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. Permutation tests and Bootstrap

R TR B

-> Permutation Tests

—>Monte Carlo Tests (and p-values)
—> Bootstrap and Resampling Methods

—> Preliminary Exploration of Unknowns
-> Applications
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. Monte Carlo vs. Bootstrap
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Concept of Permutation Test
Structure Random Pattern

https://byuistats.github.io/Statistics-Notebook/PermutationTests.html




® Permutation test:
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> " Rig 4 ' permtest ; P3#
x1=c(33.0, 31.0, 34.5, 34.0)
y1=c(29.5, 32.0, 32.9, 31.5)
permtest(x1,yl)

N  tobs t-Dist:P(>t) PermDist:P(>t)
70.00000000 1.56172013 0.08468935 0.07142857
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An example of testing the largest cluster (1,000 runs)
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Monte Carlo p-value & Test
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Note: The relationship between g* and R* 1s

R =1-(1- )L,

n—p

Or, equivalently,

[-R>=(1-R>) n-l,

n—p
Plugging into n = 25 and p = 2, we get
24

R’ = 1—(1—4.2%)x2—3 =0.035% = 0.
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Critical values of the Mann-Whitney-Wilcoxon
test (a=.05, 10,000 runs, and numbers in red
are the true critical values.)
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Bootstrap(F% &t /= )
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Monte Carlo % Bootstrap siHi-#% #% 5

# Monte Carlo
t1=NULL
for (11n 1:10000) { x1=rpo1s(30,10) ; yl=median(x1); tl=c(tl,yl) }
I # Bootstrap
x0=rpoi1s(30,10)
t2=NULL
I for (11n 1:10000) { x2=sample(x0,30,T); y2=median(x2); t2=c(t2,y2) }
#

al=mean(tl)

bl=sqrt(var(tl))
b2=sqrt(var(t2))

par(mfrow=c(1,2))

hist(tl,xlab="Median",main="Monte Carlo (10,000 runs)")
text(8.2,3500,c("C.1.=(8.394, 11.277)"))
text(11.5,3500,c("s.e.=0.735"))
hist(t2,xlab="Median",main="Bootstrap (10,000 runs)")
text(8.7,3500,c("s.e.=1.006"))
text(12,3500,c("C.1.=(8.559, 11.441)"))
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Monte Carlo Bootstrap
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Bootstrap error

= Sampling error + bootstrap stmulation error
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Law School Data Scatterplots: Population and Sample
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Mortality Rate

1.4

1.2

1.0

0.8

0.6

Bootstrap C.l. of Male Mortality Rates

§ 5= Z1000=x Bootstrap i=#%(1999~2001 +# )



Mortality Rate

Bootstrap C.l. of Female Mortality Rates
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Mortality Rate

C.l. for Gompertz (2001 Male)
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Histogram of 10,000 simulation runs (n=20)
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# of Games vs. Winning Prob.
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