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Problem: need algorithm for feature selection with heterogeneous data  



Random Forest (RF) 

Pros: 
+ supports mixed-type data and missing values 
+ predicted target can be of any type 
+ no data transformations necessary 
+ supports multivariate & nonlinear associations 
 
Cons: 
- importance score yields mere ranking of associations   
- importance score is not normalized 
- prediction performance could be better  
- existing RF implementations often lack flexibility 
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• RF implementation with added flexibility 
– support for string literals and various data formats 

– Easy interface with default parameter options 

• Normalized importance score 

• Inclusion of statistical testing framework 
– p-values for associations 

• Better predictive power with Gradient 
Boosting Trees 
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Pseudo-random example 

• Find associations to PRAC in colorectal data 
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HOXB13 Anatomic organ subdivision Promoter methylation 

Top 3 associations for PRAC (out of 19 significant) 
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Repeat the analysis for Tumor Stage 

Number of lymphnodes PARADIGM ERCC4 act. Lymphnode spread 

Etc. 
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Summary 

• RF-ACE combines good parts from various 
established algorithms 
– RF, GBT, ACE (Tuv et al., 2009) 

• Generic & fast implementation 
– Suits well to TCGA data 

• Novel aspects 
– P-values for associations ( not available in RF ) 

– GBT for prediction 

http://code.google.com/p/rf-ace 
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