Model/Variable Selection

STAT 757

Most common model selection methods are actually variable selection methods that assume you are comparing
models that are special cases of a larger umbrella model (e.g., comparing MLR models with various predictors
omitted from the regressions).

We will discuss four of them: R?dj, AIC, AIC,, and BIC.

a

First, lets generate a toy dataset with a few weakly influential variables, and a few unrelated varibles:

set.seed(4916) # to get consistent random numbers

# Coefficients
B = c¢(200, -5, 0.2, -0.2, 0, O)

sigma=5

# Design matriz

N = 40*length(B[-1]) # sample size

X = matrix(abs(rnorm(N,mean=20,sd=5)) ,byrow=TRUE,ncol=length(B[-1]))
X = cbind(1,X)

# Generate a "nice" data set:

Y = rnorm(N, mean=X%*J,B, sd=sigma)

mydat = data.frame(Y,X[,-1])

names (mydat) <- c("y",gsub('~"','x\\1',1:1length(B[-1])))

# check regresston:

fit0=1lm(y ~ ., data=mydat) # same as fitO=lm(y~zl+z2+z3+z4+z5, data=mydat)
summary (£it0)

##

## Call:

## 1lm(formula = y ~ ., data = mydat)

##

## Residuals:

## Min 1Q Median 3Q Max

## -11.2674 -3.2978 -0.2445 2.7801 14.1082

##

## Coefficients:

# Estimate Std. Error t value Pr(>[tl)

## (Intercept) 192.37072 3.61638 53.194 < 2e-16 *xx*
## x1 -5.04250 0.07527 -66.990 < 2e-16 *x*x*
## x2 0.25832 0.06457 4.001 8.97e-05 *x*x*
## x3 -0.06304 0.07681 -0.821 0.4128

## x4 0.19086 0.08005 2.384 0.0181 *
## x5 0.05581 0.07908 0.706 0.4812

## -—-

## Signif. codes: O '**xx' 0.001 'xx' 0.01 'x' 0.05 '.' 0.1 ' ' 1
##

## Residual standard error: 4.793 on 194 degrees of freedom
## Multiple R-squared: 0.9643, Adjusted R-squared: 0.9634
## F-statistic: 1049 on 5 and 194 DF, p-value: < 2.2e-16



# all submodels: 30+ possibilities!
fitl=1m(y~x2+x3+x4+x5, data=mydat)
fit2=1m(y~x1+x3+x4+x5, data=mydat)
fit3=1m(y~x1+x2+x4+x5, data=mydat)
fit4=1m(y~x1+x2+x3+x5, data=mydat)
fitb=1m(y~x1+x2+x3+x4, data=mydat)

# Or use MuMIn::dredge()! :-)
library (MuMIn)

options(na.action = "na.fail")
fits <- dredge(£fit0)

## Fixed term is "(Intercept)"

Criteria

Adjusted R* First consider RZy; (closer to 1 is better):

Rs = data.frame(Rsq.adj = c(ModelO=summary(fit0)$adj.
Modell=summary(fitl)$adj.
Model2=summary(fit2)$adj.
Model3=summary (fit3)$adj.
Model4=summary (fit4)$adj.
Modelb=summary (fit5)$adj.

Rs

#i#t Rsq.adj
## ModelO 0.9633997
## Modell 0.1212890
## Model2 0.9605830
## Model3 0.9634610
## Modeld 0.9625204
## Modelb5 0.9634939

AIC Repeat as above using AIC for fitO-fit5.
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AICc Repeat as above using AICc for fit0-fit5, or use dredge()

fits ## see above

## Global model call: 1m(formula =y ~

##t ——-

## Model selection table

#it (Intrc) x1 x2

## 12 192.50 -5.067 0.2749

## 16 193.80 -5.060 0.2695 -0.062
## 28 191.00 -5.049 0.2639

## 32 192.40 -5.042 0.2583 -0.063
## 4 196.30 -5.059 0.2606

## 8 197.90 -5.051 0.2543 -0.079
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## 1 659.19 0.000
## 15 660.08 0.000
## 13 660.85 0.000
## 11 660.96 0.000
## 9 661.25 0.000
## Models ranked by AICc(x)

BIC Repeat as above using BIC for fitO-fit5.

Summary Which models would you exclude from your final analysis, and why?

Other options? Explore forward and backward stepwise selection (somewhat controversial) and LASSO
(least absolute shrinkage and selection operator) and LARS (least angle regression).
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