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Abstract

In this study we examine two different methods for dealing with heterogeneity in an unbalanced panel.
Focus is on comparing the fixed and random coefficient specification of the substitution scale
eladticities and technical change and investigating the potential variation elasticities across the firms.
The empirical results, based on data from Norwegian pulp industry plants indicate more efficient
estimates with the model with fixed coefficient. However, we cannot in our study see any significant
differencesin our estimated results, i.e. elasticities. But if we do not take account of heterogeneity, the
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1. Introduction.

A common problem in econometrics is how to handle heterogeneity. The problem will appear in
amost every microeconometric study. Heterogeneity can shortly be described as unobserved
differences between the units studied. How serious the problem is, will affect our choice of how
detailed the modelling of heterogeneity will be. On one extreme, we can assume the units studied are
so different that we have to model them separately. If thisis the case, then data often lay restrictions.
The other extreme is when the units studied are so similar that we can estimate a common model for
the data as a whole without taking the heterogeneity problem into consideration. In some models, not
taking the heterogeneity into account, may not affect consistence of the estimates, but if we don’t take
the structure of the covariance matrix to the total error vector into account, we lose efficiency in the
estimates. On the other hand, using a stochastic coefficient model may also cause problems. If the
stochastic coefficients are correlated with the observable variables, a model with stochastic
coefficients, which is assumed to be stochastic uncorrelated to the dependent variables, will give us
biased estimates. Thisis not the case in a model with fixed coefficients.

How can we then treat heterogeneity? One possibility is to add a fixed coefficient to the parameters
where we assume, the differences between the studied units might occur. Another option is to assume
that the differences between the studied units will follow a probability distribution. If we have many
observed units and/or wish to model heterogeneity in several dimensions, then the first possibility will
demand a large amount of degrees of freedom. The other option will save a lot of parameters, but we

may have chosen the wrong probability distribution.

The aim of this study is to compare the above mentioned methods, and investigate which application is
best suited for our data set. In this study we consider ageneral framework for analysing the production
processi.e. factor substitution, technical change from an unbalanced panel data. The paper discuss the
importance of choosing correct specification, dealing with plant heterogeneity in econometric analysis
of output supply and factor demand. A generalized Leontief profit function, suggested by Lau (1978),
is applied on plant level panel data for Norwegian paper and pulp industry. In our study we will
compare the estimated price elasticities, returns to scale and technical change between the different
methods. The elasticities are important policy parameters. In our study, we show the importance of
including heterogeneity, and that the fixed effect approach seems to be more efficient, than models
with stochastic effects. However, the choice of model has a small effect the on the estimated
elasticities.



The rest of the paper is organised as follows. In Section 2, we present the model and comments of the
restrictions on the profit function, which follow from capital constrained profit maximisation. The
econometric specifications with fixed and stochastic coefficients in selected profit function parameters
are discussed. The eguation system we work with, i.e. the output supply and factor demand equations,
derived from Hotelling lemma, is formally a system of regression equations with fixed or stochastic
coefficients. We aso present the estimation procedure. In Section 3, we briefly present the data, and

Section 4 we report and discuss our results.

2. The Modd!.

Heterogeneity between plants may occur in many dimensions. A lot of it depends on the different
technologies. In this context, technology has a broad definition, and cover more than only different
capitd equipment. It could for example include differences in human capital and/or differences in
management. For analysing the problem, we have chosen to model plants behaviour with a
Generalized Leontief (GL) profit function.

2.1 Profit function.

We assume that the average plant only produce one output (Y) by a five-factor technology, with
electricity (E), fossil fud (F), labour (L), intermediate material (M) as variable inputs and capital (K)
as a quasi-fixed input. We also assume all plants to maximise profit, and to be price takers in both the

output and the inputs markets. The plants profit maximising problem can be defined as:

7(p,v, K, 7) = Max{py - Vx} y ,

y=0 (2.1)
X =0

(v, x,K)e z

where it is profit,
y is output,
x avector of inputs,
p isoutput price,

v isavector of input prices,



Kis capital and considered as a quasi-fixed input factor,
ris atime parameter and assumed to measure technical development, here represented by
calendar years.

Z isthe production possibilities set.

The problem the plants are facing is to find the corresponding volume of production and the volume of

each factor input that will maximise the short-run profit, given capital and time. Necessary conditions

for duality between production space and the short-run profit function are:

a)
b)
<)
d)

Non-negative rea-value function for al p and v <<0.
Homogeneous of degree 1Lin p and v.
Convex and continuoudy in p and v.

Non-decreasing in p, and non-increasing in v.

The real profit function is unknown, but locally it can be approximated by a second order taylor

expansion. Several flexible function forms have been proposed, e. g. translog (Christensen, Jorgenson
and Lau, 1971), normalised quadratic (Lau, 1978). We have though chosen the Generalized L eontief
(GL) profit function (Diewert, 1973). Defined as:
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If the profit function fulfils the above stated conditions, then according to Hotellings lemma, the

produced output is given by:

m
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The demand for the variable input factors is then:
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The output price elasticity can been derived from supply function (2.3):

By=2P=_1 i=1 P__lia (2.5)

Similar, the input price elagticity can be derived from the demand function (2.4):
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We can also derive several cross price elagticities, as between output supply and factor prices, which

by symmetry is equal to the elasticities between factor demand and output price except the sign
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and cross price el asticities between factor demand

E|VinE oX; Vi _ ,Hij \)/T] =_ﬁij\/q (2.8)
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The effect of output and variable factor demand on a change in capital can be calculated as
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The time trend is supposed to be a proxy for technical development. Assuming the technical
development is constant over time, we can approximate the annua technical change effect on output

supply and factor demand as

dyl_ 4
e e 2.11
Y=9ryT Yy (2.11)
and
ex = Lo Pi (2.12)
o7 X X;
2.2 Econometric specification.

Our analysis is made on an unbalanced data set. We assume that the selection rules for unbalanced
panels are negligible, i. e. we assume that there exists no relations between the plants exits and
entrances and any of the endogenous variables in the model (see Verbeek and Nijman, 1996). We
choose to organise the plants after observation years, so that every subgroup is composed of a
balanced data set. Subscript (ir)t describes plant i observed in r years in the period t. N, is the number
of plants observed in r years. In a balanced data set, t often runs from the first to the last observation
year. when we organise the observation in this way, it is important to notify that the subscript t, can
indicate different years. Or to put it in other words, the subscript t is the number of observation for

plant i.

The supply and demand functions from (2.3) and (2.4) can be written in compact form as:

Yint=X(int B+O€+LL (ints i=1,...,N, r=1,....,Randt=1,....,r (213)
where we assume;

Xt @nd Wy are stochastic independent and (2.14)

W ne ~ 11D(0g 1, Q) (2.15)

11D signifiesindependently, identical normally distribution, and where
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Writing the covariance matrix for the genuine disturbance term in this way makes it possible for the

disturbances in the different equations to be correlated for the same plant a a given point of time.

However within each equation the error components are homoskedastic.

Following (2.3) and (2.4) and include the inputs in our model, we can write the vectors and matricesin

(2.13) as:
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There are r (r=1,....,R) x matrices, and y and u vectors for each plant. Q" defined in (2.16) is a

symmetric matrix that can be written as:

oh O Ol o4 o
u

H— ¥ i M H H
Q Ory O O Op Opy (2'18)

Equation (2.13)-(2.15) can then be written in a compact form for the r observations of plant i.



Yin=XinB+ i) Thin (2.19)

where

Yiirn X(i.r n Hiirn
Yiir) = cXin=| | and g =

Yir)r X(ir)r Hir)e
and

2 =ley) ® @ (2.20)

where %) is a (Grx1) vector and ey is a (rx1) unit vector. In this case %) do not indicate any plant

specific characterisation, because al elements are equal for all units. But below we shall se how we

can modify (2.18) by incorporating heterogeneity.

From (2.14), (2.15) and (2.19) we have

W ~ D(Og 1, for)), (2.21)
where
Lo
ot =1ei= O Y0 (222)
0 0 .. QF

Since |, is a rxr identity matrix and Q" is a matrix of dimension (GxG), the Qf{r) have the dimension

(GRXGR).

In our data set there are 45 plants observed over 22 years (1972-1993). It is not obvious, even though
itisin our case, that there are firms observed over the whole period. But the way the data is organised,

it is important to treat heterogeneity in the right way. Let's take a ssmple example. Suppose we have



two firms, cal them i=1,2, which only exist in one year (r=1). But the first plant exists in the
beginning of the period, and the second in the end. These two plants will be grouped in same
subgroup, but the heterogeneity between these plants will probably be significant, whit respect to
technology. But if the heterogeneity only depends on the cause of existence in time, these generd

differences will be explained by the trend parameter 9..

In this study, we will examine three different assumptions with respect to heterogeneity. In model A
described in part 2.2.1, we assume absence of plant specific heterogeneity. Then we assume fixed
heterogeneity coefficients in model B, described in part 2.2.2. In the last model C, described in part
2.2.3, we assume stochastic coefficients. We assume that heterogeneity can be modelled by plant
specific coefficients in the parameters, 8y, Bee, Ber, BLi, and Bum. This means that the intercepts in
equation (2.3) and (2.4) are plant specific, whereas the dope coefficients are assumed to be plant

invariant throughout.

221 Homogeneous plants

First, we will describe the case with homogeneous plants, i.e. we assume all plants in the examined
industrial branch to be equal regarding technology, in the sense that, the model will not be improved
by adding heterogeneity conditions in estimation. Thisis the reference model, which will be modified
later, and will be referred to as model A.

We will estimate the model described in (2.19)-(2.20), given the vectors in (2.17), by maximum
likelihood method. The density function for the disturbance term i, which is same for all plants, is
with the assumption of identical independent distribution given by

-1

Gr 1 1
fin= (271')77‘96‘” 2 exp{— E'ueir)gfilr) ,u(ir)} (2.23)

Taking the logarithm of (2.17) and adding (2.13), we will get the log-likelihood function for plant (ir).

The coefficient a('f,) has the superscript H, indicating a homogeneous model.

-1
In(Lgn) =— % In(27)- % |n‘9ﬁr) - % [y(ir) = XinB - a('ﬁ)Ifor) [y(ir) = XinB - 0!('3)] (2.24)

10



Because the observations from the plants are assumed to be independent, the conditional |og-

likelihood function for all plants, will be the sum of (2.24) over al plants:

R
_ RNrI _ Grz::errl oy 1RNrI p
L= E]El L) = - 2 n( )_Erz::lg‘l n‘Q(ir) (2.25)
1 RNr -1
- Ezlgl[y(ir) = Xin)B - a('?r)Ifor) [y(ir) = XinB - a('fr)]
where for) isthe covariance matrix given by (2.22). If we set
R Ny -1
Q(ﬁ,a,Q{fr))= ;El[y(ir) = X - a('?r)Ifor) [y(ir) = X - a('?r)]u (2.26)
we can smplify (2.24) as
_ Gn 1 RN 1
——?In(Zﬂ)—Ezﬁzﬂln‘for) —EQ(ﬂ,a,Qgr)). (2.27)

L will be maximised with respect to the unknown coefficient matrices B and o, and the parameters that
characterise the covariance matrix Q{i‘r)(for dl ir). Direct maximisation of L will be complicated,

because we can not write the estimators in closed form. However, we can solve the first order
conditions and the solution conditions by an iterative method. These smplified solution conditions are
similar for all here stated estimation problems. We confine ourselves to describe this method in section

2.2.3 where we use stochastic parameters.

2.2.2 Fixed coefficients

In model B, we assume all coefficients to be fixed, but &y, Bee, Brr, Bir, and Bum Will vary between the

plants. Thisis modelled by utilising dummy variables of the plants.

Then we have to modify (2.19)

Yin=XanB+ o)+ o (2.19)

For (2.20) to take care of the plant specific heterogeneity, we rewrite it to

11



a(iFr) =6 ® A(1p) (2.20)

where &)= (5,5("),ﬂEFE(ir),ﬂ.:FF(n)-ﬂLFL(i,),ﬂ,S,M (i,))' & isarxl unit vector, then of;) becomes a Grx1

vectorThe superscript F indicates that thisis afixed coefficient model.

We can best see the differences between (2.20) and (2.20"), if we aggregate al N; ¢, into one matrix,

then (2.20) can be rewritten as

a“r =€y, ®a(|i-|r)- (2.20b)

where ey, isa(rNx1) unit vector, a('i*r) is a (GrNrx1) vector where all rN, elements is o.. (2.20") can

we rewrite as
aﬁr =y, ® a(iFr) ) (2.20'b)
where 1, isa(rN.xrN;) identity matrix, a,ﬁr isa(GrNxGN;) matrix.

We solve this problem exactly as in the case with homogenous plants, except that we in this model

have N, intercepts to solve.

12



2.2.3 Random coefficients.

In model C we assume that the parameters 8y, Bee, Brr, PiL, and Bum, vary stochasticaly between
plants according to a multivariate normal distribution, while the remaining parameters are fixed and

egual over plants. The random parameters can be decomposed by
a(isr) =K+ €Eip, (2.28)

where a(ﬁ) is a (Gx1) vector, which is supposed to catch the plant specific effects. The superscript s

denotes stochastic coefficient model. x is a (Gx1) vector with the common expected value for all

plants. gy isa(Gx1) plant specific vector. In our case (2.28) can be written as

I A5y (ir) Ksp €5p (ir)
@ Bee (ir) K pee € pee (i)
a(isf) =| %pee (ir) |=| Kper | F| €8 (ir) (2.29)
@py (ir) KpLL €py (ir)
Fpam i) | [ Kpam | [ EBwm (i) |
We assume
&y ~ 1D(0c 1, Q°), (2.30)

In our case (where G=5), Q% is

o o o o o
ol ow o% oo o%
o o o o o
Ogy Ogg Og Og  Ogy
O— o o o o o
Q'=lof, of O Of Ofy (2.31)

The matrix is symmetric so the subscript ij=ji. Since the off-diagonal elements are free, we allow for
correlation between the plant specific effects in the different equations. But within the equations the
error terms are homoskedastic. We can now rewrite (2.19), by substitute in (2.28)

Yint= XanBint € + Nt (2.32)

13



where

Naint= Ein + K.

We assume Xy, €y and Ly to be stochastically independent. We can now rewrite (2.19) in a compact

form

Yin = XanBant Kin + N (2.19M

where yiin, Xiry ad S are the same vectors/matrices asin (2.19). The vector ;) is given by

Kin=&®K (2.33)

where g isa(rx1) unit vector, and where x, as explained above, is common to all plants. Furthermore

Nan ~ D (0,1, Q) (2.34)

where the covariance matrix is given by

Q(ir)z (e e; )® Q%+ |r®Qu (235)

(e€}) isa(rxr) matrix containing only ones. Since Q% is a (GxG) matrix, (e,e/) ® Q* isamatrix with

dimension GrxGr.

QE{ QE{ e QIZ
(ee)oQr=|? @ @ (2.36)
QD{ QD{ . QD{

|, is an identity matrix with r elements on the diagonal. 1,®Q" is the Kroenecker product between I,

and Q" which gives us the block-diagonal (GrxGr) matrix

14



0 Q/’ 0

Q= - . (2.37)
0 0 Q#

Thus we have
Q% +Q* Q“ Q°

Q“ Q¥+ Q* ... Q“

Qin= ) . ) : (2.38)
Q“ Q“ QO

We define (e€))=rA and |,=A+B;, where A, is a (rxr) matrix, with al terms equal to % and B, is

then a (rxr) matrix where the elements on the diagonal equal 1-% .

1 0 0
r
o 1
A = r (2.39)
o . 0 1
L r
1—} 0 0
r
1
B, = 0 1—? .. 0O (2.40)
0 0 1—1
L r
Then we can write (2.35) as
Qi =A ®[Q* +1Q%)+ B, ®Q* (2.41)
Theinverse of Qg givenin (2.41), can the be written as
4 P o V1 ul
Qi =A ®e* +re?] " +B, ®Q (2.42)

15



To estimate the eguation (2.19") we use maximum likelihood. The density function for the compound

error term iy, with conditioned on X for plant (ir) is given by

1
fin=( \Q (ir) \ 2 exp{—zﬂ(.r) (l)ﬂ(ir):| (2.43)

By taking the logarithm of (3.43) and add (2.19"), the log-likelihood function for plant (ir) is given by

In(l—(ir)) = —%M(Zﬂ In‘ (ir) ‘ 1[y|r X(lr /B Klr ]'Q (ir) |r |r /B KII' ] (244)

(2.44) can aso be written as

InL ) =— %m(Zﬂ')— % Q)| - %Q(i,)(ﬂ, K, Q4 QF) (2.45)

where the quadratic form is given by

Q(n)(ﬁy K, Q4,07 )= [y(ir) —X(inB- K(n)TQ(_#) [Y(n) - X(n)ﬂ—ff(n)] (2.46)

Because the observations from the plants are independent, the conditioned log-likelihood function is
the sum of (2.45) for al plants.

InL= ZZInL (ir) =
r=li=1
R
GXrN, R Ny
S in(2n)- 2 3000 -2 33 iy X8~ | Q3 o) - 330 - x| 247)

where Qi is given by (2.40). (2.47) can then be written as

InL= 3 Yl ———In( )—fzzm\g |- Q(/},K,Qﬂ,gﬂ) (2.48)
r=li=1 r=li=
where
Q(ﬁ’K’Q#’Qﬁ) rzzl\%[ X(ir) ﬁ Kiir) ],Q (ir) [ylr ir)ﬁ_’((ir)] (249)

16



L is maximised with respect to the unknown variance components in €, the coefficient vector 3 and
the vector k . Direct maximisation of L is a complicated procedure, and we cannot write the estimators

inaclosed form. It is convenient to divide the maximisation problem into two parts.

1. Maximise (2.49) with respect to B and k, given Q" and Q°.
2. Maximise (2.49) with respect to Q" and Q% given B and k.

The solution to the first part of the problem is similar to the more common Generalised Least Square
(GLS) method. With small manipulations, following to Bigrn (2000b), the solution of the GLS

estimators can be written as

Bas =,B(Qﬂa9a)=

-1

RNy _ 17~ RNy _
Z_ X(ir |:AY ®(Q'u +rQa) :|X(ir) Z X(|r)|:AY ®(Q# +rQa) :|y(|r)
r=1i=1 r=1i=1 (2 50)
RNp _ ) - RINp 1
+>> X’ir)(Br ®Q* \JX(") + > X’”)(Br ®Q )V(lr)
r=li=1 r=1i=1
where A, and B, is defined as (2.41) and (2.42) and where
X(ia) X(irn 0
i(,r) = where X(lr)t =
X(ir) 0 X(ir)e
and
Y('.l) y(i.r)l
Yiy=| : |where y;y=| : (2.51)
Yir) Y(ir)e
The plant specific mean for equation g can be written as
1 r
Vi = ZYiird (251)
j=1

and

17



1! _
Xirjg = ZXirg LG

j=1
We can write the weighted global mean as

r

Rr -1 R ( )
y Eirona | | Efon b

and

R r 9 -1 R r ( 9 )x
X_|:r§l.i§Lr B(ir):| X[Eﬁar Bir) (ir):|

where eB( ) isaplant specific weight given by

ir

Oy = (" +rQ7) "0

The GLS estimator for the constants can be written as

Kos = @(Qﬂ,ga): y_XﬁGLS

Thefirst equality in (2.56) indicates that the estimators of « and 3, both are functions of Q* and Q*.

Though the data set totally is unbalanced, in the way we have organised the data, every subset is a
balanced data set. Every subset r contains al firms, which is observed for r years. Organising data this

way, we can use Kronecker product in our calculations.

We now have to solve the second part of our problem. But before we continue we have to introduce

some matrix operators, and to declare some properties of scalar functions. This is presented without

(2.52)

(2.53)

(2.54)

(2.55)

(2.56)

any proofs. The definitions of the matrix operators are from Berck and Sydsager (1991)

First, a vec-operator is defined as the transforms of an mxn matrix into an mn x1 vector.

18



(2.57)

vec(A) = a:Z

an (mnx1)

Secondly the trace of amatrix is defined as the sum of the terms of the diagona elements:
n

tr(A) = %&i (2.58)
1=

We also know that the trace of the product of quadratic matrices is independent of the order of the
matrices (see for ex. Lutkepohl, 1996, p 41).

tr(ABCD) = tr(CDAB). (2.59)

Further, according to L Utkepohl, (1996 p 42), if we have four matrices A (mxn), B (nxp), C(pxq), and

D(gxm) then
tr(ABCD) = vec(D")'(C' @A)vec(B)
= vec(A')' (D' &B)vec(C)
= vec(B")'(A' @C)vec(D)
= vec(C')'(B' &D)vec(A) (2.60)

According to Bigrn (2000), if we have two quadratic matrices Cymand Dy, and let A= (erer)/T and
B=I+(erer)/T, then the determinant of [Ar&C)+ (Br&D)] isequal to

IAr&C)+(Br&D)| =|C| |D|™ (2.61)
(For proof se Magnus, 1982 pp 271-272.)
We have also the following matrix derivation rules from to Magnus and Neudecke (1988).

If A isaquadratic non-singular (mxm) matrix then
A
I =|A(A)* 2.62
oA A(A) (262)

19



and

oInA L na
Top =) (2.63)

If B and C are two non-singular quadratic (mxm) matrices, then the (mxm) matrix CB™ has following

characteristic

otr(CB™) 1oy
Tg o =(BceY) (2.63)

Using (2.57) on the H, error matrix given by

771(.ir)1 771(i.r)r
H(ir): : . . ) (264)

Nern = el
gives
(vec(Hn))'= lﬂ:(ir)l Tofien =+ Mg =+ nG(ir)rJv (2.65)
where (vec(H;n)) isa(Grx1) vector.
According to Bigrn (2000b), can we write (2.47) as

Q(ir)(ﬂ,K,Q”,Qﬁ) = )0 Tir) =
~(’|r)(p\' ® (Qﬂ + rQa)il)ﬁ(ir) + ~(’ir)(Br ® Qllfl)—‘-(ir) =

-1

vec(H(i,))’(A ®(Q“ + rQ“) )vec(H(ir))+vec(H(ir))’(Br ®Q“_1)vec(H(i,)) (2.66)

where we in the second equality have used (2.42), and where the error term 7, is defined as in

(2.32). Taking the trace of (2.66) we have

Q(ir) = tI’(Q(ir)) =tr [H(ir) (Q‘u + I’Qa)ilH(ir)A :| +tr [H(ir) Q‘uilH(ir)Br:|
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=t [H(ir)Ar H(ir)’ (Qﬂ + rga)il} Hr [H(ir)BrH(ir)’Qﬂil} (2.67)

where A'=H, B= (Q“ + rQ"‘)_1 , C=Hy 0g D=A, and A/=A.. In the second part, we use the same rule,

but A=H,, B=Q*"*, C= Hy, and D=B; and B,/=B..

If we derivate (2.67) with respect on Q" and Q" respectively using the defined derivation rules (2.62)
and (2.63) we get

a ) _ ’ - _ ’ _
83.2: ~ (@ + 1o " A HG) @ + 1]t + Q4 MHy, B H,) 4 (2.68)

aa?z(i;) = —rl@¥ v "y A H @ +roe) (2.69)
Using (2.61) we can rewrite (2.42) as
Qi |=|A oo +ra®)+ B, @ 04|= /0 +rofo| (2.70)
The derivate of the logarithm of (2.70) with respect to Q" and Q“ can be written as
0 In‘Q(ir)‘ _ 0 |I"I‘Q” + rQ“‘ . (r _1)a|nQ'u _ (Q# . rQO‘)_l N (I’ _1)9/1—1 (271)
0Q# oQ* 0Q*
8In‘Q(ir)‘ _ 8In‘Q/‘ + rQ“‘ =r(£2” . rQa)—l 2.72)
oQ” 0Q”

The first order conditions of (2.44) with respect to Q" and Q* can, by using (2.68), (2.69) (2.71) and
(2.72), be written as
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_%[(Q# w10 ot e et Hy ARG (@ st +Qﬂ_1H(ir)BrH(ir)’Q#_1}

(2.74

L Ul s -l s P any o s ] @7

After putting in the first order conditions for maximisation of (2.46) a‘z; :aiz—l‘a =0, Where we

have summarised the conditionsin (2.72 and 2.73), we have a equation system with the solutions

A A JP )
Q41 Q% =QH(B,x)+rQ%(B,x) = Nlr ﬁZlH(ir)AH(ir) (2.74)
I or=li=

Rr ,
Y X H(nB Hp) (2.75)

Q/I=£"2A‘ll s = -
(8.%) N r(r-1) /35

By inserting (2.75) into (2.74) and some manipulations we get

M=o
M=

Aa Aa _ 1 Rr , ,
Q" =Q%(B,x) = N r|:r§u§[H(ir)ArH(ir)_r H(ir)BrH(ir):| (2.76)

r 1i

1

In (2.75) and (2.76) we have described the solution to the two subproblems 1 and 2. Maximisations
will be carried out by a iteration method where the two problems are solve simultaneously. We have
used the PROC MIXED program module in SAS/STAT software (SAS, 1992), to solve this. The
program is described in Appendix A.

It has to be a certain amount of observations units for the stochastic model to be parameter saving. In
our case where we have five stochastic coefficients, we have to estimate 15 unknown components in
Q% . This must be compared to the amount of parameters we have to estimate if we use the model with
fixed coefficients. In our case thisis 5xthe amount of plants. This means that as long as we have more

that three observation units, it is parameter saving to use a stochastic model.
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3. Data

We are using an unbalanced data set of plants belonging to the Norwegian Pulp industries covering the
period 1972-1993. Our primary source is the Manufacturing Statistic database of Statistic Norway,
complemented with data from National Account. Every plant is observed at minimum four years and
maximum 22 years. The total amounts of plants are 45, and the total amount of observationsis 676. So
at an average a plant is observed in 15 years. 16 of the plants are observed the whole period, and

represent more than half the data set.

In our profit function, we use four variable inputs, Labour (L), Electricity (E), Fossil fuel (F) and
Intermediate inputs (M), and one homogeneous output (Y). In addition we use capital (K) as a quas
fixed input. T is a calendar time trend, which is included to proxy the technological level of the plant.

The variables are defined as following:

Labour. Employment (L) is measured in man-hours per year, price of labour (v) as total compensation
to labour divided by hour worked.

Capital. The Capital stock (K) is the most difficult factor to obtain. The manufacturing statistics have
only one measure of capital, the insurance value of capital. One weakness with insurance value is that
firms have had different insurance policies over time due to costs. Instead, the perpetual inventory
method has been chosen, accumulating the historical investments from an initial bench-market value.
To calculate a benchmark value for capital we have used the mean gross profit, i.e. the income minus
the variable costs for the establishment, as a proxy variable for the user cost of capital. The capital has
then been cal culated as the gross profit divided by the user price of capital, defined as investment price
index multiplied by the sum of the internal rent and the depreciation rate. The internal rate is set to
equal the average interest rent for five years Governmental bounds. Capita is divided in two
categories a) buildings and b) machinery and equipment. The index n for plants is dropped for

convenience.

ke = (1-8) ke + it (3.1)

ko= (th:O (P Zizime (Wit Xi))/(T+1))/pee  t=(0,..T) (3.2

Pint = Pinat(1 +340) (3.3)
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Pinvt= (Pot Ko+ Pt k_mt)/ ( Ko+ kf_nt) (34)
re = (1-r)/(1-iy), (3.5)
& = (8b Kor+ 8m Kee)/ ( Ko+ Krr) (3.6)

where

Pinvt = Weighted price index for investment goods.

Pr: = price index for building investments.

Pt = price index for investments in machinery and equipment’s.
kit = insurance value for buildings.

ke = insurance value for machinery and equipment’s.

r. =thered rate of thelong run interest rate.

ry =the nominal long-term interest rate.

i; = inflation.

Oy, = the depreciation rate for buildings.

Om = the depreciation rate for machinery and equipment.

The depreciation rate for buildings is assumed to be 4 per cent (50 years geometric depreciation). For
machinery and equipment the depreciation rate is 8 per cent (25 years). These depreciation rates are
used in National Accounts, Norway (see Todsen, 1997). The nominal long-term interest rate is the

average interest rate from 5 years Government bonds (source: Banc of Norway)

Electricity and fuels. Electricity (E) and fuels (F) inputs are measured in MWh consumed and prices
(vg, vr) are obtained by dividing the value of input purchased by the quantity in kWh.

Intermediate inputs. (M) is measured in fixed prices (1990). The price (vy) is an index collected from

the National Accountsand issame for all plants.

Output. Output (Y) is measured as produced quantity in tonnes. The output price (p) is calculated as
the value of the tota production divided by the total produced volume, for each plant and year.

In Figure 3.1, we can se the development of the production and factor use for the whole Pulp industry
over the period 1972-1993. There we can see, that the use of labour, fossil fuel and material have
declined during the period, but electricity is more intensive used. The use of capita has nearly had the

same development as production. This can partly be explained by a shift in technology. The structure
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of the industry branch has gone from minor plants producing mechanical pulp to major and more
capital and energy intensive plants, producing termomechanical and chemical pulp. In the year 1972
there was 42 plants which produced at average 43 400 tonnes pulp. In the year 1993, 17 plants
produced at an average 126 900 tonnes pulp.

Figure3.1 Production and factor usein the Pulp industry. 1972-1993

250

Index (1972=100)

1970 1975 1980 1985 1990 1995
Year

—&—Production —fll—Material —&— Labour —X—Electricity —¥—Fossilfuel —€— Capital

25



4. Reaults

In our estimation of the models described in section 2, we have used the PROC MIXED procedure in
SAS/STAT (SAS, 1999). First we will examine which model is best suited given our data set. Then we

present different elasticity measures across the model s and discuss their economic interpretations.

41 Random or fixed effect, what is best suited?

How can we decide what model is best suited given our data set? The model with fixed effectsis very
costly regarding to lost degrees of freedom, and a model with random effects may have better
efficiency. However, as we stated in section 2.2.3, the plant specific effects are assumed to be
digtributed independently of the right hand side variables. This can lead to inconsistent estimation of
the stochastic effects (Hausman and Taylor, 1981).

In table 4.1 we report the estimated elements of the parameter vector 3 (se equation 2.17). In the
model with fixed effects we estimate 245 parameters, with random effects 45 parameters, but in the
model with homogeneous coefficients we only estimates 25 parameters. It seems, like for most of the
estimated parameters, that the results are smilar for al models. We cannot tell, from the estimates, if
omission or incorporating heterogeneity in the models gives us inefficient estimates of the coefficients.
Most of the coefficients are also significant at the 5 % significance level according to the standard

errors.

In table 4.2 we present different goodness of fit measures. Both Akaike's (Akaike, 1987) and Schwarz
Bayesian's (Schwarz, 1978) information criteria support the model with fixed plant specific effects,
but the model with no heterogeneity effects seems to have the worst performance. In the table we also
presents the log-likelihood value, from these values we can calculate the log-likelihood ratio. But
according to Bigrn et. a. (1998), these ratios are not asymptotic x>-distributed, because the
coefficients are on the boundary of the parameter space. More about inference in mixed linear models
are discussed in Khuri et. a. (1998).
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Table4.1 Coefficient estimates and standard deviation

Model A Model B Model C
Homogeneous coeffisients’ |Fixed effects? Stochastic effects®
Coefficients |Estimate Standard Estimate Standard Estimate Standard
deviation. deviation. deviation.

S -20.239* 5.156 -29.914* 9.615 4.866 9.170
&L 14.765* 1.202 12.040* 1.195 11.185* 1.118
O -5.399 3.159 -3.567 2.865 -4.566 2.855
O -13.360* 2.426 -4.162* 1.950 -4,938* 1.930
Sm 14.765* 1.202 12.040* 1.195 11.185* 1.118
BLL 16.944* 4.090 3.062 8.645 16.982* 6.187
BLe -24.786* 5.330 -20.584* 4.753 -20.326* 4.729
BLr -39.054* 4.961 -16.499* 3.308 -17.308* 3.367
BLm -24.787* 2.060 -12.279* 1.787 -11.931* 1.733
Bee 26.187 17.720 95.183* 20.251 42.956* 19.459
Ber 50.869* 11.214 14.627 8.037 14.864 8.134
Bem 14.251* 4.074 3.545 3.198 4.808 3.235
Brr 28.484 18.581 18.570 14.455 -27.052 19.89
Bem 15.720* 3.815 8.460* 2.452 8.004* 2.498
Bwm 141.090* 20.873 190.040* 26.355 62.141* 29.495
Bke 0.112* 0.008 -0.034* 0.0148 0.003 0.012
B 0.743* 0.294 1.227* 0.275 0.947* 0.273
Bke -0.390* 0.020 -0.106* 0.028 -0.146* 0.026
Bre -4.110* 0.709 -5.748* 0.518 -5.519* 0.530
Bkr -0.147* 0.021 0.123* 0.020 0.120* 0.019
Bre 1.090 0.779 0.336 0.377 0.353 0.385
Bkm -0.428* 0.020 0.073* 0.022 0.051* 0.022
Brm 0.791 0.722 -1.268* 0.434 -1.129* 0.444
Sk 0.266* 0.009 0.052* 0.013 0.073* 0.012
&r 0.440 0.317 1.309* 0.249 1.260* 0.249

L Al coefficients are assumed to be homogeneous.

2 Average of the fixed plant specific parameters Op, BuLs Bee, Bre and By

® Expected value of the random parametersin the stochastic model Sy, Bri gy, Beeqry, Brrin and Bungi-
* Significant at the 5 % level.

To test if a model with random heterogeneity coefficients is more suited than a model with fixed
coefficients, we use the Hausman-test, as described in Green (1993). The test is based on hypothesis
that, if the condition of stochastic independence described in section 2.2 holds, both the models with
random and fixed effects will be consistent, but the model with fixed effects will be inefficient. It

means that under the null hypotheses there will not be significant differencesin the estimated 3-vector
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between the stochastic and fixed models. Another property of the Hausman-test, is that the covariance
between the efficient estimator and the difference between the efficient and inefficient estimator has to

be zero.

Covl6-3), ﬁ]—%b/ar((ﬁ—/?%/?)—Var(ﬁ—/?)—Var(/?)]=

) 6} ver )2, 5)-ver ()=
Cov(b, B)-Var(B)= 0= Cov(p, 3)=Var(3) (4.1

We a'so know

Var (b ) =Var(b)+Var(B)- 2Cov(b, 3) (4.2)
By substituting (4.1) into (4.2) we have

Var (6 B)=Var (b)-Var(8)=x (4.9

where X now is amatrix. The % - test based on the Wald criterion (Wald, 1943) is
w= X ?[K]=[6- ] £2[6- A] (4.4)

Under the null hypotheses W is asymptotic x? distributed with K degrees of freedom, where K is the

number of additional parametersin the less restricted model.

The alternative hypotheses, is that the fixed coefficient model is consistent but not the stochastic
coefficient model. Then the condition of stochastic independence fails, and then (4.1) also fails,
because A no longer is consistent. If Cov |(6- 3), 3] deviates significant from zero, we have to reject
the null hypotheses, that the stochastic model is more efficient than the fixed model. The cause is that
under the dternative hypotheses, the fixed coefficient model gives consistent estimates, whereas thisis
not the case for the stochastic coefficient model. Then the condition for the Hausman test aso fails.

This applies even if Var(b)<Var(B). In table 4.2 we can see the Hausman test fals out in favour to

Model B with fixed effects Model C with stochastic effects. The y*value with 19 degrees of freedoms
is 192.2, which are significant at all reasonable levels of significance. But we have to be careful when

we interpret the test, when we use maximum likelihood estimates, because if the conditions of
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independence is violated the conditions for Hausman test will fall. We then risk testing inconsistent
parameters of the stochastic effect model against the consistent parameters of the fixed effect model.

Table4.2 Goodnessof fit

Model A | Model B | Model C

Estimated parameters 25 245 40

-2*Log-Likelihood 36282.6 |33511.6 |343315

Akaike Information criterion | 36362.6 34031.6 344415

Schwarz Bayesian criterion 36543.3 | 35205.8 |34540.9

Hausman test 192.2

An adequate way to evaluate the different models is to examine the covariance matrices for the
estimated models. In table 4.3 we report the estimated covariance matrix for the stochastic effect
model, and table 4.4 displays the genuine error term for all of the models reported. Besides afew cells
the variance are lowest for the Mode B with fixed plant specific effects and highest for Model A with
no heterogeneity. All estimated covariance matrices fulfils the condition of positive definiteness,

because the leading principal minors to the covariance matrices are positive (see Sydsader, 1990).

Table4.3 TheCovariance matrix for the stochastic effectsin Model B

8 Buan Beany  [Brin  |Bmin
S |84.0956
Buin |27.7668 |38.2768
Beiy |-68.452 |4.4496 |378.66
Brin |-79.0469(-28.019 |26.0038(395.77
Buman |-98.5906(-78.4154/111.88 |301.9 |869.96
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Table4.4 The Covariance matrix of the genuineerror terms

Model A

Uy U, Ug Ug U

uy [1965.51

U |-46.2292|11241

Ug |223.06 |-1557.93|13133

Us |-1269.62|3008.56 (8792.08 |10950

uy |634.84 |-3685.64|-1849.17|-3719.25(2182.76

Model B

Uy U, Ug Ur U

Uy [1326.63

u_ |[-347.85 [4610.69

Ug |-5.4321 |-217.05 (2282.51

U |-557.12 |1864.44 (1290.74|2858.65

Uy |459.73 |-1626.06|-436.96 |-1351.83|992.31

Model C

Ux up Ug Ur Um

ux |1432.6

u. |-384.32 |4946.19

Ug |-10.0681 |-231.34 |2442.77

U |-615.25 |1993.67 |1368.09 [3048.19

uv |496.58 |-1746.95 |-468.08 |(-1432.11 |1058.62

4.2 Economic inter pretation of theresults

In this section we want analyse the results from an economic theory point of view. This is done by
reporting the estimated elasticities and compares the results from the different models. The elasticities
presented here are the own price elasticities output and variable inputs, cross price elasticities, and
output and variable input elagticities with respect to capita and time. All elagticities are defined in
section 2.1, and calculated for an average plant in the year 1990.

All the estimated own price elasticities have the expected sign. But the level of the elasticities in

Modd A with homogeneous coefficients seems to differ. This may indicate that of homogeneity

between the plants are too rigid. None of the variable input factors have price elasticity over unity.
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Only one of the cross price elasticities is over unity, and that is between fossil fuel and electricity in
model A. Corresponding elasticities for model B and C are 0.52 and 0.55. These results are similar to
earlier studies, sefor example Bigrn et. al. (1998) and Dghl (2001).

Table4.5 Own- and cross price elasticitiesfor an average plant in year 1990.

Model A

Output |Labour |Electricity |Fossil fuel |Material

Output 0.177 |0.249 |-0.026 -0.063 0.021

Labour -0.003 |-0.051 |0.020 0.028 0.005

Electricity |0.003 |0.213 |-0.083 -0.123 -0.010

Fossil fuel |0.009 |1.233 |-0.514 -0.288 -0.042

Material  |-0.036 |0.903 |-0.166 -0.161 -0.124

Model B

Output |Labour |Electricity |Fossil fuel |Material

Output 0.181 |0.203 |-0.017 -0.020 0.017

Labour -0.002 |-0.029 |0.017 0.012 0.003

Electricity |0.002 |0.177 |-0.141 -0.035 -0.003

Fossil fuel |0.003 |0.521 |-0.148 -0.122 -0.023

Material  |-0.030 |0.447 |-0.041 -0.087 -0.470

Model C

Output |Labour |Electricity |Fossil fuel |Material

Output 0.156 |0.189 |-0.022 -0.023 0.016

Labour -0.002 |-0.030 |0.017 0.012 0.003

Electricity |0.003 |0.174 |-0.138 -0.036 -0.003

Fossil fuel |0.003 |0.546 |-0.150 -0.159 -0.021

Material  |-0.028 |0.435 |-0.056 -0.082 -0.155

We have also estimated the effects on supply and demand caused by a change in the capital stock,
reported in table 4.6. Here model A also gives different estimates compared to the other models, both

31



regarding signs and level on the estimates. But there is no difference between the other two models.
Except in one occasion, the effect on labour of a change in capital is positive in model B with fixed
effects, but negative in the stochastic model. However, the effects are very close to zero. The highest
effects are found in the demand for fuel. One per cent changes in the capital stock leads to a half per
cent reduction on the fuel demand. At the same time the effect for electricity is positive, but not to the

same degree. It indicates that the capital investments are energy saving.

Technica development is reported by a linear time trend. We can approximately calculate the annual

g—X% These technical changes, interpreted as a trend effect, are aso
T

reported in table 4.6. We can clearly see that the technical change has not been neutral. The sign of the

technical change as ¢,, =

effect differs between the input factors. In this case the homogeneous model does not differ except for,
intermediate materials. Nota bene, in contrary to the other input factors, the demand for eectricity

grows over time.

Table4.6 Theeffect on output and factor demand by a change in capital and trends.

Model A Model B Model C
Homogenous| Fixed effects| Stochastic

coefficients effects
EI(YK) 0.375 0.976 0.443
El(LK) -0.123 0.038 -0.003
EI(EK) 0.461 0.126 0.173
EI(FK) 0.563 -0.472 -0.458
El(MK) 0.566 -0.097 -0.067
€Lt -0.0038 -0.0063 -0.0048
€ 0.0226 0.0316 0.0303
€rr -0.0194 -0.0060 -0.0062
Emr -0.0049 0.0078 0.0069
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5. Conclusions

In this study we have shown that it is very important to pay attention to heterogeneity in econometric
modelling of panel data. If you don't take this into account, the parameter estimates can be
inconsistent. According to our results, the question of modelling heterogeneity with fixed or stochastic
coefficients may effect the efficiency of the estimates. However, further tests have to be done to obtain
a definite conclusion. Though, our concluson on this study is, that the choice of how to model

heterogeneity does not effect our estimates on elasticities.
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Appendix A :Program PROC MIXED SAS/STAT

options PS=55 LS=80 NOCENTER nodate;
title ' GL profit function';
title2 'Demand and Supply functions with homogeneous functions';
* Estimering av modell Al;
proc mixed data=data.s34GL method=ml asycov mmegsol maxiter=1000 ;
class bed aar;
where 1lig ne 6;
model profit = gaxx gaxl gaxe gaxf gaxm gall gale galf galm
gaee gaef gaem gaff gafm gamm
galk galt gaek gaet gafk gaft gamk gamt gaxk gaxt/
noint s;

repeated / type=un sub=bed(aar) r;

estimate 'gaxx' gaxx
estimate 'gaxl' gaxl
estimate 'gaxe' gaxe
estimate 'gaxf' gaxf
estimate 'gaxm' gaxl
estimate 'gall' gall
estimate 'gale' gale
estimate 'galf' galf
estimate 'galm' galm

estimate 'gaee' gaee

1
1
1
1
1
1
1
1
1
1
estimate 'gaef' gaef 1;
estimate 'gaem' gaem 1
estimate 'gaff' gaff 1
estimate 'gafm' gafm 1
estimate 'gamm' gamm 1
estimate 'galk' galk 1
estimate 'galt' galt 1
estimate 'gaek' gaek 1
estimate 'gaet!' gaet 1
estimate 'gafk' gafk 1
1

estimate 'gaft' gaft
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estimate
estimate
estimate

estimate

'gamk' gamk 1;
'gamt' gamt 1;
'gaxk' gaxk 1;

'gaxt' gaxt 1;

ods output Estimates=tabal;

ods output MMEQSOL=mmegsal;

ods output AsyCov=asyal;

ods output SolutionF=fixal;

ods output listing exclude all;

run ;

* Estimering av modell A2;

title2 'Demand and Supply functions with fixed effects';

proc mixed data=data.s34GL method=ml asycov mmegsol maxiter=1000 ;

class bed aar;

where 1lig ne 6;

model profit = gaxx(bed) gaxl gaxe gaxf gaxm gall (bed) gale galf

galm

noint s;

gaee (bed) gaef gaem gaff (bed) gafm gamm(bed)
galk galt gaek gaet gafk gaft gamk gamt gaxk gaxt/

repeated / type=un sub=bed(aar) r;

estimate
estimate
estimate
estimate
estimate
estimate
estimate
estimate
estimate
estimate
estimate

estimate

'gaxx' gaxx(bed) 1;
'gaxl' gaxl 1;
'gaxe' gaxe 1;
'gaxf' gaxf 1;
'gaxm' gaxl 1;
'gall' gall (bed) 1;
'gale' gale 1;
'galf' galf 1;
'galm' galm 1;
'gaee' gaee(bed) 1;
'gaef' gaef 1;

'gaem' gaem 1;
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estimate 'gaff' gaff (bed) 1;
estimate 'gafm' gafm 1;
estimate 'gamm' gamm (bed) 1;
estimate 'galk' galk 1;
estimate 'galt' galt 1;
estimate 'gaek' gaek
estimate 'gaet' gaet

estimate 'gafk' gafk

1;
1;
1;
estimate 'gaft' gaft 1;
estimate 'gamk' gamk 1;
estimate 'gamt' gamt 1;
estimate 'gaxk' gaxk 1;

1;

estimate 'gaxt' gaxt

ods output Estimates=taba2;
ods output MMEQSOL=mmegsaZ2;
ods output AsyCov=asya?l2;

ods output SolutionF=fixa2;

ods output listing exclude all;

run ;

* Estimering av modell A3;
title2 'Demand and Supply functions with random effects';
proc mixed data=data.s34GL method=ml asycov mmegsol maxiter=1000 ;
class bed aar;
where lig ne 6;
model profit = gaxx gaxl gaxe gaxf gaxm gall gale galf galm
gaee gaef gaem gaff gafm gamm
galk galt gaek gaet gafk gaft gamk gamt gaxk gaxt/
noint s;
random gaxx gall gaee gaff gamm/type=un sub=bed s;

repeated / type=un sub=bed(aar) r;
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estimate
estimate
estimate
estimate
estimate
estimate
estimate
estimate
estimate
estimate
estimate
estimate
estimate
estimate
estimate
estimate
estimate
estimate
estimate
estimate
estimate
estimate
estimate
estimate

estimate

'gaxx' gaxx

~.

'gaxl' gaxl

~.

'gaxe' gaxe

~.

'gaxf' gaxft

~.

~.

'gaxm' gaxl

'gall' gall 1;
'gale' gale 1;
'galf' galf 1;
'galm' galm 1;

'gaee' gaee

~.

'gaef' gaef

~.

~.

'gaem' gaem
'gaff' gaff
'gafm' gafm

~.

'gamm' gamm

~.

'galk' galk 1;
'galt' galt 1;
'gaek' gaek 1;

'gaet' gaet

~.

'gafk' gafk 1;
'gaft' gaft 1;
'gamk' gamk 1;

'gamt' gamt

~.

'gaxk' gaxk

~.

HF B R R R R B KB RBR R RB R R R PR BB RBRRB R R R R R R

~.

'gaxt' gaxt

ods output Estimates=taba3;

ods output MMEQSOL=mmegsa3;

ods output AsyCov=asya3;

ods output SolutionF=fixa3;

ods output SulotionR=rana3;

ods output listing exclude all;

run ;

39





