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1 Introduction

Does the structure of the Fisher Information Matrix (FIM, hereafter) matter in
model specification and selection? Does the FIM matter in testing and/or in
inference analysis particularly in the two way random effects panel data model?
Which FIM results are more relevant or appealing? Observed or exact FIM
results?

This paper seeks to get the FIM of the two-way random effects panel data
model in the absence or presence of heteroscedasticity. The approach developed
follows that in [1, 4, 3, 17, 18, 20, 24] and [28]. The FIM crucially depends on the
variance covariance matrix. This matrix is obtained in four cases (homoscedas-
ticity, heteroscedasticity on the unobservable individual effect, heteroscedasticity
on the composite term and heteroscedasticity on both individual and compos-
ite terms); the paper does not consider groupwise heteroscedasticity or group
membership heteroscedasticity as well as cluster heteroscedasticity (see [10, 15]
and [19]) for example on the unobservable time effect.

This paper rather focuses on an alternative simple procedure for obtain-
ing the FIM that accounts for homoscedasticity and/or various heteroscedasticity
schemes in the two-way random effect model. It proposes a case-by-case approach
rather than an elaborated sequence of steps and built-in functions used by earlier
researchers.

The contributions of this paper are therefore twofold: (i) the derivation of
the FIM based on different forms of homoscedasticity and/or heteroskedasticity;
an important aspect in model specification; (ii) and thereby the exploration of
how to choose the correct model specification in this context.

To do that, we develop a new and efficient procedure for computing the
FIM in the two-way random effect model; the new procedure is obtained under
homoscedasticity as well as well as various cases of heteroscedasticity.

The remainder of the paper is organized as follows: Section 2 describes
the mathematical problem to be addressed. Section 3 sets out some preliminary
results. Section 4 presents the main results while Section 5 discusses some com-
putational issues. Section 6 provides two real data examples with discussions.
Section 7 concludes the paper.
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2 The mathematical problem

This section deals with the mathematical problem to address and some back-
ground information.

2.1 The FIM and related problem

We are interested in the derivation and computation of the FIM for the two-way
random effects model (commonly encountered in theoretical as well as empirical
studies) in the presence of various forms of heteroskedasticity.

Let Y = (Y1,...,Y,) be a random sample, and let f(Y'|#) denote the prob-
ability density function for some model of the data, which has parameter vector
0 = (61,...,0,)". Then the FIM I,(0) of sample size n is given by the r x r
symmetric matrix whose ij-th element is

O?In f(Y | 9)]

(2.1) I,(0);; = —E [ 26,00,

This definition strictly corresponds to the expected FIM. If no expectation is
taken we obtain a data-dependent quantity that is called the observed FIM. We
are interested in the derivation and computation of the expected FIM for the
two-way random effects panel data model in the presence of heteroskedasticity.

2.2 The two way error components model

We consider the following two way error components model
(2.2) Yit = o+ X8 + wir; i=1,---,N; t=1,---.T

with ¢ denoting households, individuals, firms, countries, etc., and ¢ denoting
time. The subscript i, therefore, denotes the cross-section dimension whereas t
denotes the time-series dimension. ¥;; is the dependent variable for ¢ at time t.
B is a K x 1 scalar, X;; is it-th observation on K explanatory variables. In this
paper, we deal with two-way error components disturbances

(2.3) Uit = i + At + Vi,

where p; denotes the unobservable individual effect, A\; denotes the unobservable
time effect and v is the remainder stochastic disturbance term. u;, A\¢ account for
any individual specific effect or time-specific effect not included in the regression.
In vector form, (2.2) can be written as

(2.4) U= Zyp+ Z\\+v,

where Z,, = INy®ir, Iy is an identity matrix of dimension N, ir is a vector of ones
of dimension T" and ® denotes Kronecker product. Z,, is a selector matrix of ones
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and zeros, or simply the matrix of individual dummies included in the regression
to estimate the p; (assuming they are fixed parameters to be estimated). Likewise,
Zy = iy ® Ip is the matrix of time dummies of ones which may be included
in the regression to estimate the \; (assuming they are fixed parameters to be
estimated). p, A and v are defined as in [1].

In vector form (2.2) can be written as
(2.5) y=oinrt + XB+u=2Zy+u,

where yis NT x 1, X is NT x K, Z = [in7p, X|, 7' = (¢/, 8') and in7 is a vector
of ones.

2.3 Variance-covariance matrix of u

To obtain the variance-covariance matrix of the overall error term u, we assume
the following.

Assumption A;. (General case): The vectors A, v and p are pairwise
independent. Each of them is identically and independently normally distributed
with mean 0 and variances o3I, odiag(h,(wjf,)) and oZdiag(h,(20,)). hy
and h,, are differentiable functions from R to R, w; = (wy;, ..., wp;) € RP and
zi = (214, ..., 2¢i)’ € R? are defined as in [3].

In the following, we set D, = diag(h,(w;6,)) and D, = diag(h.(2/0,)).
Based on the general assumption A7, the variance-covariance matrix of the com-
posite disturbance u is defined by

QO =E(u') = 02 Z,DyZ), + 03222\ + 02D, @ Ir.

Therefore,
Q=0.D, @ipip + oxiniy @ Ir + 04D, @ Iy

which can be simplified to
(2.6) Q=0.(Dy®Ir) + 0..(Dy @ Jr) + 03 (JIn © Ir)

. .y .
with Jr = i7i, and Jy = ini)y.

2.4 Inverse of error variance-covariance matrix: (!

In order to get Q! we use the spectral decomposition in [32]. After replacing
Jn by NjN, Iy by Ex + jN, Jr by TjT and Ir by Ep + jT and collecting
terms with the same matrices, we obtain

2.7) Q= [o.Dy+03JN]| ® Er + 0D, + To. Dy + 03JIn| @ Jr.
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The spectral decomposition allows us to write
(2.8) O l= Ci® Ep+ Cy ®7T

with C1 = ((¢2D,,0) and Cy = ((02D,, UHD ), where

(X1, X2) = [Xi+TXz+ 03 (iniy)] '

o3 (X1 +TX2) ' Iy (X1 +TXo) ™!
(1+ a3ty (X1 +TX2) i)

= (X1 +TXy) ' =

The formula used to obtain the inverse of X1 +7TX5+03 (int)y) is provided by [9].

3 Some preliminary results

This section deals with the derivation of E [—d?*((0 | u)], where £(6 | y) is the
log-likelihood of observations. The relationship between this expectation and the
FIM is given by

: %0 | y)
2 . .
E [-d*¢(0 | y)] E:E:E[ 96,06, ]d&ld@

i=1j5=1

= iiln(e)i,jdeidej

i=1j=1

(3.1) = (d0)'I,,(0)(d0),

where df = (db, ..., d#b,.)".

3.1 First order derivatives of the log-likelihood function

If i, A+ and v are independent and identically normally distributed (from as-
sumption A, ), the joint distribution of y = (Y11, -, Y17 Y21, <+, Y2T's ey YNy -y YNT)'
is the NT-multivariate normal distribution and the likelihood of the observations
is

1
L y) = —=r

— N7 1 &KX —} _ ro-1/,,
(27)7 [0 p( oy = X8y y X,B)).

Since u =y — X0,

1 1
LO|u)=——F7——Fexp (—u’Qlu> .
(2m)"= |22 2

By taking the logarithm of the likelihood of observations

(3.2) (@ |u)=InL(f|u)= C—fln|Q\ qu Lu,



6 P. TAKAM et al.

where 0 = (02,0 M,a/\,ﬁ' 0,,0) € R" (with r = p+ ¢+ k + 3) is the vector of

parameters and C' = ln(27r) is a constant.
We observe that the log-likelihood is continuous and at least twice differ-

entiable with respect to each parameter. The first and second order differentials
are given by the following.

Lemma 3.1.  The first order differential of L is
(3.3) e | u) = —%tr (Q71dQ) —W/'Q 'du + %U’QfldQ Q.
The differential of u is du = —XdB. The differential of ) is
dQ = (D, @ Ir)do? + (D, ® JT)da2 + (Jy @ Ip)do?

—|-o'22 ;i ® Ir)do, ; + U#Z D;j/ ® JT)de,u,j’y
J'=1

oD
where D, ; = —~ forj=1,...,p and D 7

for i =1,
99, or j'

0
aau J

Proof of Lemma 3.1: We have

| u) =0— %dln 1] — %d (W'Q )
= L@ ae) - Lawa ),
2 2
where we used the formula d1n Q| = tr (Q7'dQ). We also have
d (u'Q_lu) =d (u'Q_lu)u +u'd (Q_l) u
% (W ) du +W'dQ
= 20/Q du — Q7O - Q7

where we used the fact that dX ! = —X1dX - X1 O
3.2 Second order derivatives of the log likelihood function

Lemma 3.2.  The second order differential of L is
d*(0 | u) = %tr (QldQ-Q71da) — %tr (Q7'd*Q)
—/Q 71 - Q7R - Q  u + %U’Q_ldQQ Q7
(3.4) +/'Q7LdQ - Q7 du — du/Q L.
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Proof of Lemma 3.2:  We have
d*(0 | u) = —%tr (d[Q71dQ]) — d (W du) + %d (W Q- QM)

_ 1 +1
= 271 72 2W37

where

v = tr (d(Q7)dQ+ Q7 'd*Q) = tr (—Q71dQ - Q71O + Q1 dPQ)
= —tr (Q1dQ- Q7 1dQ) +tr (Q7'd*Q),

v2 = d (W du) =d (WQ  du) , + d (WQ T du),

=d(@WQ™") du+d'Q 7 d (du), +u'd(Q7), du
= du'Q 7 'du+0—0'Q7'dQ - dQ ™ du

and

v3 = d (u’QfldQ . Qflu) =d (u’QfldQ . Qflu)u +d (u’QfldQ . Qflu)Q
= 20/'Q7 10 - Q  du + 4,
where
vy =dWQ Q- Q) =d(WQ),dY- Q  u+ Q7 (A2 Q)
= d (W) d2- Q7 u+ A4 = —/'Q 1.0 Q.0 u + 45

with
vy = u'Q 7 (d- Q) = w'Q7 [P Qw4+ dQ - d(Q7 ) ul
= d/'Q Q- Q7w — Q7 - Q7 - Q.
We deduce the final result (3.4). O

3.3 Expectation of d?¢

By taking the expectation of —d?¢(f | u), we obtain after some algebra the
following Lemma.

Lemma 3.3.  Assuming that |d2((f | u)| is integrable,

(3.5) E (—d?¢(0 | u)) = %tr (Q71dQ.Q71dQ) + df'X'Q 1 X dp.

Proof of Lemma 3.3:  The proof uses the equality

E(u'Au) = E (tr(v' Au)) = E[tr(Aud)] = tr (E[(Aud)]) = Atr(Q),
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where u is a random vector and A is a matrix of constant terms. The expectation
of d?¢ is then given by

1 1 1
E (d2€(9 ] u)) = —Kg— =K1 — Ko + =K3 + K4 — K5,
2 2 2
where
ko = tr (Q71dQ-Q71dQ) , Ky =tr (Q71d*Q),

ko = E[/Q71dQ-Q71dQ - Q] = tr[Q71dQ - Q71dQ - QT E(ud)]
= tr[Q71dQ - Q71 - Q7Q] = tr[Q71dQ - Q71O

k3 = E[u/Q7'd*Q - Q7] = tr[Q71d?Q)],
ke = E[0'Q71dQ - Q7 'du] = —E['Q71dQ - Q7' X d8]
= —E[u]'Q7'dQ- Q7' Xdp =0,
and
ks = E[du/Q 'du] = E[dB'X'Q "' XdB].
We obtain that k1 = k3, k4 = 0 and kg = k2. We deduce that E (d*¢(0 | u))

—5k0 — k5 and E (—d*0(0 | u)) = §ro + K5 which is the desired result. O

The following is an important Lemma based on symmetric matrices.

Lemma 3.4. If A is a symmetric and square matrix of order p+ q, for a
given vector z = (z,y) € RPYY, where x = (21, ...,xp) € RP, y = (y1,...,y,) € RY,
we have the following equality

Az =a'Apx + 22" A, gy + Y Agy,

where

A, A
A— [ P p,q] 7
AL, A

where A,, A, and A, , are matrices of dimensions of (p,p), (¢,q) and (p,q)
respectively.

Proof of Lemma 3.4:  The proof of this Lemma is straightforward. [
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4 Main results

We now turn to the main results obtained in this paper. The vector of parameters
is denoted by 6 = (01,...,0,)", where 01 = 02; 6y = ai, 03 = o3; (0j43 =
0”’j)léj§p; (9j+p+3 = Hﬂ»j)lgqu and (9q+p+3+j = Bj)lsjgk We denote by 6 the
vector of dimension (p + ¢ + 3) defined by 6; = 6, for j = 1,...,p+ g+ 3. The
following proposition gives the relationship between the FIM at 6, the FIM at 6
and the FIM at .

_ Proposition 4.1.  Ifdf = (d@l,dﬁl)’ with dB = (dpy, ...,dBr) € R and
df = (do?,do?., dos, {dbv;}tizy . o AdOustmn ) € RPHH3 we have

1111

(4.1)(d0) L, (0)(d0) = (dO)'1,(6)(d) + 2(dB) I (0, B)(dB) + (dB)'Ln(B)(d),

where
I,(0) 1.0, 5)
I,(0) = _
I,(0,8) I.(B)
and
_ 82£(u|9)] { 9%t (UI9)]
L@ -k |-24v19) 1(B) =E :
(6) [ 90:00; |1<ii<prars (5) 9B:i0B; |1<;j<n

L.(@, ):E[—M(“wq
00i0B; 1 1<j<i

1<i<p+g+3

™

Proof of Proposition 4.1:  Using Lemma 3.4, the proof is straightfor-
ward. O

At this stage, computing the FIM requires the derivation of tr (Q_ldQ.Q_ldQ).
By multiplying df2 (given in (3.4)) with the expression of 27! from equation (2.8),
we obtain
07'dQ = [C1D, ® Ep + C2D, @ Jrldop + (CoDy @ T'7)do,
N———

Q1 Qo

+[C1Jn ® Er + Cydy @ Jrldos + Z 2(C1D;};, ® Br + C2 D}y, @ Jr))db,j,

2 h= Q345
q p+q+3
+> (ol(CoDy, 5, @ T 1)) db) 5, = Z Q;d0; _ZQ .db;.

Jj2=1
Qp+3+4s
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We deduce that the trace of Q~1d.Q~1dQ is

r—kr—k

tr (Q71dQ.Q71dQ) = ) Tt () db;do;.

i=1 j=1

From Lemma 3.3, the expectation of —d2¢(u | #) can be written as
1
(4.2) Eg [~d*(u|0)] Z Z tr (€,Q;) d0;d0; + (dB) (X'Q 1 X)(dB).
1:1]:1
By comparing equations (3.1), (4.1) and (4.2), we deduce that
I,(6,8) = O with I,(8) = X'Q71X.

The derivation of the FIM I,,(#) is then based on the derivation of I,,(9). From
equation (4.2), the terms of I,,(6) are given by I,,(0); ; = a;; = 5tr (2;Q;) or in
matrix form as

1x 1

1xp 1xq

- 1xp 1xq
R I

o [ma! [l [ e

axXp axq

o [maa ! [ [ (A

I,,(0) is a symmetric block matrix where the terms in boxes are also matrices
with the dimensions indicated at the top of the boxes. We need to evaluate the
components of 6:

a;j = aj; = %tr(Qin) for i,j € {1,2,3};

a;4(j1) = ay;(j1) = %tr(Qinl_,_p,) fori=1:3 and for j; = 1:p;
a;5(j2) = a5 ;(j2) = %tr(QiQergﬂQ) fori=1:3 and for jo=1:¢;
as4(J1,J2) = %tr(Qj1+3Qj2+3) for 1 < j1,72 < p;

o o 1 . .
ay5(J1,J2) = a5 4(j1,J2) = §tr(Qj1+3Qj2+p+3) for 1 <j1 <p,1 <52 <g;

o 1 ..
as5(J1,j2) = §tf(9j1+p+39j2+p+3) for 1 < j1,j2 < gq.

Remark 4.1.  In order to evaluate the components of 0, we will use the
fact that EprJr = O, E% = FEp, tr(JT) =1 and tr(ET) =T—-1.
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From the Remark 4.1 we will show how the components of § can be written
in terms of C1, Co, Jy, D, and D,,.

To illustrate the computation of a;;, we give, for example, the details of
calculating aq,1. By the definition, a1 = %tr(Q%) with 02 = C1D,C1D, ® E% +
C1D,CyD, ® ErJr + CoD,C1D, ® JpEr + CoD,CsD, ® Ja. Now using the
fact that EpJr = O, E% = Er, j% = Jr, tr(jT) =1, tr(ET) =T —1 and
taking the trace of Q%, we obtain a1 = (Tgl)tr [C’lDyClDy] + %tr [CQDZ,CQDV].
The other coefficients are obtained in the same way. The coefficients are given in
Appendix A.

Remark 4.2. A quick inspection of the elements of I,,(f) in Appendix B
reveals that they are all written as linear combinations of tr (ClMlchg), where
M, € {diag(n;), Jn} and My € {diag(+;), Jn} [i-e. either diagonal matrices or
square matrices of ones].

To have the final expressions of a;;, it suffices to evaluate the quantity
tr(ClMngMg) in the following cases:

e Case 1: tr(C’lMngMg), where My = diag(n;) and My = diag(1);) are
diagonal matrices.

e Case 2: tr(ClMngMg), where M; = Jy and My = diag(y;) or My =
diag(n;) and My = Jy, that is one is a diagonal matrix while the other is
a square matrix of ones.

e Case 3: tI‘(ClMlchQ), where M7 = Jy and My = Jy are all square
matrices of ones.

Before evaluating the three previous quantities above, we make the following
important remark to ease the calculation of traces.

Remark 4.3.  Using the expressions of C and Cj given by equation (2.9),
we can prove that

211 -1
osD; " JIND;,
2./ =1
1+ o3iyD; "in

C,=D;"' - =<(Dy,0),l=1,2

with Dy = diag(¥; ') and Dy = diag(e; ).

In fact, by definition of C; and Ca, we have C; = ¢(02D,,0) and Cy =
s(o2D,, aiDu) which can also be written as Cy = ¢(02D,, + TO'/%DN, 0). We then
deduce that

(4.3) ;1 = o2h, (wi6,) and ¢; ! = o2h, (w}6,) + Taghu(zgeu).

We can also observe that in the case of homokedasticity, ¥; = 1/02 and ¢; =
1/(0? + Taz).
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5 Some computational issues

If we derive a specific formula for the calculation of tr(C’l My C’2M2), it will defini-
tively ease the computation of the FIM I,,() and thereby that of the FIM I,,(6).
We consider matrices D1, Do, C1, Co, M1 and M> as defined earlier. According to
the definition of My and Mo, tr (C’lM 1C’2M2) is obtained through the real valued
functions ¥;(i = 1,2, 3) given by the following propositions.

Proposition 5.1.  If My = diag(n;) # iniy and My = diag(v;) # inty
then

A<NOIY OO P>
(CLMCHME) = Wi(0,5,6,0) =< @b, )0 ¢ > —ATOVY OO0

1+ o%ilyo
(5.1) _o§<n®z9®19w®<z>> oy <Y OP>< P, IO ¢ >
' 1+ o3i\0 (1+ o2i\9) (1 + 03y 9)

with <,> and ® denoting the inner and Hardamar products, respectively.

Proof of Proposition 5.1:  The proof follows since

2D—1'/ . D—IM QD_l., . D_lM
tr(ClMlCQMQ) = tr [(DllMl_ O-A 1 ZNZJV 1 1) (D21M2— U)\ 2 ZNZN 2 2

. 1. . 1.
1+ o%iy Dy Vin 1 —|—J§\2’ND2 IN

o%iy Dy ' MyDy? M1D2 iN
1+U>\ZND2 iN
o3iNyDy MDDy My Dy iy o) (i Dy MAD, i) (i Dy ' Ma Dy i)

= tr (Dy'M1 Dy My) —

1+ 03iy Dy lin (1+o3iy Dy in) (14 03iy Dy lin)
N N N
=" Wi — 0% Lim g} 03 3oy Vi i
- 1Y
i=1 1+ 03 fo\il i 1+03 sz\il U

a5 (Zz]\il 191”71‘@') (Zfil ﬁiwi@-)
(1 +oi i 191') (1 +o3 Y, ¢i)
03 <nNEIYO IO P >

_l’_

=<nNONYOP>—

1+ o3ilyo
_a§<n®z9®19 YOG > +a§<77,19®¢>><1/1,19®¢>
1+ o3ily0 (1 + o3i0) (1 + 03i\ )

Proposition 5.2.  If My = diag(n;) and My = iyi'y, then
<Y ¢ >
(1+ 03ihV) (1 + o3ilyo)

For M, = inty and My = diag(v;), we just need to interchange the subscripts 1
and 2 leading to Wo(n, v, ¢).

(5.2) tr (C1M1CoMa) = Wo(9,n, ¢) =
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Proof of Proposition 5.2:  We have

o3 (iy Dy in)(iy DT M1 Dy Vi)
1+ 0%ilyDy iy
oX(in Dy M Dy lin) (i Dy lin)
1+ o3y Dy tin
o3 ((iy Dy M1 D5 Vi) (iy Dy tin) (i Dy i)
(1+ o3iyDylin) (14 02ily Dy in) '

tr(ClMngMg) = tr (i?VDflMngliN) —

Now if B = i D" My D5 i (which is a scalar), observing that i Dy Viy = i\
and iy Dy tiy = i\y¢, we have

o3(iy¢)B o3 B(iyV) oA B (il ¢) (ihy9)
tr(clMlCQMQ) =B- N2~/ - 2]X )\2./ N N2./
B <9 ®¢ >

T (1402 (1+02iyg)  (1+02iy®) (1+ o2iyd)
We deduce that for M; = iniy and My = diag(v;),

tr (C1M1C2MQ) = tr (ClMQCQMl)
B <P, IO P>
— (1+03ing)(1+ o3in )

since tr(I1J) = tr(JI) for any matrices I and J where the matrix product holds.
O

Proposition 5.3.  If My = inty = Mo, then

(i ¢) (i)
(1+ 03iyo) (1 + o3iy0)

(5.3) tr (C1M1CoM3) = W3(9, ¢) =

Proof of Proposition 5.3:  Since for the case My = iy the result
depends on Mj through B (B is the matrix used in the proof of Proposition 5.2),
replacing M, by iniy in the expression of B, we immediately obtain

iDy "My D iy
(14 03i\ Dy in) (1 + 03i\ Dy tin)
(i D5 lin) (i Dy tin) _ (i) (i)

tr (ClMngMg) =

(1+ 02 Dy Vi) (1 + 02 Dy lin) (14 03iyd) (1 + o3ild)’

O
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Before stating the important result that gives the final expression of the
FIM, we introduce the following notations:

D, = diag(h,(wit,)) = diag(n;) with n; = hy(w;0,);

D, = diag(h,(2;0,)) = diag(n;) with ¢; = h,(2/6,);
Dy, = diag(hy, (wify)wi ;) = diag(n]) with ! = h;, (wibh )wi;;
D, ; = diag(hy,(2{0,)z;) = diag(y]) with 1) = b’ 1(2i0,) 21 45

C1 = <(D1,0) with Dy = diag(9; !);
Cy = g(DQ, 0) with Dy = diag(¢; 1);
)

where 9,1 = o2h,(w0,) and ¢; ' = o2h, (w0, + Toh,(z0,). We also set

W= <n§>£il; = <m>£i1; W= WHN; v = @)X 6 = (4N, and
0= (0:)iLs.

Proposition 5.4. Ify is a two-way error components model in the form
y = X + u, where u satisfies assumption A, the FIM evaluated at 0 is

L, O
I,(0) = ,
O X'0'x
where the coefficients of I,,(0) described in Appendix B are now written in terms of

Uy (9,n, p,1), Wa(d,m, ¢) and U(19, ¢). These expressions are given in Appendix
C.

Proof of Proposition 5.4:  The proof is straightforward, see Appendix
B. O

We can summarize the use of our method in practice. Given a two way
error components model, the computation of the FIM is based on the following
steps:

Step 1:  Identify n = (1;), ¥ = (¢;) which are the vectors derived from D, = diag(n;)
and D,, = diag(1;);

Step 2:  Compute Q (from equation (3.4)) and then Q1
Step 3:  Deduce values of 9; and ¢; from equation (4.3);

Step 4: Identify nt = ( ZJ ) and Y* = (1/)3 ) which are the matrices obtained from
= diag(n ) for j = 1,...p and Dy ; = diag(y) for j = 1,...,¢;

Step 5:  Obtain values of the parameters § € RPT43+F (which can be estimated
using some observations);

Step 6:  Observations x;; for ¢ = 1,..., N and t = 1,...,T are needed to compute
X' 'x.
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The above information is input in our code named FIM.FUN. The code has
been written in the R language and is available as supplementary material.

6 Two real data examples

We now consider two real data examples to illustrate the above analysis. For
consistency and comparative purposes, asymptotic as well as exact results are
obtained in the homoscedasticity case while only exact results are obtained in
the heteroscedasticity case.

6.1 Example 1: Public capital productivity (Homoscedasticity
case)

6.1.1 Model specification

Following [23, 6], we re-consider the following Cobb-Douglas production relation-
ship investigating the productivity of public capital in private production,

(6.1) In(yit) = Bo+B1In(Pcit) + B2 In(PSit) + B3 In(Lit) + BaUemp,, + i + At +<€it,

where y;; = gross state product; Pc;; = public capital; PSSy = private capital;
Li; = labour input as payrolls; Uenp,, = unemployment rate; fo, ..., 34 = coef-
ficients to be estimated; p; = the unobservable individual effect; ¢;; = the rest
of the perturbation. Data are from 48 US states (i.e N = 48) observed over the
period 1970 to 1986, (i.e 7' = 7). The data are obtained from the Wiley web
site at www.wiley.com/go/baltagi3e. Following a common unjustified practice
[1],[6, 15, 23, 30] and [34], we assume that errors are homoskedastic. We con-
sider estimating the above model based on four estimators: (i) Swamy and Arora
(residuals obtained from solving a system of 3 equations); (ii) Wallace and Hus-
sain (OLS residuals); (iii) Wansbeek and Kapteyn (LSDV residuals); (iv) max-
imum likelihood (ML residuals). Results based on the following restrictions (i)
(B1 = 0)(one restriction); (if) (81 = 0, 85 = 0); (81 = 0,85 = 0); (81 = 0,81 = 0)
(two restrictions); and (iii) (81 = 0,82 = 0,83 = 0); (61 = 0,62 = 0,54 = 0) and
(81 =0,P3 = 0,84 =0) (three restrictions) are reported below.

6.1.2 Results

In Table 1a estimations are done based on the FIM based on the observed in-
formation matrix. Rather, in Table 1b we used the FIM which relies on exact
information matrix developed by the authors.

The results are based on the FIM with homoscedastic errors. In Table 1a,
results clearly indicate that irrespective of the estimator used and no matter how
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many restrictions are used, public capital remains important and productive in
private production. The results are consistent with the study by [6] and [23]. In
Table 1b the FIM is now based on exact information matrix. Comparing Table
la and 1b, we notice that results are close. This means that asymptotic results
based on the Central Limit Theorem adequately approximate our results in many
cases.

6.1.3 Discussion

Some inconsistencies still exist when applying the linear restriction tests. For
example, the number of times some test results are not available (i.e., NA) remain
relatively high. Possible reason could be that the sample size is not very large.
This could explain why the Wald, Likelihood ratio (LR) and Lagrange multiplier
(LM) tests give negative values.
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6.2 Example 2: Public capital productivity (Double Heteroscedas-
ticity case)

6.2.1 Model specification

We still consider the model described previously, i.e.,

(6.2) In(yit) = Bo+F1 In(Pcip) + P2 In(PS;t) + 3 In(Lit) + BaUemp,, + i + At +€it

Next, we assume that the analysis is more complex and thereby proceed
methodically. As will be seen later, the FIM here is based on heteroscedasticity of
the two errors involved. The following steps are important to understand results
reported in Table 2.

6.2.2 Total Number of Parameters

The total number of parameters is 16 since 6, € R* and 0, € R* (in fact they
correspond to four independent variables).

6.2.3 Existence of Heteroscedasticity

We check the possibility of single or double heteroscedasticity on the individual
term (p;) as well as on the rest of the perturbation (v;;). Indeed, the double het-
eroscedasticity case based on the above data set is confirmed following [15], using
the so called Ly, Ly and L3 tests e.g., see [15]. This step is crucial because having
heteroscedasticity on the individual term (p;) or on the rest of the perturbation
(vit) or both will obviously affect the structure of the variance covariance matrix
of the error terms and thereby the FIM.

6.2.4 Expression of the Variances

For the variances, we use the expression given in [29] such that o2, = o2(1 +
9{,@,)2 and (TZZ. = ai(l + 9,@@.)2, where T;, is the vector of four values correspond-
ing to the mean of each independent variable. [29] also proposed some alternative
forms by replacing (14 6'z;.)% by exp(6z;.) for § € {6,,0,}. As results, we present
the Wald, LR and LM tests obtained by the approximations described in [3] and
then obtain the same statistics with our approach, assuming the existence of het-
eroscedasticity and estimating the parameters 6, and ¢,, by maximum likelihood.
Then, we re-calculate the previous tests in the case of heteroscedasticity.
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6.2.5 Forms of Heteroscedasticity

In the absence of any discrimination test, we consider all potential forms of het-
eroscedasticity. In the literature, four potential cases exist: (i) h,(z) = (1 + )2
and hy(z) = (1 + )%, (ii) hy(z) = (1 + 2)? and h,(z) = exp(x), (iii) h,(z) =
exp(z) and hy(z) = (1 +z)? and (iv) h,(z) = exp(z) and h,(z) = exp(z). To
conserve space and for the sake of conciseness, we present results related to case
(). Cases (ii), (ili) and (iv) results are available as supplementary material.

6.2.6 Results

In Table 2 the FIM involves exact information matrix based on double het-
eroscedasticity on the unobservable individual term as well as on the rest of the
perturbation; since as previously indicated double heteroscedasticity case based
on the above data set is confirmed using the so called Li, Lo and L3 tests e.g.,
see [15]. It should be noticed that using any other information matrix (for exam-
ple based on heteroscedasticity on the unobservable individual term or the rest
of the perturbation) would have resulted in serious mis-specification and thereby
mis-leading results.

Results reported are based on the FIM with exact information matrix and
with double heteroscedastic errors; a case not addressed by existing testing pro-
cedures. Results clearly indicate that irrespective of the estimator used and no
matter how many restrictions are used, public capital remains essential in private
production. The results which are consistent with the study by [6] and [23]. are
based on a new testing procedure.

6.2.7 Discussion

Some inconsistencies have been resolved. For example, the number of times some
test results are not available remains relatively reasonable. A possible reason
could be that the correct specification is used and the information is based on
exact information. Note also in this case that the Hessian matrix is always invert-
ible. The advantages of our new approach based on heteroscedasticity compared
to the homoscedastic case are that (i) correct specification is used; (ii) correct
information matrix is considered; (iii) correct estimated standard errors and the
associated t-statistics are reported; (iv) correct F-statistics and their probabili-
ties are reported; (v) testing procedure based on Wald, LR and LM tests is now
using correct information and therefore gives fewer puzzling results.
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6.2.8 Further comments

Some questions remain pending: (i) What if heteroscedasticity was not consid-
ered when there is one or double heteroscedasticity? A case of mis-specification
and thereby misleading results since the appropriate variance-covariance matrix
and thereby the appropriate FIM has not been taken into account. (ii) What if
heteroscedasticity was only on the individual term, p;; when double heteroscedas-
ticity has been assumed? Additional computations undertaken indicate some
misleading and puzzling results as this is a serious case of mis-specification. (iii)
What if heteroscedasticity was only on the rest of the perturbation, v;; when
double heteroscedasticity or no heteroscedasticity has been assumed? Again, this
case a serious case of mis-specification and would lead to serious inconsistencies.
(iv) Other inappropriate cases not mentioned here will lead to mis-specifications
as well.
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7 Final remarks

Correct model specification and selection have severe effects on modeling exer-
cises. In this context, the Fisher Information Matrix (FIM) is critical. In this
paper, we present a new approach to estimating the FIM in the specific case of the
two-way random effects panel data model with and without heteroscedasticity.
This is an attempt to possibly resolve earlier complexity in the use of the famous
Cramer-Rao inequality statistic, an important aspect of which is the FIM. We
derive the FIM of the two-way random effects panel data model in general as well
as in specific cases of heteroscedasticity and homoscedasticity. Some examples
based on real data are provided.
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8 Appendices

8.1 Appendix A: Derivation of the coefficients a; ;, a; ;(7), a; ;(7), a; ; (4, J)-

The coefficients a; ; and a; j are given by

al = (T 2_ 1)t1‘ [ClDllCIDy] + %tr [CQDVCQDV}7
T2
a2 = 71’;1‘ [CQDMCQDM],
T-1 1
a3z = ( 5 )tr[olecle] + itr[CQJNCQJN],

T
aip = a1 = Etl“ [C2D,CyD, ],
T-1 1
aig=ag1 = (S 5 )tr [C1D,CLJN] + St [C2D, Cadn],
T
a23 = a3z = itr [CQDMCQJN],

a174(i) = O’B <(T2_1)tr [ClDych;’i] + %tl" [CQDVCQD:’Z']> ,i=1:p,

a2T

ais(j) = MTU[CQDVCEDZJ]J =1:q,

T
3.274(Z') = 0,% <2t1‘ [CQDMCQD;i]),’L' =1:p,

o’T?
az;5(j) = < “2 tr[CzDuozD;,j]> J=1:q,
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T-1 1
as 4(1) = a;:;,(i) = 0'3(( 5 )tr[Clech;i] + 2tr|:CQJNCQD;’i]>7Z' =1:p,

)

o2T

az;s(i) = “Ttr [CodnCaDy, ], =1:q,

a4,4(z,]) = 0'3(( 5 )tl" [CID,/,@'CIDVJ'] + §t1‘ [CQDVJ*CQDVJ]) y 1 S 1,7 S D,

. . r . . ,
8.4,5(17]) = 3374(27])0303 <2t1' [CZDu,iCQDZJ]> ) 1< 1, < p; 1< J<4q,

. T . » .
a575<Z,j) = o’ﬁ (Qtr [CQDN7Z-CQDM7Z-]>,1 <17 <q.

8.2 Appendix B: Proof of Proposition 5.4

The terms of I,,(#) are written in terms Wy, W9 and W3 by replacing tr(Cy M;Co My)
by the corresponding W; according to the following rule: C7 < ¥, Co < ¢,
D, < and D, <> n. For example,

(T-1)
2

(-1

1 1
a1g = tr[C1D,C1D, | + St [C2D,CoD, | = Uy (9, 9,9,9) + i\Pl(qzb,w, b,7).

We obtain the other terms in the following way:
T
a2,2 = 5‘1’1(¢, m, Qb, ¢)7

(r-1)

ays = T W0, 0) + 3 W(0,0),

T
a2 = a1 = E‘Ifl(ﬁbﬂ% ¢, ),

(r-1)

1
a13 = az,;1 = \112(197 1, 19) + §\P2(¢a m, qb)?

T
(23 = 32 = 5‘1’2@57 Y, $),

31’4(2') = Ug <,12_‘\I/1((Z), % ¢7771>)72 =1 ' D,

. T : )
ais(j) = 05<2\I/1(¢, 7, ¢,1/J]>,j =1:gq,
T
3.274(2') = O'g <2tr [Cz‘DNCQ‘D:,i]>77: =1: D,

T2 ,
az;s(j) = Uﬁ( i(o, 9, ¢, W))J =1:gq,

aa(i) = 5 (0) = o2 (U5 W00, 0) + G0t ) )i = 1o
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au3(i) = o2 3 12(0.07.6) )i = s
(T—1

asa(i, j) = 03( )‘Iﬁ(ﬁ,nz,ﬂ,nf) + 2\1’1(¢,n1,¢,7ﬂ)),1 <i,j <p,
L j) = al (i, )o202 ( Ler[cuDr. oD, 1<i,<p1<j<
a475(17])_a5,4(z7])0u0—u 9 I‘[ 2872 ,u,j] IR Iy N A D

2 . .
aaslid) = ot (G o0 1 <ii <a

8.3 Appendix C: Gradient of logarithm of likelihood function

By Lemma 3.1,
1 1
di( | u) = —5tr (Q71dQ) —'Q 'du + 5u’(z—ldgz - .

r—k .
Since from Proposition (4.1), .Q71dQ = >~ Q;df;, we have
j=1

7" k

00 | ) ”Ztr ) df; +u' Q7 Xdg + Zu’Q -~ tudb;,
] 1

where

tr(Q1) = (T — D)tr(C1.D,) + tr(Ce D)),

tr(Qg) = TtI‘(CgDu),

tr(Qg) = (T — Dtr(ChJn) + tr(Cadyn),

tr(Qs45,) = oy, (te(C1D;,;,)(T = 1) +tr(C2Dj ;))) 1 < i < p,

tI'(Qp+3+j2) =0 tr(CQD*

u]g)Tal S]Q < q.

We then deduce that

200 |u) 1 L
o0l T 2 (T = 1)tr(C1Dy) + tr(CoDy)| + 51/919 u,
000 |u) 1 L
T"Z = 5 [TtI‘(CQD )] + Eu QQQ u,
1 1
GO 0) _ L1~ 1)ea(Crn) + r(Cady)] + 2w,
doy 2 2
000 | u 1 1 )
a(a* D= L ote(@uDy )T - 1) + 2Dy )] + b0 w1 <y <
7.]1
000 [u) 1 | ) |
6(9* ) - 2 [o7utr(C2D, 3,)T] + U Qaapp 2 fu, 1 <o <4,
.2
o101

=uQ X[k, 1<k <K.
95 [k],1 <k <
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