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1. Introduction

tructural change has, in the past, often been ignored in mode|

building. The oil price wshock” of 1972-73 and the Ninoy Aquing

assassination in 1983 are two major tests that many economic
models, the Gross National Product (GNP) and the Consumer Price Index
(CPI) among others, failed to pass. The widespread model problems
associated with these events created an important stimulus to reevaluate
and improve these models. It is thus the role of statistical analysis to detect
the presence of structural change and to find ways to assimilate it in its
models

Ii a regression framework, Structiral Change may simply be
defined as & change in one or more of the parameters of the model
Although coefficients in statistical models are usually assumed to be
constant, it is often recognized that in applied work, some relationships
change over time, especially after some sudden unforeseen events like war,
revolutions, coup d’etats or major calamities,

Page (1955) was the first to study structural change in simple
sequences of independent random variables based on cumulative sums or
CUSUMS. Chow (1960) developed an F-test for a known break point
while Quandt (1960) - developed a test based on the likelihood function
when the break point is unknown. Broemeling and Tsurumi (1987) discus-
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ses structural change in linear models using a Normal-Gamma prior distri-
bution.
2. Methodology

Bayesian inferential procedur'w will be employed for the most part of the
analysis. Although the Bayesian methodology faced a lot of criticisms in its
earlier growth and especially during the 1970’s, most of these criticisms

have already been addressed with and the method has grined worldwide
acceptance since then. Let

0 =(8,, ®,, ..., ®,) be the parameter of interest,
h(8) the prior density associated with ©, and
J(x|6) the density from which the sample was taken.

Bayes’ Theorem states that the posterior density of © given the
sample information , denoted by m(B|x), is for a continuous ®,

_ h6) f(x8)
@) == @
where

m(x)= [ [ fGhh()d0 .
Since m(x) does not involve 0, we may rewrite (2.1) as

(6| x) o A(8) £ (x(8)

where the symbol “occ”’means “is proportional to”. This simplification is
used in the illustration in Section 4.

3. The Model and the Prior
Consider the following model.

Yr={ XBy+e,;, i=L2,A,v G.1)

X8, teg; i=v+L 2 A,n

where v, 1 <v <, is the unknown break point,
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=1, 2,

e rx | vector of parameters, j=1 5

B, = By Bayp B,) is th

If Structural Change i present i1 Model (3.1),then I v <y
curs, ¥ = n. Therefore, testing for the

However, if no structural change 0Cety .
presence of structural change is like testing the hypothesis that

Hy: 18vs n—1 against

H:v="n
The decision on whether to accept ©

based on the posterior probabilities of v.
Assume that past data (X{’.Y,”),(Xf.Yy’), ., (X2, YP) exists. To

r reject the hypothesis will be

find the prior for (B, 8), e fit the past data into the model
yr =X'p +¢
where
My | (X
v =[] = 62
1 X

and the other parameters are as defined in (3.1).
o Using a noninformative prior for B, and v, the joint prior of (B.5.v)
is given by

p(BSY) x B exp{—f’z-[(v" - XTB (Y - x"ﬁl)]} (33)

4, Posterior Analysis
Let & = /0", and let
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..Y.W PYW‘- -xl- _x )
’ .
Y| - :2 ) Yz = . 2 ’ zl = x2 s z2 - XNI . (41)
'yv" L Y' - va_ x.
. -
Y. = [Yl ) 7= zl 0 ], B ” Bl .
Y, 0 Z, B,

The likelihood function is
LAY | @Y)) « 57 a&p{?[(Y —za)'(v-zﬁ)]}- (42)
Combining (3.3) and (4.2) with Bayes’ Theorem, we obtain

2(BSV(Z,Y)) =<
e -2{0% 2B Y% -2+ 0428 (% )"

s 6'”
x exp{-;[(v' - X*B,)'(Y" -x'p,)]}

After some algebraic manipulations, the last equation can be rewritten as

(Gam@N) 5 |- SO-BYZ L) ¢ s} (43)

where

z"z":[z'nz'*x"x' s ] ﬂ'=[ ‘]
0 Z,Z, B

B = (Z,Z, X XYY XY,
B; = (Z, zz) ", Yz) and
o) = ¥, ¥, + Y, Y- (¥ PR AR AL
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+v,'v,"0’«"n*"' L T vy,
g ior density of v, we integrate o
he margma‘ posten 4 B ut
T((; f;f)lc;_to integrate OUt B, apply Aitken's integral

|
1, x |Al?
J ,‘exv{‘z"‘"""‘} =i (s
tng out B from (43), yield

B ang

& from

itive definite. [ntegra

where A is pos ;
aem 3 5 P'zp L
1(6,v|(Z.Y)) « 8 7 CXP{“‘Z‘IS(V)]} &
)
¢T3 |
To integrate OV 5 , we use the property of the Gamma distribytiop
Ix"’" exp{~kjdy = A £ v

[ntegrating out 5 from (4.5), we therefore have

1 (VIEY)) < lz, Z,+X° X*

Relation (4.7) is the posterior density of v and we can choose as
our point estimate of the break point the value of v which attains the
highest posterior density. However, 4 plot of the whole density will

usually give a much clearer picture.

|
N-am=2r

A ARE %) N %

[

2 |
|
l

5. Estimation of Parameters

To estimate the parameters of the model, we also derive their posterior
densities. If we are now sure that structural change 1s present, model (3.1)

can be rewritten as

Y.={XfBl t g 3 i=128v
"TIXB, + &, ; i=v+12@n
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where 1 s v <~ 1. Note that » i now excluded ag
(4.3}, the posterior density of (B,8), for a fixed v. is a value of v. From

n-m

) = 8 e
a(B.SIV.(Z,Y)) = & * C"P4‘5[(B‘B YZP L' (B-p’y - g(v)]}

(5.1) J
Integrating out & from (5.1) using (4.6), yields

T BMEY)) < g(V) + (B-By(ze 2o )p - pry D

which can be rewritten as

, BIv.(Z,Y)) =

Fitm=2

- _)

(n+m=2r+ 2B -B'y(zP 20)p-p"y |

oc |1+ g(v)
(m+m—2r+2)
!

We can distinguish (5.2) as the kernel of a multivariate t-distribution with

(5.2)

degrees of freedom (n+m-2r+2)
mean vector B and |

(n +m-zr+2)(zv'zp)
g(v) '

precision matrix

Summing now for all values of v, the marginal conditional posterior density |
of B is therefore given by

LBIZY) = 3 [0 wWEY) . (V& Y. 53)

where 7,(B|v, (Z,Y)) is defined in (5.2) and &,(v|(Z,Y)) is defined in {4.7),

Therefore, the marginal posterior distribution of B, is a mixture of
multivariate t-distributions where the mixing probabilities are the marginal
Posterior probabilities of v .To find the marginal density of d, first fix the
Value of v in (4.3). Integrating out f from (4.3) using (4.4) , yields
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pem-2r

R
*@V.EY) <6 wp{-gls(vﬂ}- 2727]2, or
nem-r 5
T BWEZY) =6 exp{—;[s(v)]} 654

|
where |[zP'zp1'5 is absorbed into the constant of proportionality. We

can recognize (5.4) as the kernel of a Gamma distribution with parameters
(n+m—2r)2 and g(v). Summing now for all values of v, we have

n-1

x(8|(Z.Y) = Y (%, 6IV,(Z,Y)) . m(V(Z,Y))] (5.5)

v=l

where %, (Blv,(Z.Y)) s defined in (5.4), and 7 (VI(Z.Y) is defined in (4.7

The marginal posterior distribution of & is a mixture of Gamma
distributions where the mixing probabilities are the posterior probabilities
of v.
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