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Chapter 6: Variable Screening Methods



Variable Screening Methods 
Introduction: Why Use a Variable Screening Method?

Researches often will collect a data set with a large number of independent 

variables, each of which is a potential predictor of some dependent variable, y. 

The problem of deciding to include multiple regression model for E(y) is common. 

Suppose y depends on 10 x’s. 7 quantitative and 3 qualitative yield 288 terms.
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Too complex to be 
practicably useful.



Variable Screening Methods 
Stepwise Regression (Forward Selection)

Stepwise Regression: The user identifies the set of potentially important 

independent variables x’s that influence the dependent (response) variable y.

Step 1: Fit all possible one-variable models of the form E(y)=β0+β1xi, i=1,…,k.

 Perform the t-test H0: β1=0 vs. Ha: β1≠0.

                                   , Wii is the ith diagonal element of W=(X′X)-1.

 Select the best one variable model (largest |t| statistic). Call it x1   

 

Step 2: Fit all two variable models with remaining x’s, E(y)=β0+β1x1+β2xi, i≠1.

 Perform the t-test H0: β2=0 vs. Ha: β2≠0.

       , Wii is the ith diagonal element of W=(X′X)-1.

 Select the best two variable model (largest |t| statistic). Call it x2   

 Go back and check the t-value of    after    has been added to the model. 
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Variable Screening Methods 
Stepwise Regression (Forward Selection)

Step 3: Fit all three variable models with remaining x’s, E(y)=β0+β1x1+β2x2 +β3xi, i≠1,2.

 Perform the t-test H0: β3=0 vs. Ha: β3≠0.

       , Wii is the ith diagonal element of W=(X′X)-1.

 Select the best two variable model (largest |t| statistic). Call it x2   

 Go back and check the t-values of         after    has been added.

 This procedure is continued until no further independent variables can be 

 found that yield significant t-values (at the specified α level) in the presence 

 of the variables already in the model. 
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Variable Screening Methods 
Stepwise Regression (Forward Selection)

Example: Log salary y depends on 7 quantitative and 3 qualitative x  variables.

Which (linear) variables are important. 
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R Code 
Output

t-statistics



Variable Screening Methods 
Stepwise Regression (Forward Selection)
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lm(formula = y ~ x1, data = df)

Coefficients:

             Estimate Std. Error t value Pr(>|t|)    

(Intercept) 11.090887   0.033055  335.52   

<2e-16 ***

x1           0.027839   0.002206   12.62   <2e-

16 ***

Signif. codes:  0 ‘***’ 0.001 ‘**’ 0.01 ‘*’ 

0.05 ‘.’ 0.1 ‘ ’ 1

Residual standard error: 0.1612 on 98 

degrees of freedom

Multiple R-squared:  0.619,

 Adjusted R-squared:  0.6151 

F-statistic: 159.2 on 1 and 98 DF,  p-value: < 

2.2e-16

lm(formula = y ~ x2, data = df)

Coefficients:

            Estimate Std. Error t value Pr(>|t|)    

(Intercept) 11.05594    0.17971  61.520   

<2e-16 ***

x2           0.02491    0.01110   2.243   0.0271 

*  

Signif. codes:  0 ‘***’ 0.001 ‘**’ 0.01 ‘*’ 

0.05 ‘.’ 0.1 ‘ ’ 1

Residual standard error: 0.2547 on 98 

degrees of freedom

Multiple R-squared:  0.04884,

 Adjusted R-squared:  0.03914 

F-statistic: 5.032 on 1 and 98 DF,  p-value: 

0.02713

lm(formula = y ~ x3, data = df)

Coefficients:

            Estimate Std. Error t value Pr(>|t|)    

(Intercept) 11.31231    0.04112 275.116  < 

2e-16 ***

x3           0.21623    0.05061   4.272 4.49e-

05 ***

Signif. codes:  0 ‘***’ 0.001 ‘**’ 0.01 ‘*’ 

0.05 ‘.’ 0.1 ‘ ’ 1

Residual standard error: 0.2398 on 98 

degrees of freedom

Multiple R-squared:  0.157,

 Adjusted R-squared:  0.1484 

F-statistic: 18.25 on 1 and 98 DF,  p-value: 

4.487e-05

lm(formula = y ~ x4, data = df)

Coefficients:

             Estimate Std. Error t value Pr(>|t|)    

(Intercept) 1.134e+01  5.813e-02 195.157   

<2e-16 ***

x4          3.236e-04  1.535e-04   2.107   

0.0376 *  

Signif. codes:  0 ‘***’ 0.001 ‘**’ 0.01 ‘*’ 

0.05 ‘.’ 0.1 ‘ ’ 1

Residual standard error: 0.2554 on 98 

degrees of freedom

Multiple R-squared:  0.04335,

 Adjusted R-squared:  0.03359 

F-statistic: 4.441 on 1 and 98 DF,  p-value: 

0.03763

Call:

lm(formula = y ~ x5, data = df)

Coefficients:

             Estimate Std. Error t value Pr(>|t|)    

(Intercept) 10.853365   0.293139   37.02   

<2e-16 ***

x5           0.003436   0.001668    2.06    0.042 

*  

Signif. codes:  0 ‘***’ 0.001 ‘**’ 0.01 ‘*’ 

0.05 ‘.’ 0.1 ‘ ’ 1

Residual standard error: 0.2557 on 98 

degrees of freedom

Multiple R-squared:  0.04152,

 Adjusted R-squared:  0.03174 

F-statistic: 4.245 on 1 and 98 DF,  p-value: 

0.04202

lm(formula = y ~ x6, data = df)
Coefficients:
            Estimate Std. Error t value Pr(>|t|)    
(Intercept) 11.46777    0.03652 314.017   
<2e-16 ***
x6          -0.02603    0.05217  -0.499    0.619    
Signif. codes:  0 ‘***’ 0.001 ‘**’ 0.01 ‘*’ 
0.05 ‘.’ 0.1 ‘ ’ 1
Residual standard error: 0.2608 on 98 
degrees of freedom
Multiple R-squared:  0.002533,
 Adjusted R-squared:  -
0.007645 
F-statistic: 0.2489 on 1 and 98 DF,  p-value: 
0.619

lm(formula = y ~ x7, data = df)

Coefficients:

             Estimate Std. Error t value Pr(>|t|)    

(Intercept) 10.682669   0.098393 108.571  

< 2e-16 ***

x7           0.018029   0.002247   8.022 2.28e-

12 ***

Signif. codes:  0 ‘***’ 0.001 ‘**’ 0.01 ‘*’ 

0.05 ‘.’ 0.1 ‘ ’ 1

Residual standard error: 0.2029 on 98 

degrees of freedom

Multiple R-squared:  0.3964,

 Adjusted R-squared:  0.3902 

F-statistic: 64.35 on 1 and 98 DF,  p-value: 

2.277e-12

lm(formula = y ~ x8, data = df)

Coefficients:

             Estimate Std. Error t value Pr(>|t|)    

(Intercept) 11.388078   0.132479  85.961   

<2e-16 ***

x8           0.008693   0.016868   0.515    

0.607    

Signif. codes:  0 ‘***’ 0.001 ‘**’ 0.01 ‘*’ 

0.05 ‘.’ 0.1 ‘ ’ 1

Residual standard error: 0.2608 on 98 

degrees of freedom

Multiple R-squared:  0.002703,

 Adjusted R-squared:  -0.007474 

F-statistic: 0.2656 on 1 and 98 DF,  p-value: 

0.6075

lm(formula = y ~ x9, data = df)

Coefficients:

            Estimate Std. Error t value Pr(>|t|)    

(Intercept) 11.45432    0.02884 397.211   

<2e-16 ***

x9           0.00386    0.06797   0.057    0.955    

Signif. codes:  0 ‘***’ 0.001 ‘**’ 0.01 ‘*’ 

0.05 ‘.’ 0.1 ‘ ’ 1

Residual standard error: 0.2611 on 98 

degrees of freedom

Multiple R-squared:  3.291e-05,

 Adjusted R-squared:  -0.01017 

F-statistic: 0.003225 on 1 and 98 DF,  p-

value: 0.9548

lm(formula = y ~ x10, data = df)

Coefficients:

             Estimate Std. Error t value Pr(>|t|)    

(Intercept) 11.325878   0.238765  47.435   

<2e-16 ***

x10          0.005201   0.009558   0.544    

0.588    

Signif. codes:  0 ‘***’ 0.001 ‘**’ 0.01 ‘*’ 

0.05 ‘.’ 0.1 ‘ ’ 1

Residual standard error: 0.2607 on 98 

degrees of freedom

Multiple R-squared:  0.003012,

 Adjusted R-squared:  -0.007161 

F-statistic: 0.2961 on 1 and 98 DF,  p-value: 

0.5876



Variable Screening Methods 
Stepwise Regression Most look at R2 or Ra

2 instead of t-statistic.
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Variable Screening Methods 
Stepwise Regression
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# R Code
# read data
mydata<-read.delim("execsal.txt",header=FALSE,sep="",dec=".")
# parse out variables
n <- nrow(mydata)
k <- ncol(mydata)-1

# Parse all variables
y  <- c(mydata[, 1]) #ln salary 
x1 <- c(mydata[, 2]) #x1  
x2 <- c(mydata[, 3]) #x2  
x3 <- c(mydata[, 4]) #x3  
x4 <- c(mydata[, 5]) #x4  
x5 <- c(mydata[, 6]) #x5  
x6 <- c(mydata[, 7]) #x6  
x7 <- c(mydata[, 8]) #x7  
x8 <- c(mydata[, 9]) #x8  
x9 <- c(mydata[,10]) #x9  
x10<- c(mydata[,11]) #x10 
df<- data.frame(cbind(x1,x2,x3,x4,x5,x6,x7,x8,x9,x10))
names(df)<-c("x1","x2","x3","x4","x5","x6","x7","x8","x9","x10")

# one at a time fits
lmx1  <- lm(y~x1,data=df)
summary.lm(lmx1)
lmx2  <- lm(y~x2,data=df)
summary.lm(lmx2)
lmx3  <- lm(y~x3,data=df)
summary.lm(lmx3)
lmx4  <- lm(y~x4,data=df)
summary.lm(lmx4)
lmx5  <- lm(y~x5,data=df)
summary.lm(lmx5)
lmx6  <- lm(y~x6,data=df)
summary.lm(lmx6)
lmx7  <- lm(y~x7,data=df)
summary.lm(lmx7)
lmx8  <- lm(y~x8,data=df)
summary.lm(lmx8)
lmx9  <- lm(y~x9,data=df)
summary.lm(lmx9)
lmx10 <- lm(y~x10,data=df)
summary.lm(lmx10)

# use stepwise function
install.packages("olsrr")
library(olsrr)
model = lm(y~.,data=df)
k=ols_step_all_possible(model,max_order=3)
k



Variable Screening Methods 
All-Possible-Regressions Selection Procedure

There are several criteria that can be used.
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1. R2 criterion
Looking for a simple model that is as good as, or nearly as 
good as, the model with all k independent variables. 

2. Adjusted R2 or MSE criterion
 Prefer the model with largest, or near largest, adjusted R2.
3. Mallow’s Cp Criterion
 Prefer a small value of Cp and a value of Cp near p+1.
4. PRESS Criterion
 Desire a model with a small PRESS.
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Variable Screening Methods 
All-Possible-Regressions Selection Procedure

There are several criteria that can be used.
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The best one-variable model includes x1 (years of experience), the 
best two-variable model includes x1 and x3 (gender), the best three-
variable model includes x1, x3, x4 (number supervised) and so on.
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Variable Screening Methods 
All-Possible-Regressions Selection Procedure

Instead of t statistic, most look at R2 or Ra
2.
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According to all four criteria, the 
variables x1, x2, x3, x4, and x5 
should all be included. 



Variable Screening Methods 

Homework:

Read Chapter 6

Problems #:  A data frame (mtcars) with n=32 observations on 11 variables.

   Use mpg as y and cyl, disp, hp, drat, wt, qsec, vs, am, gear, carb

   as x1-x9. Hypothesize the form of a model, E(y). 

   Perform model building to select variables to determine a good model.
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y mpg Miles/(US) gallon
x1 cyl Number of cylinders (4,6,8)
x2 disp Displacement (cu.in.)
x3 hp Gross horsepower
x4 drat Rear axle ratio
x5 wt Weight (1000 lbs)
x6 qsec1/4 mile time (seconds)
x7 vs Engine (0 = V-shaped, 1 = straight)
x8 am Transmission (0 = automatic, 1 = manual)
x9 gear Number of forward gears (1,2,…,8)



Variable Screening Methods 

 Questions?
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