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>n=12

> time <—1:n

> u <-1.005+0. 001 * sin( 2 * pi * time/n)

> d <=0.995+0. 001 * cos(2 * pi * time/n)

> p<—(exp(0.01/12)=d)/(u-d)

> par(mfcol=c(2,1))

> factors <—c(0.993,1.006,rep(1,times=n-2))

> plot( time, factors, type =" n" , xlab =" month" , ylab ="
factors" )

> lines( time,u,col="red" )

> lines(time,d, col="blue" )

> legend (" topright" ,c (" Increase" ," Decrease" ) ,lty=1,
col=c("red" ,"blue"))

> plot( time, p, xlab =" month" | ylab =" probability of in-

AREEAE R S AGE Y H(E L

$0=100

K=100

r=0.01

Di=1/12

AL AT X CRR B 6 SR AHUE Y R
PR

> GCRR <—function( ) {

+ x <—numeric( )

+x[1]=S0

+ for (iin 2:(n+1))

+ if (runif(1)<pl[i-1])
i]=x[i-1] *d[i-1]}

+ x|

x[i]=x[i-1] *u[i-1] else

s
—

—
[

> GCRRsamplepath <—function( ) |

+ t<=0:n

+y <=¢(95,105,rep( 100, times=n-1) )

+ colors <—=¢ (" red"," blue"," yellow"," pink","
green" ," black" )

+ plot (t,y, type =" n", xlab =" month" , ylab =" house

price" )

+ for (jin (1:6)){

+ hp<-GCRR()

+ lines(t,hp,pch="." ;type="1" ,col=colors[j]) | |

A" > GCRRsamplepath ()", 4Nl 5, 135 6 5%
HEABIE. FE X B AT LIS 2 R A E.

it AT LAE Y N WU 2] N A A ks
1 R PR

GCRRfinal <—function(N) {

+ y <—numeric( )

+ x <—numeric( )
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Fig. 5 Sample pathes of the generalized CRR model

+x[17=50

+for (jin 1:N)

+for (iin2:(n+1)) |

+if (runif(1)<pli-1]) x[i]=x[i-1] #ul[i-1]else x
[i]=x[i-1] *d[i-1]}

+ylil=x[n+1]}

+yi

PAER B ATIX— e, HLan 100 000 ¥, I H.
i HLZE ] “ Finalprice” 48 #2871 ;> Finalprice <
~ GCRRfinal (100 000) i@ R @57 (HEIR & ] LI
B A M 195341 2> hist( Finalprice ) .

WA 6 iR, 38 0 B 2 AN i1 Y RT LA 31 1)
. > mean ( Finalprice ) , X >y & 45 1 7 W]
101.006 5, %6 53 (13) FAFA BB fE .

> SO * prod(p * u+(1-p) *d)

[1] 101.005
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Fig. 6 Distribution of final prices
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Abstract
Monte Carlo simulations with R for these models.This paper studies the Cox-Ross-Rubinstein (CRR) model and the

The key aim of this serial articles is to study various stochastic models in finance with emphasis on the

generalized CRR model. Moreover, this paper discusses how to perform Monte Carlo simulations on the asset price
and to obtain the approximate values of options.
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