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Abstract

Random Coefficient Dynamic Regression (RCDR) model is to develop from Ran-
dom Coefficient Autoregressive (RCA) model and Autoregressive (AR) model. The
RCDR model are considered by adding exogenous variables. In this article, the con-
cept of the Least Squares (LS) criterion is used to estimate the parameter on RCDR.
model. Simulation results have shown the proposed coefficient of AR model provided
asymptotically unbiased estimates nearly for most six data generating models. The
RCDR model is then applied to a series of daily observation of the exchange rate
of Baht/GBP and Baht/EUR to illustrate the methodology. The prediction of LS
criterion are used with those obtained on twenty hold out future values of withheld

observations.

Keywords: Autoregressive; Least Squares criterion; Random Coefficient Dynamic

Regression;
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Chapter 1

Introduction

A variety of fields in business, finance, economics and other areas are often collected
in the forms of time series. The time series are an ordered sequence of observations
taken at regular intervals of time such as daily exchange rates, weekly stock prices,
monthly oil consumptions, and annual growth rates. Many economic time series ex-
hibit nonstationarity and stochastic volatility which are important role in finance and
business when the financial time series are often clear evidence of changing variance
in time plot in data. There are literature based on the volatility, for instance, Tha-
vaneswaran, Appadoo, and Peiris (2005) studied the problem of volatility forecasting
for some financial time series model. Tsay (2005) defined the volatility as the condi-
tional variance of the asset return and the characteristics can be seen commonly in
underlying asset return. Roh (2007) studied the forecasting volatility of stock price
index that can be enhanced by integrating financial time series model.

The model has been widely used to model volatility of financial and economic time
series is the Autoregressive Conditional Heteroscedastic (ARCH) model were first
introduced by Engle(1982) for modeling of the predictive variance for U.K. inflation
rate. An ARCH(r) model assumes that

P
2 2
By = Oy, o =y + E (o il (ll)
=1

where {¢;} is a sequence of independent and identically distributed(iid) random vari-
ables with mean zero and variance 1, and ¢; is independent of {Zi_g, kb > 1} for all ¢,

ap>0and a; > 0 for 7 > 0.



Although the ARCH is simple, it often requires many parameters to adequately
describe the volatility process. To obtain more flexibility, the ARCH model has been
extended by Bollerslev(1986) who produced the Generalized ARCH (GARCH) model.
The GARCH model is allowed the past data time series and the past volatility in this
model.

The GARCH(p,q) model assume that
P g
Ty = 04€¢, af = ag+ Z aixtz_i -+ Zﬁjo_?—j (1:2)
i=1 =1

where ag > 0, a; > 0 and B >0 ,(for all 4 and j > 0, are constant, {&:} is a sequence
of independent and identically distributed(iid) random variables with mean zero and
variance 1, and ¢, is independent of {zy_4,k > 1} for all ¢, when 8; = 0 the model
reduces to ARCH(r).

There are other models which proposed the evolution of condition variance which
is called the Conditional Heteroscadastic Autoregressive Moving Average (CHARMA)
model by Tsay(1987). The CHARMA model is not similar the GARCH model, but
these two models possess similar second-order condition properties. The CHARMA

model is defined as
¢(B)(z ~ ) = 6(B)a (1.3)

01(B)ag = wou[f-1(1) — p) + wi(B)(z; — 1) + & (1.4)

The equation (1.3) is called Observation Equation, where ¢(B) =1 — ¢4(B) — ... —
¢pB* and 6(B) =1 - 6,(B) — ... = §,BYare constant coefficient polynomials in B of
degree p and ¢, B is backshift operator such that Bz; = z,_1, and L is a mean level
of z;.

In (1.4) is called Innovation Equation, where §,(B) = 1 — 4, ;(B)—...—6,,B" and
w{(B) =1—w;(B) — ... —ws;B* are purely random coefficient polynomials in B of
degree r and s, so the model is in form CHARMA((p,q,7,s).

The special case of CHARMA model was CHARMA(p,0,0,p) with wp = 0 that
reduces to the Random Coefficient Autoregressive(RCA) model which was studied by
Nicholls and Quinn(1982).



The RCA model is used the conditional variance to evolve with previous observa-

tions in RCA(p). The RCA model is

p
I = o+ Zﬂtixt——i + 0&y, ét = Hﬁ + 22/2Qt (15)

i=1
where 8, = (Bu,...,By)" and by = (g1, - -, 1gp)’. The & and 14, are sequences of
independent of random vectors with mean zero and unit variance.

The above models consist of one variable but sometime it’s not enough to forecast
the future time series so the disadvantage can improve the model by adding exogenous
variables which have some direct effect on the nonstationarity (or stationarity) of the
process. Tong (1983) suggested the Threshold Autoregressive (TAR) model which is
very useful for the parameters of the conditional expectation of the process, depended
on the past or other explanatory variables.

One of the method is the estimation to practice, through Least Squares (LS)
criterion that can be developed flexible statistics to a point estimation. Nicholls and
Quinn (1982) studied the RCA model from univariate time series data that obtained
the Least Squares estimates of the model parameter and showed that under suitable
conditions the least squares estimates are strongly consistent. Chan (1993) considered
the least squares estimator of the threshold autoregressive model and showed that the
estimators are consistent.

Our research goal is to present the LS criterion to modeling nonstationary and
stationary time series. We introduce the new class of Random Coeflicient Dynamic
Regression (RCDR) Model that are extensions of some of the models described above.

This article is organized as follow : Section 2 describes the RCDR model that
developed from RCA model. Section 3 describes the parameter estimation procedure
and how to implement the Least Squares (LS) criterion. Section 4 shows the results
of simulation study and we discuss the results. We apply our proposed method to
real data in Section 6. Finally, in Section 7, we indicate some directions for future

research ideas.



Chapter 2

RCDR Model

The time series data can produce the time series dynamic modeling when the ob-
servations of time series data have correlated with exogenous variables, the dynamic
modeling will help accurate forecasts in future time.

In this section, we will extend the RCA model in(1.5) by adding the exogenous
variables of y; denoted

P
Ty = 0&+E BriTi—s + 08¢

1=

1/2
ét 1 Eﬁ B¢ Eﬁ/ Ly
q
%G anyt—j+5t (2.1)
j=1

where 8, = (Ba, ..., Bip)’ and by = (ppis- -y ppp). The g and I, ATE sequences
of independent of random vectors with mean zero and unit variance, so the model
(2.1) is called Random Coefficient Dynamic Regression (RCDR) Model or RCDR(p,q)
model.

We will consider the simplified case of RCDR model with p = ¢ = 1 ,the
RCDR(1,1), and we will write in form (2.2) as

Ty = op+ BiTi1+e;
B: = pg+ogus

o = MYi—1 T € (2.2)

where ;s are iid random variables with mean ps and variance 0[23, €¢’s are iid random

variables with mean 0 and variance o2, and ;s and ¢,’s are independent.

i



The parameters of RCDR(1, 1) consist of the intercept term 7, the mean ps and
variance og of the coefficient B; and the variance o2 of the &, or define as 6 =
(n, g, 03,0%)". In the literature, there is the RCA(1) with the slight modifications to
model setup that used the nature of problem at hand might motivate to assume the

two random variables f; and ¢, to be correlated, see Hwang and Basawa (1998).



Chapter 3

Parameter Estimation for RCDR(1,1)

To estimate parameter of RCDR(1,1) model, we propose the LS criterion to estimate
parameter 0 = (7, ug, 04, 0°)" by minimizing sum of residuals square in 2 steps.
The first step of this method is based on LS criterion. Let u; = 24 —ny,—; W1,

then it can be seen that
E) =0 jand “E(ul)= (1% n2)o?+ o34 5

Given the sample z1, T3, . .., Tn, the 7 is to estimate by minimizing sum of square

residuals by

Ut = T¢ = NY—1 — HaTe-1
n n
Z(ut)z = Z(wt — N1 = pps 1)
t=1. t=1
o B s
i Z(Ut)z N2 Z(wt — NYe-1 — UpTi—1)Yéer =0
M= t=1
n s n
) Z Vi1 = Z TtlYt=1.— HB Z Tt—1Yt—1
=1 t=1 t=1
A B Z?:l TtYi—1 — Mg Z?:l Tt—1Yt—1
U= n 2 (31)
Zt=1 Yi—1
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The LS estimate of fig is given by,

Uy = Tp —NYt—1 — UpTi-1
n n
Z(Ut)z = Z(ft — NYt-1 — Mﬁﬂit—l)z
i e
e Z(Ut)2 = -2 Z(-Tt — NYt-1 — HpTe-1)Tt—1 = 0
(- t=1
n n n
K Z o = Z T2y — 1) Z Tt—1Yt—1
=1 t=1 di=sl>
hs = Z;:n=1 TyTi—1 ;L* 7 22:?:1 Tt—1Yt—1 (3.2)
N\ 14

From (3.2), let us replace in (3.1) and 7 is obtain as,

n n n ~ n n

A -1 LtT¢—1 —772= Tt—1Ye-1

ks B3 s (RS GBS
=1 =

n n
ﬁzyfqzxf_l o Z»’Ctyt 12% 1 ZCUtCCt 1251315 191 + f( ZIt 1911)?
t=1 =1

6= Zt 1 LtYi—1 Zt 1 mt 1 Etzl Tl thl Tt—1Yt—1 (3.3)
AT DY /.7 A oA N

Thus /i is calculated by,

fis 3 Z?:l TtTt—1 Z?:l yt2—1 ) E?:l TtlYi—1 Z?:l Ti—1Yt—1 (3.4)
Z?:l 7= Z:Lzl Yy — 2 | Wiy )

The second step is to form the residuals @; = ©; —fjy;—1 — f1574—1 and then regress
4¢ on z? _;, which is equivalent to minimize

Do (ut (1 -9%)o? - 0233? 1) , and let

Z Z S arm—" (3.5)

Consequently the LS estimates of ¢ and o7 are obtained by,

8. i A
a—ggZu? = —22 — )0 —o%ai_) (1 —7) = 0

Zzz n(l -7 a-{—aBthl

2 Z?:l ti JB ;t:l i (3.6)
nil —177)
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and

802Z~2 = —ZZ 02—05:rt l)a:tzl—O

B t=1

n
Zﬂ?azf , = (1 _772)&2253?—1 +U§Zx?—l
t=

n
01232517?—1 = Z’&fxf il == Qth 1
t=1
"2 Zt lutxt s Az) Zt 1$t 1 (3.7)

(0] e
. Zt:1 xt—-l

The 6° and 63 can be written in general form as

52 A Et 1 xt 1 Et 1 U Zt 1$t 1 Zt 1 utwt 1 (3.8)
( ) Zt:l xt—l g (Zt 1xt 1) (1 { )
Ly VB x?—l Z?:l wGn Pisiom lﬁt2$t2 1 39
¥4 = n 4 n 2 ( ; )
7 Dy TP D> L )

Hence, The LS estimator of RCDR model has the form

Ty = ﬁyt—l + ﬂg$t_1 ,t 7 2,3, e 4 W7 (310)

3.1 Efficiency of LS Estimator

Consider the RCDR model
CA= 011 HEDN I AN (3.11)
We can rewrite (3.11) in terms of the matrix form of a regression model as
Y =XB+¢€

where

Z1 Yo Zo €1
Y =] e = : : , B= i ,and g =
kg
Tn Yn—-1 Tn-1 En

Nicholls and Quinn (1982) show that under the normality of 8, and ¢, if the

process is second order stationary, then 0 is consistent for § and moreover, if the forth
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moments of B; and &4, then \/ﬁ(é —0) has a limiting normal distribution. In this case,
it is shown that if the n and pg consistent estimates for 9 and fig, then /n(f —n)
and v/n(fis — pp) has a limiting normal distribution.

Phillips(1987)showed that the sample moment of {y;} converges to random func-

tions of Brownian motion or Wiener process :

n 1
% Z Gl Al / Wi (r)dr

t=1 2

n 1

i Z " = o2 / Wi(r)*dr

=1 0

n 1

Tl_l Z Yi—1 Et -‘d—> 0'3 / Wl(’f')dwl(’l")

t=1 0

where W (r) denotes a standard Brownian motion. The LS estimator, the estimator
(B) is given by § = (X’X)~'X'Y. Then

LA
A 7) Z?:l th—l Z?:l Ti—1 Yi—1 21;1 Yi—1T¢

fis Xiliad LIl YD Omriny Dt T2t

when following Dickey and Fuller(1979), we use (8 — 8) = (X'X)*X'e, so we have

=7

n—n = Z?—;l yt2—1 Z?:l Tt—1 Yt—1 Z?:l Yi—1&¢
fp — g Z?:l Tt—1 Yt-1 ZL xtz—l Z?:l Ty_1E¢
then
n(ﬁ B 77) 3 Z?:;;/tz—l 2t z:L;1 ye-1 | =L Z?:lgt—lﬁt
n(ﬂﬂ — N,@) Z?:litl;l Ye—1 E?:;:fq . E?:l;ft—let
=
4 o2 [SWi(r)2dr a2 [y Wi(r) Wa(r)dr o2 [ Wi (r)dWi(r)
o2 fol Wi(r) Wa(r)dr o? fol Wa(r)*dr i a? fol Wo(r)dWa(r)

It shows that
§ [fol Wa(r)2dr [FWi(r)dWa(r) — [} Wi(r) Wa(r)dr [ WQ(r)dWQ(r)}

w0 n) = :
[fol s fol Wa(r)?dr ~ (fol Wi(r) W2(7‘)d7~) }
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and

o e Wedr S Wan)dWa(r) — [y W) Wa(r)dr [y Wa(r)dWi(r )]

(ks — pg) =
[ Jy Watrydr f3 War)2dr = ( J; Wa(r) Wa(r)dr) }

The t statistics of 7 can be written as

where

-1
Sre 052 { e, } Z?:l th—l Z?:l Tt—1 Yt—1 1
DAITERR S D s 0

and
2 Zt— (mt N Ype1 — [T~ 1)
UE
n—2

Therefore

20 12 [ Dote1 Tioy }

¥ 3 Z?:l yt2—1 Z?:l $t2~1 i (Z?:l Yt A%

hence,

1
Wo(r)2d
n82-% Jo Walr)dr (3.12)
f Wi (r)2dr f Wo(r)2dr — (f; Wi(r) Wa(r)dr)?
Rewriting ¢, as

B 58 [% (3.13)

and using (3.12) and (3.13), we have that

t, = %‘]% (3.14)
4 (Jo Walr)dr)V2 fy Wa(r)dWi (r)

1 1 1 =
{fo Wi(r)2dr [, Wa(r)2dr — (fo Wy(r) Wg(r)dr> J
(Jo Wa(r)?dr) ™2 [F Wi(r) Wa(r)dr [ Wa(r)dWs(r)

[fol Wi(r)2dr [ Wa(r)2dr — ( LW WQ(T')d’r‘>2:l Ve

The t statistics of pug can be written as

_ Bs—bg
kg — S

Hp

t
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where

=5
n 2 n
Seium —1 Tt-1 Y1 0

PR R T 1
and
gl Z?:l(xt —~ 01— /lﬂmt—l)2
TA=
& n—2
Therefore
52 — { Et 1% 1 ]
" Zt 1yt 1 Zt 1$t e Et:l Tp-1 Y18
hence,
1
Wi (r)2d
n2S2 4 Jo Wa(r) T (3.15)
g f Wi(r)2dr f Wa(r)2dr — ([, Wa(r) Wa(r)dr)?
Rewriting ¢, as
_nfiig — pp)
and using (3.15) and (3.16), we have that
_ | nlig—pg)
L (Jo War)dr)! 2 i Wa(r)dWi(r)

[f Wi (r)2dr f Wo(r)2dr = (fol Wi(r) WQ(’I")dT')Q:l -
Sy WA (r)2dr)=22 [ Wi (r) Wa(r)dr o Wilr)dWa(r)

{fol WAlr)2dr i Waryedr — (2 Wi(r) Wz(T)dr)z} G

By Slutsky’s Theorem, under ¢ — z in distribution as . — 0o, where z is a standard

normal distribution. Therefore the 7 and fi5 are consistent estimator as n — oo.



Chapter 4

A Simulation Study

The simulation study to estimate parameter = (1, ug, 03, ¢0°)" for the performance
of LS criterion. At the beginning, we generate data y,t = 1,2,...,n from the AR(1)
model by taking n =0.1,0.5, and 0.9 following;

Q= Yt = NVYg—1 + E¢ & AR(l) (41)

To illustrate the implication of AR model, Figure 4.1 shows the 100 sample sizes for
each 3 coefficients. It should be noted that n = 0.1 is strictly stationary, n = 0.5 is

weakly stationary, and 7= 0.9 is the random walk case.

eta=0.1 eta=0.5 eta=0.9
N - <
- ~ I
o - 7 o -
> > o 4 >
bl o 4 -4
T T T T T T T T T T T T T T T T T T
0 20 40 60 80 100 0 20 40 60 80 100 0 20 40 60 80 100
Time Time Time

Figure 4.1: The time series plot for data generated from AR(1) of y(n = 0.1,0.5 ,
and 0.9)

Next, we consider the RCDR(1,1) model where the AR(1) is generated from y;.
Therefore we obtain the z; in term of RCDR(1, 1) written as

Ty = NYi-1 + BeT-1 + & (4.2)
In Figures 4.2-4.4, we present the data generating in 6 cases :

15
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1. 02 =1, pg =05 and 0 = 0.25

2. 0% =1, jig=10.995 and O’% =0.01
3. 0> =1, ugp = 0.1 and 05 = 0.99

4. 0> =1, pg = —0.995 and o} = 0.01
5 0>=1, ug=—0.1and o = 0.99
6. 0>=1, pg=0and 0} =1

It should be noted that Case 2 is the random walk case and the Case 4 tends to
around its mean value of 0. For Case 1, 3, 5,and 6, it can’t define the character of

the time series plot when z;’s depended on the 5 of y;. We simulated data with the

mu.beta= 0.5, sig.sq.beta = 0.25 mu.beta= 0.935, sig.sq.beta=0.01

- 29 &6
x
-0 -5 0 5
T

Time Time

x
-5 50 5
g g T ey

x
0 20 40
L=

Time Time

50 5 10
x

-20 -10 0 10

IO S

Figure 4.2: The time series plot for data generated from RCDR(1,1) of z;(n = 0.1)

sample sizes n = 100 and 500, and repeated the data generation and model fitting
500 times. Tables 4.1- 4.6 show various Monte Carlo(MC) summary statistics of the
estimates obtained by taking 7 = 0.1,0.5 and 0.9 in 6 cases.

The third and the fourth columns of these tables represent the MC sample mean

and standard deviation. The sample means for the lower and upper bounds of 95%
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mu.beta= 0.5, sig.sq.beta = 0.25 mu.beta= 0.995, sig.sq.beta=0.01
© 0
© o o -
<o w
x o x
= 4
w
24
T
T T T T T T T T T T T T
[ 20 40 60 8 100 0 20 “ 60 80 100
Time Time
mu.beta= 0.1, sig.sq.beta = 0.99 mu.beta= -0995, sig.sq.beta = 0.01
e < 4
w ~ -
x o x o
94 4
i 7 4
T T T T T T T T T T T T
4 20 40 60 8 100 [ 20 4 60 80 100
Time Time
mu.beta= -0.1, sig.sq.beta = 0.99 mu.beta= 0, sig.sq.beta=1
w
=¥ o
w o'\
& x| % 4
e | o]
" & T T T T T Yy T T T T T
[ 20 40 60 80 100 0 20 40 60 80 100
Time Time

Figure 4.3: The time series plot for data generated from RCDR(1,1) of z;(n = 0.5)

mu.beta= 0.5, sig.sq.beta = 0.25 mu.beta= 0.995 , sig.sq.beta =0.01

o 20

L
1N

2 4
b
: —— . : : —— :
o 20 40 €0 80 100 o 20 40 €0 80 100
Time Time
mu.beta= 0.1, sig.sq.beta = 0.99 mu.beta= ~0.995 , sig.sq.beta = 0,01
B o
A ]
o fe!
5] S\
] X
S z
4 . : : — — —
o 20 40 60 80 100 0 20 40 60 80 100
Time Time
mu.beta=.~0.1, sig.sq.beta = 0.99 mu.beta=0, sig.sq.beta = 1
o 2
] =
P el | g
o ¥ <1
o ] 5
2] o
: e |
T T T T T T e T T T T T T
] 20 40 60 80 100 0 20 40 60 80 100
Time Time

Figure 4.4: The time series plot for data generated from RCDR(1,1) of z;(n = 0.9)

confidence interval are given in next two columns. The last two columns of these
tables list the t-statistic, and p-values for hypothesis testing average of parameters.

By observing the p-values, the results appear following: from Tables 4.1- 4.6, the
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means of coefficient, 7, under AR model provides asymptotically unbiased estimates
nearly for most six generating models, especially for n = 0.1, and the average param-
eters seem to decrease with increasing sample sizes. However, the estimates of o2 is
not good in these models, but the estimates of ;3 and ag appear to be asymptotically
unbiased when the data were generated in some cases.

The histogram of the coefficient estimates under AR model are presented in Fig-
ures 4.5-4.10. From the histogram is apparent that the distribution of coefficient esti-

mates to be more normally distributed for larger sample sizes (especially for n = 0.9).
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Table 4.1: The simulation of RCDR model for n = 0.1 and 100 sample sizes(500

replications)

Case true mean s.d. lci uci t-stat  p-value
Case 1 =01 007 0212 “0.088: 0,125 0.745  0.456
gik= 2311 0:743 - 2246 2 376 39.425 ' 0.000*

pg = 0.5 0.470 0.123 0459 0481 -5.301 0.000

0% =0.25 0.2260” 0405 0.209 07248, 2,680 0.000*

Case 2 =01 U7  0.1RIN\NO092/ / 2.123  0.90RN0-337
=2l 2.212 TORTINN2 7. 282—33.978  ONIBQ"

g =40H495 | U933 @03%Y =0.990 = 976 Y -15.62— 0.000%
o2=#0.01 0.889~— Q0¥ 0 003\* OXI0\?~+288  0.227

Case 3 n—~T 0.089 0458 0.048 0.129  -0.525 0.599
il 12,082 \39.834Y 8561, 1.9 ¢)6[345¢] (OHO*

§o0= 01 0.067 0.222  0.048 . 0.087 =3.234  0.001*

a5 =0.99 0A94,—0.254 . »0:4710.516 _~=43;525-0.000"

Case 4 v =0.1 0.086. 0.174 0.070 0.101 -1.772 0.076
& 81 d 3 " 040N [2.252 |28 '3 0.U00*
pg=—0995 | -0.971 0.033 -0.974 -0.968 " 15.88 0.000*

o3 =0.01 0.008 ~ 0.014  0.007_ 0.009 - -2.131 0.033

Case 5 n=0 0.048 0.048 0.006  0.091 -2.340 0.019
gi=1 RD.9¥ ¢ 238.43 -0.017 41.881 \h869 o 01062

pg=—0.1 |-0.093 ~.0.226 * -0.113 ' -0.073 _-0.679  0.497

0% =0.99 0.461  0.233m0:44lwes@482 -50.67 0.000*

Case 6 7 =1 0.108 0.480 0.066 0.150 0.401 0.688
ge=1 13.121 75151 6.518 19.724 - 3.606 . 0.000*

pg =0 0.003 0.214 -0.015 0.219 0.330 0.741

o =1 0.684 0371 0.652 0.717 -18.99 0.000*

*indicates significance at 1% level
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Table 4.2: The simulation of RCDR model for n = 0.1 and 500 sample sizes(500

replications)

Case true mean  s.d. lci uci t-stat  p-value
Case 1 7 =0.1 0105 0.006 - 0.097 0114 71306 " 0.192
gl 2183 - 0357 2132 © 2195 72.84° (L000°

ps = 0.5 0.065 0.065 0.489 0.500 -1.634 0.102

05=025 | 0.216-°0.096 0.208 0.225%. -7.761  0.000*

Case 2 =101 U055  0.120\0N94 / /07117  0.9998N0.318
e 216811923, 10\9927//2.330—13.501 ONOQ®

up=0.995 | 0.987 0.008 0.986 0.98% -20.00 0.000*
05=0.01 | 0.009- 0.0030.009 = 0.010 . -0:275  0.783

Case 3 n=2~0.1 Opsss , WOOT (. 3503, \ 0454 /2. B384 9.033
2 i 23.34° '163.5 - 8479 . 37.72 . 3.056 ' 0.002*

Bs=0.1 0.089 0.168 = 0.074 = 0.103 -1.439  0.150

d5=0.99Y [F05827 0,196/ 05157~ 0:6d9. =52,0470.000"

Case 4 § .1 0.093 0.103 0.084 0.102 -1.461 0.144
& 91 o3 '1.230V1.93F | 248L) 18864y .000*

pg = —0.995 | -0.986 0.008 -0.987 -0.985  22.58  0.000*

of = 0..01 0.009  0.003 0.009  0.010 ~-0.363 0.716

Case 5 n = 0% D087 OXKBZ~W00R 40-A1ZJ -1.010\~0 14
s I e2311  10.99 16.81 3 s P00*

ug=—0.1 |-0.083 ~0.178 -0.098 "-0.067 -2.119 0.034

05 =099 | 0.504 0.197™=guifimm@=™7 -73.76 0.000*

Case 6 =0l 0.108: 0,298 0,081 -0.134 « .. 0,601 (1548
gt =1 15.61 105.74 6.320 24.902 3.089  0.002*

pg =10 0.009 0178 0,005 0.025 12383 - 0218

0% =1 0.494 0.145 0.481 0.507 -77.861 0.000*

*indicates significance at 1% level
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Figure 4.5: The histogram of = 0.1 for n. = 100 in 6 cases
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Figure 4.6: The histogram of n = 0.1 for n = 500 in 6 cases
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Table 4.3: The simulation of RCDR model for n = 0.5 and 100 sample sizes(500

replications)
Case true mean s.d. Ici uci t-stat  p-value
Case 1 n=0.5 0.560 0214, 0541 0.579° 6,303  0.000

gh= TS Tawe 8 312 11 68 Nl 208 74.08  0.000*
pg = 0.5 0.455 0.126 0.444 0446 -7.881 0.000*
ag = (.25 0.183 U dd®™ U.172 UTSdng .21 0.000*
Case 2 n=0.5 0.500 0.199  0.483 0.518 0.074  0.940
Gl 2.836 610 3898033 —25.253 ®UNQ*
ug=0995 | 0978  0.024 0976 0981 -14.427 0.000*
02 =,0.01 0.010 - 0.007  0.009  0.010 0.414 0.678
Case 3 7 =05 0.523 0476 0:482 . 0.565 1124  0.261
q° = 3216271 11523 Y2189 421(5 6.191  0.000*
tp =0.1 St 28Y |/ 0BG\ 0089 ristbeema 835
0’% =0.99 OO 0,422/ o407 O0AE S =16r517—0.080*
Case 4 A=d0.5 0.478 0.154 0464 0491 -3.148 0.001*
W\\-2 2000 "0.880.1\4.824 DO  "ASnI Ty ~0:000%
pg = =0.995 | -0.968 0.036  -0.971 -0.965  16.151, 0.000*
Ug =10.01 0.011 0.018 0.010  0.013 2.229 0.026
Case 5 n=20.5 0.503 0478  0.461  0.545 0.142 0.887
gt =1 1201/ 02134 10.14 13.89 11.53 -~ 0.000*
pg = —0.1 | -0.09¢ 0,213+ -0.116) 10-0.078 0299  0.764
ag = (.99 0.455 0.234 0.434 0476 -50.86  0.000*
Case 6 n=20.5 0.494 0473 0452 0536 -0.261 0.793
o=l 18.283 © 20,72 10.67 15,89 9.239  0.000*
ug =10 -0.009 0.212 -0.028 0.008 -1.049 0.294
0[23 =1 0490 0.254 0.468 0.512 -44.78 0.000*

*indicates significance at 1% level
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Table 4.4: The simulation of RCDR model for = 0.5 and 500 sample sizes(500

replications)

Case true mean  s.d. lci uci  t-stat p-value
Case 1 = 0.5 0.514 0.117 0.504 0525 2.835 0.004
g = 2.546 0.733 2482 2611 4711 (0.000*

pug = 0.5 0.488 0.068 0.482 0.494 -3.683 0.000*

0% =025 | 0.243 0 Jd=T 230 U Dbungi24s8 0.212

Case 2 n=05 eB22 0.225\\0\302 / 00542, 2.2TONNQ027
%= 3.787 2331 N\N\69%5// 5880 —2617 (0:BIHR

ug =0.995 | 0.987 0.007 0.987 0.984 -21.52  0.000*

o =0.01 | 0.010- 0.003 0.009 0.010 1.531  0.126

Case 3 i =05 0.504  10.331~~0.475. \ 0:533 /+0.314+4 0¥753
oz 1 41.20 1429 28.64 53.77 6.287  0.000*

pp= TV 0.084 - 0.183 / 0.068 . 0.110--1.932 ' 0.053

61 0P E-8:-538—0.20 SHBBIN 5o Jagga—a-00by

Case 4 nZ 0.5 0.497 0.107 0.487 0.506 -0.608  0.542
o = i) 3.362  6.231  2.814 3.909 8.477 ..0.000*

pg = —0.995 | -0.986 0.010 -0.987 -0.985 18.71  0.000*

03 =20.01 | 0.010 - 0.003 0.009- 0010 0.552 0.580

Case 5 7 =%{3 0.458 0.293  0.432 ..0.484 -3.173 - 0.001*
o 2180 0 99.33 12.58 30.04 ARN DI+

pug = —0.1 |-0.081 0.166 -0.095 -0.066 2.519  0.012
05=099 | 0.496 0.137-.0.484 0509 -80.60 0.000*

Case 6 n=0.5 0.509 0.264 0486 0.533 0.822 0.405
ghi="1 15.42 36.50 12.21 18.63 8.835 0.000*

pg =0 -0.010 0.163 -0.024 0.004 -1.390 0.165

o5=1 0.491 0.141 0.478 0.503 -80.38 0.000*

*indicates significance at 1% level
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Figure 4.7: The histogram of 7 = 0.5 for n. = 100 in 6 cases
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Figure 4.8: The histogram of n = 0.5 for n = 500 in 6 cases
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Table 4.5: The simulation of RCDR model for n = 0.9 and 100 sample sizes(500

replications)

Case true mean s.d. lci uci t-stat  p-value
Case 1 n=09 0.988 0.246 0.966 1.009 7.969 0.000*
g% =1 9.071 - 11167 -B.0907 - 10.05. 1617 0.000*

pg = 0.5 0.434 0.133 0.422 0.445 -11.03 0.000*

03=025 | 0257 Llsa==TTIT =08k 379 0.379

Case 2 n=0.9 0060 0.272\\0.942/ /0:989 5.428Q.000*
g 30.15 160.9  16.00 44.29 4.049  0.000*

pg =0.995 0982 0.016 0.981 0.984  -16.56  0.000*
03=0.01 | 0.009 - 0.004 0.009 0.010 -1.293 0.196

Case 3 n =0.9 0.929 0.480-0.886 | 0.971 1.354  0.176
ey 1 66481 (235.3 N 4141, 91.55 ', 5.13L7 0.000*

i 07 0.064  0.239 =~ 0.043  0.085 -3.301  0.001*

05/=0.99 |0.640 0.344 “0.610 0.670 -22.67. 0.000*

Case 4 n =09 0.867 0.099 0.858 0.876 -7.321  0.000*
’el 46.95° 17.03 = 45.45 4844 60.33 . 0.000*

pg = —0.995 | -0.970 0.037 -0.973 -0.967 14.603 0.000*

03=0.01 | 0.011 -0.016  0.009- 0.012 1.577 0.5

Case 5 n=0.9 0.885 0.436 0.846 ..0.923  -0.752" .0.452
gt =1 90.20)  244.8 3475 T1.77 S (4F 0.000*

pg = —0.1 | -0°087%,0.2111 [ £0.106 1-0.068~ _1322* 0.186
05=099 | 0455 0 T95muml.do8mm-478 -60.96 0.000*

Case 6 n=0.9 0.903 0.379 0.870 0.936 - 0.201 0.84
gt =il o4.56- 2714 30.70 78.41 4411 0600

g =0 -0.021 0.226 -0.041 -0.001 -2.142 0.032

o5=1 0.475 0.227 0455 0495 -51.49 0.000*

*indicates significance at 1% level
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Table 4.6: The simulation of RCDR model for = 0.9 and 500 sample sizes(500

replications)

Case true mean s.d. lci uci t-stat  p-value
Case 1 n=0.9 0:958 0127 10:927 20.949° " 6.760. 0 -0.000"
ger—1 2541 1800 2388+ 26.99 - 30.32 " 0.000

pg = 0.5 0470 0.076 0463 0477 -8514  0.000*

05 =025 | 0.215 0 omrramr=—maol 582 0.000*

Case 2 n =09 g0 0.269 \\0.917/,/0.964 3.3 N0.000*
g7 =1 3.485 646.0 -53.27 60.24 0.086  0.931

pp=0.995 | 0.988  0.006 0.988 0.989  -20.62  0.000*

03 =0.01 0.009 — @002 )» 0009 \\ G:04089=0.135 0.908

Case 3 § 09 0.924 0.281 -0.900 = 0.949  1.967  0.049
& =l 116.75 824.6 = 44.29 1892  3.138  0.001*

ps = 0.1 0.073° 0.172 ~ 0.058 . 0.088 - -3.399 - 0.000*

05 =099 [ 0532 0.18 0515 0548 -54.90  0.000*

Case 4 R} =9 0.891 -0.052 0.887 0.896 -3.606. 0.000*
X ) 19 99V RT200NIS. 80 a0 B389 “OWo0r

pp = —0.995 | -0.986 0.009 -0.987 -0.985 19.517 0.000*

oz =0.01 0.009 .0.003 0.009- 0.010 ~ -0.391 0.6954

Case 5 n=0.9 $879 067,856 09017 -1.790 00973
o2 =1 83.697) 116.02 48.49 68.88 AWM _0d000*

ppg=—0.1 | -UBEMY. 1821 [©.103) T -0.071~ _J804” 0.118
05=099 | 0523 0'156wua0.509 .0:636" -66.75 0.000*

Case 6 n=0.9 0.907 0:237 ~ 0.886 - '0.928" - 0.711 . 0477
= 123.03 241.37 101.82 144.24 11.305 0.000*

pg =0 -0.005 0.179 -0.021 0.010 -0.698 0.485

o5 =1 0.616° 0.149- 0503 0529 -72.437 . 0.000*

*indicates significance at 1% level
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Figure 4.9: The histogram of = 0.9 for n = 100 in 6 cases
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Figure 4.10: The histogram of 7 = 0.9 for n = 500 in 6 cases
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Chapter 5

Applications for Real Data

In this section, we will consider the application of RCDR model using the Least
Squares criterion that we developed in the previous section. The real data, we
use the daily volume for Thai Baht to one pond (GBP) which is the official cur-
rency of the United Kingdom and Thai Baht to one euro (EUR) which is the of-
ficial currency of the 27 member states of the European Union (EU) from May,
2005 to July, 2010 that consisted of 1,366 records. These data were obtained from
http://www.data360.org/ds.1ist.aspx. The process for predictive future values
following:
For starters, we considered the RCDR model following

T = NY-1+ PeTi-1 + e

Be = pg+opu
where €,’s are independently and identically distributed with mean 0 and variance
ot

Next step for parameter estimation, we fitted the RCDR model to obtain param-

eter estimator 8 = (), g, &%,62%)".

Finally, we obtain forecast values of 41, ..., ZTnym using the LS criterion based

on the RCDR model:
jn-}-m = ﬁyn—i-m—-l + ﬂﬁjn+m—1 (51)
We also computed the Mean Square Error (MSE) defined as follow:
1,
MSE = E Z(x'n,-i-k = xn+k)27

k=1

28



29

where £, denotes predicted value of z,.; obtained as the predictive distribution
defined by equation 5.1.

Let y; denote the daily volume for Thai Baht to one GBP and z; denote the daily
volume for Thai Baht to one EUR shown the time series plot in Figure 5.1. The

Thai Baht to one GBP Thai Baht to one EUR
.
N~
] o _|
s e
(DL O o n
- o
wn <
S [ B IR | ) | | 7 o Ve e e )
0 400 800 1200 0 400 800 1200
day day

Figure 5.1: The time series plot for Thai Baht to one GBP and EUR

forecasting future values for next 20 days are shown in Table 5.1 . In comparison, we
also proposed the different of true values, forecast values, and prediction interval in
Figure 5.2.

It follows from the Figure 5.2 that the LS criterion for RCDR model provides
predictive intervals that capture most of the true values under 95% predictive interval.

The trend of forecasting future values looks decreasing as the actual values.
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LS estimates for Baht/GBP

48.0
I

Baht Exchange

474
1

— Baht/GBP
--- x.pred
----- uci & Ici

47.0

T T T T
5 10 15 20

days

Figure 5.2: The actual exchange rate of Thai Baht to one GBP (Baht/GBP), forecast

values (x.pred) and 95% prediction interval of future values (uci and lci) for LS

criterion
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Table 5.1: The actual Baht to 1 GBP, the forecast values (FV), 95% prediction
interval of future values (95%PI), Mean Square Error (MSE)

m |Bahttol GBP | FV 95%PI

1 47.7208 47.9277 | (47.5263,48.3291)
2 47.8574 47.9096 | (47.5082,48.311)
3 48.2366 47.8915 | (47.4899,48.293)
4 47.8866 47.8733 | (47.4717,48.275)
5 477181 47.8552 | (47.4534,48.257)
6 47.3218 47.8371 | (47.4352,48.239)
7 47.7435 47.819 | (4741748.9221)
8 48,0134 47.8009 | (47.3988,48.203)
9 48.3398 477828 | (47.3806,48.185)
10 47.9509 47.7647 | (47.3624,48.167)
11 47.6016 A7.7466 | (47.3442,48.149)
12 47.7119 47.7285 | | (47.326,48.131)
13 47.9587 47.7105 | (47.3079,48.1131)
14 47.9235 47.6924 | (47.2897,48.0951)
15 47,8849 47,6744 | (47.271548.0772)
16 47.5529 47.6563 | (47.2534,48.0592)
17 47.3716 47.6383 | (47.2352,48.0413)
18 474157 47.6202 | (47.2171,48.0234)
19 47.2292 47.6022 | (47.199,48.0054)
20 47.0218 47.5842 | (47.1809,47.9875)
MSE : 0.0011 .




Chapter 6

Conclusion

In this section, we have developed the LS criterion with RCDR model. Through a
Monte Carlo simulation study, we evaluated the performance of LS criterion method
procedure and showed that the coefficient estimators (7(-)) work reasonably well for
data of most to moderate sample sizes. The point estimates for parameters approach
their corresponding true values as the sample sizes increase. For hypothesis testing
based on the p-value, the estimator of 62 never support the null value, but ks and 0[23
estimators can apply to estimate the null value in some cases.

For application in actual data, we are also interested the power of forecasting
future values by considering the Mean Square Error (MSE). We can see that the LS
criterion method performs significantly in terms of capturing future values within a
95% predictive interval.

As a part of further work, we will study the following aspects:

e Simultaneous estimation of the RCDR model using Maximum Likelihood (ML)

method approach.

e Include the higher order RCDR models.
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