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CLUB DE LECTURA: Support-Vector Machines and Kernel Methods 

While linear logistic regression has been the mainstay in biostatistics and epidemiology, it 
has had a mixed reception in the machine-learning community. There the goal is often 
classification accuracy, rather than statistical inference. Logistic regression builds a 
classifier in two steps: fit a conditional probability model for Pr(Y=1|X=x), and then classify 
as a one if the predicted Pr(Y=1|X=x)>0.5. SVMs bypass the first step, and build a classifier 
directly. Another rather awkward issue with logistic regression is that it fails if the training 
data are linearly separable! What this means is that, in the feature space, one can separate 
the two classes by a linear boundary. In cases such as this, maximum likelihood fails and 
some parameters march off to infinity. While this might have seemed an unlikely scenario to 
the early users of logistic regression, it becomes almost a certainty with modern wide 
genomics data. When p>>n (more features than observations), we can typically always find 
a separating hyperplane. Finding an optimal separating hyperplane was in fact the launching 
point for SVMs. As we will see, they have more than this to offer, and in fact live comfortably 
alongside logistic regression. SVMs pursued an age-old approach in statistics, of enriching 
the feature space through nonlinear transformations and basis expansions; a classical 
example being augmenting a linear regression with interaction terms. A linear model in the 
enlarged space leads to a nonlinear model in the ambient space. This is typically achieved 
via the “kernel trick,” which allows the computations to be performed in the n-dimensional 
space for an arbitrary number of predictors p. As the field matured, it became clear that in 
fact this kernel trick amounted to estimation in a reproducing-kernel Hilbert space. 

 
El Club de Lectura està basat en el llibre Computer Age Statistical Inference del Bradley 
Efron i Trevor Hastie. 

 


