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I. Introduction

The mean squared-errors of forecasts (MSEF) is a statistic used
to evaluate post-saumple prediction performance. The MSEF has been
used as a descriptive'méasure, but its exact distribution can be
derived either from a sampie theoretical or from a Bayesian perspective
if the MSEF is computed from a linear regression model. In this paper,
Bayesian and sampling distributions of the MSEF are derived, and it
is suggested that the MSEF may be used as a statistic for linear
model selection. Using sampling experiments, we compare the MSEF
criterion with other model selection criteria. The organization of
the paper is as follows. In section 2, we give the Bayesian and sam—
pling distributions of the MSEF. In section 3, after presenting
Akaike's information criterion, AIC, [Akaike (1974)]), Efron’'s
confidence inter;al for the mean squared errors, the N- and J-
tests, we make sampling experiments to compare the Bayesian MSEF

criterion with these other criteria.

-1 -



2. Bayesian and Sampling Distributions of the MSEF

Let the linear model be given by
y=XB+u, (1)

where y is an (n X 1) vector of observations on the dependent variable, X is
an {n X k) matrix of observations on the explanatory variables with rank k,
u is an (n X 1) vector of error terms, and 8 is a (k x 1) vector of unknown
regr;ss’icu coefficients. Assume that v~ N(0,02%1,) and that £ is estimated
by 8= (X'X)"1X'y.

The mean-squared-error for the post-sample period, n+ L...,n+mis
computed using the post-sample actual observations on y and X. Let y. and

X. be, respectively, an (m x 1) vector and an (m X k) matrix of post-sample
observations and assume that the rank of X. is min(m, k). Then the MSEF

18
1. X
MSEF = —(g. = ¢.)' (8. = v.), : (2) .

where §. = X.f. Given equation (1) and 8 = g+ (X' X)~1X'u, equation
(2) can be written as

S I P I
MSEF = —¢ B'Be, = = > e, (3)

=1

where: €. = (v/,ul), B=(4,-I.), A= X, (X'X) X', and the p;’s are
the nonzero characteristic roots of B’B. The ¢; are elements of ¢ = c’c,,
where ¢ i3 the matrix of characteristic vectors of B'B. In pessing, let us
note that the p;’s are given by p; = 14+ A, i = 1,...,m for m < k, and
pi=l4ddye=1.. k=1, 7=k+1,...,m, for m > k, where \; is
the fth nonzero characteristic root of AA4'.

Since €; ~ NID(0,0%), m+« MSEF is a quadratic form in normal vari-
ables. The distribution of quadratic forms or ratios of quadratic forms has
been investigated by many; some of the earlier works are by McCarthy
(1939), von Neumann (1941), and Bhattacharyya (1943). Bhattacharyya

I (1954) and Hotelling (1948) employed Laguerre expansion, and
.Gurland (1953) and Johnson and Kotz (1970) refined further the
convergent Laguerre expansions. In this paper we use the de-
generate hyperbolic function, which is convenient for computa-

tional purposes. Theorem 1 belows summarizes the derivation.
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After deriving the distribution of.the MSEF using the degenerate hyper-
bolic function, we shall use the Laguerre expansions just for comparison

sake,

Theorem 1: Let x = m.MSEF/02. Then the distribution of x is given by

—x/2um I%m-l )
e x

£(x) = I c(m,p) x5 (4)

m
2%m H% I p? p=0

i=1

where c(m,p) is the recursive coefficient given by

. s
T(p+ =) p cm-1,3) a° ’
e —— m = {5)
c(m,p) o Z 3] 1 . form > 2,
I'p + 371 3=0 S B
. . , 1 1 1
and ¢{1,0)=1, <(1,3)=0 for j > 1; a =07 - =), u, >u > ...
= m 2 q u 1= "2=%
m m—-1
>u, form> 2 a = L and aO =1 for all i=1, m
= m = -7 1 u, i foo e

1
Proof: We shall prove the theorem by induction. For m=1, x=ulzi/02,

and zi/d2 “ xf. Eence, we have

-I —
f(x) - 1 x 3 e X/2l—ll (6)

,}2nul

which is equal to equation (4) for m=l. Assume that equation (%) holds

for m=g. Then m=g+l, we have x=z + gz + where z has the probability
- q g+l g

density function (pdf} of equation (5) with m = q, .and



1 -l -x/2u . e 4
df T=——=x 2 e} +1, d d
) has the pdf Z“Pq+1x e q Since zq an zqf; are independent,

the distribution of % is given by

L
-t/ qf2-1 =
£(x) =] [ da fl L e(q,p) tP ] (7
1 —_
0o 22 /iy W p=0
. i:l
- — -t =(x-t)/2n
———— (X ) e qgtl 4t
2qu—k-l
_x/2uq+l . o
e
- T I c@p)
2(Q+l)/2 T 1 M? p=0
i=1
x
p+q/2-1 -1/2 = it
t (x-t) e 9 dt
0

' x prq/2-1 =% a .t P
Since JP t {x-t) e gtl de = B(4,pt+ =) x
0

I'(y) : Tloti) - 3

q a+l =
1y (o 5 P aq+lx), vhere |F;(a,v,2) = T (a) 520 FIT(y+ )
r(a)r(b)

is the degenerate hyperbolic function and B{a,b) = ,
F(a T b)

{Gradshteyn and Ryzhik (1980), p.318], we have

- . L-, e - . . :
x/2“q+1 Weth-1 o  T(ptsq+]) j pt]

o F(x) = S X Le(p) LT ror L L S+l
et =l j=g 310G ST H3)

Hou
i=1" (8)

.



-x/2u Y(q+l)-1 - L4 . .\ _P—] .
atl Tero) o oelesida ] >

e
= I ———= . 3 x
' qtl i atty .4 (pmi)! :
2%€g+l) Wl u-iﬁ p=0 T (p+ 7 3=0
i=1
o - 1 —
: x/2uq+1 %(q+1)-1
= = q+i I c(g+l,p) =P
1 1 e
zﬁ(qﬂ) Wl P=0
. i
i=1
) I'(p +~%~) P c(q,3) qg;i
where c¢(q+l,p) = ————5— 1 T

Remark 1: If m > k, then equation (4) becomes

-x/2  w/2-1 k . p—j _p
o = T&+ p) P c(k,j) a X
£x) = S 1% r 2 I — .),kﬂ (9)
o 1 = .Tl; L. p_J L
2m{2/; Huf p=0 1"(2+P) j=0
i=1

.

).
M

where Ay = (1~

Remark 2: Equation (4) is the pdf of x=m+MSEF/c?® . The pdf of z=MSEF
' ‘2
may be obtained by transforming z = (i%—)x, and this becomes

H e _ _ 3
£(z|m,62) = ¢. pi® M 1 o mexp(— o 2) I elm,p)mPzPo 2p (10)
1 2 -
m p=0
g
where c. is the constant given by e, = 1/(2 ™7 & pey
' ! i=1 *
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Equations (4) and (10) have upper and lower bounds that are chi-

square distributions, and this is stated in the following lemma.

Lemma  : Let the pdf of z be denoted by f£(z[m,0%) as in equation (10}.

then
T (%) bm  dmel 2o~ 2
- —— cm =z o exp(- ———=) < f(zlm,dz) {11)
it 1 2u =
T= m
2
r _ _ -
s -—lﬁl— ¢y m%m z"- = g ™ exp (- gﬁd ).
I ! 1
2
Proocf: The first inequality is obvious. To prove the second inequality,

we Iirst use the following inequalitf which can be easily proven by

induction and by the properties of the binomial distribution:

rey Ba
: cm,p) <—2L _—m o . (12)
Ty p!
2
0 i . 1 1 .
= - > - — o =
where bl 1, bl 0 for i 21, and bi L T “l}' for i=2,...,m.
gubstituting (12) in (10) we have
1 - -2 = -, p
szlm,dz) hS 1'££§l m%m zll‘;m L c mexp(— 220 y I _XTEEmE__l*_
‘ re3) Hm p=0 P!
- - -2 -
= ¢ Sl c mlzm z%m ! a ™ exp(- + mzb o 7)
1 1 m o}



In proving the lemma above, we have shown that % c(m,p)mpz
. =0
converges. Equation (il) shows that the pdf of the MSEF is bounded

P =2p

by two chi-square distributions that are adjusted by maximum and

minimum characteristic roots, ¥y and L respectively, and equalities
14 i =i, .

heo £ um ul

A predictive density of the MSEF will be given by

el p(z|data) = Jﬂ £(z[o?,mp(o2]data)dg? (13)
0

where p(ozldata) is the posterior pdf of ¢2, which may be given by

=(v+1) v52
p(o?|data) « ¢ exp (- Cyral (14)

2 -1 . .
where v=n-k, and vs =y'{I-X(X'X) X'}y. Carrying out the integration
in (13} we obtain

sm-1

2
plz|s®,v,m) =«
(U52 + mz/um)(m-“\))/2

(&t +p) 2F c(m,p)[-__ﬂ":__.} P
2 2
vs + mz/

(15)



Using equation (11) we can- show that the predictive pdf of z is

bounded by two F.distributions:

my . mdm-1
o TETTD - a2 -
ST . (v8 + mayy) (2772
TV N
, TEITETT) vy joer g el
3 pz[svm g o——=E— > 2 (mtv) /2
= I‘(E) (vs +mz /U, ) v
-1
(16)

The equalities hold if um = ul. When'm=l, the predictive density of
the squared root of the MSEF is identiczl to the predictive density for
one period ahead forecast (Zellner (1971, pp.72-73)), which in turn

is equal to the predictive density in the sampling theory framework.

In Thecrem.l we used the degenerate hyperbolic function. The
distribution of quadratic forms is often given by the Laguerre poly-
nomials. If we rearrange the Laguerre expansions given in Johnson and
Kotz (1970, pp.159-~160) to fit more convenienﬁly in our casa, the

distribution of x=m-MSEF/¢? is given by

_ L m o (-2)F
£fix) = R Pm(x/S,l}T(E& pEO' p! I'{p+4m)

(1 _(g-l_p')—* cjs"J) (x/8)F (17)
3=p



where pm(x/B,l1 is the chi-square-distribution with m degrees of

-1 r-1 o r
freedom; cy=Lr c_= (2r) ._z Sy cj,( r>1l), = I (B—ui) .
j=0 - j=1
and B is a numbser such that B8 > % max M-
i .
If we use equation (17) the predictive density becomes
km-1 »  (-1)Pr®&Y% py
£(z]s%,v,m,B) = 2 vcwrall 2
(vs® + mz/8) p=0 p! T(p +3-)
©0 ‘1 .
T Ty D EET (5 E—)P Ay
jep TR vs® + mz/B

Equation (18) is conditioned on one additional parameter, B8, whereas

equation (15) is free of such an additional parameter.

Remark 3: The Bayesian predictive density of the MSEF in equation (15)
may be derived in another way. We may start with the joint density for
Vs B and ¢%, and integrate B first and transform y, into the MSEF

given o¢? and finally we integrate oZout:

P(y.lys X5 X =J p(v,| 8,0%, X)) p(B,0%]y,x)do?dg
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' -/ F—(v+m1) _ _Iﬁ?_
ocfa' ; exp( 20'2) |
I ) . .
‘- exp [—%;(y. - X.6)Y E(y. — X.ﬁ)] do, (19)

where H = [T + X._(X'X)‘lifﬁ]*l. The right-hand side of equation (19)
shows that given ¢, y. — X.8 is distributed as N(0,0%H =), Let w =
Yo—~X.f and H = R'R, where Ris a nonsingular matrix. Then m-z = w/w—
n'(RR')"'q, with n = Rw ~ N(0,02[,.). Since the nonzero characteristic
roots of H~1 ='(R'R)~! are the same as those of (RR/)~?, we see that
mez =30 pie, with ¢ ~ N(0,0%), and p; is the ith characteristic root
of =1, Hence, given o, m - z has the distribution of a quadratic form in
normal variables that is given in equation (4). Thus

, 2
p(z| s, m)x ‘/a_{”+m71)p(z | %, m) exp (- %) do, 1 420)

-

and integrating ¢ out, we obtain equation (15).

Equation (15} is a Bayesian prédictive density of the MSEF
given sz. A sampling distribution of the MSEF 1s given in Theorem 2

below:

Theorem 2: Let z be the MSEF. Then u=z/(pmsz) has the prcbability
density function given by

_ um/Z_—l

flulg.se00s U, V) = cONSts
g o A

p r@ED 2P cmp) ) (TP (f, @b

p=0
where (m/v)mlz um/z
m
const = ) m Ny :
2
L %

and vs® = y‘[I—X(x'X)"lx']y, v=n-k.
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Proof: Equation (4) in Theorem 1" is the probability demnsity function of
x—-—'m-MSEF/crz. The probability density function of z=MSEF may be obtained
by transforming z=__(02/m)1~:, and this is given by equation (10). On the

other hand, the pdf of 52 is given by

-2 2y vf2-1 ‘
f(s* | v) = 27;;(;—(2-)" (%) exp{—vs®/(2c%)}
2

and it is easy to show that z and 52 are independent. Hence, the joint

pdf of z and s° is

f(z, 8% m,o?) = cav"/zzm/z'l(sz)”/za'{m'!'”)

exp *5';5[1 +mz/(vuns )]} Z ¢(m,p)mPzPo=2P,
. p=0

-.J/

where ¢, = cl[2 2 I'(\)/Z_)]“:‘L . Changing the Yariables z and 52 to u=

3

2 2 \
z/(gms ) and y=s", and integrating out y, we obtain equation (21).

3. Comparison of Certain Model Selection Criteria

The Bayesian predictive density of the MSEF that is given in (15)
méy be used as a criterion for selecting linear models. For each
model we may draw‘ the predictive density, and choose the model that
has the mass of its density closest to zero. Or, we may choose the
model thaf minimizes an expected loss. The choice of a quadratic

loss function leads to the mean of the MSEF as the selection criterion.

The Bayesian criterion above belongs to the class of model

selection criteria that are based on measures of how well each model
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explains data. Akaike's (1974) information criterioﬁ (AIC) and Efron's
(1984) comfidence interval for the mean squared errors also belong to

this class. The AIC may be given by

AIC = n log o? + 2k _ (22)
where ¢? is the sum of squared residuals divided by the sample size n,

and k is the number of regression coefficients.

Efron's confidence interval for the mean squared errors may
be interpreted as an inferential procedure for the Cp that is suggested

by Mallows (1873). Let two linear regression models be given by

Model 5: y XABA + &

(23)

Il

Model B: v XBBB + €

where y is an (nxl) vector of observations on the dependent wvariable:

Xi is an (nxki) matrix of observations on the ki.explanatory variables

of model 1 (i=4A,B) and Bi is a (kixl) vector of regression coefficients

of model i (i=4,B), and € is an (nxl) vector of error terms. The unbizsed

estimator of the difference of the mean squared errors (MSE) of models

A and B, A= MSEB - MSEA, is given by
~ 2 2 -2
b= Uyl = Iy o170 + 26dg ~ 4 (24)
where |y |2 =8 XM X, B |y |2 =BIXIM X8 M =I-X_(X!X,) " x!
BO ATA BTATA? A° B B A"B"B ° i A s i’

i=A,B, o~ = y'[I—XX+]y, X=[X_, XE]’ and di is the dimension of model i.

A



- 13 —
Efron decomposes the MSE (A) and its estimate (A) in a symmetric
- coordinate system and proposes to compute confidence intervals - -
in the symmetric coordinate system. The computation of confidence
intervals is suggested either by parametric bootstrapping or by non-

parametric bootstrapping.

In contrast to the class of model selection criteriz based on
measures of 'goodness of fit', Cox's tests of separate families
[Cox (1962)] are based on the translation of non-nested models into
hypothesis testing on parameters. Pesaran (1974, 1982) proposes
the N-tests. Davidson and MacXinnon (1981) suggest the J-~tests.
The N-tests are given by

Dy %% ai - P
N, = -E"log.(UB/UBA)/{"ng B X MpM MK, B, ) (25)
Ba

-~

2 _ s e AR SUNP I 2
where o, =V Miy/n (i=A,B), and Tpa = 94 F (BAXAﬁBXABA)/n. The
NO test is computed using model A in (23) as the null hypothesis.
By using model B as the null hypothesis, one obtains the Nl test

the formula of which is given by interchanging suBscripts A and B

in (25). The J test by Davidson and MacKinnon is the t-test on

parameter A in

y = XAbA + A(XBBB) +u (26)

where bA = (l—A)BA. Again, a symmetric test can arise by testing A in
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y = M(E,8,) + Xbe +u | (27)

where bB=(1_A)BB'“

The N~ and J- tests give rise to cases where one either rejects

or accepts both models. Table 1 gives four possible cases,

Table 1: Four Cases of N- and J- Tests

NO (JO) - Test
Case 1 Case 2
Accept Model A Rejecf Model A
Nl (Jl)_ Reject Model B Accept Model B
Test N .
(py) (p,)
Case 3 : Caée 4
Reject Model A Accept Model A
Reject Model B Accept Model B
(P3) (p,)

Note: 1 is the probability of case i , (i=1,...,4).

As is obvious from equation (25), the N~tests can only be defined

P 1 ) o, + . .
if XAMBMAMBXA # 0. Sufficient conditions for making this quantity

Zero are MBXA=O or MBXA=XA' MBXA=0 occurs if the columns of XA

are linear combination of the columns of XB, and MBXA=XA occurs

if XéXA=0 (i.e. when the explanatory variables of the two models
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are orthogonal.) As for the J-tests, they cannot be defined if linear

dependence exists between XA and XB.

Let us'éake éémpling experiments to compare the powers of the
Bayesian MSEY criterion, the AIC, Efron's confidence interval, N-tests,
and J-tests. In evaluating these tests we need to develop a measure
of nearness of competing two models. Pesaran (1982) introduces a

sequence of local alternatives
i i
XB = XAC +n “D+ ol(n 9 (28)

where C and D are kAka and nka nonzero matrices of constants, and

D'MAD/n exists. Pesarzn uses the local alternatives (28) so that

he can derive asymptotic non-null distributions of the test statistics.

Instead of (28), the measure of nearness of two models may be
given by the measure of correlation among non-overlapping explanatory

variables of the two models. Let models A and B be written as

o

It
]
w
+
™
w0
+
o]

1"Bl

so that XA= [Xl, XZ] and XB = [Xl, Z]. The non-overlapping explanatory

variables of the two models are X2 and Z, and the measure of nearness

of the two models may be given by
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p2 ,

, 2
AR = Min( }i )

oy 2 . . . .
where Ai is the square of the i-th nonzero cannonical correlation

coefficient between X2 and Z. sz is bounded between 0 and 1, and
if pﬁB = 1, the models A and B can be thought to be identical, whereas
pﬁB = 0 indicates that the two models are farthest apart.

Sampling experiments are made by specifying the two models as

Model A: yt BO + letl + BZXtZ + et

I

Model B: yt YO +'letl + Yzztz + Et .

Hence, the models A and B have (1, xtl) as the common variables,

whereas x_, and z_, are uncommon variables, As in Pesaran's (1982)

t2

experiments, xti's are drawn from N(0,1), and z is generated by

t2

Zeg FAXep T Vg 0 Vg v NOLD).

AZ is controlled by the correlation between z_, and Xy

- 2.5

where.p2= Corr(xtz,ztz).

The model selection criteria are also influenced by the 'fit' of

the true model as measured by the coefficient of determinmation of the
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true model (model A in our egperiﬁents), R2, and by the relative sizeé
of Bl and 62. In our experiments, ﬁe set R2 at .5 (R2=.5), and

in Table 2 we set-ﬁl and 82 to be (1.0, .5), respectively, whereas

in Table 3 the values of Bl and 82 are switched: (.5, 1.0). The

constant term is set at 1.0 in both tables. The number of replications

0

for each value of p; is 500.

The following observations can be made from Tables 2 and 3:

(1) As the sample sizes increase the powers of all the criteria tend

to increase for given values of P;.

(2) Comparing Table 3 with Table 2, we see that the powers in Table 3

are larger than those in Table 2.

(3) The N-test tends to perform better than the J-test. For b§=0.l
or 0, the powers of the N-test decline. This is due to the fact
that for low values of p;, the nonoverlapping variables X5 and Z.,
tend to be orthogonal, and this brings the N-test closer to the

case in which it is not defined {(i.e. XAXB=O)'

(4) The powers of the Bayesian MSEF criterion tend to dominate those
of the other criteria, especially for the cases of sample size 20.
For larger sample sizes, the AIC performs as good as the Bayesian

MSEF criterion.
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Table 2: Empirical Powers of Model Selection
Criteria [R% =.5, (8;58,)=(1.0, .5)]

N~Test. ~ J=Test Difference|Difference ﬁfron's
of Predic-{of AIC's 90% CI, .
5 piz) 1-8 ) piz) 1- 5(3) tive M$2¥s ) (6)
' =20 ARG B @
-1.0 0 ND(7) ND(7) ND(7) ND(7) l(8) 1(8) 0

.9 21.216 .218 054 084 .84 .662 0
.7 6 | .402 .402 .15 17 ' .932 .782 002
.5 10 | .466 L470 .138 .156 .964 .828 .024
3 14 | .668 .702 .318 .336 978 .859 .028
.1 18 | .680 724 .308 L334 .988 .872 .078
0 20 ] .722 .898 L418 452 .982 .848 154

n=60.

=1,0 0 ND KD ND ‘ND 1 1 0

.2 6 |.262 272 .182 .200 .710 752 0
.71 18 1.600 604 .392 Ll .876 .884 .004
.51 30 1.770 .778 .638 .652 .936 .936 114
.31 42 |.880 .946 772 .824 . .972 .082 L182
1| 54 |.548 1 .1 .902 .928 .990 .990 574

0 60 | .812 1 .888 .936 .994 .990 .642

n=100

=1,0 0 ND ND ND ND 1.0 1.0 0

.9 10 406 418 .288 .310 .790 .800 0
.7 30 . 700 .712 570 .592 .920 .916 .040
.5 50 .906 946 .834 .866 .972 .962 450
.3 70 .940 1.0 .928 974 .992 .994 702
A a0 .206 1.0 .946 .996 1.0 1.0 .812
0 100 .566 1.0 .952 .998 1.0 1.0 .962

Notes: For each value of Pye the number of replications is 500.
(1) Py Corr(xtz, zt2)’ and 8 is the measure of the distance of two models, D,

in equation (28), and it is given by &= lim D'MAD/lim(XéXB/n). In our

experimental design becomes &= n(l—pg)?+m e

(2) Py is the probability of accepting model A and rejecting model B.

(3) B is the probability of Type II errors, and it is given by B= 92+93
in Table 1.
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{Notes on Table 2 continued)

(4) The predictive mean is computed by E(MSEF]') = fzp(z[data)dz for each
model, and the difference is E(MSEF, |.) - E(MSEFBI ).

(5) The difference of the AIC's is AICA - AICB '

(6) Efron's- 90% confidence interval (CI) is computed by assuming
that the sample estimate, T° is true (hence d_= = in Efron's
notation), and by the Edgeworth expansions fof the parametric
bootstrap distribution without resorting to Monte Carlo.

(7) For p% = 1.0 the N- and J- tests are not defined.
(8) For pg = 1.0, the difference of the predictive means and the

difference of the AIC's both become 1 by construction. Efron's
CI becomes zero by construction.

(9) For 211 the sample sizes, the periof of prediction, m, is set at 10.
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Table 3: Empiriéal Powers of Model Selection
Criteria [R?=.5, (B;,8,)=(.5, 1.0)]

oo

N-Test .} J-Test Difference| Difference of| Efron's
5 » : l—é > 18 of Predic~| AIC's 80% CI
1 kN tive Means
n=20
0 ND ND | ND WD . 1 1 0
2 .308 L4121 L110  .128 .588 .822 0
6 784 808 | 474 (504 .972 .930 .076
10 ..862 914 | .694 (718 .996 L9706 248
14 884 962 | .746 .876 1.0 .086 316
18 .872 L9661 812 .852] 1.0 L9596 456
20 .846 L9881 .906 .962f 1.0 1.0 .086
n=60
0 ND ND ND ND 1.0 1.0 0
6 .600 .608 | .502 .516 .920 .8%6 .002
18 . 946 .978 | .926 .958 .992 L9682 L4628
30 .906 998 | L9144 .996 .998 .998 .808
42 964 1.0 | .960 .998| 1.0 1.0 .900
54 .698 1.0 .970 1.0 1.0 1.0 .998
&0 876 1.0 .948 1.0 1.0 1.0 1.0
=100
0 ND ND ND ND 1 1 0
10 .858 L8741 .81l4 836 .922 .942 174
30 .954 .998 ] .952 .998 .998 .998 JAT4h
50 .956 1.0 .948 1.0 1.0 1.0 .978
70 .952 1.0 .966 1.0 1.0 1.0 .998
a0 .936 1.0 .950. 1.0 1.0 1.0 1.0
100 J14 1.0 954 1.0 1.0 1.0 1.0

See footnotes below Table 2.
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(5) Efron's 90% confidence interval (CI) appears to be too conservative,
and for small sample sizes, the powers are substantially lower

than the other criteria.

For the N- and J-- teéts we presented two measures of power,
p; and 1-B , respectively. The probability of Type II error is B,
and 1~ is the conventional concept of power in a nested hypothesis.
As Pesaran {1974) states, however, for a non-nested hypothesis, a suitable

concept of power is the probébility of making correct decision, which

is Py Pesaran (1982) uses 1~-8 as the measure of power in his experiments.

Efron (1984) suggests a non-parametric bootstrapping procedure in
addition to a parametric bootstrapping procedure. Since the non-
parametric bootstrapping procedure requires considerable compufational
time in generating empirical powers, we did not carry it out in our
experiments. Confidence intervals that are generated by non-parametric
bootstrapping tend to be larger than those by parametric bootstrapping,

and their powers are in general lower than those by parametric bootstrapping.

In our sampling experiments, we set the prediction period, m, at
i0. We varied m at different values, and the results are comparable

to those of m=10.
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