Full Model Selection in the Space of Data Mining Operators

Quan Sun, Bernhard Pfahringer and Michael Mayo .
‘BEWl] THE UNIVERSITY OF

Department of Computer Science
The University of Waikato, New Zealand w. WAIKATO

NN/5
{gs12, bernhard, mmayo}@cs.waikato.ac.nz

S 1c Whare Wananga o Waikato
TA -

1 Introduction 3 The GA-PSO-FMS (GPS) system
In this paper, we propose a framework and a novel The basic steps of the GPS algorithm are: for each GA
algorithm for the full model selection (FMS) problem. The iteration, firstly a population of DMO template instances is
proposed algorithm, combining both genetic algorithms (GA) randomly generated (Figure 2 and Figure 3). Then, the
and particle swarm optimization (PSO), is named GPS, in placeholders of each template instance are randomly
which a GA is used for searching the optimal structure of a populated with the DMO objects in Table 1. Then, PSO is
data mining solution, and PSO is used for searching the used for searching an optimal parameter setting for each
optimal parameter set for a particular structure instance. template instance. The population is sorted by PSO-based
evaluation scores. At the end of each GA iteration, typical GA
2 The DMO space operators can be applied for generating new template
We define a search space that consists of all data Instances. The above procedure is repeated T times.
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Figure 4. Pseudocode of the GPS algorithm

A Solution An Algorithm .
Figure 1. An illustration of Figure 2. A graphical representation 4 Expe”mental Results
the DMO space. of the DMO template. We experiment with ten real-world classification
problems. To test the performance of the GPS algorithm, we
[ SMOTE over-sampling [Data Sampling] } Implemented a variant of the PSMS system (a PSO-based
FMS algorithm) proposed in [1] with the DMO objects defined
[ Log Transformation [Feature Trans.] } in Table 1. Figure 6 shows a summary of a comparison of
AUC performance between GPS and PSMS under 30
[ QR outlier detection [Data Cleansing] 1 different configurations over ten datasets.
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