22 1 Nonparametric Bootstrap

## we can do some of these on our own
## percentile
quantile(boot.ilecs$t, c(.025, .975))

## 2.5% 97.5%
## 7.714075 9.084725

## basic
2*mean(ilec_times) - quantile(boot.ilecS$t, c(.975, .025))

## 97.5% 2.5%
## 7.738496 9.109147

To get the studentized bootstrap CI, we need our statistic function to also return the
variance of 8.

mean var_ func <- function(x, idx) {
c(mean(x[idx]), var(x[idx])/length(idx))

boot.ilec 2 <- boot(ilec times, mean var func, 2000)
boot.ci(boot.ilec_2, conf = .95, type = "stud")

## BOOTSTRAP CONFIDENCE INTERVAL CALCULATIONS

## Based on 2000 bootstrap replicates

##

## CALL :

## boot.ci(boot.out = boot.ilec 2, conf = 0.95, type = "stud")
##

## Intervals

## Level Studentized

## 95%  ( 7.728, 9.183 )

## Calculations and Intervals on Original Scale

Which CI should we use?
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1.7 Bootstrapping for the differe... 23

1.7 Bootstrapping for the difference of two means

Given iid draws of size n and m from two populations, to compare the means of the two
groups using the bootstrap,
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The function two.boot in the simpleboot package is used to bootstrap the difference W‘*“ W{
between univariate statistics. Use the bootstrap to compute the shape, bias, and bootstrap -

sample error for the samples from the verizon data set of CLEC and ILEC customers.

library(simpleboot)

clec_times <- Verizon[Verizon$Group == "CLEC",]$Time
diff means.boot <- two.boot(ilec times, clec_ times, "mean", R = 2000)

ggplot() +
geom histogram(aes(diff means.boots$t)) +
xlab("mean(ilec) - mean(clec)")
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24 1 Nonparametric Bootstrap

# Your turn: estimate the bias and se of the sampling distribution

Which confidence intervals should we use?

# Your turn: get the chosen CI using boot.ci

Is there evidence that

fﬂ):ul——uzzzo
H,:p—p2<0

is rejected?



2 Parametric Bootstrap

In a nonparametric bootstrap, we rcsarple de thsned ol dn
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26 2 Parametric Bootstrap

2.1 Bootstrapping for linear regression

.y
Consider the regression model Y; = :niT,B +e,i=1,...,n with & ~ N(0,0?).
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Two approaches for bootstrapping linear regression models —

1. B,,,{;-;fw;.‘na fe resuds [ modd based 3 Wa'f"'?/)-

2. Pa,frcal L,,D-I—;W.‘pa (gqg, ]'zsﬂvvx(.)ll\r\a.) nD’lPWVIbfy;Z>

2.1.1 Bootstrapping the residuals (wmt! - il ).

A
1. Fit the regression model using the original data £ 4t B

2. Compute the residuals from the regression model, ermrs  g; ore assumel i

A A T" .
€=y —Y;=yi—x; B, 1=1,...,n

3. Sample €7,..., &, with replacement from éy,...,é,.
Jod%
4. Create the bootstrap sample 5 Ay
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y;‘:@—{—ef, i=1,...,m _, ot

Rt rgrsaion wodd ™ bootstagued ot A gt ﬁx
6. Repeat stepy2(4)B times to create B bootstrap estimates of B
p P

9. Estimate :B*Z

Assumptions:
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2.1 Bootstrapping for linear reg...

2.1.2 Paired bootstrapping (cese resugdiy).

Resample 2z} = (yi, 2;)* from the empirical distribution of the pairs (v, z;).
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2.1.3 Which to use?
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2. Bootstrapping the residuals -
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