Stepwise Example (low birthweight dataset again)

fit0 <- glm(low ~ ., family=binomial, data=bwt)
fitl <- stepAIC(fitO, ~.)

fit2 <- stepAIC(fit0, .72 + I(scale(age)~2) +
I(scale(lwt)"2)

stepAIC(fitl, 7.72 + I(scale(age)~2) +
I(scale(lwt)~2) )




> summary (£it0)
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> fit1$anova
Stepwise Model Path

Analysis of Deviance Table

Initial Model:

low ~ age + lwt + race + smoke + ptd + ht + ui + ftv

Final Model:

low © lwt + race + smoke + ptd + ht + ui

Step Df Deviance Resid. Df Resid. Dev AIC
1 178  195.4755 217.4755
2 - ftv 2 1.358185 180 196.8337 214.8337
3 - age 1 1.017866 181 197.8516 213.8516




> fit2$anova
Stepwise Model Path

Analysis of Deviance Table

Initial Model:

low © age + lwt + race + smoke + ptd + ht

Final Model:

low © age + lwt + smoke + ptd + ht + ui +

Step Df Deviance Resid. Df Resid.

1 178 195
2 + age:ftv 2 12.474896 176 183
3 + smoke:ui 1 3.056805 175 179
4 - race 2 3.129586 177 183

+ ui + ftv

ftv + age:ftv +

smoke:ui

Dev AIC
L4755 217.4755
.0006 209.0006
.9438 207.9438
.0734 207.0734




> fit3%anova
Stepwise Model Path

Analysis of Deviance Table

Initial Model:

low © lwt + race + smoke + ptd + ht + ui

Final Model:

low © lwt + race + smoke + ptd + ht + ui

Step Df Deviance Resid. Df Resid. Dev AIC
181 197.8516 213.8516




> summary (fit2)

Estimate Std.
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Now - try the same stepwise procedures using BIC.

> fitla <- stepAIC(fit0O, 7., k=log(nrow(bwt)))
> fitla$anova

Initial Model:

low © age + lwt + race + smoke + ptd + ht + uil
Final Model:

low © lwt + ptd + ht

Step Df Deviance Resid. Df Resid. Dev

1 178  195.4755
2 - ftv 2 1.358185 180  196.8337
3 -age 1 1.017866 181 197.8516
4 - race 2 7.614209 183  205.4658
5 - smoke 1 2.046576 184  207.5124
1 2.611024 185  210.1234




> fit2a <- stepAIC(fit0, ".72 + I(scale(age)”2) +
I(scale(lwt)~2), k=log(nrow(bwt)))

> fit2a$anova

Initial Model:

low © age + lwt + race + smoke + ptd + ht + ui
Final Model:

low © lwt + ptd + ht

Step Df Deviance Resid. Df Resid. Dev

1 178 195.4755
2 - ftv 2 1.358185 180 196.8337
3 -age 1 1.017866 181 197.8516
4 - race 2 7.614209 183  205.4658
5 - smoke 1 2.046576 184  207.5124
1 1 2.611024 185  210.1234




More purely empirical model comparison?
CROSS-VALIDATION

e Randomly split data intro training (T) and validation (V) cases.
e Fit model to (X7, Yr) data.

e Use the fitted model to generate predictions Yy given Xy .

How close is Y7, to the actual Yy 7

One formalization - pick the model M for which

log far(yv|zv, Or)

is largest.
Biggest model doesn’t necessarily win.

Sensitivity to random split?




k-fold cross-validation
Randomly split cases into k blocks: (Y;,X,),7=1,...,k.
Let (Y{;y, X(j)) denote all data except (Y}, X;).

Do cross-validation k times, each time with £ — 1 blocks as training

data, one block as validation data.

Aggregate results. For instance choose model for which

k
> log far(yjlzi, )

i=1

is largest.




Ex.: Compare our AIC and BIC champions.

### randomly assign 189 subjects to five blocks
ind <- sample( c(rep(1,38), rep(2,38), rep(3,38),
rep(4,38), rep(5,37)) )

for (i in 1:5) {
### fit models to all but i-th block
m0 <- glm(low~age+lwt+smoke+ptd+ht+ui+ftv+age:ftv+smoke:ui

family=binomial, data=bwt, subset=(ind!=i) )
ml <- glm(low™lwt+ptd+ht,
family=binomial, data=bwt, subset=(ind!=i) )

### predicted prob(Y=1) for i-th block
ftprO[ind==i] <- predict(mO, newdata=bwt,

type="response") [ind==1]
ftprl[ind==i] <- predict(mi, ...)




### predictive log-likelihoods and magnitude of diff.

> predll0 <- sum(as.numeric(bwt$low)*log(ftpr0) +
(1-as.numeric (bwt$low) ) *log(1-ftpr0))

> predlll <- sum(as.numeric(bwt$low)*log(ftprl) +
(1-as.numeric (bwt$low))*log(1-ftprl))

> c(predll0, predlll)
-341.5994 -274.8250

> exp((predl1l0-predl11)/189)
0.7023638

HUGE preference for second (smaller, BIC-champ.) model. Why?
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