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Abstract

In this paper we consider the risk of an estimator of the error variance after a pre-test for
homoscedasticity of the variances in the two-sample heteroscedastic linear regression model.
This particular pre-test problem has been well investigated but always under the restrictive
assumption of a squared error loss function. We consider an asymmetric loss function — the
LINEX loss function — and derive the exact risks of various estimators of the error variance.
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1. Introduction and model framework

We consider a regression model which uses two samples with 7' and T, observations:

X, 0
Lo )] »
Y2 0 X,||8. Uy
or y=Xp + u. y;is a (T; x i) vector of observations on the dependent variable, X; is
a (T, x k;) full-rank non-stochastic matrix of explanatory variables, f§; is a (k; x 1)

vector of coefficients and u; 1s a (7;x 1) vector of disturbance terms, i = 1,2. We
assume that

2
O'IITI 0
~ N[O .
“ <’|: 0 G%ITz:D

We also suppose that we are interested in estimating ¢ but we are uncertain of the
equality of the error variances and whether the samples should be pooled or not from
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an estimation efficiency viewpoint. The usual procedure is to undertake a preliminary
test of:

Hy: 62 =02 vs H,: 62 <02
or equivalently

Ho: =1 vs Ha: ¥ <1, 2)
where Y = 6%/63, and we have assumed a one-sided alternative hypothesis for
simplicity. The usual test statistic for (2) is

J= v1(y2 — X2b2) (y2 — X2 b3) — vyuy Myu, — ﬁ

va(y1 — X1by )Y (y1 — X1by)  v2uiMyug st

where  v;=T; —k; Mi=IT,-_Xi(Xi/Xi)_1XiI; by =(X{ X)) 'Xiy; st=
(y; — Xib)Y (yi — Xiby)/v; i=1,2. It is straightforward to show that f(J)=
Y~ f(F,, . ) where F,, , is acentral F variate with v, and v, degrees of freedom. The

testing strategy is to use the so-called ‘always-pool’ estimator of 2, s3, if we cannot
reject Hy:

3

sk = (18T + 0283wy + 02 ) @
but to use the ‘never-pool’ estimator, s3, if we reject Hy:

sk = si. (5)
So, the estimator actually reported is the pre-test estimator:

2o sg if J>c,
P — .
s? fJ<e,

(6)

where c is the critical value of the test associated with an «% significance level.
The sampling properties of s3, s? and s have been examined in the literature (see,
for example, Bancroft, 1944; Toyoda and Wallace, 1975; Ohtani and Toyoda, 1978;
Bancroft and Han, 1983; Giles, 1992; Giles and Giles, 1993b) for a survey of this
literature) assuming a quadratic loss function.! This is a symmetric loss function
which implies that under- and over-estimation are equally penalised. However, we
may believe that under-estimation of the scale parameter has greater consequences
than over-estimation, as under-estimating the error variance in a regression model
will lead to calculated t-statistics which make the regressors appear to be more
‘significant’ than is warranted. A conservative researcher may prefer to err in the
opposite direction, which suggests that we should consider the properties of the
estimators using an asymmetric loss function which penalises under-estimation
more heavily than over-estimation. One such commonly suggested loss function is
the LINEX loss function, initially proposed by Varian (1975). When estimating a

!'The estimation of the coefficient vector under the assumption that f; = g, after the pre-test of H, is
considered by, for example, Taylor (1977, 1978) and Greenberg (1980).
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parameter 6 by 8 this loss function is given by:
L(9,6) = b(exp[a(d — 6)/6] — a(d — 6)/6 — 1), ™

where a # 0, and b > 0. In our investigation we assume (without loss of generality) that
b = 1. The sign of the shape parameter a reflects the direction of asymmetry — we set
a >0 (a<0) if over-estimation is more (less) serious than under-estimation. The
magnitude of a reflects the degree of asymmetry. For small values of |al, L@, 0~
ba?(f — 6)/(26?) which is proportional to a squared error loss. So, the LINEX loss
function can be regarded as a generalization of the squared error loss function allowing
for asymmetry. In this paper we are particularly interested in choices of a < 0.

Various authors have used this form of loss function in a number of studies
including Zellner (1986), Rojo (1987), Sadooghi-Alvandi and Nematollahi (1989), Kuo
and Dey (1990), Parsian (1990a, b), Sadooghi-Alvandi (1990), Srivastava and Rao
(1992), Basu and Ebrahimi (1991), Giles and Giles (1993a), Parsian and Sanjari
Farsipour (1992), Parsian et al. (1992), and Sadooghi-Alvandi and Parsian (1992). In
particular, Giles and Giles (1993a) consider the estimation of the scale parameter after
a pre-test for exact linear restrictions on the regression model’s coefficients. They find
that the known quadratic risk properties of the pre-test estimator need not be robust
to this alternative choice of loss function.

In the next section we derive the risks of 53, s and s2 under LINEX loss. We follow
in Section 3 with a discussion of some numerical evaluations of the risk functions and
Section 4 contains some conclusions.

2. Risk under LINEX loss

We define the (relative) risk of an estimator s2 of 67 as R(s2) = E[L(s, 01)]/ot.
Then, using the LINEX loss function in (7) with b = 1 we have:2

Theorem 1.
R(s{) = e “(vy (v, — 2a))"? — 1 (®)
W ko) an(l—y)
R(SA) = (1)1 + v, — 20)”1/2(111(01 + vz) . 2a)1;2/2 l//(Ul + Uz) (9)
r(l)l + 2l>
@ 2i © (2 i 2
R(s?)=R(sd) +e™*{ Y FL'uin -y ( ag)l) ’ Qo2i)
i=1 i=1 : 1
(3)
. av(Qz0 — l/’Qoz)’ (10)

V(v + vy)

2For a < 0 these risks are well defined. Some obvious constraints are required for a > 0.
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where

an = Pr. [F(vz+m,vl+n) < (Uz(vl + n)Cl//)/(Ul(Uz + m))]’ m,n= Oa 1,...,

2 is a (1 x (i + 1)) vector equal to the (i + 1)th row of Pascal’s Triangle; L,; is an
((i + 1) x 1) vector with elements for j=0,1,...,1i

vy + 2 vy + 2(i — )

(55
Uy Uy
r(3)r(s)

£;=(aflvy + v2)y Y’

Qui-map-

Proof. See the appendix.

Remarks. (i) As a =0, c—» o0 and Q,,— 1: we never reject Hy. Then, repeatedly
using the Binomial Theorem, R(sZ) — R(s?). Conversely, as « — 1,c - 0 and Q,,, - 0:
we always reject Hy. Then, we can show that R(s¢) — R(s3).

(ii) Using the infinite series expansion of the exponential function, it can be shown
that (8)-(10) collapse to their quadratic loss counterparts (scaled by a?/2) if a is
sufficiently small so that third-order and higher-order terms are negligible. The
quadratic loss functions are given by:

Ro(s) = 2/v,, (11)
Ro(s3) = (03 (0 — 1)* + 2019 * + 0/ (v + v2)%), (12)
Ro(s8) = W2 [2(v1 + v2)* — 02(v1 + 2)(201 + v3) Qos + 20102 (V1 + 12)Qo:]
+ 201029 [01Q22 — (U1 + 02)Q20] + v102(02 + 2) Qao)/
@Y 2 (01 + 02)?). (13)

We note that these expressions are not identical to those given by, for example,
Toyoda and Wallace (1975). The differences arise because we consider risk relative to
ot while Toyoda and Wallace, for example, define risk to be relative to 5. We have
used the former definition as this results in R(s3) being independent of y and risk
diagrams that have many characteristics which are similar to those which arise when
the pre-test is of exact linear restrictions on the coefficient vector.

(iii) limy_o(R(s?)) = R(sf) while R(s3) — oo as y — 0. Intuitively, pre-testing leads
us to follow the correct strategy of rejecting H, when it is in fact very false.

(iv) If Hy is true (y = 1) then
R(sZ 1Y = 1)/R(sR) = (1 ~ 2a/v, )2 (1 — 2a/(v; + vy)) ~ @ **272

= [(1 = 2a/0,)"" (1 = 2a(oy + v2)) "+ ]2, (14)
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Now, using the binomial expansion, we have:
(1 —2a/v,)" =1 — 2a + 2a%(v, — 1)fv, — 4a(v, — D(v, — 2)/3v?) + -

=1—-2a+T,+7T,+ -
and

(1 — 2af(vy + vy)) "+
=1-—2a+ 2a%@w;, + v, — /vy +v;) — 4a* (v, + v, — D(vg + v, — 2)/
By +v2)H) + -
=1—-2a+S;+S,+

with §;,>7;,, i=1,2 if a<0 (which is the case of interest here). So,
(1 —2a/v,)" (1 — 2a/(v; + v;)) " < 1 and likewise expression (14) is less than
unity and, irrespective of the value of a (<0), imposing valid prior information
produces a gain in risk over simply ignoring the second sample. Accordingly, there is
a region of the y-space over which s3 dominates s and also a region for which the
CONverse Occurs.

(v) Bancroft (1944) and Toyoda and Wallace (1975) show that under quadratic loss
there always exists a range of y values over which pre-testing is the preferred strategy.
They find that there is a family of pre-test estimators with ¢€(0, 2) which strictly
dominate the never-pool estimator and dominate the always-pool estimator for
a wide range of i: s has smaller risk than this family of pre-test estimators only
around the neighbourhood of the null hypothesis. Ohtani and Toyoda (1978) prove
that the pre-test estimator with ¢ =1 strictly dominates all other members with
c€(0, 2). So, under quadratic loss, there exists a y-range over which it is preferable to
pre-test and to use ¢ = 1.

A question of interest is whether this result carries over in general to the LINEX
family of loss functions. This can be answered by considering the first and second
derivatives of R(s?) with respect to c¢. Theorem 2 derives the values of ¢ for which
OR(s¢)/oc = 0.

Theorem 2. R (s2)/dc =0 whenc =0, co and 1.
Proof. See the appendix.

It is straightforward to show that as ¢ » 0 or ¢ —» oo, 82R(s#)/dc? = 0, so that these
two critical values result in points of inflexion of the risk function. In the case of
quadratic loss it can also be shown that 82R(s#)/dc? > 0 when ¢ = 1 so that this
choice of critical value always results in a minimum of the risk function. However, this
cannot be shown in general under a LINEX loss function: it is not possible to sign
02 R(s2)/oc? for all values of a. When the degree of asymmetry is sufficiently large
(depending on the values of the other arguments) this second derivative can be
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negative so that in these cases the choice of ¢ = 1 results in a maximum of the pre-test
risk function. We now turn to the numerical evaluations of R(s2), R(sZ) and R(s?)
which will illustrate this last result.

3. Numerical evaluations of the risk functions

We have numerically evaluated the risk functions for various values of a, v, vy, ¥
and a (<0). In particular, we consider v, = 6, 10, 20, 30; v, = 6, 10, 20, 30; « = 0, 0.01,
0.05, 0.75, 1 and that value corresponding to c=1; a= —0.5, —20, — 5.0 and
Y €(0, 1]. The full details of the results relating to all of these cases are available on
request.

We have computed the exact risk functions on a VAXstation 4000 using a
FORTRAN program which incorporates Davies’ (1980) algotithm to evaluate the
central F probabilities and various other algorithms from Press et al. (1986). The
infinite series in (10) converge rapidly with a convergence tolerance of 10 ~%. We also
obtained the corresponding risks under a quadratic loss using equations (11)—(13)
though for comparability with the LINEX results we scaled the quadratic results by
a?/2.

Unfortunately, we found that our algorithm failed in some cases for high degrees of
asymmetry, and in these cases we undertook a Monte Carlo experiment with 5000
replications using the SHAZAM econometrics package (SHAZAM, 1993) on a
VAXstation 4000. For the Monte Carlo experiment we assumed ¢ =1 so that
6% = 1/}, and we generated approximate y2 random variables to obtain s? and s
(this was also undertaken in SHAZAM using the normal random number generator
proposed by Brent (1974)). For this particular problem it is not necessary to assign
values to the regressors or to the coefficients. Where possible we compared the risks
generated from the Monte Carlo experiment with those from the exact evaluations.
These comparisons suggested that 5000 replications were sufficient to replicate the
exact results to at least three decimal places.

Typical LINEX risk results are illustrated in Figs. 1-3 for v; = 16 and v, = 8 with
a=—05, —20and — 5.0, respectively. The loss function when a = — 0.5 exhibits
relatively little asymmetry and so, qualitatively, Fig. 1 is similar to that which would
be observed under a quadratic loss function. The features discussed in the previous
section are clearly evident. In particular, it is preferable to pool the samples when the
null hypothesis is true, and the never-pool estimator is strictly dominated by a family
of pre-test estimators. The estimator which uses a critical value of unity has the
smallest risk of this family.

As discussed in Section 2, ceteris paribus there exists a degree of asymmetry such
that this latter feature does not occur. Fig. 3, with a = — 5.0 clearly illustrates such an
example. Then we find that the pre-test estimator which uses ¢ = 1 has the highest risk
of all the considered estimators around the region of the null hypothesis — this
estimator no longer strictly dominates the never-pool estimator.
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Our results also show that the range of ¥ over which we prefer the always-pool
estimator increases as the degree of asymmetry increases. This suggests that when
considering an asymmetric loss function with a reasonable belief that the null
hypothesis is true, it is generally preferable to pool the samples without testing.

4. Concluding remarks

In this paper we have extended some well known risk results, associated with
pre-testing for variance homogeneity in regression prior to pooling sub-sample
information, to the realistic situation where the underlying loss structure is asymmet-
ric. In particular, risk under quadratic loss is generalised to risk under LINEX loss,
with under-estimation of the regression scale being penalised more heavily than
over-estimation.

This generalisation of the loss structure produces at least two results which differ in
an important way from their quadratic loss counterparts. First, in the latter case,
pre-testing with a critical value of unity is always preferred to ignoring the prior
information. This does not hold if a sufficiently asymmetric LINEX loss is adopted.

Second, the range of ¢ over which we prefer the always pool estimator increases as
the degree of loss asymmetry increases. This suggests that it may be preferable to use
this estimator, rather than undertake a pre-test, if we have a sufficiently asymmetric
LINEX loss function. This contrasts with the typical advice under quadratic loss,
which is to pre-test using a critical value of unity.

Much remains to be done to determine the sensitivity of established results in the
pre-test literature to departures from the usual assumption of quadratic loss. Our
results and those of Giles and Giles (1993a) and Giles (1993) suggest that there is less
robustness to asymmetric departures than to symmetric ones.

Appendix

Proof of Theorem 1.
R(s%) = E(exp(a(s§ — o})/o) — a(sk — af)/o] — 1
= E(exp(az,/v, — @) — E(azy/v; —a) — 1, (A1)

where z, = uy M,u, /6% ~ x2. Then E(az, /v, — a) = 0, as s is an unbiased estimator
of 7. Further,

a

E(exp(az, /vy — a)) = J e/ ma f(zy) dzy,

0
where

f(Zl) = (2v|/2 r(vl/z))-lzliw/Z—le—zl/z'



J.A. Giles, D.E.A. Giles | Journal of Statistical Planning and Inference 50 (1996) 21-35 29

So,

E(exp(az, /v, —a)) = (2”'/2F(vl/2))"e_“J e At n2 o1 g

0

Using the change of variable t = z,(— a/v; + 1/2) we have’

~a 2 vi/2 o
E(exp(az,/v, —a)) = © (20,) vl/zj e /2 1de
F(U_l>zvl/2 (Ul - 2a) 0
2
e—lv?/z
(04 — 20

Substituting these results into (A.1), R(s3) follows.
R(s%) = E[exp(a(si — 61)/of — a(si — o})/of — 1]

= E{exp(a(wy + wa/¥)(vy +v2) — D) —a((wy + wo /)0y +v2) — 1) — 1},

(A2)
where

wo=e¥MeX/o}, i=1,2  e*=[ei/J/¥erly ~ N oilr),

M, 0 0 0
T=T,+ T, M*=[ ]; M*:[ ]
' g (Tx}I‘) 0 0 (Tx?r) 0 MZ

It is straightforward to show that w; ~ xZ and that w, and w, are independent. So,

E(w; + wy /)/(vy + v3) — L= 0,(1 = )/ (v; + v3)) (A.3)
and
E[exp(a(wy + wa/Y)/(vy + v3) — 1)]

_ e—aJ‘ J edwi w2/l +02)f(wl)f(wz) dw, dw,

0 Jo
* 1
—e” 9 J\ "‘)1.71/2Ale—w,/2+aw1/(v|+uz)d‘,v1
1
0 govzp (%
2
* 1
x J WhH2 g Wiz awale v o)) Gy |

0 Uy
pACEE M I
3)

3 When a < 0 (the case of particular interst here) we require no restrictions on its value for the risk functions
to be positive. However, certain restrictions are required if a > 0 and depending on whether v, and/or v, are
odd or even. As these restrictions are fairly obvious we do not specify them explicitly in this appendix.
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Using the change in variables

ty = wy[1/2 — af(v;, + v3)]

and

ty = wa [(Y(vy + v2) — 2a)/2¢ (v, + v3))]
we have

E[exp(a(w; + w2 /)/(vy + vz) — 1)]

_ eval: vy + Uy jlul/z l//(l)l + Uz) ‘)2/2. (A4)
vy + 0, —2a Y(vy + vy) — 2a

Substituting (A.3) and (A.4) into (A.2) yields R(s3).
Finally, for the pre-test estimator, s#, we have

st =%+ (s% — SI%J)I[O,c](J)

=0 [Y(vy + v2)wy + (03w — Yawi) Iio, cpy (01 W2 (02 w1))J/(v1 (v, + v2))
and

R(s3) = E{exp[a(s? — )/a}] — a(ss — o})/oi — 1}

= E{expla(s? — yo3)/o})] — a(s — vod)wed) - 1}. (AS)
Now,
E[(s# —y0D)/od)] = E[Y(v1 + v2)wy + (012 — Yo2w,)
X Ijo,c1 (01 W2 (L2 w1 )]/ 01 (v1 + 02)) — 1 (A.6)
and repeatedly using Lemma 1 of Clarke et al. (1987) (A.6) is
E[(s¢ — y03)/(63)] = v2(Q20 — ¥ Qo2)/(¥ (v1 + 1)) (A.7)
where

Omn = Pr[(Fiystm, v, +m < (v2(01 + n)cy)/(vy (v, + my]

mn=20,1,...
Further,

Elexpl(a(si — Y o3)/(Y03)]
=e “E{exp[a[y (v, + vz)w,
+ (V1wz2 — Y02 wi) Lo, ey (01 W2 (2w 1)/ (Y 01 (01 + 02))]}
=e “E{exp[bow; + (bawz — bywi) o, (L1 w2/(v2W1))]}

=e¢ “E(exp(Q)), (A.8)
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where
bo=ajvy; by =avy/(v,(vy +v2)); by =af(Y(vy + v2))
Q = exp[bowy + (bawz — bywi)]o, 4101 W2 (V2 W1))]
=explbow: — bow; Io,cp1 (V1 W2/(V2W1)) + baw2 I o

X (V1 W2 /(V2wy)) + (bo — b1 )Wi (g, gy (V1 W2 /(D2 W1)]. (A9)

Now,

3
E(Q)2 E©°

E(exp(@) =1+ EQ) + + 3 (A.10)

and using Lemma 1 of Clarke (1990} we have

" vy + 2ry
2r< - )

E(WY Lo, cpr (01 w2 (v2w1))) = 7w\ Qusvit 20
r (7‘

v 2+ 2r,
rr(242)

sz +2ra2,v1
z2
5
E(W{' w2 o, oy (01w, /(w4 )]

F(UI + 2r1>F(U2 + 2r2>
— 2r1 +ry 2 2
Uy Uy
ri=\r{=
3)r3)
where r; and r, are any real values such that r; > (— v;/2) and r; > (— v,/2).
Using these expressions repeatedly along with definition (A.9) in (A.10) we have

E[exp(Q)]

s 2{1,0 ("1 - 2)>(1 - Qoz)/r<v_2l)
#0ar (25 2)0u0 (%) + 00— b (5o /(% )}
0 eul(3) (5o )

E(WEZI[O,CWI(UI wy/(vawy))) =

sz +2r2,01+ 2
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eamaten=bar (32 )r (23 o (r(3)r(3))
IS R

+(22/3!){b3 (15— 0 (%) + o2r e r(3)
oo ol (3
N A S
oo 5] -

(Ul + 21) (Ul + 21)
r{—— ri—— ;
2b i ( 2 & 2b i 2 x 2
0) Z 0) Qoi + Z .—,L’u‘in,
r 2% i=1 r 2%
2 2

where Lj; is a (1 x (i + 1)) vector equal to the (i + 1)th row of Pascal’s Triangle; L,; is
an ((i + 1) x 1) vector with elements

i=J j 1ty 2+ 20— 1 2
e 1 ((5)
o L 2j i —i i
~ s+ vyt (M ’)r(”” L “)Qm-m-)/(r(%)r(%»,

j=0,1,...,i

Finally, if {2a/v,| < 1, which is not restrictive in practice, then

v + 2i
rf—
i 2b0)l < 2 )_ vy v1/2
= (o “\oy—2a)
2

E(exp(Q) = <u1 -

So,

vy + 2i
vz X (2a/v,) F( 2 )
) - _; i o Qo2iy
| r(3)

® 2i
+ .; ﬁL;,‘Lz,-. (A.11)
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Substituting (A.11) into (A.8) and then this expression and (A.7) into (A.5) yields the
desired result. [

Proof of Theorem 2. Using the infinite series expansion of the exponential function we
write

2

3
R(s) = E[%((s% —a})e?)t + %!—((s,% —a})/o})? + :|

2
= E[%_!([lp(vl + v)wy — Yoy (vy + ;)]
X (V3w — Yvaw) o, o1 (V1 W2 02 W1))) 2 /(W v () + v,))?

+ %—!([n/z(vl + D)Wy — Yoi (01 + 13)]

X (3 Wy — Yuawy) I, 1 (01 W2/ (V2 w1 )P/ 0, (01 + v2))* + ]

= E[4* + (vywy — l//UZW1)¢I[0,cw](U1 wy /(U2 w1 ))] (A.12)
where
a? a’
A*=—2—'A2+?A3+"'; A =y(v; + o)Wy —vy);

a? a’ 2
P = E(ZA + (V1w2 —Yoawy)) + “?,—'((UIWZ — Yoawy)
+34% + 340wy — Yoawy)) + -

Now, Ijg (01w (vawy)) = I, (w;) Where x = cyv,w, /vy, and as w; and w, are
independently distributed quadratic forms it follows that (A.12) can be written as

R(s3)=E, {4* + E,, [(v;w, — Yu,w )Pl q(w2)}

K, {A* 4 f (01w — Yaw) B (w3) dw2},

0

where f(-) is the density function of a xZ, variate. Then,

6R(s§)_ ox 0 [~
e E,, &’Xajo (vywy — Yo, w Pf (wy) dw,

= E,, {[(yw1v2)*/v,J(c = D f(cpvywy/v,) D*}, (A.13)

where @* is @ evaluated at w, = cyv,wy/vy. (A.13) will clearly be zero when ¢ = 0,
oo and 1. O



34 J.A. Giles, D.E.A. Giles | Journal of Statistical Planning and Inference 50 (1996) 21-35
Acknowledgements

The authors acknowledge the financial support provided by University of
Canterbury Research Grants # 1770901, 1787147 and 1894183. We are also grateful
to Mathew Cunneen and Jason Wong for providing research assistance with some of
the numerical evaluations, to Kazuhiro Ohtani for many useful discussions on non-
quadratic loss functions, and to Viren Srivastava and two anonymous referees for
helpful suggestions and comments.

References

Bancroft, T.A. (1944). On biases in estimation due to the use of preliminary tests of significance. Ann. Math.
Statist. 15, 190-204.

Bancroft, T.A. and C.-P. Han (1983). A note on pooling variances. J. Amer. Statist. Assoc. 78, 981-983.

Brent, R.P. (1974). A Gaussian pseudo-random number generator. Commun. ACM 17, 704-706.

Clarke, J.A. (1990). Preliminary-test estimation of the standard error of estimate in linear regression.
Economics Lett. 34, 27-32.

Clarke, J.A,, D.E.A. Giles and T.D. Wallace (1987). Estimating the error variance in regression after
a preliminary test of restrictions on the coefficients. J. Econometrics 34, 293-304.

Davies, R.B. (1980). The distribution of a linear combination of 2 random variables (Algorithm AS 155).
Appl. Statist. 29, 323-333.

Giles, D.E.A. (1993). Pre-test estimation in regression under absolute error loss. Economics Letters 41,
339-343.

Giles, J.A. (1992). Estimation of the error variance after a preliminary-test of homogeneity in a regression
model with spherically symmetric disturbances. J. Econometrics 53, 345-361.

Giles, J.A. and D.E.A. Giles (1993a). Preliminary-test estimation of the regression scale parameter when the
loss function is asymmetric. Commun. Statist. 22, 1709-1734.

Giles, J.A. and D.E.A. Giles (1993b). Pre-test estimation and testing in econometrics: Recent developments.
J. Economic Surveys 7, 145-197.

Greenberg, E. (1980). Finite sample moments of a preliminary-test estimator in the case of possible
heteroscedasticity. Econometrica 48, 1805-1813.

Kuo, L. and D.K. Dey (1990). On the admissibility of the linear estimators of the Poisson mean using
LINEX loss functions. Statist. Decisions 8, 201-210.

Ohtani, K. and T. Toyoda (1978). Minimax regret critical values for a preliminary test in pooling variance.
J. Japan Statist. Soc. 17, 15-20.

Parsian, A. (1990a). On the admissibility of an estimator of a normal mean vector under a LINEX loss
function. Ann. Institute Math. Statist. 42, 657-669.

Parsian, A. (1990b). Bayes estimation using a LINEX loss function. J. Sci. IROI 1, 305-307.

Parsian, A, N. Sanjari Farsipour and N. Nematollahi (1992). On the minimaxity of Pitman type
estimator under a LINEX loss function. Mimeograph, Department of Statistics, Shiraz University,
Shiraz, Iran.

Press, W.H., B.P. Flannery, S.A. Teukolsky and W.T. Vetterling (1986). Numerical Recipes: The Art of
Scientific Computing, Cambridge University Press, New York.

Rojo, J. (1987). On the admissibility of cX + d with respect to the LINEX loss function. Commun. Statist.
A16, 3745-3748.

Sadooghi-Alvandi, S.M. (1990). Estimation of the parameter of a Poisson distribution using a LINEX loss
function. Australian J. Statist. 32, 393-398.

Sadooghi-Alvandi, $.M. and N. Nematollahi (1989). A note on the admissibility of cX + d relative to the
LINEX loss function. Comm. Statist. A18, 1871-1873.

Sadooghi-Alvandi, S.M. and A. Parsian (1992). Estimation of the binomial parameter n using a LINEX loss
function. Commun. Statist. A18, forthcoming.



J.A. Giles, D.E.A. Giles | Journal of Statistical Planning and Inference 50 (1996) 21-35 35

SHAZAM (1993). SHAZAM Econometrics Computer Program: User’s Reference Manual Version 7.0,
McGraw-Hill, New York.

Srivastava, V.K. and B.B. Rao (1992). Estimation of disturbance variance in linear regression models under
asymmetric criterion. J. Quantitative Economics 8, 341-345.

Taylor, W.E. (1977). Small sample properties of a class of two stage Aitken estimators. Econometrica 45,
497-508.

Taylor, W.E. (1978). The heteroscedastic linear model: Exact finite sample results. Econometrica 46,
663-675.

Toyoda, T. and T.D. Wallace (1975). Estimation of variance after a preliminary test of homogeneity and
optimal levels of significance for the pre-test. J. Econometrics 3, 395-404.

Varian, H.R. (1975). A Bayesian approach to real estate assessment. In: S.E. Fienberg and A. Zellner, Eds.,
Studies in Bayesian Econometrics and Statistics In Honor of Leonard J. Savage, North-Holland,
Amsterdam, 195-208.

Zellner, A. (1986). Bayesian estimation and prediction using asymmetric loss functions. J. Amer. Statist.
Assoc. 81, 446-451.



