Statistics 431
Statistical Inference
| ecture XIX: Variable Selection

Mikhalil Traskin

University of Pennsylvania
The Wharton School

Department of Statistics



Variable Transformation

Monotone transformations of variables. For example
- yO0=Iny.
» y?=log y and x°=log x.
+ x%=log x.
- x9=1=x.

Standardization
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Variable Standardization
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Advantages:
Increased numerical accuracy.
More accurate estimation of the parameters.
Useful when units are meaningful only in comparative terms.

Useful when meaning of units changes over time while
correlations are stable.

If all variables are standardized, including the response, it
becomes possible to estimate the parameters from summaries.

Disadvantages:

Intervention idea is hard to apply.
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Variable Selection

Data contain a large number of predictors.
We wish to have a model that contains only a subset of the
predictors.

Model is more manageable: if more data are needed, it is
easier to collect information on fewer predictors.

Model is easier to interpret.

Main issues:

If number of predictors is small, how can we choose the best
model among all the possible models.

If number of predictors is large, how can we search through
the model space to nd a good model.
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Criteria for Variable Selection

RZ — coef cient of determination for a k-predictor model. Goal:
nd small k such that R is close to R? for the full model.

MSEx = SSEx=(n (k +1)) — the mean square error for a
k-predictor model. Or adjusted RZ =1  MSE=MST with
MST = SST=(n 1). Goal: nd k such that MSEy is minimal.

Ck = SSEx=5°+2(k 1) n. Goal: nd k such that Cy is small.
Normalized expected total error of estimation:

Pn
E - LY EYP  EssE

i = 5 = — +2(k+1) n
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Stepwise Regression

Number of predictors is so large, that it is not possible to examine
all possible models.

Common approaches:
Backward elimination: we begin with the full model and then
exclude predictors one by one until some criteria is satis e d.
Forward selection: we begin with a model with no predictors
and then add predictors one by one until some criteria is
satis ed.
FB procedure — combination of the two above.

Stepwise regression procedures do not guarantee that the best or
nearly best model will be chosen.
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Backward Elimination

1. Begin with a full model.

2. Suppose we have a model with k predictors. Then for each
predictor | in the model doatestHy: =0 vs.H;: { 60 and
compute a p-value.

3. If the largest p value above is greater than some prede ned level
Po, then exclude this predictor from the model and go to step 2,
otherwise stop.
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Forward Selection

1. Begin with an empty model.

2. Suppose we have a model with k predictors. Then for each
remaining predictor | we t a model containing the rst k
predictors and the ith predictor, doatestHy: ; =0 vs.
H, . i 6 0 and compute the p-value.

3. If the smallest p value above is less than some prede ned level
Po, then add this predictor to the model and go to step 2,
otherwise stop.
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FB Procedure

1. Begin with an empty model.

2. Do a Forward Selection step. Assume that variable | was added
to the model.

3. Do a Backward Elimination step on all the variables except
variable I.

4. Repeat steps 2 and 3 until no more changes can be made.
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Multicollinearity

Suppose Y; = au; + bv + ;,i=1;:::;n.Let ; N (0;1). u'sandv's
are xed, not random with mean 0 and variance 1. Correlation
between them is r. Then

1 1
Vara =Varb= =
nl r?2
1 2
Var(a B= ==
( ) nl r
1 2
Var(a+ B = =
( ) nNl+r
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