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3.0 FLAEEY

n<-15 # <- is assignment operator, assign num 15 to variable n
n # shows the value of n

n <-(15) # works also

I15->n # same

nl <-(-3)

nl_abs <- abs(nl) # absolute value

nl_abs

name <- "pp4"

kl =n+2

Kl=n # case sensitivity, K1 differ. to k1

k2 =k1*3

k3 =kl1/2

k4 = k3+ rnorm(1,0,1) # gen. 1 normal random sample with mean =0, sd = 1.
1s() # list all variables

Is.str() # list details on varables and their types
rm(list=Is(all=TRUE)) # delete all variables in memory

Is.str() # list details on varables and their types

x <-¢(0,1,2,3) # concatenate numbers{0,..,3} to vari. x: 4*1
x_trans = t(x) # create a 1*4 matrix(transpose Xx)

X

X_trans

y <-¢(2,3,5,1)
y_trans= t(y)


http://cran.csie.ntu.edu.tw/bin/windows/base/R-2.9.2-win32.exe

mix1 <- cbind(x,y) # combine colume

mix1

mix2 <- rbind(x_trans, y_trans) # combine row

mix2

rm(list=Is(all=TRUE)) # delete all variables in memory
y<-1:6 # creat sequence y=[1,2,3,4,5,6]'
z<-3

r<-"pp4"

w <- c¢("pp4", "kai", "ccc", "www") # combine char.s

complex <- 3i # complex numbers

logic <-TRUE
mode(y);mode(z);mode(r);mode(w);mode(complex);mode(logic);
# mode: numeric, character, complex(3\textit{i}) and logical( TRUE, FALSE)

length(y);length(z);length(r);length(w);length(complex);length(logic); # length of variavle
rm(list=Is(all=TRUE)) # delete all variables in memory

k5 <-3/0 # infinite number

k5

k6 <- exp(-k5) # u can work on a Inf number

k6

not_a_ number <- (k5-k5) # not an number(Inf-Inf: undefined in math)

not_a_number

rm(list=Is(all=TRUE)) # delete all variables in memory

3.2 SR Ry R

x <- 1:(6-1) # want vector 1 to 5, by incre.=1

X

z1 <- seq(from=1, to=5, by= 0.5) # want a vec. from 1 to 5, by incre.= 0.5

z1

72 <- seq(length=9, from=1, to=5) #wnata 1*9 vector from 1 to 5.

z2

z3<-¢(1,1.5,2,2.5,3,3.5,4,4.5,5) # concatenate numbers{l,..,5}

z3

74 <-rep(3,5) # rep num 3, 5 times

74

z5 <~ scan() # directly input by keyboard, use "Enter" to end input
rm(list=Is(all=TRUE)) # delete all variables in memory

runif(n, min=0, max=1) # uniform

rnorm(n, mean=0, sd=1) # Gaussian (normal)

rexp(n, rate=1) # exponential

rgamma(n, shape, scale=1) # gamma

rpois(n, lambda) # Poisson, "arriveals of default events"
rweibull(n, shape, scale=1) # Weibull

rcauchy(n, location=0, scale=1) # Cauchy, "fat tail phonomia"

rbeta(n, shapel, shape2) # beta, "recovery rate modelling"

rt(n, df) # Student (t) "fat tail phonomia"

rchisq(n, df) # Chi-square

rbinom(n, size, prob) # binomial "tree pricing"

rmultinom(n, size, prob) # multinomial

rgeom(n, prob) # geometric

rhyper(nn, m, n, k) # hypergeometric

rlogis(n, location=0, scale=1) # logistic "transform the domain of variables"
rlnorm(n, meanlog=0, sdlog=1) # lognormal "Geometric Brownian motion of equity price process"
rnbinom(n, size, prob) # negative binomial
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rm(list=Is(all=TRUE))

3.3 [P B

x<-1:5

X

x[3]

x[3] <- 20
X

m3 = matrix(1:6, 2, 3)
m3

m3[,3]

m3[2,]

m3[1,1]<- 100

m3

x<-1:10

X

x[x>5] <- 12
X
x[x%%2==0]

y <_ C(HSN’ prll’ "."

y

y[y=="."] <- "missing_value"
y

rm(list=Is(all=TRUE))

x <-¢(1,2,5,7,9)
sum(x)

prod(x)

max(x)

min(x)
which.max(x)
which.min(x)
range(x)
length(x)
mean(X)
median(x)

var(x)

round(x, 2)
rev(x)

sort(x)
decreasing order:
rev(sort(x))
rank(x)
rm(list=Is(all=TRUE))

ml = matrix(data=5, nr=2, nc=2)
m2 = matrix(5, nr=2, nc=2)

m3 = matrix(1:6, 2, 3)
num 1:6

m4 = matrix(1:6, 2, 3, byrow=TRUE)

filled num 1:6
ml
m2

# delete all variables in memory

# replace the third elt by 20

# the third colume
# the second row
# replace (1,1) elt by 100

# replace [6,7,8,9,10] by [12,12,12,12,12]
# find out numeric no. that can be divided by 2 totally

# useful when deal with missing values

# returns the index of the greatest element of x
# returns the index of the smallest element of x

# number of elements in x
# variance of the elements of x (calculated onn - 1)
# rounds the elements of x to n decimals

# reverses the elements of x
# sorts the elements of x in increasing order; to sort in

# ranks of the elements of x

# gen a 2*2 matrix filled with num. 5
# same work
# gen a 2*3 matrix from top to butom, left to right, filled

# gen a 2*3 matrix from left to right, top to bottom,



m3

m4

apply(m3, 2, max)
apply(m3,1, min)
rm(list=Is(all=TRUE))

ml <- matrix(1, nr =2, nc = 3)
m2 <- matrix(2, nr = 1, nc = 3)

rbind(m1, m2)

m3 <- matrix(3, nr = 3, nc =2)
m4 <- matrix(2, nr =3, nc = 1)

cbind(m3, m4)

a=10

x<-1:4

7z <- a*x

z

m5 = m3%*%ml

m5

diag(m5)
rm(list=Is(all=TRUE))

3.4 EIHEE,

# apply "max" to m3's "2:colume-dimersion"
# apply "min" to m3's "1:row-dimersion"
# delete all variables in memory

# row-combine

# colume-combine

# scalar times a vector

# matrix multiple

# delete all variables in memory

# basic control structures: for, if and while,
# basic logic operator: "&":AND; "|": OR; ">="; "=="

# for(iin 1:N ){...}
# if (conditions){...}

# while(conditions){...}

# example 1 : for

a=c(1,3,5,3,2)

b <- numeric(3)

b

for(i in 1:length(b)){
b[i] <- a[i+2]*2

}

b

rm(list=Is(all=TRUE))

# example 2: if

a=c(1,3,5,3,2)

b <-¢(1, 1000,7,9)

if(b[1]>3)¢
a[l]<-9

}

a

if(b[2]>999){
a[l]<-9

}

a

rm(list=Is(all=TRUE))

# example 2-1: if
a=c(1,3,5,3,2)
b <- ¢(1, 1000,7,9)

if((b[1]>3)|(b[2]>999)){

a[l]<-9

# initialized b as 3x1 vector of zeros

# replace sth.

# delete all variables in memory

# if holds, excute {statement}

# if not holds, do nothing

# delete all variables in memory



} #if b[1]>3 OR b[2]>999, holds, excute {statement}
a
rm(list=1s(all=TRUE))

a=c(1,3,5,3,2)
b <-¢(1, 1000,7,9)
if((b[11>3)&(b[2]>999)){

a[l]<-9
} #if b[1]>3 AND b[2]>999, holds, excute
{statement}
a
rm(list=Is(all=TRUE)) # delete all variables in memory

# example 3: for and if else

a<-c¢(1,2,2,4)
b <-¢(1,3,2,1)
¢ <- numeric(4)

for(i in 1:length(a)){
if (a[i]==b[i])
c[i] <-a[i]
else
c[i]<-0
}
rm(list=Is(all=TRUE))

# example 3-1: for and if else (equivalent to example 3)
a<-¢(1,2,2,4)

b <-¢(1,3,2,1)

¢ <- numeric(4)

cl[a==b] <-a
c[al=b] <-0
c

rm(list=Is(all=TRUE))

# example 4 : change dta's row order by a specific pattern
original data = matrix(1:30, nr=10, nc=3)

original data

dumy = dim( original data )

row_dim <- dumy[1]

colume dim <- dumy[2]

new_row_index= round(runif(row_dim,l,row_dim)) # want random row inex,iid, draw with
replacement)
new_row_index

new_data = matrix(0, row_dim, colume dim)
for (iin l:row_dim){

new_data[i,] <- original data[new_row_index[i],] # replace ori-dta's row by new index, save to
new_dta

}

new_data
rm(list=Is(all=TRUE))

3.5 OLS

y<- rnorm(10)



x<- rnorm(10)
z<- rnorm(10)

result_1 <-lm(y~x) # with intercept
summary(result 1)

result 2 <-lm(y~x-1) # without intercept
summary(result 2)

result 3 <-lm(y~x+z-1) # without intercept

summary(result 3)
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4.1 Normal distribution

We first generate a sequence with T =1000 from the standard normal distribution. Then,
another sequence of the length is generated from the normal distribution with mean of 10. It is

clearly that the linear combination of normal distributions is still a normal one.
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R code
x<- rnorm(1000)
plot(x)
hist(x)
mean(x)

y<- rnorm(1000, mean=10, sd=1)
z<- x+2*y

hist(z)

mean(z)



4.2 Law of large numbers

Random samples with numbers of T =50, T =100, T =300, and T =1000 are drawn
form the standard normal distribution for 1000 times, and then their sample averages are
computed each time. We plot the histograms of 1000 realizations for those cases as follows.
For comparison, histograms are represented by the percentage scale of density. As the sample
size increases, the sample averages approach the true mean of zero. This expresses the law of

large numbers.
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R code

fun<-function(t,n){
x<-numeric(n)
for(iin 1:n){
x[i]<-mean(rnorm(t))}
X}
# t stands for sample size
# n stands for repetitions

par(mfrow=c(2,2))
hist(fun(50,1000),xlim=range(-1,1),freq=FALSE,main='"T=50',xlab="Sample Mean")
hist(fun(100,1000),xlim=range(-1,1),freq=FALSE,main="T=100",xlab='"Sample Mean')
hist(fun(300,1000),xlim=range(-1,1),freq=FALSE,main="T=300',xlab='"Sample Mean')
hist(fun(1000,1000),xlim=range(-1,1),freq=FALSE,main="T=1000',xlab="Sample Mean')



4.3 AR(1) process

The model of first-order autoregressive, AR(1), is specified as Y, = pY, , t+&,. In this

simulation, we simply let ¥, =0 and then generate different cases of p =0.1,0.5,0.7,0.99
under &, ~N(0,1) for t=2,3,---,500.

p=0.1 p=0.5
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0 100 200 300 400 500 0 100 200 300 400 500
t t
p=0.9 p=0.99
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0 100 200 300 400 500 0 100 200 300 400 500
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R code
n<- 500
ar<-function(r,n){
y<-array(0,n)
for (iin 2:n){
ylil<-r*y[i-1]+rmorm(1)}

y
}

par(mfrow=c(2,2))

plot(ar(r=0.1,n), type="1",col="red",main='p = 0.1',xlab="t',ylab="y")
plot(ar(r=0.5,n), type="1",col="red",main='p = 0.5',xlab="t',ylab="y")
plot(ar(r=0.9,n), type="1",col="red",main='p = 0.9',xlab="t',ylab="y")
plot(ar(r=0.99,n), type="1",col="red",main=' o = 0.99',xlab="t',ylab="y")

4.4 Simulation of t-values

We generate 1000 sequences of Y, such that Y, =Y, , +& with & ~N(0,1) for
t=1,2,3,---,500. By running the OLS of y, =+ Y, , +€,, we then obtain a sampling
distribution of t-values under the null hypothesis of S =1.
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R code

# t stands for sample size

# n stands for repetitions

# beta is the true parameter

# ho is the null hypothesis

# Specification with constant term

fun<- function(t,n,beta,ho){
tv<- numeric(n)
for(iin 1:n){

ty<- numeric(t)
u<- rnorm(t)
for(j in 1:t){

ty[j]<- sum(u[1:j])}
y<-ty[-1]
x<- ty[-{]
one<- matrix(1,nr=t-1,nc=1)
xx<- cbind(one,x)
xi<- solve(t(xx)%*%xx)
b<- xi%*%t(xx)%*%y
e<- y-xx%*%b
v<- (t(e)%*%e)/(t-2)
sd<- sqrt(v*xi[2,2])
tv[i]<- (b[2,1]-ho)/sd}
sort(tv)}

te<- fun(t=500, n=1000,beta=1,ho=1)
hist(tc)

4.5 Q test of Ljung and Box (1978)

tc

In this subsection, the Q test of Ljung and Box (1978) is applied to examine whether the time
series is serially uncorrelated or not. For comparison, we adopt two different kinds of series,
labeled as Y1 and Y2. Y1 is a random sequence from the standard normal distribution and Y2
is the term spread of US 10yr and 2yr Treasury notes, from Jun. 1976 to Jan. 2009. Inherently,

Y1 is serially uncorrelated and hence it can serve as a detector for the correctness of the R

10



code presented later.

The term spread is adopted here because it contains useful information about future
states of the economy. For example, Estrella and Mishkin (1997, European Economic Review
41, 1375-401) find that, in both the United States and Europe, the term spreads have
significant predictive power for the real economic activity and inflation. In fact, in order to
hedge the macroeconomic risk, investment banks have sold financial products with returns
depending on the term spreads. Therefore, it should be interesting to examine the property of
Y2 by a diagnostic test. The Ljung-Box Q statistic is computed as

T(T +2)) " [pG) /(T =),

=

where m is a given number of autocorrelations. The statistic converges to x*(m) in

distribution. In this example, we compute the statistic given m € [1,50] for each series.

4.5.1 The result

In figure 1, Y1 is obviously a white noise and we can not reject the null hypothesis that the
series is serially uncorrelated, which means that the code should be correct. Notice that as m
increases, both the Q statistic and the critical value also increase. When m = 50, the critical
value of significance at 95% level is 67.5. On the other hand, figure 1 also shows that Y2 is
serially correlated since its Q statistic is pretty greater than the critical values in any case of
m . This result favors investment bankers that if they could model the term spread properly,

the corresponding risk of the financial product can be hedged as well.

Y1: a sequence form N(0,1) Y2: term spread
o —
_ ~ -
— — -
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- ]
™ ] N
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0 100 200 300 400 0 100 200 300 400
time time
Ljung-Box Q statistic for Y1 Ljung-Box Q statistic for Y2
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Figure 1. Q test of Ljung and Box (1978)
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4.5.2 R code

data<- read.table("D:/Data/FEMA/hw1_US rates.txt",header = TRUE)

# This code computes the modified Q test of Liung and Box (1978)
# "y2" is specified as the objective vector from "data" matrix
# "n" is the given number of autocorrelations, i.e., Ho: p(1)=...=p(n)=0

y2<- data[,4]
T<-length(y2)
y1<- rnorm(T)

Q_LB<- function(y,n){
Qc<- matrix(0,n,4)

for(m in 1:n){
ar<- function(x,1){
x1<- x[1:(length(x)-1)]
x2<- x[(1+1):length(x)]
cor(x1,x2)
¥
am<- matrix(0,m,1)
for(i in 1:m){
am[i,1]<- ((ar(y,i))"2)/(T-i)
¥
Q<- T*(T+2)*sum(am)
Qc[m,1]<-Q
Qc[m,2]<- gchisq(0.90, df=m)
Qc[m,3]<- gchisq(0.95, df=m)
Qc[m,4]<- gchisq(0.99, df=m)
¥
Qc}

Qcl<- Q_LB(yl1,50)
Qc2<- Q_LB(y2,50)

par(mfrow=c(2,2), cex=1.1)

plot(y1,type="1",col="red",
main="Y 1: a sequence form N(0,1)",
xlab="time", ylab="Y1")

plot(y2,type="1",col="red",
main="Y2: term spread",
xlab="time", ylab="Y2")

plot(Qcl[,1],type="h",col="red" lwd=3, ylim=c(0,70),
main="Ljung-Box Q statistic for Y1",

xlab="the number of autocorrelations (m) ", ylab="values");
text(20,60,"'---": critical values of sig. at 95% ");
lines(Qcl[,3],1ty=2)

plot(Qc2[,1],type="h",col="red", lwd=3,

main="Ljung-Box Q statistic for Y2",

xlab="the number of autocorrelations (m) ", ylab="values");
lines(Qc2[,3],1ty=2)
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5.5.1 7 A il R == AT R

# The price behavior here is a geometric Brownian motion.
# The input variables are as follows:

# So = initial stock price,

#m = expected return

#r =risk free interest rate

#v = standard deviation of the return (i.e. the volatility),
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#t =the whole time interval (in terms of years)
#n = the number of simulating samples

So<-52.5

m<- 0.0133
r<- 0.0133
v<- 0.3377854
t<- 0.5

n<- 10000

# The final stock price St is generated from the following loop.
St<- matrix(0,nrow=n,ncol=1)
for(i in 1:n){

e<- rnorm(1)

GBM<- So*exp((m-(v"2)/2)*t+v*e*(t0.5))

St[i,1]<- GBM

H

# We now evaluate the present value (pv) of the subject.
cSt<- ifelse(St<=60.375, St, 60.375)

cSt<- ifelse(cSt<=So, c¢St, So*(1+1.68*((cSt-S0)/So0)))
pcSt<- cSt*exp(-r*t)

pv<- mean(pcSt)

# the risk control and profit distribution for the issuer
rSt<- So*(1+1.68*((St-S0)/So))

pSt<- St-cSt

ppSt<- pSt*exp(-r¥t)

pp<- mean(ppSt)

# plotting the results

par(mfrow=c(2,2), cex.main=1.8, cex.lab=1.5)
hist(St,br=n/400,xlim=range(So*(1-4*v),So*(1+4*v)),ylim=range(0,n/3),main="A: ?Uﬁﬂﬁ&[’%ﬁﬂ%?
El?[',xlab='EJ&“['%]",ylab=‘T‘ﬂ’g@*);segments(SO,O,So,n/3.76,1ty=2);text(x=So,y=n/3.4,
labels="52.5");segments(60.375,0,60.375,n/3.3,1ty=2);text(x=60.375,y=n/3, labels="60.375")
hist(rSt,br=n/300,xlim=range(So*(1-4*v),So*(1+4*v)),ylim=range(0,n/3),main='B: ?UEFJEJQ]F??;’FL@F[
TS % 5 ) El?",xlabfﬂ,@}ﬁ1"%2ﬁé‘?f%?',ylabff‘ﬂglé*);segments(So,O,So,n/3.76,lty=2);text(x=So,y=n/3.4,
labels="52.5");segments(60.375,0,60.375,n/3.3,1ty=2);text(x=60.375,y=n/3, labels="60.375")
hist(cSt,br=n/800,xlim=range(So*(1-4*v),So*(1+4*v)),ylim=range(0,n/3),main='C: % %’ﬂ% FI?JFF[’{,?[JQEJ
1853 i xlab="S S 1 ylab=" 5
");segments(65.73+2,0,65.73+2,n/3 .3 Ity=2);text(x=65.73+2,y=n/3, labels="65.73")
hist(pSt,br=n/200,xlim=range(-10,30),main="D: 5 {7 & Z[[H{F| L3 (T $1=0.5824) xlab="Z]
I ylab="5 1)

5.5.2 #1457 [Fil Volatility ™ %5 I+ S 4

# We allow different values of volatility in this case

# The price behavior here is a geometric Brownian motion.
# The input variables are as follows:
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# So = initial stock price,

#m = expected return

#r =risk free interest rate

#v =standard deviation of the return (i.e. the volatility),
#t = the whole time interval (in terms of years)

#n = the number of simulating samples

# nv = the number of different volatilities

nv<- 300
profit<- matrix(0,nrow=nv,ncol=1)
Volatility<- matrix(0,nrow=nv,ncol=1)

for(j in 1:nv){

So<-52.5

m<- 0.0133

r<- 0.0133

v<- 0.3377845-4*0.02127848+j*(8*0.02127848/nv)
t<- 0.5

n<- 1000

# The final stock price St is generated from the following loop.
St<- matrix(0,nrow=n,ncol=1)
for(i in 1:n){

e<- rnorm(1)

GBM<- So*exp((m-(v"2)/2)*t+v*e*(t"0.5))

St[i,1]<- GBM

}

# the final value of the subject.
cSt<- ifelse(St<=60.375, St, 60.375)
cSt<- ifelse(cSt<=So, cSt, So*(1+1.68*((cSt-S0)/S0)))

# the profit distribution for the issuer.
rSt<- So*(1+1.68*((St-S0)/So))
pSt<- St-cSt

mp<- mean(pSt)

Volatility[j,1]<- v
profit[j,1]<- mp

}

# plotting the results
z <- Im(profit ~ Volatility)
par(mfrow=c(1,1), cex=1.4)

plot(Volatility,profit,pch=20,main="3% i~ ¥ H {7 F|EIELECE U 4 55" x1ab="Volatility',ylab='

HA F[[JE");abline(z,lty=5);abline(h=0,lty=1)
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1. Generate random samples with numbers of T =50, T =100, T =300, and
T =1000 form the following distributions for 1000 times, and compute their sample
averages each time. Plot the histograms under those cases as that in Subsection 4.2.
Do your results obey the law of large numbers? Why?

(1) Chi-squared »° (1) distribution

(2) Student t(5) with zero mean

(3) Student t(l).

2. The ARMA(1,1) model is Yy, = py, , +& +0s_,. Simply let y, =100 and then
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generate the following cases under & ~ N(0,1) for t=1,2,3,---,500. Plot your
results as the graph in Subsection 4.3. Which cases are likely as a history of a stock
price?

(1) (p,0)=(0,0)

2) (p,0)=(1,0)

(3) (p,0)=(0,1)

4) (p,0)=(11)

3. Generate two sequences of {y,} and {x} with t=12,..,T in the following
settings, and then compute the t-statistic for B in the OLS of y, =a+ fBX +¢,.
Repeat this simulation 1000 times and count the number of cases in which their
t-statistics are greater than the critical value of 1.96. Summarize you results for
T =20,50,100, and 200, respectively.

(1) ¥, ~N(0,1) and x, ~ N(0,1).
(2) X, ~N(0,1) and y, =0.8%, +7, with 7, ~N(0,1).
3) Y, =VY,,+e with e ~N(0,1) and X, =X_, +7, with 7, ~N(0,1).

4. The model of first-order autoregressive, AR(1), is specified as y, = py, , +&,. In
this simulation, we simply let y, =0 and consider four cases of p=0.1, p=0.5,
p=09,and p=099 under ¢ ~N(0,1) for t=2,3,---,T. In each case, you should
generate corresponding AR(1) sequences with numbers of T=50, T =100,
T =300, and T =1000 for 1000 times and compute their sample averages each
time, and then plot the histograms of averages as those in Subsection 4.2. Please

separately display and discuss your results under different cases.

5. In this simulation, random sequences {X,} with sizes of T=10, T =50,
T=100, and T =500 are drawn from a distribution for 1000 times and their
normalized sample averages are computed each time as follows:

VT (X - )

7

o

where X, u, and o are the sample average, mean, and standard deviation,
respectively. Please plot the histograms of averages under different sizes of T and
explain the results. Moreover, there are 3 distributions we should consider in this

exercise as follows.

(1) Student t (2) distribution with zero mean.
(2) Student t (4) distribution with zero mean.

(3) Lognormal distribution.
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