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Your Turn

2 Parametric Bootstrap

This data set is the Puromycin data in R. The goal is to create a regression model about

the rate of an enzymatic reaction as a function of the substrate concentration.

head (Puromycin)

## conc rate

## 1 0.02 76
## 2 0.02 47
## 3 0.06 97
## 4 0.06 107
## 5 0.11 123
## 6 0.11 139

dim(Puromycin)

[
## [1] 23 3

state
treated
treated
treated
treated
treated
treated

ggplot (Puromycin) +

geom point(aes(conc, rate))

ggplot (Puromycin) +

geom point(aes(log(conc), (rate)))
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2.1 Bootstrapping for linear reg...

2.1.4 Standard regression

mO0

<- Im(rate ~ conc, data = Puromycin)

plot (m0)
summary (m0)

##
##
##
##
##
##
##
##
##
##
##
##
##
##
##
##
##
##

Call:

Im(formula = rate ~ conc, data = Puromycin)

Residuals:

Min 10 Median 30 Max
-49.861 -15.247 -2.861 15.686 48.054
Coefficients:

Estimate Std. Error t value
(Intercept) 93.92 8.00 11.74
conc 105.40 16.92 6.23
Signif. codes: 0 '***' 0.001 '**' 0.01

Pr(>|t|)

1.09e-10 **x*
3.53e-06 ***

LN}

0.05

0.1

Residual standard error: 28.82 on 21 degrees of freedom

Multiple R-squared:
F-statistic: 38.81 on 1 and 21 DF,

confint (m0)

##
##
##

ml

##
##
##

2.5 % 97.5 %
(Intercept) 77.28643 110.5607
conc 70.21281 140.5832

p-value:

<- Im(rate ~ log(conc), data = Puromycin)
plot(ml)
summary (ml)

Call:

0.6489, Adjusted R-squared:

0.6322

3.526e-06

Im(formula = rate ~ log(conc), data = Puromycin)
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##

## Residuals:

## Min 10 Median 30 Max

## -33.250 -12.753 0.327 12.969 30.166

##

## Coefficients:

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

## (Intercept) 190.085 6.332  30.02 < 2e-16 ***
## log(conc) 33.203 2.739 12.12 6.04e-11 ***
## ——=

## Signif. codes: 0 '***' (0,001 '**' 0.01 '*' 0.05 '.' 0.1 " '
##

## Residual standard error: 17.2 on 21 degrees of freedom
## Multiple R-squared: 0.875, Adjusted R-squared: 0.869
## F-statistic: 146.9 on 1 and 21 DF, p-value: 6.039e-11

confint(ml)

## 2.5 % 97.5 % o ol 4 MLE
## (Intercept) 176.91810 203.2527 L brsed 00 asyr

## log(conc) 27.50665 38.8987 4+ Fobe Tgemetion

2 Parametric Bootstrap
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2.1 Bootstrapping for linear reg...
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2.1 Bootstrapping for linear reg...

2.1.5 Paired bootstrap

# Your turn
library(boot)

reg func <- function(dat, idx) {
# write a regression function that returns fitted beta

or writer yaur 40n o e

# use the boot function to get the bootstrap samples

# examing the bootstrap sampling distribution, make histograms

# get confidence intervals for beta 0 and beta 1 using boot.ci
2.1.6 Bootstrapping the residuals

# Your turn
library(boot)

reg func 2 <- function(dat, idx) {
# write a regression function that returns fitted beta
# from fitting a y that is created from the residuals

# use the boot function to get the bootstrap samples

—

# examing the bootstrap sampling distribution, make histograms

# get confidence intervals for beta 0 and beta 1 using boot.ci

33



3 Bootstrapping Dependent Data

Suppose we have dependent data y = (y1,...,y,) generated from some unknown
distribution F' = Fy = Fiy;  y,)-

ND [DA?,{,( M.fﬂ/M{./ka }’”__] yn /Apl(fc._M
L uld b Fine wts, spohind) network, ofe.

Goal:

Ts aff"ﬁ'ﬂ"f\" Asn of o sty F=T0).

Challenge:
Sl\/\'{' Yllls are AEF(».JA-\T ,'-F (‘5 fAﬁK/Dan I us ﬂ*¢ ITA Lad‘fi‘fﬁ;ﬂ,

@oof’%ﬂu_d Samrle,s wolkd po j/ﬁvy/ rtr/vallw- ¥ dota W? prcess,
(MJ jo'hr’u\a l/‘J-LIu,bJ’J'O »](}:m FA,, ho (u7er Mmimics olraml,? an'j,‘Nj SW"'/ilv 7(;,\”F>

We will consider 2 approaches
@ Model ~basd (’FMM‘«C)

(D Block bootsta (ropoinett)
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2.1 Bootstrapping for linear reg... 35

Example 3.1 Suppose we observe a time series Y = (Y7,...,Y,) which we assume is
generated by an AR(1) process, i.e.,
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36 3 Bootstrapping Dependent Data

3.1 Model-based approach

If we assume an AR(1) model for the data, we can consider a method similar to

bootstrapping residuals for linear regression.
> twn owr pollomn Ly cid bortiap:

I
hecll ARC): /U.g:"(/ve-, g, trlem Jtf <t ayf i,,_.,in(o/#)_

() Estincte. o o dute. [ ot fo wadd)

@ Befing, esfimated “:'4N>vwh‘°49“ é\t: y-b - :(& t=2
4, t22,.,n

& For 21,8
1) Creake o L,(,M,'a Seagle %:___) é:‘ lp? radonty Sorpliy M1 iels g b =1 s
A
o, =

b) Constract Paulo daty yf; 67,*,_ ]y:) Eomm

&«

* £ _ A A
PR AT, & CE | t=lm.

A
1y =<
() dehe 'a\(t ws e esHede o Ao A

A 3 .
@ b @ A oY G ke ke g s q d.

Model-based — the performance of this approach depends on the model being appropriate
for the data.

4/5 (W b‘*ob\/} ‘HV!—S M? kof’ a,!)(,‘/p?g, éf— aQ ?‘_,’J a-)'SVM/ﬂ'v'r\u



3.2 Nonparametric approach 37

3.2 Nonparametric approach

To deal with dependence in the data, we will employ a nonparametric block bootstrap.
Idea:

resemele  Jate blocks %= prisee He ,bfw shruchve Wi e Lis

3.2.1 Nonoverlapping Blocks (NBB)  (e-[s4 (1974).

Consider splitting Y = (Y1,...,Y;,) in b consecutive blocks of length £.

¢ 0 § c & 4 ‘
7/ yz Y:s 7,"—')2_’ )’J_ /Ll/ - - ):16 -""'X;
—" — 4 —t —
By A B,

We can then rewrite the data as Y = (B4,. .., By) with By = (Yja—1)41,- - -, Yke),
k=1,...,b.= I_%J

() Sample  honorclygpiy Ypks BY | BX indigulutly, hon B, B, i replacemet /o fiom
puendo dota ob Yt < {B,*,_.,,B:).

@ eshmae  Stahsne ¢ ontaest fom Y - 4t 3*

@ Rcfu'/' @"@ ﬁ ‘HMS /ﬁ oGt é*’fl))"J g*a{)/ﬁ eshwetn dm %él

Note, the order of data within the blocks must be maintained, but the order of the blocks
that are resampled does not matter.



38 3 Bootstrapping Dependent Data

Kinsch (19%)
3.2.2 Moving Blocks (MBB) |:. tsi. (1212),

Now consider splitting Y = (Y1, ...,Y3) into overlapping blocks of adjacent data points of

length £.
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Now we have por Plodken B esse R-m[ (N: n-&+( VS b= Li,()_

We can then write the blocks as By, = (Yx,..., Yite-1), k=1,...,n — £+ 1.
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