


 

 

learner so that it produces models whose outputs are 
linearly orthogonal to all previous boosting stage 
outputs. This orthogonality property improves the 
efficiency of the gradient descent search performed by 
the boosting algorithm, thereby increasing the rate of 
convergence. In the case of transform regression, this 
second modification involved using boosting stage 
outputs as additional multivariate inputs to the feature 
transformation functions hij and hik. This very same 
approach can likewise be used in combination with 
Friedman’s tree boosting algorithm by replacing his 
conventional tree algorithm with the LRT algorithm. It 
should likewise be possible to extend the approach 
presented here to other tree-based boosting techniques. 

Transform regression, however, is still a greedy hill-
climbing algorithm. As such, it can get caught in local 
minima and at saddle points. In order to avoid local 
minima and saddle points entirely, additional research is 
needed to further improve the transform regression 
algorithm. Several authors (Kůrková, 1991, 1992; 
Neruda, Štědrý, & Drkošová, 2000; Sprecher 1996, 
1997, 2002) have been investigating ways of 
overcoming the computational problems of directly 
applying Kolmogorov’s theorem. Given the strength of 
the results obtain here using the form of the 
superposition equation alone, research aimed at creating 
a combined approach could potentially be quite fruitful. 
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