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Stat 6601 Quiz #1 (50 minute), Name:________________
· Open book and open note. 
· Each problem is 1 points unless stated otherwise 

· Write answers on this paper. But you may want to ‘backup’ to do question #3 (take-home) This question itself will be posted on the class webpage.

#1. (4 pt) Suppose X1, …,Xk ~ iid N(0,1). We’re interested in the distribution of the following statistic for k=5.
U = (i=1,…,k Xi2.
1) Write R codes for simulating 1,000 independent samples of the statistic U and put them in the numeric vector ‘u.stats’. Note that each sample requires generating k Xjs.
2) Write R codes that plot the probability histogram of the simulated distribution above. In particular,  let the number of bins to be 50. Be careful the histogram needs to be scaled correctly to be ‘probability histogram’ rather than ‘frequency histogram’.
3) Write R code for adding the density curves of (2(m) (chi-squared distribution with m degrees of freedom) distribution for m=3,5,7,and 9, to the above histogram. Using ‘for’ loop is recommended.
4) Write R codes that i) draws the Q-Q plot of the (2(5) (chi-squared distribution with 5 degrees of freedom) distribution against the simulated samples in ‘u.stats’ and ii) add the straight line y=x on top of it.
#2. (4 pt) Suppose X1,…,Xn ~ iid,  {N(0, 1) with 95% probability and N(0,102) with 5% probability.} (Contaminated normal distribution).  
1) Write R codes that 
  i) generate a sample of n=100 observations (Xi, i=1,…,100) and put it in a vector ‘x.vals’ and
  ii) compute the sample median X-tilde and sample mean X-bar of the sample and put them in ‘x.tilde’ and ‘x.bar’ respectively.

2) Modify the code in 1) so that we repeat the simulation m=1,000 times. At each of 1,000 simulations, you need to generate a sample of (Xi, i=1,…,100) and compute X-tilde and X-bar from the sample. Put the 1,000 results in vectors (of lengths 1,000) named ‘my.medians’ and ‘my.means’ respectively.

3) Write R-codes that draw two normal Q-Q plots, one for each vector ‘my.medians’ and ‘my.means’. Also write the codes to compute and display the mean and SD of the vectors.

4) The means of the vectors my.medians and my.means are 0.002461129 and 0.01992826 respectively. Their standard deviations (SD) are 0.1303055 and 0.2406342 respectively. The normal Q-Q plot show that both distributions are close to normal distribution. From these results, what can you say about the sampling distributions of the two competing estimators, sample median and sample mean, when one wants to estimate the unknown mean of contaminated normal distribution with unknown population mean (here it’s zero).  In particular, which of the two estimators would you use if you believe your data comes from such contaminated normal distribution (with unknown mean)?

#3. Take Home. Run all the codes above and 

1) Cut-and-paste the R codes and results (R-outputs, plots) to an MS Word document with name “last_name,first_name.doc”. (e.g. “kwon, jaimie.doc”) 

2) you should attach it to an email with subject lines “stat 6601, quiz 1” (nothing else please; no message body)

3) Email it to me no later than Midnight of next Monday (10/18).  Results submitted later than then won’t be graded.

4) Minimize comment in the MS Word document. Typical headings (title, date, and author) and question numbers are enough. (Please keep in mind that I have to go over 50 of them!) See the template available on the course website.
Quiz #1, Solutions

#1. 

n <- 1000; k <- 5

u.stats <- numeric(n)

for(i in 1:n){

  u.stats[i] <- sum(rnorm(k)^2)

}

hist(u.stats, nclass=50, col='gray', prob=TRUE, border='white')

for(i in seq(3,9,by=2)) curve(dchisq(x, i), add=TRUE, col='blue')

plot(qchisq(ppoints(u.stats),5), sort(u.stats),

     xlab='Quantiles of Chisq(5)', ylab='Simulated quantiles')

abline(0,1)
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#2. 
contam <- rnorm(100, 0, (1+9*rbinom(100, 1, 0.05)))

median(contam)

mean(contam)

m <- 1000

my.medians <- my.means <- numeric(m)

for(i in 1:m){

  contam <- rnorm(100, 0, (1+9*rbinom(100, 1, 0.05)))

  my.medians[i] <- median(contam)

  my.means[i] <- mean(contam)

}

  my.medians[i] <- median(contam)

  my.means[i] <- mean(contam)

}
par(mfrow=c(2,2))

hist(my.means, nclass=50, col='gray', prob=TRUE, border='white')

hist(my.medians, nclass=50, col='gray', prob=TRUE, border='white')

qqnorm(my.medians);qqline(my.medians)

qqnorm(my.means);qqline(my.means)

mean(my.medians)

sd(my.medians)

mean(my.means)

sd(my.means)
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4) It means their sampling distributions are approximately normal with the given means and SDs. The median is more preferrable than the mean for such contaminated normal model since it has smaller SD while their biases are about the same. 
Stat 6601 Midterm 
· Each problem is 10 points unless stated otherwise 

· Make MS Word document with name “last_name,first_name.doc” (e.g. “kwon, jaimie.doc”) from the template available on the course website.

· Include a) typed answers, b) cut-and-pasted R codes and R-outputs, and c) R-plots). 

· Attach the file to an email with subject line “stat 6601, midterm” (nothing else please; no message body)

· Email your answers to me no later than Midnight, Tuesday November 2nd. Results submitted later than then won’t be graded.

· Minimize comment in the MS Word document. Typical headings (title, date, and author) and question numbers are enough. (Please keep in mind that I have to go over 50 of them!) 

#1. (110 pt + 20 pt) Use the air conditioning data again. (See the lecture node):

y <- c(3, 5, 7, 18, 43, 85, 91, 98, 100, 130, 230, 487)
n <- length(y)
We are interested in estimating (=log((), the log mean inter-failure time. 

1) Compute 
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2) Write R codes that simulate a single sample y* from the fitted parametric model 
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. What’s the value of t*?

3) Write R codes that simulate R=1000 samples y* from the fitted parametric model 
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. Store the values of t* in “t.star”.
4) Draw probability histogram of the t* simulated in 4 with 50 bins. On top of the probability histogram, draw the kernel density function estimate. Using the default bandwidth is OK, though you are free to specify bandwidth that makes the curve look more reasonable.
5) Draw normal Q-Q plot of the t*.  Also draw a reference straight line using “qqline” function. What can you say about the distribution of t* and T from the visual inspection of the normal Q-Q plot and the histogram of 4)? Is it close to normal? 
6) Independent of the inspection in 5), one decided to use normal approximation to the distribution of 
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. In that case, one could estimate the bias and variance of the statistic 
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 using the bootstrap simulation results obtained in 3). What are the values of the estimated bias and variance? Assign them to ‘B’ and ‘V’ respectively in R.
7) Using the estimated bias and variance (B and V) obtained in 6), combined with the normal approximation, compute the 95% confidence interval for 
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8) Now use nonparametric bootstrap to answer above questions. Write R codes that simulate R=1000 samples y* from the empirical distribution of y (Use ‘sample’ function in R.) and compute 
[image: image13.wmf]*
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. Store the values of t* in “t.star.np”. 

9) Repeat 4) above (histogram + kernel density estimate) for the nonparametric bootstrap simulation obtained in 8). Also draw the normal Q-Q plot. Does the distribution look normal?
10) Compute the basic bootstrap confidence interval with confidence coefficient 95% using the simulation obtained in 8). Note that you can use ‘quantile’ function to compute 
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11) Draw the histogram of 9) again. On it, use “abline(v=…)” function in R to mark boundaries of the 95% confidence interval from the normal approximation obtained in 7) in red vertical lines. Also mark 95% basic bootstrap confidence interval obtained in 10) in blue vertical lines. Which one is wider? 

12) (Extra credit) Write R code to compute the number of t* obtained from the nonparametric bootstrap 8) that fall in the 95% confidence interval of 7). Divide it by R to obtain the proportion. This is a good estimate of the coverage probability of the normal approximation. What’s the value? 

13) (Extra credit) If 
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 is a good approximation of the distribution of 
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, the distribution of 
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, what does the result in 12) say about the advantage of nonparametric bootstrap? Note that by definition, nonparametric bootstrap confidence intervals obtained as in 10) ALWAYS have correct coverage probabilities.

#2. (50 pt + 20 pt) Suppose n=100 independent observations of 
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 are observed. It’s stored in “corr.dat” on the class webpage. 

1) Use “read.table” function in R to store it in 100 by 2 matrix “data”. Use “cor(data[,1], data[,2])” or “cor(data$x, data$y)” function to compute the sample correlation coefficient.

2) One can perform a single nonparametric simulation by the code “data.star <- data[sample(1:n, replace=TRUE),]”. Use this to write R codes that simulate a single sample y* and compute the correlation coefficient 
[image: image19.wmf]*
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3)  Write R codes that simulate R=1,000 samples y* and compute correlation coefficient 
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 for each of them. Store the results in “rho.stars”.
4) Draw histogram + kernel density estimate (overlaid) of 
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5) Compute the basic bootstrap confidence interval  with confidence coefficient 95% using the simulation obtained in 4). Note that you can use the ‘quantile’ function.

6) (Extra credit; 20 pt) Perform parametric bootstrap to obtain the same basic bootstrap confidence interval with confidence coefficient 95%. Use “mvrnorm(n, c(mu1, mu2), matrix(c(sigma11, sigma12, sigma21, sigma22),2,2)) “ function in MASS library.

Stat 6601 Midterm Solution
We are interested in estimating (=log((), the log mean inter-failure time. 

                                        # 

                                        # Generate data

                                        # 

y <- c(3, 5, 7, 18, 43, 85, 91, 98, 100, 130, 230, 487)

n <- length(y)

                                        # 1)

log(mean(y))

4.682903
                                        # 2)

y.stars <- rexp(n, 1/mean(y))

log(mean(y.stars))

                                        # 3)

R <- 1000

t.stars <- numeric(R)                   

set.seed(101)

for(r in 1:R){

  y.stars <- rexp(n, 1/mean(y))

  t.stars[r] <- log(mean(y.stars))

}

                                        # 4)

hist(t.stars, nclass=50, prob=TRUE,col='gray',border='white')

lines(density(t.stars))
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                                        # 5)

qqnorm(t.stars)

qqline(t.stars)
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                                        # 6)

B <- mean(t.stars)-log(mean(y)) # vs 4.68

V <- var(t.stars)

B

[1] -0.03787144
> V

[1] 0.08765792
>

                                        # 7)

hist(t.stars, nclass=50, prob=TRUE,col='gray',border='white')

lines(density(t.stars))

p.ci <- c(log(mean(y))-B-qnorm(.975)*sqrt(V),

          log(mean(y))-B+qnorm(.975)*sqrt(V))

abline(v=p.ci)
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                                        # 8

R <- 999

t.stars.np <- numeric(R)                   

set.seed(101)

for(r in 1:R){

  y.stars <- sample(y, replace=TRUE)

  t.stars.np[r] <- log(mean(y.stars))

}

                                        # 9, 10, 11

                                        # doesn't look very normal

alpha <- .025

par(mfrow=c(1,1))

np.ci <- c(log(mean(y))-(quantile(t.stars.np, 1-alpha) - log(mean(y))),

         log(mean(y))-(quantile(t.stars.np, alpha) - log(mean(y))))

qqnorm(t.stars.np); qqline(t.stars.np)

hist(t.stars.np, nclass=50, col='gray') # 

hist(2*log(mean(y))- t.stars.np, nclass=50, col='gray') # better, but not a must

abline(v=p.ci, col='red')

abline(v=np.ci, col='blue')

abline(v=log(mean(y)))

abline(v=mean(t.stars.np), col='cyan')
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                                        # 12, 13

                                        # NP bootstrap has more accurate

                                        # coverage probability                                        

length(which(t.stars.np < np.ci[2] & t.stars.np > np.ci[1]))/R

length(which(t.stars.np < p.ci[2] & t.stars.np > p.ci[1]))/R

length(which(2*log(mean(y))-t.stars.np < np.ci[2] &

             2*log(mean(y))-t.stars.np > np.ci[1]))/R

0.94995
length(which(2*log(mean(y))-t.stars.np < p.ci[2] &

             2*log(mean(y))-t.stars.np > p.ci[1]))/R

0.8898899
#2. (50 pt + 20 pt) Suppose n=100 independent observations of 
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                                        # 1

data <- read.table("corr.dat")

cor(data[,1], data[,2])

cor(data$x, data$y)
0.6632465
                                        # 2

data.star <- data[sample(1:n, replace=TRUE),]

cor(data.star$x, data.star$y)
0.5447096
                                        # 3

R <- 1000

rho.stars <- numeric(R)

set.seed(101)

for(r in 1:1000){

  data.star <- data[sample(1:n, replace=TRUE),]

  rho.stars[r] <- cor(data.star[,1], data.star[,2])

}
                                        # 4

hist(rho.stars, nclass=50, prob=TRUE,col='gray',border='white')

lines(density(rho.stars))
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> rho

[1] 0.6632465

> mean(rho.stars)

[1] 0.2585463
> rho.np.ci

    97.5%      2.5% 

0.5853775 1.6667866
                                        # 6

library(MASS)
R <- 1000

rho.stars.p <- numeric(R)

set.seed(101)

n <- nrow(data)

for(r in 1:1000){

  data.star <- mvrnorm(n, apply(data, 2, mean),

                       cov(data))

  rho.stars.p[r] <- cor(data.star[,1], data.star[,2])

}

alpha <- .025

rho.p.ci <- c(2*rho-quantile(rho.stars.p, 1-alpha),

               2*rho-quantile(rho.stars.p, alpha))

mean(rho.stars.p)

[1] 0.661292
rho.p.ci

   97.5%     2.5% 

0.560350 0.786871 
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* By the way, this is how I generated the data: (True rho=0.7)
library(MASS)

set.seed(101)

data <- mvrnorm(100, c(0,0), matrix(c(1, .7, .7, 1), 2,2))

dimnames(data) <- list(NULL, c('x','y'))

data <- round(data*100)

write.table(data,"corr.dat")

Stat 6601

Class presentation Assignments signup.

50 people. 15 topics. ~5 people per group.

Presentation needs to be powerpoint slides consisting of the following pages:

1. title page
2. overview
3. data and assumptions

4. model and methods

5. R function and options

6. example

7. summary

	What is cross-validation?
	Splitting the dataset into M roughly equilly sized parts and use M-1 of them to fit the model and test the performance on the remaining data and do it in M different ways and average the performance measure.

	Why does one need to use cross-validation?
	Correct evaluation of the performance of the algorithm.

	what's the benefits of using bootstrap?
	

	
	

	
	

	given the following regression model, write R codes that find maximum likelihood estimator with the following restriction
	

	what's the benefit of using neural nets, tree-based mehtod and SVM compared to the traditional regression method?
	They all make very little assumptions about the underlying true regression function.

	what's the difference b/w classification and regression trees?
	In classification trees, the nodes are a factor while for regression tree, the nodes are predicted continuous value.

	What’s the benefit of tree based method compared to multiple linear regression?
	Easy to interprete; 

automatic variable selection by cross-validation; 

may perform better for some prediction problems; 

little assumptions about the underlying functional form

	What is overfit? Why is it bad? 
	When overfitting occurs, the model fit the training data almost perfectly, but prediction performance in test dataset or new dataset will be poor.

	Describe training and test datasets
	Training dataset is the data that one uses to fit parameters of the model and test dataset is the data one uses to see the prediction performance of the fitted model.

	
	

	
	


Coding convention: no space b/w function and ().

Don’t grow vector in loop. Prepare it beforehand.

Many different ways to generate contaminated normal. All are good.

Color is good. But be smart.

For qqplot, use q~ than r~.
Somhow, s=.. works. But s<-… is safe.

N(mu, sigma^2) is standard representation!
Don’t send .rtf file (3MB ~ )
The file * has daily # of collisions. We want to know the distribution of the goodness of fit statistic sum(N-). 

Run nonparametric goodness of fit test to get.

Chi-squared test.

Let X1,..,Xn are data like *.

Run … to get 

Q-Q plot.

_1160256242.unknown

_1160258409.unknown

_1160258837.unknown

_1160258844.unknown

_1160261136.unknown

_1160258756.unknown

_1160257230.unknown

_1160258204.unknown

_1160256331.unknown

_1160255457.unknown

_1160255493.unknown

_1160255853.unknown

_1160255466.unknown

_1160255313.unknown

_1160255370.unknown

_1160255301.unknown

