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Abstract

In this paper, we study the limiting distributions for the ordinary least squares (OLS), the fixed
effects (FE), first difference (FD), and the generalized least squares (GLS) estimators in a linear time
trend regression with a one-way error component model in the presence of serially correlated errors. We
show that when the error term is 1(0), the FE is asymptotically equivalent to GLS. However, when the
error term is I(1), the GLS could be less efficient than FD or FE estimators and FD is the most efficient
estimator. However, when the intercept is included in the model and the error term is I(0), the OLS,
FE, and GLS are asymptotically equivalent. The limiting distribution of the GLS depends on the initial
condition significantly when the error term is I(1) and an intercept is included in the regression. Monte
Carlo experiments are employed to compare the performance of these estimators in finite samples. The
main findings are: (1) the two-steps GLS estimators perform well if the variance component, A, is small
and close to zero when p < 1, (2) the FD estimator dominates the other estimators when p = 1 for all
values of A, and (3) the FE estimator is recommended in practice since it performs pretty well for all
values of p and A.

1 Introduction

In this paper we study the limiting distributions for the ordinary least squares (OLS), the fixed effects (FE),
first difference (FD), and the generalized least squares (GLS) estimators in a linear time trend regression
with a one-way error component model in the presence of serially correlated errors. There are two popular
ways of estimating a regression with error components, i.e., the FE model and the random-effect model.
A FE model can be estimated by OLS by conditioning on the error components, while the random-effect
model is usually estimated by GLS unconditionally. One advantage of using the FE estimator is that we

do not need to invert the variance-covariance matrix which could be computationally involved especially
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when the error terms are serially correlated (e.g., Baltagi and Li, 1991). However, as we will show later
in Theorems 1-4, the GLS will be the asymptotically efficient estimator when the error term is I(0) and
almost asymptotically efficient when the error term is I(1). On the other hand, econometricians have been
concerned with conditions for ordinary least squares (OLS) estimator to be asymptotically efficient, e.g.,
Grenander and Rosenblatt (1957), Kruskal (1968), Chipman (1979), Krémer (1982), Baltagi (1989), Phillips
and Park (1988), Canjels and Watson (1997), and Vogelsang (1998).

In this paper we show that when the error term is I(0), the FE is asymptotically equivalent to GLS and
the OLS is less efficient than the GLS. However, when the error term is I(1), GLS could be less efficient
than the FE and FD, and FD is the most efficient estimator. When the error term is I(0), the OLS, FE,
and GLS are all asymptotically equivalent if the intercept is included in the model. On the other hand, the
limiting distribution of the GLS depends on the initial condition significantly when the error term is I(1)
and an intercept is included in the regression.

Section 2 develops the asymptotic theory for OLS, FE, FD, and GLS estimators with 7(0) error term.
Section 3 gives the limiting distributions of OLS, FE, FD, and GLS estimators with I(1) error term. Section
4 discusses the effects of a fitted intercept. Section 5 discusses the feasible GLS estimators. Section 6
presents Monte Carlo results to evaluate the finite sample properties of the proposed estimators. Section 6
summarizes the findings. All proofs are in the Appendix.

A word on notation. We use -5 to denote convergence in distribution, % to denote convergence in
probability, [z] to denote the largest integer < x, and I(0) and I(1) to signify a time series that is integrated

of order zero and one, respectively.

2 OLS, FE, FD, and GLS Estimators

Consider the following simple linear trend with one way error component model
Yir = pt; + Bt + vit, (1)

i=1,..,N,t=1,..T, where {y; } are 1 x 1, 3 is the slope parameters, {yu,;} are the unobservable individual
effects with p; ~ iid (0,0%), and {vy} are AR(1) stationary disturbance terms with

Vit = pui—1 + €ir, |p| < 1, (2)

2
where i ~ iid (0,02). The p; are assumed to be independent of vy and vy ~ (0,02), where 02 = 13; S

Let wjz = p; + vir. We follow Canjels and Watson (1997) to assume the following initial conditions:



Assumption 1 v;; = Zg'j)] o €i1—j., where Kk is a parameter that governs the variance of the initial condi-

tion.

Remark 1 When k =0, v is Op(1). When k > 0, v;1 is O,(1) when vy is I(0) but is Op(Tl/Q) when v;

is I(1).

Remark 2 Model (1) can be seen as a panel regression with a non-zero drift I(1) regressor.

Remark 3 Many data sets have both a large time-series and a large cross-section dimension, e.g., Summers

and Heston (1991) data.

Our interest is on the estimates of the trend coefficient, (3, and the estimators to be considered are the

OLS estimator, the FE estimator, the FD estimator, and the GLS estimator. The OLS, Bo s, FE, BFE,

and FD, BFD, are:
N T
Do Dy Wit
N T J
Dict g1 PP

S S (= Dy

6OLS -

BFE = E—)
Sty S (t = 1)?
and N
’B _ Zizl (yz’T - yil)
D N(T-1)
where .
1 T+1

Next we consider the GLS, BG 1.5, (1) can be written in vector form

y=0X+u

(3)

(6)

where y is NT x 1, X is a vector of ' = (1,2,...,T) of dimension NT x 1, and w is NT x 1. In order to

obtain the GLS estimator we need to know the variance-covariance matrix of u, Q. It is known that

Q0 = E(uu)

= IN(X)E,

where

> = <(IZA + (TZLTL/T) ,



tris a T x 1 ones, Iy is an identity matrix and ® denotes Kronecker product. Then the GLS estimator is
-~ ! -1 ’
Borns = (X Q—lx) xX'Q . (7)
The limiting distributions of Bo LS B FEs B rp, and BG g are summarized as follows. All limits in Theorems
1 — 4 are taken as T" — oo followed by N — oo sequentially.
Theorem 1 Let y;; be generated from a simple time trend model in (1) where
Vit = PUst—1 + Eit,
with g4 ~ iid (0, O'g) and initial condition in Assumption 1. Then
> d
() VNT (Bors —B) > N (0,502),
(b) v NT3 (BFE 76) i N<07%) )
(¢) VNT (Brp—B8) % N (0,022257)

(d) \/W(BGLS—ﬁ) i’N<0 ﬁ)

' (1-p)?

Remark 4 The results in Theorem 1 still hold if the error term is assumed to be a martingale difference

sequence as in Cangels and Watson (1997).

Remark 5 When the error term, vy, is itd, then the equivalence of the GLS and FE estimators can be
shown easily. To see this, note that (e.g., Baltagi, 1995, p.16) the GLS is a weighted average of the BFE and
the between estimator, B B

BGLS = WBFE +(1-W) 337 (8)

where W is a weight. Note that W =1 and BB = 0 since the time trend, t, in (1) does not vary across i. It

is clear that /BFE and BGLS’ are identical.

Remark 6 If [xT] — oo, then VNT (BFD - 5) 4N (0, fT";—) .



Remark 7 We expect that the equivalence results in Theorems 1-4 will continue to hold if we replace the
time trend by the I1(1) regressor, though the speed of convergence of estimators will be slower. Also a fully
modified version of the estimators may be needed if the regressor is correlated to the regression error with the
I(1) regressor. The results will be reported by the authors in different papers. A fully modified FE estimator
has been studied by Kao and Chiang (1997).

Remark 8 Note that
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It follows that
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Clearly R (X 'z) # R(x) and hence R (Q'X) # R(X), where R signifies the range space of a matriz. It
follows by Kruskal’s theorem (1968) that GLS and OLS are not equivalent even asymptotically.

Assumption 2 e;; = d(L)eg,with d(L) = Y72 g d; L7, Y72 j|dj| < 00 and e ~ iid (0,02) .
Then we have following Corollary:

Corollary 1 Suppose e;; follows Assumption 2 and let y;; be generated from a simple time trend model in
(1) where
Vit = PUit—1 + Eit

and initial condition in Assumption 1. Then

() VNT (Bors —B) > N (0,502),

(b) \ NTS (BFE 76) i N<07%) )

(¢) VNT (Brp = 8) % N (0, (1) 22422

(d) VNT? (BGLS *5) 4N <07%) -
Remark 9 The GLS estimator in Corollary 1 ignores the 1(0) serial correlation associated with d(L), due
to the results in Grenander and Rosenblatt (1957).

3 Asymptotics of OLS, FE, FD, and GLS Estimators when p =1

Model (2) is restrictive because it excludes p = 1. We investigated the asymptotic properties of the OLS,
FE, FD and GLS estimators in Section 2 and found that the FE is asymptotically equivalent to the GLS
estimator when v;; is 1(0). In this section, we assume p = 1 in (2), i.e., vyt is I(1). We will show that the

previous conclusions in Section 2 are substantially altered when p = 1. Note that v;; = Z;:O €ij SO

Q:E(uu) —IyeY,
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where A = UT:“U—Z Next, let’s look at the GLS. First we note,
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Next,
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Remark 10 If A = U—Zi_“g—z =1, then GLS is reduced to the FD estimator.
€ I

Remark 11 Since vy is I(1), then for all i,

(KT

1 1

\/—Tvil = ﬁ Zé‘il_]‘ i N (O,Iio’g) .
7=0

Remark 12 The u; can not be consistently estimated when the error term is I1(1).
The limiting distributions of OLS, FE, FD, and GLS estimators are given in the next Theorem.
Theorem 2 Let y;; be generated from a simple time trend model in (1) where
Vit = Vit—1 T Eit,

with €5 ~ iid (07 (J'g) and v; = ZBK:];)] €1—j.. Then

(a) \/ﬁ (BOLS *5) 4, N (07 %) )

(b) VNT (Bpp —8) % N (0,402).

(¢) VNT (Bpp— ) % N (0.02).

(@) VNT (Bops — 8) N (0, [1+ (1= &) x| 02).
Remark 13 The limiting distribution of the GLS depends on the variance component, A = s

2
oZ+o7,

parameter that governs the variance of the initial error, K.

—L—= and the
b

Remark 14 If A <1 then % + %KJ +26A — kA? > 0. Hence the GLS estimator is also more efficient than

the OLS estimator with p = 1. However, the GLS could be less efficient than FD or FE estimators. For

example, the GLS is less efficient than FD unless k =0 or A = 1. Also the GLS is more efficient than the

FE only if (1 — A)2 K< %

Remark 15 Theorem 2 confirms the results of Baltagi and Chang (1992), i.e., the relative performance of

the estimators depends on the variance of the initial error in panel data.

Remark 16 The FD estimator is the most efficient estimator with p = 1.

Remark 17 In Appendiz E, we derive the limiting distribution of FE estimator when the error term, v,

is nearly 1(1).

11



Remark 18 It can be shown that

A
0
1
1.
_1 -

and then R (X7 'xz) # R(x) and R (0 'X) # R(X). It follows that by Theorem 1 in Kruskal (1968) that
the OLS and GLS are not equivalent even asymptotically.

Remark 19 From Theorems 1 and 2 we know that when the error term is I(0) the FE estimator is asymp-
totically efficient and when the error term is I(1), the FD estimator is asymptotically efficient. Hence the
inference on B in (1) can be carried out using the t-statistic from the FE when the error term is I(0) and
from the FD estimator when the error term is I(1).The tests on whether the error term is I(0) or I(1) in

(2) can be found in Kao (1997) and McCoskey and Kao (1998).

4 The Effects of a Fitted Intercept

An intercept is not included in (1) since the intercept can not be consistently estimated by any method when
the error term is I(1). However, it is usual in empirical work for panel regression to include an intercept

(e.g., Baltagi, 1995). Consider the following model in place of (1):
Yit = @+ Bt + wi, (9)
where « is the intercept,
Uit = fb; T Vit
and
Vit = poi—1 + €ir, |p] < 1.

We note that N . _
BOLS _ BFE _ Zi:1 Zt:l(t - t)yz't

N T o

D it = (= 1)?

From the proof of Theorem 1 we know the inclusion of a fitted intercept in (9) does not alter the asymptotic

distribution of 3 rp that is given in Theorem 1. Thus, the FE estimator has the same limiting distribution

whether or not an intercept is included in the regression. However the limiting distribution of 30 s will be

12



affected by a fitted intercept. In this case, the limiting distribution of Bo Ls 18
T (Rons ) v (0.2
(1=p)
since the OLS is identical to the FE estimator under model (9). Also from the proof of Theorem 1 we note
that the presence of the intercept does not influence the limiting distribution of the GLS estimator. The
following two theorems provide the limiting distributions of the FE, FD and GLS estimators under model

(9) with stationary error term and nonstationary error term.
Theorem 3 Let y;; be generated from a simple time trend model in (9) where
Vit = PU3—1 + it

with g4 ~ iid (0, (J'g) and initial condition in Assumption 1. Then

() VNT? (B = 8) 4 N (0, 52%2) -
(b) VNT (Brp —8) % N (0,022757),

(c) \/W(BGLS*ﬁ) iN<0 120, )

T (1-p)*

Remark 20 Theorem 3 shows that, when the error term is 1(0), the presence of the intercept does not

change the limiting distribution of the GLS estimator.
Theorem 4 Let y;; be generated from a simple time trend model in (9) where
Vit = Vit—1 + Eit,
with €4 ~ tid (07 (J'g) and initial condition in Assumption 1. Then
(a) VNT (Bps = 8) = N (0.402).
(b) VNT (Byp —8) = N (0.02),
(¢) VNT (BGLS’ *ﬁ) 4N (0,4r02) if & > 0,
(d) VNT (BGLS - ﬂ) LN (0,4 (02 +02)) if Kk =0.

Remark 21 Theorem 4 shows that the limiting distribution of the GLS estimator depends on the initializa-
tion parameter k when the error term is I(1) and the presence of the intercept. The GLS estimator is the
most efficient estimator since it is /NT consistent while the other estimators are VNT consistent if k = 0.
However, the GLS estimator could be less efficient than the FE and FD if k > 0 and large. For example, the
GLS is less efficient than the FD if k > i and is less efficient than the FE if k > 1—?6.

13



Remark 22 Ifv; is I(1), i.e., p =1, then the FE and FD estimators have the same limiting distributions

that are given in Theorem 2.

5 Feasible GLS Estimators

For the feasible GLS estimators we need the estimation of the variance components, A, and the autocorre-

lation coefficient p. The parameter p can be estimated easily, i.e.,

S S Wity "
N T ~ 27 ( )
Zi:l Zt:z (Wit—1)

where @;; is the estimated residual, taken from the FE estimation of the model in (1). It can be shown that

lp\:

pin (10) is a consistent estimator of p by using (b) in Theorem 1. The variance component can be estimated
in the same way as for the models without autocorrelation by using the variance decomposition and the
Prais-Winsten (PW) transformation as Baltagi and Li (1991) pointed out.

On the other hand, the efficiency of the GLS estimator also relies on x as we know from Theorem
2. Maeshiro (1976) pointed out that the Cochrane-Orcutt (CO) procedure, which ignores the information
contained in the first observation, performs worse than OLS for smoothly trended regressors. Beach and
MacKinnon (1978) and Park and Mitchell (1980) suggested that when the regressors are trended, estimation
using the PW transformation is more efficient than using the CO procedure. The importance of the initial

observation in panel data regression with AR(1) error terms has been studied recently by Baltagi and Chang

2

HIS no

(1992). However, when p = 1, u, can no longer be consistently estimated by any method and hence o

longer identifiable. It limits the usefulness of the GLS estimator when the error term is I(1).

6 Finite Sample Simulations of Estimators

In this section we will evaluate the finite sample properties of the OLS, FE, FD, GLS-CO, GLS-PW and
infeasible GLS estimators and ask whether the I(0) and I(1) asymptotic variance provide a useful guide for

choosing among the estimators in small samples. The model is set as follows:
Yie = p; + 0t +up, i =1,.. Nt =1,...T,
where 8 =1 and with p; YN (0,0%) and v;; follows an AR(1) with

Vit = PU4t—1 + Eit,

14



e N (0,02) and vy = S0 piey ;. where & = (0,0.1,0.25,1.0) and p = (0,0.2,0.4,0.6,0.8,0.9,0.95,1.0) .

We fix 02 4+ 02 = 10 and let A = é‘g—ﬁ take the values (0,0.2,0.4,0.6,0.8) . The following sample size com-
binations are used: N = 25,50 and T = 25,50. Each experiment involves 10,000 replications. For each
replication we estimated the model using OLS, FE, FD, GLS-CO, GLS-PW and infeasible GLS estimators.
The simulations were performed by a Ultra Enterprise 3000. GAUSS 3.2.31 was used to perform the simula-
tions. Random numbers for p,; and €;; were generated by the GAUSS procedure RNDNS. At each replication,
we generated an N (T + 1000) length of random numbers and then split it into N series so that each series
had the same mean and variance. The first 1,000 observations were discarded for each series.

Tables 1-2 give the mean square error (MSE) of the various estimators of 3 relative to the infeasible GLS
estimator for various values of p, A, and k when N =T = 25. We do not report the cases when N and T
are more then 25 since the results are similar to Tables 1 and 2. We also do not report the bias which was
negligibly small for all the estimators. The FE, GLS-CO and GLS-PW estimators are essentially efficient
and are preferred to the FD and OLS estimators as predicted from Theorem 1 with p < 1 but not too close
to 1. However, when p = 1, the FD estimator is efficient and is preferred to the OLS and FE estimators as
predicted from Theorem 2. The OLS, GLS-CO and GLS-PW estimators perform poorly for large values of
A. Interestingly, the FE and FD estimators perform well for large values of A. This observation was also
noted by Baltagi (1981, p. 43). In general, the FD estimator is better than the OLS when A is large and is
better than the FE estimator when p is closer to 1. However, the FD estimator is worse than the OLS when
A is small and also worse than the FE when p is small. The relative performance of the OLS, FE and FD
also depends critically on £ when p = 1. When « = 0, the FD estimator is as efficient as the infeasible GLS
estimator and dominates the OLS and FE estimators. As we expected from Theorem 2, the FD estimator
is more efficient than the infeasible GLS estimator when k > .1, though the better performance of the FD
estimator decreases as A increases. Overall, the FE estimator performs relatively well when compared to

other methods.

7 Conclusion

This paper considers a linear time trend model with one-way error component with serially correlated error
term and studies the limiting distributions of the OLS, FE, FD, GLS-CO, and GLS-PW estimators. The

results are confirmed by means of Monte Carlo experiments. The main findings are:

1. The GLS-CO and GLS-PW estimators perform well if the variance component, A, is small and close

to zero when p < 1.
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2. The FD estimator dominates the other estimators when p = 1 for all values of A.

3. The FE estimator is recommend in practice since it performs pretty well for all values of p and A.

Appendix

A Proof of Theorem 1

Proof. (b) Equation (3) can be expressed as

Sty Yy (=D
il S (1P

Bpp— 0=

We multiply (11) by v NT3, resulting in

_ S ST - B
P _ UNTB Lai=1 Lat=1
NT (Prs =) = %2& ST e-12

It is straightforward to show that

T, o NT(T?2-1)
;;(t_t) - 12
= O(N'T?).

Thus, the leading term in SN SN (¢ — )% is NI—T;, that is

TR Y 1
WZZ(t—t) ST

=1 t=1

(11)

(12)

(13)

We turn next to the numerator in (12). It can be shown that (e.g., Hamilton, 1994) if ¢ (L) is a possible

infinite polynomial in the lag operator L, such that ¢ (z) has all of its roots outside the unit circle then

T 2
T—3/2 Zw] (L) & 4N (07 021/}%)
t=1

and

T 2 2
—3/2 _ 3 d ozy (1)
T ;(t D (L)e, S N (0, ~0 |
Note that v, = Y372 p/ L7e;. Choose ¢ (L) = Y72 p/ L7 and 4 (1) = 352 p) = 1—ip we have
T

\/Lﬁ Z T2y (- Dui = \/LN ZT_3/2 D (=) (u; + var)

t=1
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1 N T
- LSy,
m i=1 t=1
1 N T
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Now for fixed N as T — oo we have

1 S e, - g 1 o2 1

t
t=1 \/N 7=1
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ﬁ Pimt 2 (E—Duir 4 1 1202
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— E N o, —052 4 N o, —052
VNZ':1 (1_10) (1_10)
as N — oo (in fact, it is true for all N) proving (b). (a) can be shown similarly by following the proof of (b).

To see this, first we note that

BOLS —g= Zi\;1 Zf:l tui
= N T :
Dimt g B
Then for a fixed IV, we obtain
N T N T
DD tun = 3D (it i)
i=1 t=1 i=1 t=1
N T N T
SOV » 9
i=1 =1 i=1 t=1

Moo
= ZMEO(TQHO(TW).
=1

It follows that for a fixed N as T' — oo,

Hence,
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as N — oo. Finally,
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proving (d). Finally, we show the limiting distribution of the FD estimator.
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B Proof of Theorem 2

Following Canjels and Watson (1997) we note that when p =1
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as T'— oo and then N — oo proving (a). Next we prove (c).
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C Proof of Theorem 3

Proof. It will be convenient to center the observation so that z =t —%. From the proof of Theorem 1 we
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Now, for a fixed N we know from Canjels and Watson (1997)

1 vlﬁ/ 5—— §) + €T, ()| ds
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respectively, where W (r) is a standard Brownian Motion and W (r) is another standard Brownian Motion
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Table 1: Relative Efficiencies of Estimators

k=0 k=0.1

A P OLS FE FD GLS-CO  GLS-PW OLS FE FD GLS-CO  GLS-PW

0 0 1 235 .054 919 .956 1 235 .054 919 .956
0.2 .997 241 .079 .924 961 997 .239 .078 .923 .960
04 .982 .250 125 .932 .969 982 .245 116 928 .966
0.6 .950 .269 217 .944 .982 .949 .255 184 .935 974
0.8 .876 343 .450 957 .995 871 .308 .355 .949 .988
09 .813 493 .709 961 .999 791 442 .592 .955 .994
0.95 .799 .654 875 .969 1.007 749 617 .806 .953 .992
1.0 .853 .831 957 .803 .896 1.031

02 0 518 .683 157 917 .956 518 .683 157 917 .956
0.2 .623 .608 201 925 .964 .625 .606 198 .926 .965
04 732 .516 257 .934 973 738 .509 241 937 977
0.6 .818 425 .343 941 .979 .826 407 .293 .946 .985
0.8 .828 405 .532 .946 .984 .825 .364 .420 .949 .988
09 .785 519 746 .948 .985 .764 465 .622 .949 .988
0.95 .776 .663 .887 .955 .993 729 .626 .818 .946 .984
1.0 .845 .838 .964 776 .879 1.013

04 O .268 .839 .193 747 779 .268 .839 .193 747 779
0.2 .354 779 257 779 .813 .355 778 .254 781 .815
0.4 .469 .684 341 .824 .860 AT .680 .322 .834 .870
0.6 .611 .559 .450 872 .909 .629 .546 .393 .894 .932
0.8 .731 478 627 914 .952 738 434 .501 934 972
09 .737 .552 799 .929 .965 721 498 .667 .939 .998
0.95 .741 678 .907 .937 973 .699 .639 .836 .936 973
1.0 .828 .845 972 147 .869 1.000

06 O .136 919 211 .465 .485 .136 919 211 .465 .485
0.2 .188 878 .289 .526 .549 189 878 287 .528 551
0.4 .269 .799 .398 .614 .641 276 .801 .379 627 .654
0.6 .394 .674 .543 723 754 416 673 485 759 792
0.8 .570 .559 734 841 .876 .592 522 .603 .883 .920
0.9 .647 .607 .873 .895 931 .639 .548 734 919 .956
0.95 .678 703 941 910 .945 .643 .664 .868 .920 .957
1.0 .790 .852 981 .706 .863 .994

0.8 0 .055 967 222 191 .199 .055 967 222 191 .199
0.2 .078 943 311 251 .261 .079 943 .308 .252 .263
04 .118 .883 .440 .344 .359 122 .891 422 .354 .370
0.6 .189 773 .622 487 .509 204 .790 .569 .525 .549
0.8 .328 .645 .847 .690 719 .359 .645 734 759 793
0.9 454 678 975 .822 .856 463 627 .839 .864 .900
0.95 .535 749 1.003 .869 .904 515 711 .929 .893 .929
1.0 .686 .859 .990 .616 .863 .993

Note:
(a) N =T= 25.

(b) Relative efficiency is the ratio of the mean square error of the infeasible GLS estimator to the mean
square error of the estimator given in row 2.
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Table 2: Relative Efficiencies of Estimators

k=0.25 k=1

A P OLS FE FD GLS-CO  GLS-PW OLS FE FD GLS-CO  GLS-PW

0 0 1 235 .054 919 .956 1 235 .054 919 .956
0.2 .997 .240 .078 923 .960 997 .240 .078 .923 .960
0.4 .982 .245 116 .928 .966 982 .245 116 928 .966
0.6 .949 253 179 .935 973 .949 253 179 .935 973
0.8 .869 291 .316 .944 .983 .868 .288 .310 943 .982
0.9 .769 .398 501 .953 .992 752 .369 451 947 .986
0.95 .689 .569 721 .952 991 702 .499 612 .950 .989
1.0 .735 1.021 1.175 .599 1.657 1.907

02 0 518 .683 157 917 .956 518 .683 157 917 .956
0.2 .625 .606 198 .926 .965 .625 .606 198 .926 .965
04 .738 .508 .240 .938 977 738 .508 .240 .938 977
0.6 .828 404 .286 947 .986 827 404 .286 947 .986
0.8 .825 .345 374 .949 .988 .824 341 .367 .949 987
09 .745 418 .527 951 .989 728 .388 474 .948 987
0.95 .674 BT 731 .948 987 .b88 .506 .619 .950 .989
1.0 .683 .959 1.105 492 1.375 1.583

04 O .268 .839 123 747 779 .268 .839 .193 747 779
0.2 .355 778 .254 781 .815 .355 778 .254 781 .815
0.4 477 .680 .322 .834 .870 ATT .680 .322 .834 .870
0.6 .633 .545 .386 .897 .935 .633 .545 .386 897 .935
0.8 .745 415 .450 .942 981 744 411 .442 .943 .982
09 .707 .449 .566 .949 987 .692 417 .510 .949 .988
0.95 .649 .590 748 .944 .982 .569 518 .634 951 .989
1.0 .637 914 1.052 407 1.151 1.325

06 O .136 919 211 .465 .485 .136 919 211 .465 .485
0.2 .189 878 287 .528 .551 189 878 287 .528 551
04 .276 .801 .379 .627 .655 276 .801 .379 627 .655
0.6 .420 .674 A77 764 197 419 .674 AT77 764 197
0.8 .607 507 .b51 .905 943 .608 503 541 .908 .946
0.9 .636 .499 .628 .939 977 .626 465 .567 947 .985
0.95 .604 .613 177 .937 975 .536 .538 .659 951 .989
1.0 .592 .883 1.016 342 .989 1.139

0.8 0 .079 943 .308 191 .263 .055 967 222 191 .199
0.2 .078 943 311 .252 .261 .078 943 .308 .252 .263
04 .122 .891 421 .355 371 122 .891 421 .355 371
0.6 .207 794 .563 531 .554 207 794 .562 531 .554
0.8 .379 .634 .689 197 .832 .382 .632 .679 .804 .838
0.9 .476 .586 738 .903 .940 479 .556 677 .926 .964
0.95 .496 .661 .838 .922 .959 454 .585 117 .949 987
1.0 .520 .867 998 .289 .894 1.029

Note:
(a) N =T= 25.

(b) Relative efficiency is the ratio of the mean square error of the infeasible GLS estimator to the mean
square error of the estimator given in row 2.
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