
Logistic Regression with Functional Data

ESL 5.2.3 Phoneme Recognition

Binary response Y: two classes “aa” (695) and “ao” (1022) 
Numerical feature X: log-periodogram measured at 256 uniformly 
spaced frequencies.  
Logistic regression model:  

log

P (aa|x)
P (ao|x) = �0 +

256X

j=1

xj�j
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ESL 5.2.3 Phoneme Recognition

Recall the 256 measurements for each sample are not the same 
as measurements collected from 256 independent predictors. 
They are observations (at discretized frequencies) from a 
continuous Log-periodogram function.  
Naturally we would expect the 256 coefficients beta_j’s are also 
continuous in the frequency domain. So we model it by splines

�(⌫) =
MX

m=1

hm(⌫)↵m, ⌫ = 1, 2, . . . , 256.
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Xn⇥p�p⇥1 = Xn⇥pHp⇥M↵M⇥1 = Bn⇥M↵M⇥1
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X to B: filtering or feature extraction

Obtain alpha: fit a logistic regression 

model with design matrix B


beta =  H*alpha



GAM Logistic Regression

g((x)) = ↵+ g1(x1) + g2(x2) + · · ·+ gp(xp)

log

p(x)

1� p(x)

= ↵+ g1(x1) + g2(x2) + · · ·+ gp(xp)

Backfitting Algorithm



Evaluate Classification Accuracy



Evaluate Classification Accuracy



AUC and ROC



AUC and Mann-Whitney U Statistic

Mann-Whitney U-stat or Wilcoxon rank sum Stat

AUC = U1/(n1n2)


