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Goal of this study

� Build up a predictive model for a continuous
response based on gene expression data

� Explanatory variables: microarray data

� Continuous outcome: anything you want

� Large number of genes (> 30000) $ small
number of subjects (< 50)

� Danger of over�tting (!)
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Motivating data

� Dose-response data
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Motivating data

� IC50 value
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Regression methods

� Ordinary least squares regression
�

P n
i=1 (yi � � 0 �

P p
j =1 � j � x ij )2 = k�X � yk2

� Ridge regression
� min[OLS+ � k� kL 2 ] = min[k�X � yk2 + �

P p
j =1 � 2

j ]

� L1 regression/LASSO (Tibshirani, 1996)

� min[OLS+ � k� kL 1 ] = min[k�X � yk2 + �
P p

j =1 j� j j]
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Regression methods

� Elastic net (Zou and Hastie, 2005)

� min[k�X � yk2 + � 2k� kL 2 + � 1k� kL 1 ]

� j� j2 =
P p

j =1 � 2
j

� j� j1 =
P p

j =1 j� j j.

� � = � 2
� 1+ � 2

� L 1 penalty ensures the sparsity of the model

� L 2 penalty removes the limitations on the number of
features and encourages the grouping of highly
correlated features
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Why a new method?

� Lasso and Elastic net work �ne when set of
genes is reasonably small (hundreds � few
thousands)

� Accuracy goes down when set of genes is
large (> 10000), especially when number of
subjects is small (< 50)

� Software for elastic net has problems for
datasets with > 15000 genes
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Enriched random forest

� Classical random forest
� Construct many classi�cation trees

� Each tree votes to which class a new input belongs

� Class with most votes wins

� Enriched random forest (Amaratunga et al. , 2008)

� If only few informative genes are available, most

trees will be non-informative

� Instead of random subsets, use weights for smart

selection of subsets
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Enriched prediction models

1. Weighting the features

2. Subset selection

3. Final feature selection

4. Final prediction step
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Step 1: de�nition of the weights

� Compute correlations between each gene and
the y variable

� Use the p- (or q-)values to construct weights
de�ned as: 1

p� value � 0:99

� Correlations
� Pearson correlation

� Robust correlation

� Spearman correlation

� ...
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Correlations

� Example of the in�uence of one outlier on the
correlation
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Step 2: Selection of subsets

� Select a subgroup of size
q

(# genes) based on
the weights

� Perform a Lasso/Elastic net step on this
subgroup and note which genes were used in
the �nal model

� Repeat the previous steps several times
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Step 3: Final selection

� Gene that were present in many subset
models

� Genes that have a high ratio of being present
in a model to the number of times it was
selected for a subset

==> Proposed solution: Use binomial distribution
to determine the order of the features
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Step 4: Final prediction step

� Apply prediction method to the �nal selection

� Use 10-fold cross-validation to determine the
optimal number of features to use in the �nal
prediction step
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Results: MSE & correlation

26 celllines 43 celllines

SPCA 1.082 0.519 2.744 0.351

Lasso (cv) 1.347 0.306 2.153 0.545

Lasso 1.149 0.474 2.248 0.518

W.E. Lasso 1.149 0.474 1.845 0.654

W. E. Enet
0.987 0.637 1.845 0.654

(� = 0.27) (� = 1)
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Results: Observed vs. predicted
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Results: Elastic net

� MSE for alpha ranging from 0.1 (near ridge
regression) to 1 (lasso)
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Discussion

1. Over �tting problem & large number of
predictors

2. Elastic net: From ridge regression to LASSO

3. Enrichment

4. Final predictive model

==> Library in R! (soon?)
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