency threshold, we obtain
less and less features. Three basic settings for fea-
ture construction were compared: using only the mini-
mum frequency threshold min (as in Apriori (Agrawal,
Imielinsk & Swami , 1993) and Warmr (Dehaspe &
Toivonen, 1999)), using both a minimum and a maxi-
mum frequency threshold and the extensional version
space S , and finally, using both a minimum and
a maximum frequency threshold and the intensional
version space SI only.

Last but not least we present the results for class-
sensitive feature construction, where we attempted
to construct statistically significant features for the
prediction task at hand. To implement this, we set
the minimum absolute frequency on the positive ex-
amples and the maximum absolute frequency on the
negative examples as described above (the minimum
€ {6,10,15,20} and the maximum set dependent on
the class distribution). Given these four settings, we
took the union of all resulting features for the learn-
ing experiments. For this approach, we present results
only for the extensional and intensional version spaces.

In Table 1, we highlighted the best results in boldface.
For PTE, the threshold was set to > 65 %, for muta-
genicity to > 93 % and for biodegradability to > 78
%. In order not to overload the tables, we left out the
standard deviations of the numbers of features. Since
these were reasonably small, they would not add much
to the presentation of the results.

Regarding the statistical significance of these results,
as a rule of thumb, differences of around 5 % are signif-

The best result in the literature for mutagenicity is
( ebag ou eirol, ), and the best result so far
for the biodegradability domain, among a large number of
learning algorithms, subsets of background knowledge and
parameter settings, is or some reference results, see
( ramer, ).
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benchmark domains (carcinogenicity, mutagenicity and biodegrad-
is a rule learning algorithm ( rank

itten, ), means ogistic egression and

n italics, the numbers of constructed features are gi en. nteresting results

min. =3 %, max. =97 %  min. SE SI || min. =10 %, max. =90 %  min. SE SI
PTE . . . PTE . . .
C4.5 59.1 58.8 59.1 C4.5 60.8 57.6  60.8
PART 63.2 62.6 57.9 PART . . 62.8
Log. 55.4 55.8 61.7 Log. 62.9 62.0 60.8
.S M 62.9 62.0 59.1 .S M. 59.1 56.4  59.6
Mutag . . . Mutag . . .
C4.5 89.4 89.4  83.5 C4.5 86.7 86.7 80.9
PART 91.0 91.0 87.2 PART 91.0 91,5 &85.6
Log. 82.4 86.2 87.8 Log. 91.5 . 86.7
.S M 92.6 LS M 87.8 87.8 899
Biodeg . . . Biodeg . . .
C4.5 77.1 77.1 74.0 C4.5 777 77T 741
PART 72.6 72.6 72.3 PART 73.2 73.2 75.6
Log. 64.0 64.0 73.4 Log. .2 .2 .
.S M 74.7 LS M .2 .2 1.1
min. = 5 %, max. = 95 % min. = 20 %, max. = 80 %
PTE . . . PTE . . .
C4.5 61.7 61.4 59.3 C4.5 64.3 63.2 61.7
PART 62.9 62.6 58.4 PART 63.5 64.7 629
Log. 62.6 62.3 58.5 Log. 63.2 63.5
.S M 61.1 60.5 57.6 LS M 64.4 62.6
Mutag . . . Mutag . . .
C4.5 90.4 90.4 85.1 C4.5 90.4 90.4 88.8
PART 91.0 91.0 83.5 PART 91.0 91.0 915
Log. 67.0 69.7 87.8 Log. 90.4 91,5 91.0
.S M 1 d 89.4 LS M 89.4 89.4 894
Biodeg . . . Biodeg . . .
C4.5 76.8 76.8 76.5 C4.5 77.1 771 75.6
PART 73.8 73.8 75.0 PART 77.1 771 75.6
Log. 76.2 76.5 Log. 77.4 774 756
.S M LS M 75.0 75.0 729

icant (according to McNemar’s test) in the PTE and
the biodegradability domains. For mutagenicity, sig-
nificant results usually have a difference of around 7 %.
In order to check the stability of the results with re-
spect to different fold partitionings, we repeated a few
experiments and found that the variation is relatively
small (about one percentage point from partitioning
to partitioning).

In the following, we summarize the major observations
regarding the techniques and parameter settings used,
and regarding the domains.

ote that all algorithms applied in this study are de-
terministic.

First, looking at the numbers of constructed features,
we find that they vary widely from domain to do-
main. This is due to the heterogeneity of the datasets:
Heterogeneous datasets (PTE and biodegradability)
contain fewer frequent fragments than homogeneous
datasets (the mutagenicity dataset of nitro com-
pounds).

Secondly, when using more features, e.g. with “laissez-
faire feature construction” (where min = 3% or min
= 5%), we obtain excellent results only for Support

ector Machines (S Ms), since their overfitting pro-
tection is based on the notion of maximum margin hy-
perplanes and not on, e.g., syntactic complexity. uite
generally, the performance of S Ms tends to degrade



if the set of available descriptors is reduced (e.g., from
minimum fre uenc onl to , further to ). In
contrast, the performance of the classical statistical
technique, Logistic Regression, tends to improve if the
set of available features is getting smaller.

An exception to the above rule is the PTE domain,
where “laissez-faire feature construction” does not
seem to be a good idea. Once again, this shows the
extreme hardness of the domain. As suspected in
(Kramer, 1999), the “right” propositionalizations are
apparently not yet found in this domain. Employing
the Ames test together with a few relevant structural
descriptors is the best we can do at the current state
of the art. The more coarse-grained the proposition-
alization and the more focused the information given
for learning, the better the predictive accuracy.

Constructing fewer features using the min = 20 %/max
= 80% setting harms the performance of the Support

ector Machine algorithm, and does not help except
for the PTE domain. As stated above, focusing im-
proves the performance in this domain. Also, it is
quite obvious from these figures, that “classical” Ma-
chine Learning and statistical algorithms such as C4.5
and PART benefit the most from restricting the num-
ber of features.

The latter phenomenon shows particularly in the re-
sults for class-sensitive features construction (see Ta-
ble 2). The C4.5 results and especially the PART
results are in fact the only competitive ones among
those described in this paper. This suggests that class-
sensitive feature construction is beneficial in conjunc-
tion with classical Machine Learning algorithms. This
may be due to the “greedy nature” of many of these
algorithms.

Thirdly, from Table 1 it follows that the difference be-
tween the extensional version space approach ( S )
and the one with minimum frequency only (min) is
marginal. This is true for the predictive accuracy as
well as for the number of derived features.

Fourthly, when comparing the extensional approach to
the intensional one, the results for S are better for
learners that can cope with mutually related attributes
(suchasS M), whereas SI is better for learners that
have difficulties with such attributes. The differences
are clearest for logistic regression. This seems to in-
dicate that the intensional approach is well-suited to
deal with mutually dependent features.

Finally, many of the above results (especially those
highlighted in boldface) are competitive with regard to
the state-of-the-art, if not better. This confirms that
the presented approach is practically relevant. Fur-

e . redicti e accuracy of class-sensiti e feature con-
struction in standard benchmark domains.

class-sensitive SE SI
PTE
C4.5
PART
Log. .
.S M 64.7
Mutag . .
C4.5 87.2 87.2
PART A 1
Log. . d
.S M 920 90.1
Biodeg . .
C4.5 76.2 76.5
PART . .
Log. 75.9 75.3
.S M 759 756

thermore, the approach is quite efficient: e.g., a 10-
fold cross-validation run for PTE with min. = 5 %
and max. = 95 % takes around 30 minutes of CPU
time on a LINU PC with a Pentium III processor
(450 MHz).

onclusions

We have introduced a novel framework for feature con-
struction. It is based on a querying model in which the
relevant features can be specified declaratively. The
version space of the resulting features can then effi-
ciently be computed using the levelwise version space
algorithm, that we presented elsewhere (De Raedt &
Kramer, 2001).

The presented framework for feature construction is
more general than those studied so far in the inductive
logic programming community. Indeed, important fea-
tures in this respect include: it can (but need not) take
into the class information, it can in uence the number
of features, it can employ both an intensional and an
extensional representation of the set of features.

The presented framework is also competitive in three
important applications in the field of biochemistry. In
all these applications, results have been obtained that
are at least competitive with the best result to date,
if not better.

Finally, we wish to stress that — although the tech-
nique was presented in the context of molecular frag-
ments — it is possible to adapt it to other types of
features.
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