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Review of GLMs
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m Mean parameters are a linear combination of inputs, passed
through a possibly nonlinear function

m Assume a distribution in the exPonentlaI family Yocus o
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Using theory of exponential families,

MW-E]Y | 2] = b'(bW)
var(Y | z) = ¢ b"(etx)) Ly




Review of GLMS e = e [“E-20D L, 02

o2
|

m Mean parameters are a linear combination of inputs, passed
through a possibly nonlinear function

m A parametric GLM assumes
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1 With a canonical link function,

0(z) = g(p(z))

1 The link function is assumed to be invertible
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Examples
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m Poisson regression
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m Maximize the log-likelihood
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m No closed-form solution, so use iterative methods
1 2" order methods like IRLS require Hessian
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Nonparametrics + GLMs
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p(y | v) = exp

m Consider a more general form

9(u(x)) = f(x) 0(x) = g(u(x))
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m Can consider many forms for f(x) that we have studied in this
course, e.g.
Smoothing splines 7
Penalized regression splines
Local regression (kernel methods)
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Smoothing Splines + GLMs
" J
m For the standarfd L, loss we considered a penalized RSS:
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With normal, additive errors, this’is equivalent to penalized log-likelihood
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For GLMs, we just use the specified exponential family distribution instead
of a normal likelihood
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Smoothing Splines + GLMs
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m Penalized log-likelihood with a roughness penalty
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m Example = logistic regressio

Bernoulli observations
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Smoothing Splines + GLMs
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m Penalized log-likelihood with a roughness penalty
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= Result is a finite-dimensional natural spline with knots at the
unique values of x, just as before  ¢vbic
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Penalized Reg. Splines + GLMs

= Penaw-hkehhood Wlth a roughness penalty sow\ﬂ- form
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Penalized Reg. Splines + GLMs
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L] Penalized Iog Iikelihood with a roughness penalty
dp; yi —
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m Again, no closed-form solution as with parametric GLMs
m Use “penalized” IRLS
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Local Linear Regression
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m Consider locally weighted linear regressigm instead
= Local linear model around fixed target x, :
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m Fit a new local polynomial for every target x,
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Local Polynomial Regression
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m Local linear regression is biased in regions of curvature
“Trimming the hills” and “filling the valleys”

m Local quadratics tend to eliminate this bias, but at the cost of
increased variance —

Local Linear in Interior Local Quadratic in Interior
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From Hastie, Tibshirani, Friedman book
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Local Polynomial Regression
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Local Likelihood Methods
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m Just as with spline methods, replace RSS with log-likelihood
m For 9, =27
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m Under a local polynomial model,
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Local Likelihood Methods
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m Example: multiclass logistic regression
m For
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Local Likelihood Methods
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m Example: multiclass logistic regression
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Example
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m Bronchopulmonary dysplasia (BPD) and birthweight data
m Logistic regression model with binomial observations

logp(yi | @i, f) = ylf)\(xz) — n; log(1 + efk(xi))
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Example
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m Bronchopulmonary dysplasia (BPD) and birthweight data
m Logistic regression model with binomial observations

log p(yi | x4, f) = yif(x:) — nilog(1 + e (@)
m For the local likelihood fit, we have

=1 ?

ral
m Fit uses tri-cube kernel T?b\%"’m‘

11



Local Fits of Autoregressions
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m An autoregressive time series model of order k
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m Using a local likelihood approach, can consider kernel
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m Allows for fit of the autoregressive coefficients to vary in time by

considering only a short history
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