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Abstract

This paper reviews and contrasts the results from different
approaches to the measurement of technical efficiency.' The measurement of
efficiency 1s based on the estimation of production function frontiers. The
alternatives considered include full frontiers and stochastic frontiers under
different assumptions about the error structure. The comparison is carried
out on the 1961 Chilean manufacturing census. The few previous attempts that
have compared alternative approaches were based on extremely narrow data sets
such as the Swedish milk industry and the U.S. steam power generating
plants. The results for 43 4-digit ISIC sectors indicate that the measurement
of sectoral efficiency is sensitive to the selection between statistical and
stochastic frontiers but not to the cholce of error structure. In general
there is a high correlation across measures for establishment-level efficiency
estimates within a sector. Finally in contrast to other studies, about half
of the sectors considered could not support the estimation of a stochastic
frontier because the skewness of the distribution of the overall residual was
of the wrong sign. This result suggests at least two explanations: the error
structures considered in the literature are not appropriate or the purged data

might still include observations with measurement errors.



I. INTRODUCTION

Following Farrell”s ploneering work (1957), the developmeat and
refinements of the economic and statistical foundations of production and cost
frontiers has progressed rapidly in recent years. Some of the more recent
developments, in particular the formulation of stochastic (or “composed
error™) frontiers, attempt to recognize that the measurement of technical and
allocative efficiency is fraught with difficulties: (a) the firm operates in
a world where its performance is likely to be affected by events outside its
control; (b) the empirical relationship contains a good deal of statistical
noise in the form of measuremenc error, omitted variables and sc on. Yet the
illustration of new techniques, 1including the comparison of different
approaches, has generally taken place on a limited number of data sets: the
Swedish milk industry [Van den Broeck et al (1980)] and the U.S. steam power
generating plants [Kopp and Smith (1981)]. The usefulness of these techniques
would be enhanced as tools for policy analysis if they yilelded plausible (and
hopefully similar) results on a wider range of data sets 1including
manufacturing census data where there 1s great interest in méasuring and
understanding firm efficiency within and across sgsectors.

The purpose of this paper 1is to provide a comparison of these
alternative approaches on such a data set. To our knowledge with the
exception of the two above-mertioned studies, no one has yet undertaken such a
comparative performance of alternative methods. The comparison 1s undertaken
with the 1967 Chilean menufartiurine meamans tthasa Adaea 1o o0t o o -
digit ISIC level for aig establishments employing more than five workers.

Comparison taips place over the range of production frontiers

(deterministic parametric, deterministic statistical and stochastic) which



have appeared in the literature since Farrell”s (1957) pioneering work. These
recent developments allow both the estimation of statistically more robust
frontiers and the retrieval of indices of efficiency at the firm level
(Section II and Appendix I). We start in Section II with definitions and
interpretations of measures of efficiency unon which the analysis is based.
Section III discusses various ways to estimate production fronters and
presents the alternative methods that are subjected to comparison. ' Section IV
discusses the choice of functional form and estimation procedures for the
production frontiers; section V presents efficiency estimates under different
models and their 1interpretation. Section VI reports the results of a
comparison of estimates based on the different models. Conclusions follow in

Sect{on VII.

I1. DEFINITIONS AND INTERPRETATIONS OF EFFICIENCY

‘ Consider Figure 1 where a sample of firms is depicted for an industry
producing a single output y, with two inputs X =(X;, X;) avallable at fixed
prices W = (wl, Wa)e. The output can be sold at a fixed price, P. The
frontier production function can be characterized by the unit 1isoquant QQ,

provided that technology can be described by a linear homogeneous production
X X

function so that we can express the production function as 1l = f (—%5 —%).

Farrell distinguishgd between technical and allocative efficiency., These

concepts are discussed with the help of Figure l. For the constant returns to
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unit isoquant. A firm is allocatively efficient if the marginal rate of

sullstitution between the two inputs is equal to the faamgor price ratio. Given
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the factor prices Wy, firm A is the only firm in the 1industry which 1is both
technically and allocatively efficient; firm B is technically efficient and is
allocatively inefficient, for it is using the wrong factor proportions and a
relative index of its inefficiency derived from unit cost comparisons, is
given by EB = OD/OF. Finally, firm C is both technically and allocatively
inefficient and 1its overall inefficiency OD/OC can be decomposed into an

allocative and a technical component.

oD _ OD OE

Ec"oc"og oc

Total inefficiency = allocative inefficlency x technical inefficiency.

The above analysis does not consider the optimality of the level of
production, since the scale of production 1is indeterminate in the case of
constant returns to scale. however if the technology 1is non constant returns
to scale (homcgenous or not), then the scale of production will be optimal if
and only if at the chosen level of output, price is equal to marginal cost. 1/
A firm is on the cost frontier if it is both technically and allocatively
efficient. Finally, a firm is said to be scale efficient if it chooses a
profit maximizing level of production.

Since in our comparison we only rely on information on output and

input quantities we cannot distinguish allocative from technical or scale

1/ For a general (contant returns or not) well-behaved production function

y = f(x), a firm i{s technically efficient if the observed production and
input combination (x5 Yo ) satisgfies Yo ™ £(x_.) Technical inefficiency

arises when Yo < f(xo) The definition of a?locative efficlency 1is not
altered.



inefficiency. Thus the figures below should be interpreted as measures of
technical inefficiency with respect to the industry production frontier. To
illustrate, refer back to figure 1: both firms A and E will appear as
efficient, and firm G will appear as inefficient even though it is
allocatively efficient and it achieves the same degree of overall efficiency
as fimm E.

There are several interpretations to the scatter of points in figure
1. One explanation is that firms do not have access to the same technolog;,
in which case there 18 no reason to investigate differences in efficiency. If
observations could be grouped by technology class, then efficiency could be
studied within classes. A second interpretation along the same lines would
attribute the scatter to the sample containing firms with equipment of
different vintage. In this case the relevant efficiency frontier is different
for observations belonging to different vintages. Observations should then be
grouped by vintages and comparisons should be made within a vintage. This {is
clearly an dimportant consideration In a world where the technological
structure of manufacturing industries has different substitution possibilities
before and after 1investments in new techniques. A third interpretation is
that all firms face the same technology but that séme are more successful in
using it than others. This corresponds to the full-frontier (pr deterministic
frontier) approach discugsed below.

A fourth interpretation is that all firms face the same technology up

to a random factor that takaa {ntn srcannt the offartae An nradusrriae ~F

2
meagurement errors in fhe output variable and other random shocks outside the

firm“s control. Thus, ;he resulting production frontier is stochastic and
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departure from this frontier reflects technical inefficjency. 1/ This
corresponds to the stochastic frontier concept discussed below.

The measures of efficiency reported in this paper refer to a single
point in time and are therefore static. Given our selection of inputs in the
productiou function, what 1s being measured 1is the technical efficiency of:
physical plant and equipment, unskilled, and skilled 1labor in producing
output. Therefore the resulting measure of efficiency 1s a multiple—factor

index. Zj

III. ESTIMATION OF PRODUCTION FRONTIERS 3/

The estimation of production frontiers has proceeded along two
general paths: full-frontiers which force all observctions to be on or below
the frontier and hence where all deviation from the frontier 1is attributed to
inefficiency; and stochastic frontiers where deviaticn from the frontier is
decomposed into a random component reflecting measurement error and
statistical noise, and a component reflecting inefficlency. The advantage of

the stochastic frontier approach 1s that it 1incorporates the traditional

')
~

See Forsund et al (1980, pp. 21-23) and Stigler (1976) for further
discussion on the interpretation of inefficiency.

2/ See Kopp (198l) who introduces single-factor Farrell efficiency measures
for ' full frontiers. This corresponds to the case where the technical
efficiency of a subset of factor ipputs 1s fixed by ex-ante decisions.
Then single- factor measures of efficiency may be more appropriate measures
of a plant”s ex-post efficiency since they do not penalize a production

g-au-li.uu~-vu -~ - e [P “aan i [ [P e n RN N ~ i PN

prices are available, the firm is not penalized by 1its 1inability to

ad just.

3/ This section draws on Forsund et al (1980) who also discue! cost and
profit frontiers.



randoma error of the regression. In this case the random error -— besides
capturing the effect of unimportant left out variables and errors of
measurement in the dependent variable — would also capture the effect of
random breakdown on input supply channels not correlated with the error of the
regression. The measures reported in this paper are based on both full
frontiers and stochastic frontiers. Below we describe briefly both
approaches; models and estimation téchniques are presented in the appendix.

A. FULL-FRONTIERS

In Farrell”s work, the basic procedure was to construct the efficient
unit isoquant from the observed input-output ratios by linear programming
téchniques. Although coﬂstant returns to scale (CRTS) was assumed, the major
advantage of this approach is that 1t imposes no functional form on the
data. Furthermore, Farrell”s approach has been lately extended to allow for
non—-homothetic and inhomogenous functions. }j Thus one approximates with a
minimum of restrictions the unknown frontier without particular functional
form restrictions. However, only in the case of CRTS does this procedure
provide enough information to determine a production function. The estimation
is termed non-parametric in the literature in the sense that the model is not
based on any explicit model of the frontier. This is the approach followed by
Meller (1976) on the same data set used in this paper.

The next step in the estimatiqn of production frontiers was to move
to a parametric full-frontier where a functional form is {imposed on the

production function and_the elements of the parameter vector describing the

|31

-
-

1/ See Kopp (1981) fof:the weak restrictions on the functional form and or
the derivation of efficiency indexes.



abduction function are estimated by programming [Aigner and Chu (1968)] or by
statistical [Richmond (1974), Greene (1980a)] techniques. This is one of the
approaches used in this paper. The drawback of these techniques is that, like
the Farrell technique, they are extremely sensitive to outliers; and hence 1if
the outliers reflect measurement errors they will heavily distort the
estimated frontier and the efficiency measures derived from 1it.

The advantage of estimating full frontilers by statistical rather than
programming techniques 1is that 1f the distribution of technical inefficiency
is properly specified, then under certain regularity conditions [see Greene
(1980a)] one can derive maximum 1likelihood estimates with their wusual
desirable statistical properties. This gain 1in confidence about the
statistical properties of the parameters is made at che cost of imposing a
particular distribution of technical inefficlency which, as discussad below,
introduces another form of sensitivity to the results. }j

Next consider the relation between the "average” function ‘and the
“frontier” function. In the standard estimation of production models it {s
usually assumed that y = f(x)ee, where y 1is output, x 1is the input veccor
and € i{s a random variable distributed in the interval (-«, »). The estimated
model in this case {s an "average” production model. The "frontier” function
is given by: y = f(x) e™Y, where u 2 0 is a random variable, which {is
generated by independently identically distributed (iid) statistical drawings

from some distribution. The vector u represents inefficiency.

4/ allolller dlltlerence 18 that iu Che non—statliscigal case, maximalicy
describing the frontler is over all the points in the sample. Hence. one
obtains a Dbest-practice frontier, whereas in the statistical case,

ximality takes place over all possible sample poing glven technology so
one obtains an absolute frontier [(Forsund, et al (pe 2C,].




ﬁnder the conditions specified above the average function is
conceptually identical to the frontier except for the realized value of the
multiplicative efficiency term. lj In contrast, in the uon-statistical case,
the unknown frontier 1is estimated directly rather than 1w relation to the
average. Finally, until recently, the major advantage of full frontier models
over the stochastic model presented bglow was that they provided efficiency
indexes for each firm. However, lately Jondrow et ai (1982) have derived

estimates of expected efficiency at the firm level for the stochastic frontier

model.
B. STOCHASTIC FRONTIERS
The stochastic frontiers models is given by:
y = £(.:)eV . e Y 6> 0,
stochastic frontier inefficiency term v is a random variable
. that takes values in -
the range (~=, +w)
From the estimation of this model one gets a set of efficiency values
such as: (1) an average efficiency index for the sector; (2) an expected

éfficiency index for each observation relative to the stochastic frontier; and
(3) a measure, A = au/av, indicating whether most of the variance from the

frontier is due to randomness or to ine.ficlency. 3]

®

~/ 4o capidlned beiow, it is this relationship which allows us to obtain an
estimate of the frontier by correcting the constant term from the OLS
2stimate of the average frontier (hence the name COLS).

4
2/ See the appendix for derivations.
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As mentioned above, we estimate both full frontiers and stochastic
frontiers. The great advantage of the stochastic frontier for our data set is
that it allows for randomness and measurement errors in the dependent
variable. One apparent disadvintage of the stochastic frontier is that the
correction factor required to obiain a consistent estimate of the efficiency
term draws on an estimate of the third central moment of the composite error
v-u. If the model 1s correct, then the population value of this third moment
is negative. However, 1if the sample value of this third moment is positive
then the estimation procedure breaks down (this corresponds to the type I
error in Olson et al (1980))

In effect, as shown ir Appendix I, a consistent estimate of the
constant requires the use of a consistent estimate of E[u] which can be
obtained by the method of moments. ff we assume that v 1is N(O,os) then the
second and third central moments of the distribution of the composite
error e=v-u provide the informatinn to estimate E(u) under alternative
assumptions about the distribution of u. Regardless of the distributional
assumption about u, the population value of the third central moment
of €, us, is always negative. However, there is nothing guaranteeing that the
sample estimation, ;5. which .18 a consistent estimation of "3' will be
negative in which case we have what Olson et al (1980) refer to as a Type I
erro;. Likewise, 1f the samrl; estimate ;3 is negative the estimation also
breaks down in what Olson et al (1980) refer to as a Type II error. In that
case A 18 meaningless.

If the wrong sign of this moment is due to a few Eutliers arising
from wmeasurement errors then the correctly specified model cannot be

estimated. This drawback 1is not apparent with the deterministic statistical
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full-frontiers, although outliers would create a bias of unknown consequences.
We also present measures based on the programming estimation technique since,
unlike the other wetrods, it provides a direct estimate of the frontier and
does not force the unknown frontier to be approximated by the average

frontier.

IV. DATA, SPECIFICATION OF FUNCTIONAL FORM, AND ESTIMATION

As shown 1in Appendix I, for both the statistical full frontier ;ase
and the stochastic frontier case, OLSQ estimation of a model linear in the
parameters provides BLUE estimators of all the coefficients except the
constant. This justifies drawing on previbus work on "average frontiers” for
the selection of the appropriate functional form. Of course, OLSQ is BLUE
only if the model 1s correct and only 1if the left-hand side variables are
exogunous. Exogenous right hand side variables can be obtained in models
where the firm maximizes expected profits [Zellner, Kmenta and Dreze (1966)].

The specification of the production frontigt draws on previous work
by Corbo and Meller (1979b and 1982), where the technology of Chilean manufac-~
turing sectors was studied in detail using the same data set. The data set
provides cross-sectiog data for individual establishments within each sector.
Thus whenever reference is made to efficiency estimates of firms it should be
understood as efficiency estimates of establishments where an establishment in
the canaua {a definad aa a3 afnele nlanr pqrahv}qhmonr. Tha dats r~avare Ah
four-digit ISIC manﬁ%acturing sectors. The output variable is value-added (V)

-

and the inputs are: ;pumber of man days (L), skill units (S) and the value of
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fixed asgets (K), all varifables used by Corbo and Meller (1982) l!

The precise definitions of the input variables used are as follows:

L = average annual number of man days. It 1is measured by the
sum of production workers, blue-collar workers in auxiliary
activities, white-cc 'ar workers, and entrepreneurs times
the number of days worked by the establishment. 3!

S = skill-days units. It is measured by the average annual

’ number of blue~collar days equivalent minus 1. 2! The

number of blue ccllar days equivalent is measured by the

ratio of the total wage payments, plus an imputation for

entrepreneurs, to the minimum wage rate of the whole
industrial sector. &4/

K = Book value of machinery at 1967 prices less accumulated
depreciation. 5/

In another paper [Corbo and Meller (1979a)] inputs were defined as blue
collar workers, white collar workers, and value of fixed assets.

As reported in Corbo and Meller (1979b), preliminary statistical tests and
regressions were performed using the number of annual man-hours worked by
production workers; however, this variable turned out to be highly
unreliable. The only other available measurement of a flow variable for
labor 1is the number of workers times the number of days worked by an
establishment during the year. The use of this variable implies the
following for all establishments of the same industry: workers work the
same number of hours; absenteeism and part-time workers are equally
distributed (part-time workers are negligible in Chilean manufacturing);
and the number of shifts worked 1s the same (most Chilean manufacturing
establigshments work only one shift).

The {implicit assumption here 1is that each worker 1s composed of two
parts: body, and skills and that wage differentials are due to quality
differences. See Griliches (1967).

The wage rate of entrepreneurs is assumed to be two and a half times the
Avaraca tinaa vata AfF Rl ra—rnAllar wvarbara within a ofven nrerahlichmant.
To minimize the possibility of measurement errors the minimum wage rate of
the whole industrial sector 1s cowputed as the “simple average of the ten
lowest wage rates of blue-collar workers observed in the census.

t
In a persistently inflationary economy 1like Ghile”s, the use of book
values to measure the capital service factor, (besides the traditional
limitations of ignoring differences in capacity utilization, accounting
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Y - Gross value added at 1967 prices.

The units of L, S, K, and Y are chosen in such a way that for a given industry
i, the mean of each one of them is equal to one.

In that paper the technology wagrrepresented by a translog production
function. The translog function was estimated directly and then more
restricted nested models were estimated testing for CRTS and {nput
separability. When testing for CRTS, in only three cases out of forty-four
was the null hypothesis rejected at the 1 percent level. These sectors were
bakery products (ISIC 3112), wearing apparel except footwear (ISIC 3220), and
cement for construction (ISIC 3693).

For the forty-one CRTS sectors, further tests for global separability
(a Cobb-Douglas technology) were performed. For thirty-five out of the forty-
one sectors the Cobb-Douglas technology céuld not be rejected [See Cofbo and
Meller (1982, Table 5.2)]. Thus, there were six CRTS sectors for which the

Cobb—-Douglas technology was rejected: spinning, weaving, and finishing

procedures, and depreciation rates) leads to an underestimation of the
capital factor of the older establishments, thereby exaggerating their
technical efficiency. However, the use of an available alternative
meagsure would not greatly affect our results. Meller (1976) used a flow
measure of capital services instead of the value of the stock. The
‘capltal service variable was defined as K = .IO'KM + .03 KB + .20 Kv + .10
(Ky + Kg + Ky + Kq), where Ky, Kz, Ky, and K; are the book values of
machinery, buildings, vehicles, and inventory goods. Geometric deprecia-
tion rates of .10, .03, and .20 were used for machinery, buildings. and
iiiiiiiii ) eMu e e PLiltue Lvad Lilecledl Kailt wdo LubuUd ds Lhie cousL ool
capital. The simple correlation between the capital service measure and
the book value of machinery mpeasure was above .95 in sixteen out of the
twenty-one industrial sectors considered in that study, with the swmallest
correlation coefficient bein332823. Similar high correlation coefficients
were obtained with standard alternative capital measures like electricity
consumed by the establishment measured in kilowatt hours and installed
capacity of the production machinery measured in horsepower.

(X1
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textiles (3211); sawaills, planing, and other wood mills (331l); printing,
publishing, and allied industies (3420); furniture and fixtures primarily of
metal (3812); special industrial machinery (3824); and machinery and equipment
not elsewhere classified (3829). For these six sectors the data indicate that
a CRTS translog function is appropriate. Finally, for the three sectors for
which the CRTS hypothesis was rejected, tests were performed for a Coﬁb-
Douglas non CRTS techmology. In ali three cases the null hypothesis could not
be rejected at the 1Z significance level.

For the results reported here, we have relied on a CRTS Cobb-Douglas
functional form. Thus for our data set, with.the few exceptions mentioned
Above, the Cobb-Douglas.technology provides an appropriate representation of
the "average” sectoral production function.

A final issue is the proper measurement of the output variable in the
production function. If it is believed that the proper definition should be
at world prices and if there is a systematic variation in protection across
firms within a sector, then the estimated coefficients will be biased.
Appendix I1 derives the bias for the Cobb-Douglas case.

We briefly illustrate our estimation procedure with the more general

case of the stochastic froncier‘model. The model is linear in parameters and

given by:
(1) Y= BO + X8, +¢
where E™myYy-u v 1id N (O, ozv)

u 1iid half-normal 5: exponential
u >0



and u and v are independently distributed. If the columns of X are exogenous,
then the OLSQ estimator 31 of 81 i{s BLUE. However, the OLS estimator éo of
the constant term 1is biased. The blases arise from the fact that E(e) # 0.
By adding and subtracting E(e) to the right hand side of (1), the transformed
model has a new random error given by € -~ E(e) and a constant equal
to Bo + E(e). In this transformed model, the expected value of the error term
is zero. Therefore OLSQ provides BLU estimates of all coefficients including
the new constant BO + E(e). A consistent estimate of BO is given by
subtracting a consistent estimates of E(ec) from the OLSQ estimator
of Bo + E(e). (See Appendix I for details). This estimation procedure {s
known as corrected least squares or COLS.

The above model could also be estimated by maximum likelihood (ML)
which yields different results from OLS. As {s well-known ML only has
asymptotic properties. Montecarlo experiments for a similar model (Olson et
al 1980) indicate that for sample sizes below 400, COLS 1s superior or equal
to MLE for all parameters. }! Estimation performed by ML, for a few sectors,
not reported in this paper, ylelded results very similar to the COLS estimates
provided below. Based on these findings and cost considerations we estimate

all sectors by COLS.

V. EFFICIENCY ESTIMATES AND INTERPREfATION

This section presents efficlency results obtained wusing both

deterministic and stochagtic models. Results will be interpreted both at the

-
—

L
lj As with all Montecario experiments, these results could be sensitive to
the particular values selected for the inputs and the parameters of the
distribution of the random errors.




sector and within each 4-digit ISIC sector.

Table 1 lays out the main characteristics of individual sectors. We
present variables related to size (gross value of production), technology
(capital/labor ratio), trade orientation (exports/gross production:
imports/(imports + gross production)); industrial concentration (Hirschman-
Herfindahl index, HD). Sectors have been grouped into four categories:
exportables, import—couwpeting, non-import competing- and non-tradables.
Exportables are those sectors for which apﬁatent éonsumption (production +
imports - exports), C, is less than ruoduction (X). Import competing sectors
are sectors where 0.01 < Gﬁ%—) €< 0.75 non-import—-competing sectors are

sectors where (Eéi) > 0.75. Finally non tradables are sectors where
0 ¢ &S <o vy

As can be seen from the resulting Jdistribution of sectors in the above
categories, there is a clustering of sectors in the import competing group.
This 1s not surprising given the bias against exporting activities of the then
existing trade regime. _Z/ As expected, import-competing sectors did not
Qppear to be exposed to much foreign competition as indicated by the low
import penetration ratios in column 5.

Altogether, « there are 44 4~digit sectors which had ‘enough

observations (f.e., number of establishments) for statistical estimation. As

1/ This classification is inspired by Krueger, et al. (}981, ch. 1) and Corbo
:nd Meller (1981).
>

Z/ The blases of this trade regime are enalyzed in Behrman {(1976) and Corbo
and Meller (1981).



TABLE Lt SECTORal CLASBLPICATION AND CMARACTRRISTICS OF THE CHILEAN MANUFACTURLNC SECTOR 1IN 1947

HUMSER OF CROSS vaLw L/ AnPUTS

1NDUSTRT (151C)  .DE CLASSIPICATION O8SERVATIONS oF PRODUCTION CAFITAL/LABOS LXPURTS/PRUDUCTION w 2/
EXPORTASLES )
JILL Slaughteclag, pe. 1rlag sad peoserviag of wsete 100 1,521,841 .13 0.4 0.082 [T 7L
JIL) Camalag sad peos: <lag of fruite end vegetsbliee n 144,021 16.03%0 0.06) 0.03? 0.0y
3114 Camatng, preserv: ; & precsseleg of lleh,

ctustecosns sad : 1ller foede » 142, 008 21,504 0. 040 3.0} (AN Y]
3132 Vime ledwotclos 70 472.32) Jo.170 0.017 0.0 U.vlue
J)IL Sewaills, plamin, & ether wood mills 152 5219%. 323 1.006 . 0,023 0. W) 0, W
JAlL Pulp, papec sad ; erboard 19 3.6 74,205 0.422 0.102 U Y
1MPORT CONPETING
3112 Dulrcy products 46 39).208 9.9 0.0 0. 138 U. Uhdd
JI3 Vegetabie ond oai 1t elles ond (ots 34 313. 34 A3. 671 0.016 o.1n 0. 0482
119 Cocea, checolote  ougar comfectiomary 26 1.4 16,493 0.00) 0.0351 .2
M1l Nemufocturs of (. | preducts, sec 3}/ » M. NI 26,965 0.0u8 0.186 0.32?
I Dletilllng, rect: slag, end blasdlang ol eplcite 23 167,43 16.182 0. U2 v.018 U, Us)?
321 Splaalag, weevia; :ad (lalohlng of testiles n 1,331.919 1l.078 0. 037 o.114 0. 024)
3212 RMede-wp tostils , ade, except wearlog spparel 2 27.423 [K3}] 6.005 0.715 o.uMt
3210 Vesrlag opparel, «cept lestweer 3 ] 0Q2s.91) 80 0. 00006 0.044 0.0137
3233 Preducts of lest: © ond lesther swdetitutes

sscopt foetwear 30 33.22) 3. 520 0. 0009 0.119 0.091
J240 Tootwesr, sscopt  ilcenlsed or molded rubber or

plostic (oetvagr 138 349, 540 A 0.001 0.2 0. VW
N2 v oad ceng  atalsers ond omall cenevare n 20. 294 3. 679 0. 0007 0. 145 0.0179
320 rdedeurd ond ¢ ures, sxcept primarlly of eetel} (B2 176327 11% v.0u2 u. 148 0. 0248
JA20 Peiatfey, pudlis sp sad ellled laduetties 149 426,221 12,381 0. 031 [N Y] 0. 0234
3511 Beslc ladwetrie]l nocgeslc chewlcols eacept

tastillzece n 177.212 44,912 0.227 0.7 0.04)?7
3528 Palets, vernlohe. sad locquers 23 134,480 u.ne 0.6 0.056 V. 0645
352 DOcvge ond medicy. 43 260. 230 21.049 V. 0003 0.2412 0.04)5
3323 Scap smd clessic  jpreducts, parfuses, cossstics 2 28). 449 20,386 U. 00003 a.029 0.01062
3529 Cheslcsl product  aec 37 144,302 14,200 0.021 0.251 0.Us99
1359 Rudder producte, <c § sther tollet preparetiens 24 81,25 9.004 0.034 v.43) u.2182
3560 rPlestic prodects oc n 222.107 14.808 0. 058 0. JUA 0. 048
3620 Cless snd gless odects 32 132.0 12.45%0 0. 004 0.1%) 0. 992
310 lcrom end etesl 1. ic Induetrles [} 103. 111 54,584 0.074 0.29) 0.0le
L2 Pucalture sad (1. uree primarily of estal (%) 103. 503 s.169 0.0 0.02? 0.0285%
J8L) Structurel mets)l rodwcts 76 163,392 10.13%% 0.009 0. 349 U, 0)68
JLl4 Nets] comtsiner, setsl bovssperes 3 280.966 11.988 0. 0L00? 0.0)9 0. U008
3013 Cable, wirs sad elr products n 100. 330 13.422 0.0 0.031 3. 12719
819 Febriceted wets! reducts, sscept machisery sad

squlpaent, sec [ 13 120. 52¢ 1. 499 0. 001 0.066 0.0286
3822 Apricelturel mac sery ¢ squipsesat i Jo 45.8%0 11.031 0.0006 0. 340 0.05)8
3819 Rachinecy ond eq peeat, sscopt slecirical mec " 436,583 s . 218 0.011} 0. 261 0.0715)
303? Electricel sppar. ue & eupplles eoc 19 148,430 18.364 0.07¢ .33 u.1087
3443 Motor vehicles 73 619.22) 10.92¢ 0. 0006 0.35 0.31))
WUN- LMPORT CONPETING
311 Cutlery, head tc o, & genersl hardwvare 26 41.75% 1.6%3 0.019 0. 798 0.0138
J924 Spaclisl leduetsr: . machinecy and equipment

sscept metel snd wtelworking machinecy [ 20.%9)3 .05 0.02% 0.918 u.068)
NON-TRADABLES
ML) Manutscture of } .ecy productes 193 602,864 6.426 U. 00001 0. 001 v.o115
3213 Kalttlng allls 143 430,401 13,346 0. VUVol 0. LU 0.0282
3231 Tennecles sad 1. ner (lalshing 57 210.873 14.3% 0.0 0. Lwvub 0.04)7
3241 Shipbullding en: -cpaliciang 9 9).168 6.912 v.0 v. oy} 0.4751
u Thoussads of enc loa.
Y HO: le the Mer: .dahl lades of Industria)l Conceatrotion tshen from Meller zad Swinbura (1979).

nec: nol slecw)

‘e claesitled,
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can be seen from column 1 the number of firms per sector ranges from a minimum
of 19 establishments up to a maximum of 252 establishments. Only establish-
ments with a minimum of five employees are included in the census. Since
Meller (1976) found substantial differences in technology between establish-
ments employing less than ten employes and establishment employing more than
ten employ,.ue exclude establishments with less than ten employees. Table 2
gives the measures of efficiency according to the trade classificatidn
discussed above. .
There are six wmeasures corresponding to four deterministic and two
stochastic models. Comparing the measures for a given sector (across columns)
one notes several systematic differences. Among the statistical deterministic
models, the lowest levels of average efficiency are necessarily those from the
“distribution free” model (see Appendix I). In all cases the estimates under
the assumption of a.Ganma distribution for the error structure yield higher
values than those obtained with an exponential distribution. This 1s so
because the differences in the estimated expected efficiency 1s only a
function of ; which 1s estimated by the standard error of the regression).
It 18 easy to show that for 0 < ; <1 (; > 1) the expected efficiency from the
Gamma distribution 1s higher (lower) than the expected efficiency computed
from the exponential distribution. For our data set, in all cases the
standard error of the regression (which 1s a consistent estimate of the
parameter (¢) of the Gamma distribution (see Appendix 1) is less than unity.
Ao chaun he Diakmand 1374Y 4 7 1 savvsanala ban tha ~ace whare tha acds AF
the distribution is at u = 0 (u 1s the non-negative error corresponding to

inefficiency) which in turn implies a distribution of 1inefficiency across

firms such that most firms are efficient, a result similar to the one found by



-19 -

TIGHNYAY Ad09 1S3g

(1 rpusddy o35) 0 > "0 10 g ¢ Sa senednc

-21nd@0d 0w

°1 xgpuaddy ug suvojtenbe Bujpuodes110d syt Uy 18)81 esesyiwd. | ] eanlyy n
n u L] L svico (14 3] [ S 3] "o : Sugatedas pur "upp1InQdINS  [92(
v u ou n 990 't-o mn Sejusiuyj 1avaeay e watasuwey ((
c9L°n (8 1 21 seL0 199°0 Lo 90( ‘0 ory'o ¢ 1% Bepaaten  q12(
£ N u v oo [T X)) 890°0 eo 01dnpoad Liewsy ; 2amMde nvey I
S2I8vaveL-NON

820 o ceL'o 089 °0 1v9°0 908°0 sivo 1s-o &1surydvm Buyysoaterse por (13 3dadTe
. yesadinbes pus Liswjydew 1912 pul teIdadg 7¢(
et L ocL o bl 199°0 ®eo 19¢°0 [ Li94] Loy ‘Lastamy  Py¢(
N I 1134W0D 1B0dM1 -NOM
Lad b u e $19°0 [TE R o o AR L L Ll B 44
EL] u u 2. $0L°0 ] yiy'o "y o Sew esjddne § wnywiec v 82731317 G
N »n n EL] $59°0 [1{ K] t81°0 uco dvw (93213018 1dedxs ‘jwredinka Laveyyoon  ¢I9(
M ) Al o (84 My 1€L0o '96e 0 " eo 9rn SYy°o 1wsedinbe ¢ L1swiydw (wamatmdtaly  PP9(

v v v v t0L0 199°0 1$€°0 [ TN © 3 “jesediabs
pus Lavegydovm 3dedze ‘e1dnpoad (v 3 PaIEITIAE;  GIN(
ont*1 v Lo 20 99°0 1v9°0 v 0 o ®13npoad 11041 P B11A TRqe) N
wne‘o $98°0 ®eo SLL°o 1690 e 'o Y0v°0 ofy°o 818ASOROY 0150 § 81 FINOD IO YIP(
»n »n e Ead K90 ore‘o (€2 5d] 1o 03mpoad [v- s [8INIINNIE (IR
e B e Lad 990 0v8°0 "o wyo toIsm o Lyjavejad seamazy)  ow MINITWING  Z1gC
cév°o ot (31 K] Lo 999°0 0ve‘o weo 114 M) esjalenpul dieeq : 10 pue sOIT O1L(
o 1690 . "we'o 66L°0 199°0 ®e'o %0 °0 teo e19npoad o (F pus serrd O29¢
»n L M v %90 [ 14 NJ st'o uco dem 01: poad 3710095 09SC
198°0 [4 198 16L°0 °e ‘0 s1L°0 9%9°0 090 9o ewo11230d02d 101102 10410 § 208 ‘s pord 1dqenE  KSC
v v v Ead iv'0 {08°0 920 osCo dwm *e1x oad edjea)  GI$C
wWeo ote ”®io o 990 s19°0 "o *"w('o e31100e0> ‘semnjied ‘015npord Puy: 23D pue deog (2¢(
n v £ M sieo 1o o esni>: = pee o¥nig  22¢C
yo ®“6°0 "we'o seLo %0 199°0 $0¢ ‘0 04 °0 e1anbo8| pue soy uiea ‘eI8Iey  I¢(

u Bl »n b “e°o " °0 t1o°o [ 1 & ] e103113222)
adedxs epedisayd djweliow) 3 ienpul dleesy  (1¢(
Ju L Ead v (90 980 "o "o esjaenpuy paiite pus Bujue) 4 ‘Putasiag o2%¢
£ EL] e 2u $i9°0 (29 A1) 990 e ye sanIteIng O
Bl e bed » 9°99°0 ”eo o "o > pus edpoon  P1((

u n »n »n .669°0 088°0 oit°o 3l ] 100) dyi001d
18 J0qQRI POPIOE 30 PAT|ENIYRA . 18 2081008 O9VI(

110 og(c o %0 00{'0 0980 [ ] [ 149] 31 2100) 1dsdze
001811 10QNE I0QINI] PUS 20QIF  J 0IONPOIS  ((I(
1900 e e °0 te'o ”"weéo "0 §ue'o asen100) Wedxd *t. wdde Bejiven 022(
> £l v °”°L0 {1160 $Yy°0 €950 teaodde Sujisen 1dedxe ‘epood 3 ixey dn_epen PiI(
o > 2 v°Y'0 [ X o (3130 set11e01 jo Bujyeiey) pue Bui. sa ‘Bujeeids  q37¢
wro 14 ] oo weto 00 e 0 o (115 ] itsyde po Bujpustq pue ‘Buif ra>-  “Purprraeie  A(I¢C
» » » e 040 o L2210 tog 0 209 “e13eperd poe) QN0 peeny 121
L [ ] ¢1vo 'e0 tén’o Lo 11¢°0 (41 901] (0 £Lavwejirdejue)r 1eBas 9 01 ooy ‘eede) ¢11(
bl n e n 109°0 o c1to o 18] puv otiv (wmjue ‘-.J_‘-Voﬂ- niC
"®zo %o f1¢ N.J Lo £9c0 11154 ] 1o (Y{qy ] : >aposd L3 e
OMILINDD 1¥OdNT
2% mw L un ®Lo ite'0 "o 990 pavoqadded p  asded ding  q10g
6K ‘0 civ°t we'o i%9°0 ’"neo 009°0 oo oo oTLII® poon 1ayio ¥ ‘Bui (d ‘epyleass  q(¢
(4] b 1€y e 169°0 1% °0 Y66 °0 '7ecoe f1Co usco * 1enpet i I(IC

9¢ ‘0 sIC*y ‘o a0 09%°0 0v8°0 Ltyo Y0€ 0 epoO) ISTIEIS P SUSIIEINNID
sd01d ¢ "C
de »n e Js €y ‘o L] M [ Q190 62$°0 sa puw 01101} Jo Bujaiees  pue Bujwews (i
[$40] ”®es s 0990 109°0 (Lo LE2 4] vero o958 Pujaivesad puv Bvjandesd Bepanaglaerg 1qic
sTeViNGdR )

% LI T (sv) () () -
.\ . m .\ - m IVIININGIYXZ  IVIION JIYH IVIININGdY] VHHYD 174 a 71 1200M/MOTLYITAISSYID 2aval 1 (J1$1) Awisnami
TYLININGITS TVIRON-ZTVR (a®)2 (a®)2 (a®) 2 (a®) 3 NOUInsINISIO
£1200% D113VHD01S $1300M DIISINIHNILG
SAINSYIN AONZ1D1447 1T 1ewd .



- LU -

Richmond for Norwegian manufacturing but surprising for our sample. However,
the value of ; is not independent of the unit of measurement of the
independent variable so that one cannot draw any conclusions from this
comparison. l!

As shown by Schmidt (1976) in a logarithmic mode like ours, the LP
procedure 1is equivalent to the deterministic statistical model with an
exponential error structure. Thus, the difference between the two measures
(cols 1 and 4 in Table 2) can be viewed as a comparison of two consistent
estimation methods for the statistical deterministic frontier (COLS and ML).

Finally, in the stochastic case, expected efficiency under a half-
normal assumption for the error structure 1is always lower than under the
assumption of an exponential distribution for the. inefficlency error. As can
be seen from Appendix I this result is aiso related to the value of the
standard error of the regression which 1s the only parameter that enters in
the calculation of the expected efficiency in both cases.

A general pattern of the results under all models is a low level of
measured efficiency. Table 3 compares our results with those obtainéd by
other authors. That table presents under alternative CobS—Douglas model
specifications, the minimum and maximum sectoral values of efficiency. In
general, sectors with high efficiency are those producing the more homogenous
products and the opposite 1s the case for sectors with the lowest level of
efficiency. How;;er, though functjonal forms are the same, diréctlcomparison

with other studies 1s difficult. First we have different definitions for the

(Y

!1/ This point seems to have been overlooked in thdiliterature. See Richmond
(p. 519) and Forsund et al (pp. 12-13).
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finput and output variables. Second our results are at a much more disagzre-
gated level and thus wve are able to control wmuch better for product
heterogeneity.

In interpreting the low values of efficlency for the deterministic
statistical and stochastic models, one should keep in mind possible biases in
our estimates. As shown in Appendix 1I, if variations in effectives rates of
protection across firms within a sec:or are positively (negatively) correlated
with capital (labor) uses then not only will the elasticity estimates be
biased but the estimated variances of the error will be upward biased. In the
case of the exponential, this will result in a downward-biased estimate for
the expected efficiency.

Another source of concern 1is the specification of the error
structure. As can be seen from Table 2, we could not compute the stochastic
half-normal frontier in 25 out of 43 cases and the stochastiq exponential in
23 out of 43 cases. lj As explained in the appendix, this result arose
because, for the remaining sectors, the sample estimate of the third moment of
the composite error had the wrong sign. In that case the estimated variance
of u is negative and the estimation procedure collapses. This corresponds to
the "type I error” (see Olson et all, 1980, p. 70) and {is likel} to occur when
A+ 0 i.e., when most of the variance on the frontier is due to randomness
rather than inefficiency. Since the mode of the half-normal (and exponen-—

tial) distributions describing the inefficiency structure is also at u = 0,

1/ In the half normal case, for two sectors (3811 and 3813), the estimated
variance of the two sided error turned out negative. (Tﬂ!s corresponds to
the type II error in Olson et al., 1980, p. 70.)
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(implying that most firms are forced to have closc to zero inefficiency), our
results suggest caution regarding the appropriateness of this error structure.
Turning to the pattern of sectoral results, we find them in general
to be plausible. For instance, spinning weaving and finighing of textiles has
the lowest efficiency for both the statistical and non—-parametic deterministic
cases (the efficiency for this sector could not be estimated for the
stochastic case). This sector, with an effective rate of protection of
492%, 1/ was one of the most highly protected sectors in the whola economy.

In turn, the most efficient sactor, pulp, paper and paperboard, has a
falrly homogenous output and was the leﬁding export sector, by far, in
manufacturing (42% of output was exported). For the stochastic measures.of
efficiency, the most efficlent sector was leather products except fcotwear
which had one of the lowest effective protection rates in the import competing
sector (182). The most inefficlent sectors were wine industries (half normal)
and cable wire and their products (exponential case). This result for the
wine sector is surprising as this is an exportable sector. However, it could
be due to a overly restrictive measure of capital that excludes inventories
(aging wine) which is an essential input in‘production. Finally, cable wire
and their products have an effective érotective rate slightly below the median

(64%) but is the fifth most concentrated sector in manufacturing (see column

6, Table 1).

VI. COMPARISON OF ALTERNATIVE MEASURES

As fentioned in the introduction, one of the problems faced by the

practitioner-1s the sensitivity of results to model selection including the
L

1/ Corbo and Meller (1981 p. 96).
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selecti n of functional form for the average production frontier. Yet, for a
given functional form, an empirical issue remains: how sensitive are the
resulting measures of technical efficiency to the selection of error structure
and to the specific characteristics of the distribution of the error term?
This is an empirical issue over which there is so far little evidence to draw
upon. Two ccuparative studies are available. One by Van den Broeck et al
(1980) 1is a comparison for a panel of 28 Swedish dairy plants of the
programming, statistical and stochastic approaches. The other by Kopp and
Smith (1982) compares élternative formulations of the production function
(Cobb-Douglas, CES and translog) along with the same three approaches on a
cross-sectioﬁ of 43 steam electric generating plants. Although these papers
are a contribution towards a better understanding of technology and efficiency
in the specific sectors studied, they are too limited in coverage to be useful
for assessing whether the measures of inefficiency are sensitive to the ‘selec-
tion of computational method. Our census data set is the most appropriate for
such an 2valuation.

We investigate the correlation among the dffferent measures, using
both Pearson and Spearman correlation coefficients. The results are reported
in Tables 4, 5 and 6. 1lable 4 gives the correlation; across sectors while
Tables 5 and 6 give the correlations across measures at the establishment

level within each sector. Consider first the correlations across sectors.

-~ . ' ~ 1 ! RSN

PO N I e bR aTakbAN] TTOATVA AR Y

correlation coefficients are numericaliy very close to vue. This leads to the
first conclusion: there is little ta®be gained in a cross—sector comparison
by choosing between a half-normal and an exponential error structure for the

inefficiency component of the composite error. The same conclusion carries
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Table 4:

Correlation Among Sectoral Efficiency Estimates 1/, 2/

PEARSON CDR‘ELAT!DN COEFFICIENTS 7 PROB > IRI UNDER HO:RHOsO / NUMBER OF OBSERVATIONS

EFSFR EFSGA EFSEX EFCHN EFCEX
0.81391 0.40982 0.44%89 0.0%891 =0.14242
0.0001 0.0070 0.0031 .0.8144 0.%4%2
42 42 42 18 20
1.00000 0.353%42 0.%4309 0.45%%47 0.146280
0.0000 0.0002 0.0001 "0.0%’% 0.4929
43 43 43 18 20
0.93%42 1.00000 0.98%11, 0.4%912, 0.35208
0.0002 0.00660 0.000%, 0.0%33, 0.127¢
43 43 43 - 18 20
0.%56307 0.98511 1.00000 0.5090% 0.41248
0.0001 0.0001 0.0000 0.0310 0.07207
43 43 43 18 . 20
0.4%%47 G.45912 0.30905 1.00000 0.9992%
0.0%57%  0.055%  G¢.0310 0.000C 2.0001
18 18 . 18 18 18
0.14289 0.3%208 0.41245 0.9992% 1.60000
0.4929  0.1279 0.0%07 0.0001 0.6200
20 20 20 18 20
ANALYSIS SYSTEMN
SPEARMAN CORRELATION COEFFICIENTS 7 PROB > IRI UNDER MO:RMU®O / NUMREK OF D&SERVATIONS
EFSFR EFSGA EFSEX EFCHN EFCEX
0.B1778 0.4%247 0.445%3 0.20754 -0.0%<74
0.0001 0.002¢ 0.0031 0.4%86 0.4912
42 42 42 18 29
1.00000 0.5%98%1 0.352%% 0.44051 0.17143
0.000% 0.0001 0.0001 0.0243 0.44°9
43 43 43 18 20
0.59%31 1.00000 0.998£0 0.44444 0.40176
0.06001 0.0000 0.000:2 0.0é44é 0.0789
43 43 43 18 20
0.S%08% C.990840 1.000%9 (¢.44229% 0.41741
0.0001 00,5982 9.0009 0.0641 G.0669
43 43 43 18 20
0.440351 0.444344 0.44%2% 1.00000 0.99v42
0.0545 0.04448 C.0641 0.009¢ 0.0001
18 10 18 18 18
0.17143* *0.40194 0.41741 0.99948 1,.00000
0.44%% 0.0789 0.9¢467 0.0001 0.00239
20 <0 20 18 20
K
R
the same order as in Table 2 columfls 1-6.

€L
EFSFR
_EFSGA
EFSEX
EFCHN

EFCEX

S TATISTICAL

EFLP

EFSFR

EFSGA

EFSEX

EFCHN

EFCEX

The

EFLP

1.00000
0.0000
42

0.81391

Q.0001
42
0.40782
0.0020

42
0.44589
0.0031

42

0.0%8%8
0.8144

18

¢ -0.14242
0.5492

20

EFLP

1.00000
0.0000
42
0.8:278
0.0001
42
0.43247
0.0024
42
0.44233
0.0031
42
0.20754
0.4084
18
«0.09474
0.46912
20

]
measures  appear

in

Definitions of efficiency appear in Appendix 1.

The figur.:s under the correlation coefficients are the significance levels
for the test that the population value of the respective coefficient is
equal to zero and the number of observations used in the computation of
the correlation coefficients.

BEST COPY AVAILABLE
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Teble 5: Pearson Correlation Among Firms
SECTOR rq2 ry3 T4 r23 24 ry4 N.Obs.
3N 0.8348 0.7551 0.6866 0.8479 0.7680 0.9827 100
3112 0.8138 0.7970 0.4480 0.8510 0.7406 0.4411 46
311] 0.8661 - 0.7616 - 0.,9154 - 32
3114 0.7162 0.6738 0.64138 0.9310 0.8821 0.,9891 3
3118 0.9049 - - - - - 34
3117 0.3969 - - - - - 293
3119 0.6600 0.,6016 0.4716 0.9576 G.9507 0.6965 26
3121 0.6403 - - - - - 39
31 0.7346 0.50845 0.5524 0.9127 0.8764 0.994) 25 .
3132 0.9649 0.9595 0.8887 0.9616 0.8750 0.9622 70
3211 0.4486 - - - - - 232
3212 0.5471 - - - - - 22
3213 0.8940 0.8419 0.7641 0.9173 0.8336 0.9693 145
3220 0.9086 0.8440 0.7572 -0.,9238 0.,8275 0.9654 239
zn 0.5665 - - - - - 57
3233 0.7429 0.7513 0.7916 0.9206 0.9498 0.921) 30
3240 0. 7369 - - - - - 138
331 0.9036 0.8507 0.7719 0.9035 0.81137 0.9740 252
3312 0.7819 - - - - - 27
3411 0.5418 - - - - - 19
3420 0.7459 - - - - - 149
3511 0,5513 - - - - - 32
3s21 0.8766 0.843) 0.7888 0.9259 0.8628 0.9873 25
3522 0.7107 - - - - - 43
3523 0.6158 0.6140 0.5512 0.8540 0.7477 0.9676 52
3529 0.8980 - - - - - 37
3559 0.5688 0.6802 0.6654 0.9384 0.8319 0.9469 24
3560 0.8605 - - - - - i
3620 0,8669 0.8726 0.8561 0.9159 0.8930 0.9964 32
3693 0,7284 - - - - - 39
3710 0.7511 0.727% 0.6474 0.863) 0.7492 0.9673 42
sl 0.9326 - 0.8502 - 0.9265 - 26
3812 0.6671 - - - - - 47
3813 0,8623 - - - - - 76
ig14 0.8967 0.8105 0.7329 0.9107 0.825%5 0.9765 56
3815 0.7466 - 0.7788 - 0.8790 - n
3819 0.,8217 - - - - - 30
3822 0.6891 0. 6520 0.63414 0.9312 0.8881 0.9922 30
3824 0.8920 0.8908 0.8552 0.9273 0.8840 0.9908 19
3829 0.6120 | - - - - - 89
3839 0.6341 - - - - - 19
3841 -0.3983 - - - - - 19
3843 0.7558 - - - - ) - n
[

The ones not computed are becsuse the third moment has the wrong sign.

NDefi{nft{onn

1s LP

2: Deterainistic Exponentisl
3: Stochastic Hslf-Normal
4: Stochsstic Exponentisl

ex: ry; is the correlation between the LP"and detsrministic expooentisl firm

s{ficiency indexes computed for the corresponding sactor in column 1.

S

¢ Not computed because ui > 0.

Heasures

(Al)
(A2)
(A6)
(AT)

1/ Meacures refer to equstion nuabers in Appendix 1.

BEST COPY AvAILABLE




L1

Table

6: Spearman Rank Correlation among Firms within & Sector 1/

- 27 -

8ZCTOR r12 13 T4 r23 r24 ryq +Obs.
3111 0.8411 0.8411 0.8409 1.0 1.0 1.0 100
3112 0.9254 0.9254 0.9257 1.0 0.99 0.99 46
3113 0.8289 - 0.8289 - 1.0 - 32
3114 0.7186 0.7186 0.7186 1.0 1.0 1.0 37
3118 0.8227 - - - - - 4
3117 0.6357 - - - - - 293 °
3119 0.7473 0.7473 0.6812 1.0 0.8242 0.8042 26
2 0.7063 - - - - - 19
3111 0.6570 0.6570 Q.6551 1,0 0.9992 0.9992 2%
3132 0.9720 0.9720 0.9720 1.0 1.0 1.0 70
2N 0.4687 - - - - - 232
3212 0.5417 - - - - - 22
3213 0.9082 0.9083 0.9082 1.0 1.0 1.0 145
3220 0.9117 0.9117 0.9118 1.0 1.0 1.0 239
zn 0.7209 - - - - - 57
3233 0.6888 0.6888 0.6679 1.0 0.9813 0.9813 30
3240 0.7788 - - - - - 138
3311 0.9344 0.9344 0.9344 1.0 1.0 1.0 252
3312 0.7813 - - - - - 27
3411 0.4482 - - - - - 19
3420 0.83928 - - - - - 149
3511 0.6486 - - - - - 32
3521 0.9211 0.9211 0.9201 1.0 0.9998 0.9998 2%
3522 0.7087 - - - - - 45
3523 0.7546 0.7546 0.7546 1.0 1.0 1.0 52
3529 0.8660 - - - - - 37
3559 0.6623 0.6623 0.6623 1.0 1.0 1.0 24
3560 0.8447 - - - - - 77
3620 0,8870 0.80870 0.8873 1.0 0.9999 0.9999 32
3693 0.6477 - - - - - 39
3710 0.7385 0.7385 0.7376 1.0 1.0 1.0 42
3811 0.911? - 0.9117 - 1.0 - 26
3812 0.8377 - - - - - 47
3813 0.8860 - - - - - 76
3014 0.8%92 0.8%592 0.8592 1.0 1.0 1.0 56
3818 0.,7719 - 0.7719 - 1.0 - 31
3019 0.6875 - - - - 30
3822 0.6359 0.6359 0.6359 1.0 1.0 1.0 30
3824 0.9174 0.9174 0.9174 1.0 1.0 1.0 19
3829. 0.6855 - - - - - 89
3839 0.6538 - - - - - 19
3841 «0.4502 - - - - - 19
3843 0.7058 - - - - - 73
. . ) ' Lied wnmant hae the wrOong Rign.

Liie Vliwe el vy

Definitions

1t LP

23 Deterwinistic Exponential

3: Stochastic Haslf-Norual
4: Stochastic Exponential

="t Not computed because "S > 0.

1/ Tor definition.. see Table 5.
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over to the comparison between the Gamma (EFGA) and exponential (EFEX) error
structures for the statistical frontiers.

Comparing the statistical and stochastic models 1indicates that
although the correlation coefficlents are statistically different from zero
(approximately 5% significance level), they are only around 0.5. Therefore, a
second conclusion is that In a cross—sector comparison of efficiency levels,
the results are sensitive to the choice between a statistical deterministic
and a stochastic frontier.

Within the deterministic frontiers, there 1is a high -correlation
between the LP and the "distribution-free” statistical measures. Although
both measures are the only ones in the set that force'all observations to be
below the frontier, one should note that while the “distribution free"”
frontier differs from the other statistical and stochastic frontiers by the
value of the constant term, the LP frontier also allows for different slopes
vig-a-vis the other measures. It therefore appears that there is little to be
gained in choosing between alternative full frontier models. Thus, for the
error structures usually considered in the literature, the main choice to be
made {s between a full frontier and a stochastic frontier approach.

Turning -to the results within sectors, Table 5 gives the Pearson
gorrelation between all pairs of efficiency measures at the establishment
f;vel. The selected measures are: LP, determiﬁiskic exponential, stochastié
half-normal and stochastic exponequal. With a couple of exceptions, the
highest correlation is between theftwo stochastic measures (rj,;), confirming
the results from the cross—sector &omparisons in Table 4. In the same vein,

»

the correlation between the statidtical exponential and the two stochastic

measures (rjq and r,,) are fairly similar and quite high.
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As mentioned e;rlier, the comparison of the LP and the ;Catistical
exponential results is In fact a comparison df two alternative methods of
estimating a statistical exponential frontier with the LP method corresponding
to ML estimation (Schaidt, 1976). With a few exceptions, the correlations are
always above 0.5 and, as expected, are usually higher for sectors with the
largest number of observations since ML has only desirable asymptotic
properties.

The results for the rank correlations among the same pairs of
measures appear in Table 6. The most surprising result 1s that the
statistical exponential and the stochastic half-normal measures are rank-
preserving for every sector. In fact, rank-preservation practically holds for
all the statistical and stochastic measures. Only for the LP measure can one
say that rank-preservation does not hold in spite of generally high rank
correlations.

The general pattern of rank correlations is high across measures
suggesting that the choice of the pattern of errors does not impinge much on a
ranking of firm efficiency within a sector. Taken together, the results in
Tables 4, 5 and 6 suggest that the different techniques for measuring

technical efficiency yieid broadly similar results, at least for our choice of

functional form. l!

:

1/ Preliminary results of work in progress suggest that the above conclusioun
also holds for alternative functional forms.
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VII. CONCLUSIONS

The purpose of this paper was to provide some guidance on the effect
of alternative frontier model specifications on the measurement of technical
efficiency. As stated in the introduction, the only systematic comparisons
available so far were undertaken with extremely small and limited data sets.
The alternatives considered in the paper included pérametric full frontier
models (linear programming and statistical deterministic) and stochastic
models. For the statistical deterministic and the stochastic models, we
examined the influence of the various error structures proposed in the
literature.

The models and error structures were evaluated on all establishments
employing more than ten workers in the 1967 Chilean manufacturing census
giving rise to estimation over 43 manufacturing sectors classified at the four
digit ISIC level. The model comparisons indicated that the choice of error
structurea‘ proposed in the 1literature has a very small impact on the
measurement of inefficiency. However, in a cross—sector comparison of
efficiency, results are sensitive to the selection between statistical and
stochastic formulations. And, within the full frontier models, the 1linear
programming and statistical models ' yield 'highly correlated measures of
technical efficiency. Finally, a high correlation across measures for firm
level efficiency estimates within sectors confirms the general results from

our comparisons: namely that the different approaches to measuring technical

] IR . . 1.

Another important finding is that, in contrast to other studies, we
found that approximately half of the sectors Bonsidered could not support the

estimation of a stochastic frontier because the skewness of the distribution
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of the overall residual was of the wrong sign. ~This result suggests at least
tws explanations: the error structures considered in the literature are not

appfoptiate or the purged data might still include observations with

measurement errors.

1

T AL
w



- 32 -

APPENDIX I: ESTIMATION OF PRODUCTION FRONTIERS

This appendix presents the three models estimated in the wmain body of the
paper. It also gives the formulas for the efficiency measures presented in

the text.

Model 1: Deterministic Full Frontier

The model is given by: y = f(x)e™Y; u> O where f(x) 1is Cobb-Douglas in n

factor inputs.

After taking logarithms, we have for the jth observation 1lnf(x) = Bo + zsixij;

YJ - lnyi, xij - lnxij.

The programming method for estimating the frontier consists of:

Minimize ? ¢; ¢
=1
Subject to: By + BX + ... BX | > Y
a0 + alxlm o an am 2 Y
By +or B, > 0 ,
and where: ;j - 80 + Elx}j + ... énxnj - Yj

The estimation yields an estimate [Bo cee Bn] for [Bo oo sn]. See Aigner and
L

Chu (1968) and Timmer (1971). =
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Efficiency Indexes

The efficiency index of firm j, Ej’ is given by:

Eoe_ 3

2 (A.1)
J exp(YJ)

where Y = BO +z B1 X
i

3 i3

and the sector”s weighted average efficiency index is givern by:
EFLP = IW E

Py (A.2)

y
where W, = —1—

Model 2: Statistical Frontier

Model: y = f(x)e U u>0
The model to be estimated is linear in parameters and is given by:

Y = 8,+ X8_, - u, where Y = 2ny, X = [1 lnxl, oo fnx ]
and 8_1" (8 1*°° Bn)
.

and X 18 independent of u

e

Cage (a) u_is iid from the one parameter Gamma distribution

Pog(u; ¢) = n%s- uw—nexp (~u)

for which E(u) = ¢, var(u) =
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Case (b): u is iid from the exponential distribution of
g(u, ¢) = 1/¢ exp (-u/$)

for which E(u) = ¢; var (u) = ¢2

Efficiency Indexes

-~ ~

E / exp (Gj) = axp (-&j) (A.3)

1773

~ -

where Yj is obtained using the COLS estimator described below and uj is the

residual from the COLS estimator. The COLS unbiased estimator of 80 is given

by:

BO = 80 + E(u)
where Bo is the OLS estimator of 80.

A consistent estimate for E(u) is derived from the choice of the distribution
function for u. Two efficiency indexes can be defined. The first measure is

the average efficiency index computed at the point of means:

AE = exp Y - o E(w)
exp [Y + E(u)]

Figures obtained from this measure arefhot reported in the paper since the:

are very close to the values obtained from the expected efficiency measure

presented below.
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The second measure is the expected efficiency of the sector. It is obtained
by aggregating over firms and 1is given by:
2—02 for the Gamma case (EFSGA)

E (e °) = (A. 4)
=1 for the exponential case (EFSEX)
(1 + o)

Where o 1is the standard error of the OLS regression.

It should be noted that some observations may lie above the frontier which {is
troublesome when computing efficlency at the firm level. The only way to
guarantee that all observations 1lie under the frontier {s to apply the
consistent estimate for BO proposed by Greene (1980, pp. 31-34).

-
-~

80 = Bo + max ¢ (ui) ¢

The use of this correction factor, although 1t affects the measure of
efficiency for individual establishments, it does not affect the computation
of expected efficlency since 1t does not alter the value of g. Although

consistent, this estimator is different from the COLS estimator

of Bo discussed above.

In this case, a "distribution free” measure of average efficiency computed at

the point of means is given by:

EFSPR = —exp ¥
exp (Y + max ¢ (u,) ¢ )

(A.S)

This is the measure reported in Table 2, col. 2.
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Model 3: Stochastic Frontier

Model: y = f(x) eV Y
After taking iogs, the model is linear in pérameters and given by:

Y= 80 + Xﬁ_l + €

where E=v-—-u v T 1id N (O, ozv)

u>o0 u " {id half-normal, exponential (or Gamma),
u and v independently distributed.

As before, 8_1 i3 unbiased and efficient and an unbilased estimator of

given by:

Bg =B % E(u)

80 is

A measure of the relative variability of the two sources of error is given by:

Q

A =2
)
v

Estimation of E(u), g, 9 relies on the observation that the moments of the

distribution of € = v — u can be expressed in terms of the moment of the

distribution describing u and v and of the property that the moments of

€ can

be estimated consistently from the moments of the OLS residuals. 1/ However

lj Since v " N (O, 03), the second and third central moments of

distribution of € are given by: .o

by = Eh + 2h) - (@)’

2
Fewd

uy = E(?) E(u) - 2E(u)°

the

® '
Replacing'ui and u3 by thedr estimates from the OLS residuals and

replacing moments by the relevant parameters ylelds the desired estimates.
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it may either turn out that ua the estimate of “3 (which is always negative)

has the wrong sign or that 03 = og - oi < 0. lj Eifther ocurrence, raises

questions about the sample and/or the appropriateness of the selected error

structure.

The COLS éonsistent estimators and formulas for the models used in the text

are:
Distribution of u
Half Normal £xponential
Yy 2 ° Y3 1/3
E(u) 7 % [T]
“p -~ 2/3 ’ M3 273
o UL gl [ (==Y
;2 c. (n-2) ;2 ~, .2
v M2 L u "2 %
;2u/2 - 1
E(e") 2e (1L - F% (0 )) —
u l+og¢
u
Notation (EFCHN) (EFCEX)

Finally, to compare‘levels of efficiency scress observations, one forms the

conditional distributfon of u, given e

‘ L f(ui/ei):

T

f(“i' ci)
f(ei)

—

f(uilci) -

" "

1/ See Olson et al (1980, p. 70), Schmidt and Lovell (1976, p. 351).
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and use the mean of this distribution as a point estimate of u.

Ac derived by Jordrow et al (1982), the measure of firm efficiency based on

the means are given by:

A A A

a a . (f (e,A\/0) “ o
2 2 2 1 A
E(u,/e,) = (o 0/ 0"y [—=——— —-€¢, =]
1€ un u % 1F (e A o) 17
~ A A
- f(ei/ov+ A7) A A a1
E(uilei) expon. = ov[ = N (eilov + a2 7))

l-F(eilov+x- )

~

where €, are the regiduals of the COLS regression 02 = oi +

i

(A. 6)

(A.7)

parameters take the values given by the estimatzs discussed above.

and thz other

The

estimates in the text use the mean of the conditional distribution of uy

given €, as a point estimate of ug.

1
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APPENDIX II:

THE MEASUREMENT OF EFFICIENCY UNDER A PROTECTED TRADE REGIME

One of the difficulties with the estimation of efficiency within a sgector is
the existence of a differentiated structure of effective rates of protection

across firms within a specific ISIC sector.

This problem can be studied as a special case of specification error. We take
the special case of a Cobb-Douglas function. i!

The estimated function is:

D D_ D D L, _ D
(1) 1nQ 1 a + 8 1nKi + Y lnLi 4y L ui
whereas the correct model is:
. 1 - I I I I _ 1
(<2 1n Q L a + B lnl(i + v lnLi + v L ut,

Where QIi i3 value added at international prices.

Under‘prctection, value added at domestic prices 1is given by:

Q®, =  +cere)) Q,

1/ We saw above that in a majority of cases the null hypothesis of a Cobb-
Douglas technology could not be rejected from the data.
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vhere ERP; 1s the effective rate of protection for sector 1, and superscripts

D and I refer to valuation at domestic and world prices respectivey.
Prom the above equation we obtain:
1InQ, =1n (1 + ERP,) + 1n Q'
i i i

Replacing in the correct model of equation (2) we obtain the following model:

I I

+ 1n(1+ERP1) + v, - uI

1 1
+ 8 1nK, + vy 1InL L L

D
InQ, = a 1 1

Thus in equation (1) we have left out the variable (1+ERP1). The implication

of this specification error (Maddala pp. 459-460) is that:

e[8)] = '+ L

.D I
E[y ] = v +p,
Where Paz and P43 are the coefficlients of I“Ki and lnLi respectively in the

auxiliary linear regression of In(1+ERP;) on a constant, lnK; and lalL,.

If 1n(1+4ERPy) and ani(lpLi) are positively (negatively) assocliated as has
usually been found, the'i Pl‘2 > 0, P“ < 0 and éD is upward blased (fu is

downward biased). =
»
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2

- 2 - .
Furthermore E[o g] > 0°. Where o = V(v)+V(u) and o; is an estimator of the

variance obtained from model 1.

Therefore, the estimator of the variance obtained from the "wrong“model 1is

upward bilased.

1

(37T
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