Consensus Feature Selection by Multi-Response Sparse SVR
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Case Study

Sparse Support Vector Regression

Introduction
Feature selection in Quantitative Structure Retention
Relationship (QSRR) modeling can provide valuable
insight into physical mechanism of ion-exchange
displacement chromatography system.
In this study, a new method, which is based on
sparse support vector regression, has been proposed
and implemented for consensus descriptor selection
under multiple responses. By minimizing both the
empirical risks of multiple models and the l1-norm of a
vector that holds upper bounds of the weights of
features, all responses are considered simultaneously.
With traditional MOE descriptors and electron-density
based TAE descriptors, sparse support vector
regression under multiple responses is employed to
obtain a common set of descriptors that are important
to all responses.
A visualization tool called “starplot” was used to
show the details of the relative importance of selected
descriptors. By observing the shapes of those star plots
and looking into the physical meaning of the
descriptors represented, we are able to explore more
details of the underlying mechanism. Nonlinear SVR
models were then carried out to evaluate the
predictability of the models. A statistical technique
known as “bagging” (Bootstrap Aggregation) was used
to ensure robustness of the models.

Star Plot for selected descriptors

Descriptor

Case 1: Cation-Exchange Chromatography
Resin: SEPH

 Generalization error can be bounded by minimizing empirical risk and
model complexity
Empirical risk is calculated by ε-insensitive function
Regularization factor |w|1 controls model complexity
Hyper-parameter C controls tradeoff between risk and complexity
 Original input space is mapped into a higher dimensional space by
means of kernel functions
 Feature Selection through sparse SVR in the original input space
Drives the weights of irrelevant descriptors to zero by l1-norm
 Bootstrap aggregation is employed to achieve more robust models
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 Flatter proteins have greater retention. Uneven charge
distribution on proteins increase the retention.
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Case 2: Displacer Anion-Exchange Chromatography
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The more negatively charged the protein, the lower the
retention in cation-exchange chromatography.
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Training multiple models together, linking them by a vector that controls
the global model complexity
Setting an upper bound for each component of all the weight vectors and
then minimize the sum of the bounds
Driving the weights of each component of the weight vectors to be in the
same range, this approach is more likely to obtain a common set of selected
features with different weights
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