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what it the sampling distribution is impossible to obtain or

asymptotic theory doesn't hold ?

- Use the# to estimate the sampling distribution of our
statistic.

- Estimate the sampling dsh by creating a large number of

datasets that we might have seen and compute the statistic

on each of ten .

" pull yourself up by your bootstraps
"

Goals of Bootstrapping
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� Nonparametric Bootstrap
Let  with pdf µ Recall° the cdf is de�ned as

De�nition �µ� The empirical cdf is a function which estimates the cdf using observed data°

In practice° this leads to the following functionµ Let  be the order
statistics of the sampleµ Then°

Theoretical¯ 

Bootstrap¯ 

Example �µ� Let  be an observed sampleµ Find µ
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ecdf calf
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sample XNF ,
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,
Xn to compute Fn

Sample Xtvfn , use XY , . . , XI
to compute Fn*
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There is an easier way
to sample from An

without calculating it.



�

The idea behind nhe boonlnkap il no lample manw dana lenl fkom ° uhich can be
achieted bw kelampling fkom nhe dana uinh keplacemennµ

##       >,1@ >,2@ >,3@ >,4@ >,5@ >,6@ >,7@ >,8@ >,9@ >,10@ 
##  >1,@    5    2    4    4    1    2    2    1    5     1 
##  >2,@    4    5    1    1    1    2    1    1    4     2 
##  >3,@    4    2    5    1    2    2    1    4    4     3 
##  >4,@    4    5    1    3    2    4    4    4    3     1 
##  >5,@    4    1    2    1    1    1    5    2    1     1 
##  >6,@    4    2    2    2    4    4    3    2    1     2 
##  >7,@    1    5    4    4    1    2    1    2    1     4 
##  >8,@    3    1    1    1    4    1    4    1    4     2 
##  >9,@    1    4    4    2    2    1    4    3    2     1 
## >10,@    4    1    2    3    4    5    5    5    2     4

## >1@ 2.5

##  >1@ 3.4 2.8 2.6 2.2 2.2 2.4 3.0 2.5 2.7 2.1

# RbVeUYed daWa
[ <- c(2, 2, 1, 1, 5, 4, 4, 3, 1, 2)

# cUeaWe 10 bRRWVWUaS VaPSOeV
[BVWDU <- maWUi[(NA, QURZ = lengWh([), QFRO = 10)
foU(L in 1:10) ^
  [BVWDU>, L@ <- Vample([, lengWh([), UHSODFH = 7R8E)
`
[BVWDU

# cRPSaUe PeaQ Rf WKe VaPe WR WKe PeaQV Rf WKe bRRWVWUaS VaPSOeV
mean([)

colMeanV([BVWDU)

ggploW() + 
  geom_hiVWogUam(aeV(colMeanV([BVWDU)), ELQZLGWK = .05) +
  geom_Yline(aeV([LQWHUFHSW = mean([)), OW\ = 2, FRORXU = "UHG") +
  [lab("SDPSOLQJ GLVWULEXWLRQ RI WKH PHDQ YLD ERRWVWUDSSLQJ")

-

-

easy way
to sample fan Fn without

calculating it.
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� � N`^haka]enkic B``nlnkah

�µ� A[g`kinh]

G`a[¯ elni]ane nhe la]h[i^g dilnkiboni`^ `f a lnanilnic baled `^ `blekted dana µ

Len  be nhe haka]enek `f i^nekeln a^d  be a^ elni]an`k `f µ The^°

✓
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For 1=4 .
. .

← # bootstrap samples

① sample *
'b'
= (XF

'"
,
. . .
Xiao') by sampling with replacement from

theobserved data ( ie. Sample from te
e cdf Fn GD) .

② EH = I ( xx lbs)
[ estimate of A based on the btn bootstrap sample .

Using It
"
, . . .

ECM
,
we can

- estimate the sampling dsn of the statistic of
↳ make a histogram of It

"
. . . .

ECB)

- estimate the Sce . of E
↳ compute the St . deviation of E"? . ., E

' B)

- estimate a CI

↳ we'll cover multiple methods

- estimate many other things . .
.



1µ2 Properties of Estimators �

1µ2 Properties of Estimators

We can use the bootstrap to estimate different properties of estimatorsµ

1µ2µ1 Standard Error

Recall µ We can get a bootstrap estimate of the standard error¯

1µ2µ2 Bias

Recall µ

Example 1µ2

We can get a bootstrap estimate of the bias¯

Overall° we seek statistics with small se and small biasµ
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.

Cx ,-557 = C - 4) I
⇒ bias [ED = Effy - to ' = a - t) 62 - I =- th 62
⇒
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'
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,
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bias COT -- E'* - E = ¥ ¥2
,

fo" - E)
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based on original
computed data

.

from bs

samples

If bias (E) 20
,
then I overestimates Q on average .

- -

but here is typically a bias/ variance tradeoff ⇒ as bias f
,
sea



6 1 Nonparametric Bootstrap

1.3 Sample Size and # Bootstrap Samples

If  is too small, or sample isn’t representative of the population,

Guidelines for  –

Best approach –

rt

the bootstrap results will be poor
no matter what B he choose

.

B I 1000 fer se E bias

By 2000 for CI
'

( depends on a e small a ⇒ 913)

Repeat bootstrap thrice 4 different seed
if estimates are very different, TB



�µ� Sample Size and ´ Bootstra± �

Your Turn
In this evample° we evplore bootstrapping in the rare case where we know the values for
the entire populationµ If wou have all the data from the population° wou donÏt need to bootÅ
strap Áor reallw° inferenceÂµ It is useful to learn about bootstrapping bw comparing to the
truth in this evampleµ

In the package ERRWVWUDS is contained the average LSAT and GPA for admission to the
population of  USA Law schools Áan old data set Ä there are now over  law schoolsÂµ
This package also contains a random sample of size  from this datasetµ

##   LSA7  GPA 
## 1  576 3.39 
## 2  635 3.30 
## 3  558 2.81 
## 4  578 3.03 
## 5  666 3.44 
## 6  580 3.07

libUaU\(ERRWVWUDS)

head(ODZ)

ggploW() +
  geom_poinW(aeV(LSA7, GPA), GDWD = ODZ) +
  geom_poinW(aeV(LSA7, GPA), GDWD = ODZ82, SFK = 1)

← sample of
15

←population

0



8 1 Nonparametric Bootstrap

We will estimate the correlation  between these two variables and use
a bootstrap to estimate the sample distribution of .

## >1@ 0.7763745

## >1@ 0.7599979

1. Plot the sample distribution of . Add vertical lines for the true value  and the sam-
ple estimate .

2. Estimate .

3. Estimate the bias of 

# VaPSOe cRUUeOaWLRQ
coU(ODZ$LSA7, ODZ$GPA)

# SRSXOaWLRQ cRUUeOaWLRQ
coU(ODZ82$LSA7, ODZ82$GPA)

# VeW XS WKe bRRWVWUaS
B <- 200
Q <- nUoZ(ODZ)
U <- nXmeUic(B) # VWRUage

foU(E in B) ^
  ## YRXU TXUQ: DR WKe bRRWVWUaS!
`

ywrrdftifqsa-EL.AT#
normalized

f- f=Etxi-x)C*i_y#O Ecxi-IT EG .
-TJ


