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o AT
n <- 20
m <- 1000
k <=1 # trimmed number
tmean <- replicate(m,
mean (sort (rnorm(n)) [(k+1):(n-k)1))
mean(tmean~2) # MSE

## [1] 0.04763241



o t 434
tmean <- nmean <- numeric(m)
for(i in 1:m){
x <- sort(rt(n, 3))
nmean[i] <- mean(x)
tmean[i] <- mean(x[(k+1):(n-k)])
}
cat("Normal mean: ", mean(nmean~2),
"Trimmed mean: ", mean(tmean~2)) # MSE

## Normal mean: 0.1411215 Trimmed mean: 0.09969



o “yZ YL JEAM AT (Contaminated normal)
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X ~pN(0,1) + (1 — p)N(0,102)

rnorm_con <- function(n, p){
sigma <- sample(c(1,10), size = n, replace = TRUE,
prob = c(p, 1-p))
rnorm(n, O, sigma)
}
trimmed.mse <- function(n, m, k, p){
tmean <- replicate(m,
mean (sort (rnorm_con(n, p))
[(k+1):(n-k)]1))
mean (tmean”2)

}
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n <- 20
K <-n/2 -1
m <- 1000

mse <- matrix(0, n/2, 3)

for(k in 0:K){
mse[k+1, 1] <- trimmed.mse(n,m,k, p=1.0)
mse[k+1, 2] <- trimmed.mse(n,m,k, p=0.95)
mse[k+1, 3] <- trimmed.mse(n,m,k, p=0.9)
}



mse <- data.frame(mse)

colnames(mse) <- c("p=1", "p=0.95", "p=0.9")
rownames (mse) <- 0:9

round (mse, 3)

## p=1 p=0.95 p=0.9
## 0 0.050 0.266 0.568
## 1 0.052 0.099 0.183
## 2 0.052 0.062 0.093
## 3 0.053 0.059 0.075
## 4 0.057 0.069 0.074
## 5 0.055 0.068 0.075
## 6 0.058 0.068 0.076
# 7 0.062 0.076 0.083
## 8 0.070 0.075 0.084
# 9 0.069 0.080 0.087
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# FRk— BREUTER m RWHF, IEHILEEL m_prime
%
m <- 1000
m_prime <- 1000
theta_hat_outer <- numeric(m_prime)
for(i in seq_len(m_prime)){
g <- replicate(m, {
X <- rnorm(2)
abs(x[1] - x[2])
1))
theta_hat_outer[i] <- mean(g)

by

sd(theta_hat_outer) # outer Monte Carlo estimate of
s.e.

## [1] 0.02635541



#HEZ BRMEUER m RIH
m <- 1000
g <- replicate(m, {
X <- rnorm(2)
abs(x[1] - x[2])
b
sqrt (mean((g-mean(g) ) ~2) /m)

## [1] 0.02796293
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o FEAHME X ~ N(0,4)
n <- 20
m <- 1000
alpha <- 0.05

UCL <- replicate(m, expr = {

x <- rnorm(n ,0, 2)

(n-1) * var(x) / qchisq(alpha, df = n-1)
b

# ITEZ B E KT
mean (UCL > 4)

## [1] 0.941



° RITMiE X ~ x5 Var(X) = 4)

UCL <- replicate(m, expr = {
x <- rchisq(n ,df = 2) # Var(X) = 4
(n-1) * var(x) / qchisq(alpha, df = n-1)
b

# ITEZ B E KT
mean (UCL > 4)

## [1] 0.769
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n <- 20

alpha <- 0.05
mu0 <- 500
sigma <- 100

m <- 1000
p <- numeric(m)
for (j in 1:m){
X <- rnorm(n, mu0, sigma)

ttest <- t.test(x, alternative = "greater",
mu = muO)
plj]l <- ttest$p.value

}

p-hat <- mean(p < alpha)
se.hat <- sqrt(p.hat*(l-p.hat) / m)
print(c(p.hat, se.hat))

## [1] 0.056000000 0.007270763
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m <- 1000 # HNSHMETHW Monte Carlo ER KK
alpha <- 0.05
mu <- seq(450, 650, 10)
power <- numeric(length(mu))
for (i in seq_along(mu)){
mul <- mu[i]
pvalues <- replicate(m, expr = {
x <- rnorm(n, mul, sigma)
ttest <- t.test(x, alternative = '"greater",
mu = mu0)
ttest$p.value
b

power [i] <- mean(pvalues < alpha)

}



power_data <- data.frame(mu = mu, power = power)

ggplot (power_data, aes(x = mu, y = power)) +
geom_point() + geom_line(linetype = 3) +
geom_vline(xintercept = muO, linetype = 2) +
geom_hline(yintercept = alpha, linetype = 2) +
labs(x = expression(theta), y = "Power") +
theme_bw ()
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rnorm_con <- function(n, p, mu){
sigma <- sample(c(1,10), size = n, replace = TRUE,
prob = c(p, 1-p))
rnorm(n, mu, sigma)
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n
m

<= 200 # & h B A A HY M 2%
<- 1000 # Monte Carlo EHE R¥K

alpha <- 0.05

mu0 <- 0 # Rk

mu <- seq(-1, 6, 0.2) # AL RE
power <- matrix(0, length(mu), 2)

for (i in seq_along(mu)){

3

mul <- mu[i]
pvalues <- replicate(m, expr = {
x <- rnorm_con(n, 0.9, mul)

ttest <-
t.test(x, alternative = "greater", mu = mu0)
wtest <-
wilcox.test(x, alternative = '"greater", mu =
mu0)
c(ttest$p.value, wtest$p.value)

b
power[i,] <- apply(pvalues < alpha, 1, mean)



library(reshape2)
data <- data.frame(x = mu, t = power[,1],
wilcoxon = power[,2])
data <- melt(data, id = "x", variable.name
"Method")
ggplot(data, aes(x = x, y = value, color
Method) )+
geom_line()+
labs(x = TeX("$\\mu$"), y = "Power")+
theme_bw()+
theme (legend.position = "bottom")
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