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Abstract. Data preprocessing, especially in terms of feature selection
and generation, is an important issue in data mining and knowledge dis-
covery tasks. Genetic algorithms proved to work well on feature selection
problems where the search space produced by the initial feature set al-
ready contains the target hypothesis. In cases where this precondition is
not fulfilled, one needs to construct new features to adequately extend
the search space. As a solution to this representation problem, we intro-
duce a framework combining feature selection and type-restricted feature
generation in a wrapper-based approach using a modified canonical ge-
netic algorithm for the feature space transformation and an inductive
learner for the evaluation of the constructed feature set.

A crucial aspect for successfully solving a learning task at hand is the language
in which the hypotheses, i.e. possible solutions, are represented. Two learning
tasks that handle the representation problem by properly transforming an in-
adequate feature space are feature selection and feature generation [2]. Models
of feature selection assume that the description language contains a superset of
the features that are sufficient to describe the target hypothesis. Thus, learning
comprises the selection of a feature subset that maximizes the learning perfor-
mance in a classification or regression task. There are a number of heuristic
feature selection strategies, incrementally choosing feature subsets that lead to
the highest performance increase in one iteration. Yet, in contrast to genetic
algorithms (GAs) [3], a major shortcoming of such methods is their lacking abil-
ity to cope with complex, multimodal search spaces. The main goal of feature
generation is to reveal feature dependencies that need to be recognized to find
the target concept. This is done by transforming the original feature set into a
feature set more suitable for the learning task at hand.

The overall approach is structured as follows. The modified GA produces
individuals by varying and recombining given feature sets and conducts the
search for a good feature set using the learning algorithm for its evaluation. The
training data set the learning algorithm is run on is partitioned into internal
training and hold out sets, with the feature sets removed from and added to the
data that were acquired in the GA search step. The process of creating feature
sets, using the modified GA and evaluating these sets is repeated until a given

E. Cantú-Paz et al. (Eds.): GECCO 2003, LNCS 2724, pp. 1606–1607, 2003.
c© Springer-Verlag Berlin Heidelberg 2003

Verwendete Distiller 5.0.x Joboptions
Dieser Report wurde automatisch mit Hilfe der Adobe Acrobat Distiller Erweiterung "Distiller Secrets v1.0.5" der IMPRESSED GmbH erstellt.Sie koennen diese Startup-Datei für die Distiller Versionen 4.0.5 und 5.0.x kostenlos unter http://www.impressed.de herunterladen.ALLGEMEIN ----------------------------------------Dateioptionen:     Kompatibilität: PDF 1.3     Für schnelle Web-Anzeige optimieren: Nein     Piktogramme einbetten: Nein     Seiten automatisch drehen: Nein     Seiten von: 1     Seiten bis: Alle Seiten     Bund: Links     Auflösung: [ 2400 2400 ] dpi     Papierformat: [ 594.962 841.96 ] PunktKOMPRIMIERUNG ----------------------------------------Farbbilder:     Downsampling: Ja     Berechnungsmethode: Bikubische Neuberechnung     Downsample-Auflösung: 300 dpi     Downsampling für Bilder über: 450 dpi     Komprimieren: Ja     Automatische Bestimmung der Komprimierungsart: Ja     JPEG-Qualität: Maximal     Bitanzahl pro Pixel: Wie Original BitGraustufenbilder:     Downsampling: Ja     Berechnungsmethode: Bikubische Neuberechnung     Downsample-Auflösung: 300 dpi     Downsampling für Bilder über: 450 dpi     Komprimieren: Ja     Automatische Bestimmung der Komprimierungsart: Ja     JPEG-Qualität: Maximal     Bitanzahl pro Pixel: Wie Original BitSchwarzweiß-Bilder:     Downsampling: Ja     Berechnungsmethode: Bikubische Neuberechnung     Downsample-Auflösung: 2400 dpi     Downsampling für Bilder über: 3600 dpi     Komprimieren: Ja     Komprimierungsart: CCITT     CCITT-Gruppe: 4     Graustufen glätten: Nein     Text und Vektorgrafiken komprimieren: JaSCHRIFTEN ----------------------------------------     Alle Schriften einbetten: Ja     Untergruppen aller eingebetteten Schriften: Nein     Wenn Einbetten fehlschlägt: Warnen und weiterEinbetten:     Immer einbetten: [ /Courier-BoldOblique /Helvetica-BoldOblique /Courier /Helvetica-Bold /Times-Bold /Courier-Bold /Helvetica /Times-BoldItalic /Times-Roman /ZapfDingbats /Times-Italic /Helvetica-Oblique /Courier-Oblique /Symbol ]     Nie einbetten: [ ]FARBE(N) ----------------------------------------Farbmanagement:     Farbumrechnungsmethode: Farbe nicht ändern     Methode: StandardGeräteabhängige Daten:     Einstellungen für Überdrucken beibehalten: Ja     Unterfarbreduktion und Schwarzaufbau beibehalten: Ja     Transferfunktionen: Anwenden     Rastereinstellungen beibehalten: JaERWEITERT ----------------------------------------Optionen:     Prolog/Epilog verwenden: Ja     PostScript-Datei darf Einstellungen überschreiben: Ja     Level 2 copypage-Semantik beibehalten: Ja     Portable Job Ticket in PDF-Datei speichern: Nein     Illustrator-Überdruckmodus: Ja     Farbverläufe zu weichen Nuancen konvertieren: Ja     ASCII-Format: NeinDocument Structuring Conventions (DSC):     DSC-Kommentare verarbeiten: Ja     DSC-Warnungen protokollieren: Nein     Für EPS-Dateien Seitengröße ändern und Grafiken zentrieren: Ja     EPS-Info von DSC beibehalten: Ja     OPI-Kommentare beibehalten: Nein     Dokumentinfo von DSC beibehalten: JaANDERE ----------------------------------------     Distiller-Kern Version: 5000     ZIP-Komprimierung verwenden: Ja     Optimierungen deaktivieren: Nein     Bildspeicher: 524288 Byte     Farbbilder glätten: Nein     Graustufenbilder glätten: Nein     Bilder (< 257 Farben) in indizierten Farbraum konvertieren: Ja     sRGB ICC-Profil: sRGB IEC61966-2.1ENDE DES REPORTS ----------------------------------------IMPRESSED GmbHBahrenfelder Chaussee 4922761 Hamburg, GermanyTel. +49 40 897189-0Fax +49 40 897189-71Email: info@impressed.deWeb: www.impressed.de

Adobe Acrobat Distiller 5.0.x Joboption Datei
<<     /ColorSettingsFile ()     /AntiAliasMonoImages false     /CannotEmbedFontPolicy /Warning     /ParseDSCComments true     /DoThumbnails false     /CompressPages true     /CalRGBProfile (sRGB IEC61966-2.1)     /MaxSubsetPct 100     /EncodeColorImages true     /GrayImageFilter /DCTEncode     /Optimize false     /ParseDSCCommentsForDocInfo true     /EmitDSCWarnings false     /CalGrayProfile ()     /NeverEmbed [ ]     /GrayImageDownsampleThreshold 1.5     /UsePrologue true     /GrayImageDict << /QFactor 0.9 /Blend 1 /HSamples [ 2 1 1 2 ] /VSamples [ 2 1 1 2 ] >>     /AutoFilterColorImages true     /sRGBProfile (sRGB IEC61966-2.1)     /ColorImageDepth -1     /PreserveOverprintSettings true     /AutoRotatePages /None     /UCRandBGInfo /Preserve     /EmbedAllFonts true     /CompatibilityLevel 1.3     /StartPage 1     /AntiAliasColorImages false     /CreateJobTicket false     /ConvertImagesToIndexed true     /ColorImageDownsampleType /Bicubic     /ColorImageDownsampleThreshold 1.5     /MonoImageDownsampleType /Bicubic     /DetectBlends true     /GrayImageDownsampleType /Bicubic     /PreserveEPSInfo true     /GrayACSImageDict << /VSamples [ 1 1 1 1 ] /QFactor 0.15 /Blend 1 /HSamples [ 1 1 1 1 ] /ColorTransform 1 >>     /ColorACSImageDict << /VSamples [ 1 1 1 1 ] /QFactor 0.15 /Blend 1 /HSamples [ 1 1 1 1 ] /ColorTransform 1 >>     /PreserveCopyPage true     /EncodeMonoImages true     /ColorConversionStrategy /LeaveColorUnchanged     /PreserveOPIComments false     /AntiAliasGrayImages false     /GrayImageDepth -1     /ColorImageResolution 300     /EndPage -1     /AutoPositionEPSFiles true     /MonoImageDepth -1     /TransferFunctionInfo /Apply     /EncodeGrayImages true     /DownsampleGrayImages true     /DownsampleMonoImages true     /DownsampleColorImages true     /MonoImageDownsampleThreshold 1.5     /MonoImageDict << /K -1 >>     /Binding /Left     /CalCMYKProfile (U.S. Web Coated (SWOP) v2)     /MonoImageResolution 2400     /AutoFilterGrayImages true     /AlwaysEmbed [ /Courier-BoldOblique /Helvetica-BoldOblique /Courier /Helvetica-Bold /Times-Bold /Courier-Bold /Helvetica /Times-BoldItalic /Times-Roman /ZapfDingbats /Times-Italic /Helvetica-Oblique /Courier-Oblique /Symbol ]     /ImageMemory 524288     /SubsetFonts false     /DefaultRenderingIntent /Default     /OPM 1     /MonoImageFilter /CCITTFaxEncode     /GrayImageResolution 300     /ColorImageFilter /DCTEncode     /PreserveHalftoneInfo true     /ColorImageDict << /QFactor 0.9 /Blend 1 /HSamples [ 2 1 1 2 ] /VSamples [ 2 1 1 2 ] >>     /ASCII85EncodePages false     /LockDistillerParams false>> setdistillerparams<<     /PageSize [ 595.276 841.890 ]     /HWResolution [ 2400 2400 ]>> setpagedevice



Evolutionary Feature Space Transformation 1607

66,7775

31,405

1,10251,3775

0

10

20

30

40

50

60

70

80

original features manually gen. features autom. gen. features

using generator set 1

autom. gen. features

using generator set 2

A
v
e
r
a
g

e
 R

e
la

ti
v
e
 E

r
r
o

r
 [

%
] Average relative error over

all four parameters

Fig. 1. Average relative error over all four parameters on a two-substance mixture

termination criterion is fulfilled. The resulting feature set is chosen as the final
set on which to run the learning algorithm. The final evaluation of the resulting
classifier is done using an independent test set not used during the learning step.
The feature generation process is based on two classes of feature types, namely
the value type and the block type, together with their ontologies, each describing
a hierarchical is-superset-of relation. The value type specifies the data type (e.g.
nominal or real) of an individual feature, whereas the block type contains some
meta-data about the feature, e.g. if it is just an individual feature or a part of a
time series. The idea is to restrict the constructible features to those matching
the required types of the feature generator at hand, e.g. the ”plus” generator
should only be applied to numeric features, discarding e.g. all nominal features.

The experiment shown in Fig. 1, which has been conducted with our flexible
learning environment Yale [1], investigates our approach focusing on the aspect
of type-restrictions for feature generation in the field of chromatography. The
learning task was to predict four characteristic coefficients of a two component
mixture given the corresponding chromatogram time series, representing the
original feature set. We compared the performance of the presented approach,
automatically generating an optimized feature set using different generator sets,
with a manually created feature set and the original feature set as baselines
for the prediction performance. The first generator set contained the arithmetic
generators plus, minus, multiply, and divide (generator set 1), the second set ad-
ditionally comprised the generator time series, producing several function char-
acteristics (generator set 2). Not adapting the feature space, and even manual
feature generation proved to be far less effective than our automatic transfor-
mation approach in terms of predictive error. Furthermore, including domain
knowledge using explicit ontology-based type-restrictions significantly limits the
feature space and thus accelerates the search process.
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