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A Combined Multiple Regression Trees Predictor for

Screening Large Chemical Databases *

Yong B. Lim" S.Y. Lee? J. H. Chung®

ABSTRACT

It has been shown that the multiple trees predictors are more accurate in reducing
test set error than a single tree predictor. There are two ways of generating multiple
trees. One is to generate modified training sets by resampling the original training set,
and then construct trees. It is known that arcing algorithm is efficient. The other is
to perturb randomly the working split at each node from a list of best splits, which is
expected to generate reasonably good trees for the original training set. We propose
a new combined multiple regression trees predictor which uses the latter multiple re-
gression tree predictor as a predictor based on a modified training set at each stage of
arcing. The efficiency of those prediction methods are compared by applying to high
throughput screening of chemical compounds for biclogical effects.

Keywords: Combined Multiple Regression Trees Predictor; High Throughput Screening.
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