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1. INTRODUCTION

While the amount of theoretical literature comparing the self-managed firm
to its capitalist twin is now quite large, comparative empirical research is still
underdeveloped, especially that concerning the assessment of the respective
economic performance of these firms. A few authors have tried to make
progress in this direction but a fairly complete list of such contributions
would be quite small.'" Moreover, it has always been difficult to fulfill the |
conditions required for a very thorough analysis and reliable results: i

1. coverage of a sufficient number of self-managed firms to avoid limits B
of case studies,

2. availability of similar data for a significant group of traditional firms
operating in the same precisely defined industries, and i

3. use of a coherent set of criteria covering most of the important aspects !
of the firms’ economic performance. M
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In an attempt to meet these requirements better, we have developed
elsewhere a detailed comparative financial analysis with some 25 ratios for a
sample of about 500 French workers’ cooperatives (Sociétés Coopératives
Ouvriéres de Production—SCOP) over ten years (Defourny 1986a, 1987). The
results for coops in each of the 14 industries were compared to averages com-
puted at the sectoral level on the basis of very similar although aggregate data.

In this paper, we would like to supplement that financial analysis with an
econometric approach of the comparative technical efficiency of French
workers’ coops. More precisely, on the basis of the same data and starting from
the estimation of production functions, we shall try to build the production
frontier, specific to each activity. This rather peculiar technique, virtually unused
in the study of coops and other self-managed firms, will allow us to calculate,
in percentages, an efficiency degree of the firms belonging to each sector. This
parameter will enable us not only to compare SCOPs to their capitalist counter-
parts but, to a certain extent, groups of SCOPs between each other as well.

Our analysis is formed of two main parts. Section 2 is a methodological
survey in which we review different ways of designing and estimating produc-
tion frontiers empirically. We first briefly introduce parametric frontiers
estimated by statistical methods (Section 2.A), then we present two classes
of such frontiers, stochastic (Section 2.B) and deterministic (Section 2.C).
For each of these groups, we try to point out advantages and limits of dif-
ferent procedures as to (1) model specification, (2) model estimation, and (3)
technical efficiency measurement. For illustrative purposes, we also apply these
various procedures to our sample of cooperative individual observations and
we estimate production frontiers for 14 activities in which large numbers of
SCOPs can be found.

Section 3 is devoted to the comparative efficiency analysis itself. On the
basis of the previous section, we first choose the kind of frontier that is
most appropriate given the data we have for SCOPs and capitalist firms
(Section 3.A). Then average degrees of efficiency are computed for both
groups of firms in each sector without any size distinction (Section 3.B).
Finally, comparisons by size categories are developed (Section 3.C) and most
interesting results linking SCOPs’ comparative efficiency to firm size and
activity are presented in Section 3.C.2. Concluding remarks summarize the
‘main steps and results of the study; they stress the limitation data often
impose upon empirical frontier analysis.

2. BUILDING FRONTIERS AND MEASURING THE
TECHNICAL EFFICIENCY OF SCOPS

Some authors have recently given excellent surveys of the literature dealing
with the estimation of production frontiers.” We shall therefore only use a
few necessary definitions and distinctions in order to establish clearly the sort
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of approach we favor. We shall then give more details about the specific
methods we use.

A. A Few Reference Points

To start with, we shall note that there still exists a certain confusion in the
use of terms such as frontiers and production functions. On a theoretical
level, indeed, a production function is a frontier since it expresses the maximum
quantities of output that can be obtained with fixed quantities of output that
can be obtained with fixed quantities of inputs, given the existing technology.
On the other hand, at the empirical level, the production functions estimated
in most econometric studies are average functions that cross the cloud of
points representing given situations and that do not form, at all, the envelop
of those points. It is only since the studies carried out by Farrell (1957) and
particularly over the last decade that researchers have been trying to estimate,
empricially, “frontier” production functions. We shall not, however, over-
estimate the difference between average and frontier functions for, in most
cases, including ours, models have the same definition for both, except for a
term of technical inefficiency in the constant term.

As far as the production frontier concept itself is concerned, we shall stress
that it may be absolute or relative. In the former hypothesis, the frontier is
defined theoretically on the basis of the knowledge of technical operations
that are necessary to turn inputs into outputs. On the other hand, if the
frontier is built on the basis of a set of given situations, it corresponds to what
Farrell describes as the “best practice” and is only relative. In this case,
indeed, there is no guarantee that the estimated frontier really represents the
maximum outputs obtainable. It is, nevertheless, this last approach that is
used in most empirical studies.’

There are many ways of classifying the estimation procedures. First of all,
a distinction must be made between parametric and nonparametric methods
where there is no specified analytical form to estimate the production frontier.*
On the other hand, for the parametric methods, a model explicitly defines the
frontier whose parameters must be estimated. In order to do so, one may use
either linear or quadratic programming, but these remain descriptive methods
since nothing is known about the properties and the qualities of the esti-
mators obtained in this way. That is why we prefer to use inferential or
statistical methods such as ordinary least squares (OLS) or maximum likeli-
hood (ML). Thanks to the assumptions they imply about the regressors and
the disturbance term, these methods give estimators whose properties make
statistical inference possible.

In this work, we shall confine ourselves to the parametric frontiers and to
their estimation by inferential procedures.’ Besides, these methods will only
be considered within the context of direct estimation of frontiers, which
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means that we shall exclude cases where frontiers are built from the estimation
of cost functions, owing to the duality of any production function.

Within this perimeter, although strictly limited, we shall see lhat_many
approaches to technical efficiency are still possible. Mo_re precns_ely, in our
attempts to define the SCOPs’ efficiency, we shall work with frontier produc-
tion functions that may be either stochastic or deterministic. In the case of
deterministic production functions, we shall put forward three different ways
of estimating the average efficiency of a given group of firms.

B. Stochastic Frontiers and Average Technical Efficiency

All parametric methods have one thing in common: they specify the relation
between observed productions and the frontier function by associating to the
latter a term expressing the distance that separates the productions from the
frontier. Thus, if the vector X expresses the quantities of n inputs used to
produce a single output noted by the variable Y, and if the technically eﬂ'lciel.lt
transformations of inputs into output are represented by the parametric
function

Y=f(X) or InY=In[f(X)]

then the relation between this frontier and the observed productions Y*° can
be expressed as

Y°=f(X)e? or InY =n[f(X)]—d

The difference between stochastic frontiers and deterministic frontiers lies
in the use they make of the distance 4. We have a deterministic frontier if we
assume that technical inefficiency alone explains the difference between an
observed production Y* and the maximum quantity Y™ that could have beeln
produced with the same quantities of inputs. In the case of a §lochast:c
frontier, the difference is believed to come from technical inefficiency, but
from some other phenomena as well, such as measurement errors, omission
of explicative variables, or random shocks beyond the control s_)f the firm’s
managers. This is why the distance d is then split up into two independent
elements:®

d=u—v or e“9=¢e"
Here v expresses a symmetric random term that includes the effects of
factors external to the firm and the measurement errors, whereas u represents
technical inefficiency in itself and is, by definition, one-sided (« > 0, and thus
DEmgl) _

This last approach seems to be realistic and more appropriate, since we will
be working with individual observations on SCOPs. With sector averages, we
could possibly leave aside the random term v especially by assuming that
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measurement errors offset each other in the averages. But with individual
observations, it is impossible to ignore what corresponds to the classical
disturbance term of econometric models.

1. Specification of the Model

We shall see later that stochastic frontiers also have important disad-
vantages. For now, though, we shall only try to estimate, in a stochastic form,
the production frontier of 14 groups of SCOPs corresponding to the different
industries in which they operate. In its most general expression, our statistical
model is expressed by

Y° = f(X)e" ™

As far as the frontier f(X) is concerned, we consider three different speci-
fications for each sector: a Cobb-Douglas function under log-linear form, the
linear approximation of CES suggested by Kmenta (1967), and finally, the
translog form. All three are identically analyzed. In the following, we simply
take the example of the Cobb-Douglas function with the variable for the
firm’s value added, L for the number of workers, K for the fixed assets, and
a dummy variable d, for each of the nine years covered from 1971 through
9 *k=12,...,97

InV, = oy + z Uyd + o In K, + ayInL, + Ui — Uy (1)
k .

(where i is the index of the ith SCOP and ¢ = 1,2,...,9).
We assume that variables K, L, and d are exogenous and that the error term

- vis independently and identically distributed according to a normal law of

zero mean and of variance o7 . Finally, we must specify the distribution of the

- one-sided residual u (or of e ). Afriat (1972) was the first to put forward a

two-parameter beta distribution for ¢ “ and Richmond (1974) showed that
this implied a gamma distribution for u. Schmidt (1976) considered an
exponential and a seminormal distribution for . Finally, Aigner, Lovell,
and Schmidt (1977) have suggested a truncated normal distribution for the
term w.

It is rather difficult to choose the kind of distribution we want for u since
this conditions the results of the model’s estimates. With the maximum
likelihood method, both & estimators and the efficiency measures vary
according to the distribution we choose, whereas with the corrected least
squares method, only the efficiency measures vary. In fact, nothing implies
that we should use a specific distribution; therefore, we shall consider, for
each sector frontier, both an exponential and a gamma distribution for the
term u.’
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2. Model Estimation

We cannot estimate our model, as specified in Eq. (1), with the OLS
method. In fact, the OLS estimator of the constant o, would be biased since
the term u has a positive mean when the technical efficiency is not maximum
for all observations. To circumvent this difficulty, Richmond (1974) made the
following proposal:'’ if y, is the mean of the term u, Eq. (1) should be
rewritten as follows:

Il’l P;r = (al) - .uu) -+ z alkdm + 0y ln K:‘r + 0y ll'l Lir i o Eir (2)
k

with g, = u, — u, + v,.

The new error term ¢, being of 0 mean, satisfies all the usually required
conditions except normality, and Eq. (2) can be estimated with the OLS
method. To go from the “average” production function thus obtained to the
production frontier, we only need to correct the constant (a, — p,), estimated
by the OLS method, by adding the mean p, of the term u to it. This is why
this is called the corrected ordinary least squares (COLS) method."

The correction of the OLS constant term requires that we obtain a con-
sistent and unbiased estimator of u,. Therefore, if we have assumed a specific
distribution for u, such an operation is possible when we start from the
central moments of the OLS residuals. Indeed, the third central moment of
the ¢ error is equal to the third central moment,'? its sign changed, of the term
u and p;(u) itself is linked to the mean p, that we want to estimate.”

In other words, the OLS estimator of the third central moment of ¢ [written
fi;(¢)] gives a consistent estimator of p,:"

o [ (e)/2)'" for an exponential distribution of u
) — [15(g)/2 for a gamma distribution of u

The correction of the OLS constant term, that is to say, the shifting of the
average production function in order to obtain the production frontier, will
therefore be different according to the distribution we choose for .

The part of the ¢ total variance attributable to the random term v will also
vary according to the distribution of u:

i [i3(e)/ 2]21r3

for an exponential distribution of u

g fia (2)
y(e) 1 _
) ’uf ©) for a gamma distribution of u
2j1,(e)

Finally, and this is one of the main disadvantages of the stochastic frontiers,
the latter may not exist: for the distributions of u we are interested in, if fi;(g)
is positive then fi, is negative. And a downward shifting of the average
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production function is not meaningful at all as far as the building of a frontier
is concerned.

3. Technical Efficiency Measurement

The technical efficiency measurement itself shows another limitation of the
stochastic frontiers: this measurement can only be carried out at the level of
all observations but not individually. It is, indeed, impossible to identify, for
each residual £, the part attributable to factors external to the firm’s manage-
ment (represented by the normal random term v) and the part attributable
to inefficiency (represented by u). Besides, a few observations can be found
above the estimated frontier." On the other hand, the assumptions made
about the distribution of v, especially that » has a 0 mean, allow us to
estimate the mean of the inefficiency term w.

As far as our analysis is concerned, this means that we will only be able to
get a measure of the average technical efficiency of each group of SCOPs
corresponding to a specific sector. To define this measure, we have to start
once again from Richmond’s study (1974) on deterministic frontiers. By
comparison with our model’s general expression for a stochastic frontier, that
is, Y° = f(X)e* ™", the deterministic-frontier model can be written ¥° —

- f(X)e™". For Richmond, a straightforward measure of the technical efficiency

average degree for all the firms that are covered is thus given by
E(e™) = E(z) with z=ie""

For a gamma distribution of u, the same author builds the distribution of
z and shows that

E(z) = 27"

Meeusen and van den Broeck (1977) take up the same average efficiency
measure E(e™") for the case of a stochastic frontier.'” Moreover, they use the
same method as Richmond, by assuming an exponential distribution for u,
and obtain the following expression of technical efficiency:

E@) = 1/(1 + p,)

Since we already have a consistent estimator of y, based on the third
moment of the OLS residuals, all we have to do is to use it again:

1
E@z) = {1 - [k@E/2"

2&3 (z)/2

for an exponential distribution of u

for a gamma distribution of u

and it is casily verified that E(z) is only meaningful (0 <z < 1) if f5(e) is
nonpositive.
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Finally, as Schmidt and Lin (1984) sugget, once we have calculated E(2),
we can still see whether technical efficiencies are significant by submitting the
residuals &, to the nonnormality test based on the asymmetry coefficient b}."
These authors consider that the greater the technical inefficiencies, the more
asymmetrical the distribution of the &, must be, since the latter represents the
sum of a normal variable (v) of 0 mean and of a nonpositive variable (—u)
representing the inefficiency. The existence of significant technical efficiencies
will thus be confirmed if the test makes it possible to reject the zero hypothesis
of normality for residuals &,."

4, The Results

As we have seen, the first step in our empirical approach consists in esti-
mating an average production function for each sector. This is what we do,
starting from Eq. (2) and from similar equations for the two alternative
specifications (Kmenta’s CES and translog). Table 1 gives the results of
these estimates for the production function specification that, on the F-tests
basis, is the most appropriate for each sector. We can observe that the
Cobb-Douglas and translog forms are used respectively seven and six
times, whereas the CES linear approximation is only used once, for the
carpentry sector.
~ We then have to correct the constant term of each average production
function by adding the mean f, to it. This mean is estimated differently
depending on the exponential or gamma distribution of the term u. We
therefore obtain, for each sector, two stochastic frontiers with respect to
which the average efficiency E(z) can be calculated on the basis of the
formulas just mentioned. These results are shown in the first and second
columns of Table 2.

Analysis of this table indicates that an estimate of the average efficiency
E(z) has not been possible for four sectors: whatever specification the
production function has for public works, plumbing, furniture, and the
telephone industry, the third moment of the OLS residuals is positive and
prevents the building of the frontier.

When the average technical efficiency can be calculated, it is always much
greater if we assume a gamma rather than an exponential distribution for u.
Depending on the different sectors, it varies from 94 t0 99.9% in the first case
and from 73.1 to 91% in the second one. For each industry, indeed, both
frontiers are identical but for the constant term since they are built from the
same average production function. And this constant is greater with an
exponential distribution of u because the estimator f, is thus greater than it
is with a gamma distribution.”

Average Production Functions for 14 Industries*

Table 1.

Metal Sheet

Related to
Printing  Printing Construction

Telephone Architecture Consulting

Furniture

Meral

Carpentry Bricklaying Painting Public Works Plumbing  Electricity

3.153%%*
(8.58)

3195+

(17.9)

3.124%ee

(23.2)

1.403"'
(3.07)

3.004*=*

(16.3)

1.721%%
(3.51)

1.822*
(1.80)

Yes

1.34]1%*+
(4.79)

0.788*
(1.71)

3.529%es

(3712)

3.615%**

(14.5)

3,134%%%

(35.8)

29570

(46.5)

3.070***

Constant term

Yes

Yes Yes Yes Yes
0.136**
(2.24)

0.065*

(1.91)

Yes
0.490%**

(2.89)

Yes

Yes
—0.790***

(—5.36)

Yes
u. I 56".

Yes Yes
(5.97)

Yes

0.053***
(3.19)

Yes

Yearly dummies

In K

0.077*
(1.87)

1.081*** (.340***

(3.61)

0.013
(0.01)

0.428%*=
(4.02)

0.038
(0.27)

0.130%**

(6.56)

0.052%*
(2.41)

(9.22)

1.149%**

(10.0)

1.019%**

(17.2)

0.612%**

(12.5)

0.371
(1.07)

0.977%**

(14.5)

1.082%**
(3.02)

2.149*
(1.91)

1.280***
(7.26)

3.501 %%
(13.9)

0.750%**

(22.3)

0.724%**
(5.07)

0.862%**

(29.7)

1.008%**

(41.8)

0.948%**

(34.0)

InL

0.024**+
(3.38)

(InK/L)?

[
W

0.005

(0.01)

0.020
(0.78)

—0.006
(—0.03)
-0.373

(—1.46)

0.011
(0.60)
0.051
(0.82)

—0.115*
(—1.38)

~0.026%**
(—3.70)

0.074%**
(2.91)

(Ink)*

0.472%=+

(3.09)

0.149

—0.574%**
(—17.96)

0.160%**
(4.65)

{In L)?

(1.43)
—0.184**

—0.401"*
(—2.15)

0.141

0.317%*
(5.23)

—0.189%**
(—3.57)

InKinL

(0.32) (—2.04)

0.917

0.830
86

0.923
72

0.993

31

0.934
67

0.926
80

0.913
85

0.959
252

0.942

81

0.940

155

0.957

167

0.904

294

0.967

310

0.960

316

R? adj.

Number of obs.

“The figures in parentheses represent the values of the variable ¢ for Student’s test.

*Significant at 0.10 level.

*+*Significant at 0.01 level.

**Significant at 0.05 level.




Efficiency (%) of the sectoral
average SCOP (over 9 years)
Exponential distribution
771
80.6
73.5
84.8
76.0
69.6
70.0
64.9
73.7
76.6
81.0
75.9
80.3
65.0

Deterministic frontiers
Weighted average (%)
of individual efficiency

MOLS
46.4
44.7
35.6
29.2
35.0
44.6
52.6
39.6
44.8
38.1
82.4
59.2
26.9

distribution
96.0
96.1
95.2
97.0
96.5
88.7
92.1
93.0
94.0
92.0
93.1
98.6
96.0
83.6

E(z) (%)

tial

distribution
2

80.5
80.8
79.0
82.6
81.5
70.6
74.3
75.6
77.0
74

75.8
87.6
80.4
66.3

Ex;

(0.98)

99.9
(0.97)

99.9
(0.99)
(0.48)
95.0

(0.37)

98.5
(0.79)

99.6
{0.94)

) Gamma

distribution
99.9
94.0
99.7
(0.97)
99.8
(0.95)
98.5
(0.92)

2) (%)
NR“
NR*
NA
By >0
py >0
NR‘*
NR**
NR‘*
NR*
NA
uy >0
uy >0
NA
NA

Stochastic frontiers"
E(

(0.82)

89.8
(0.77)

91.0
(0.86)
(0.10)

78.2
(0.25)

85.
(0.67)

73.1
(0.15)
75.4
86.2
(0.79)
87.4
(0.65)
78.2
(0.70)

90.7

distribution

Table 2. Various Measures of the Scop Average Technical Efficiency in 14 Industries
Exponential

“The figures in parentheses represent the part of the residuals variance attributable to the normal random term. NR*, normality rejected at the 0.05 significance level;

NR** normality rejected at the 0.01 significance level; NA, normality accepted at the 0.05 significance level.

Related to printing
Metal construction

Carpentry
Bricklaying
Painting
Public works
Plumbing
Electricity
Printing
Sheet metal
Furniture
Telephone
Architecture
Consulting

(]
L=
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The SCOPs that are found to have the highest average levels of efficiency
are the ones belonging to the painting, carpentry, and bricklaying industries.
The SCOPs with the lowest levels of efficiency are those in electricity,
printing, and industries related to printing and consulting sectors. Yet, it is
rather risky to compare the different sectors since the concept of technical
efficiency is relative to each sector: the frontiers are defined on the basis of
observed productions and do not necessarily represent the theoretically
possible maximum outputs. Besides, this is confirmed by the results of the
nonnormality test made on the residuals g, of each average function (the
results are given in Table 2 as NA or NR). Since the reference standard
changes from one sector to the next, average efficiencies that may be prac-
tically identical for two groups of SCOPs can lead to diametrically opposite
conclusions concerning the existence of significant technical inefficiencies.
This statement can easily be proved by comparing, for example, the carpentry
and the painting industries or the consulting sector and the industries related
to printing.

In the first two columns of Table 2, in parentheses, are the part of the &,
residuals total variance attributable, in each case, to the normal random
term. This additional indication shows fairly well the relevance of stochastic
frontiers, that is, the relevance of an approach that does not interpret any
difference vis-a-vis the frontier in terms of productivity: the percentage of the
variance attributable to the random term v is, in most cases, greater than
70%. This percentage, quite logically, is the smallest for sectors in which
SCOPs’ technical efficiency is the weakest.

Yet, such subtle analysis, based on stochastic frontiers, is not good
as far as comparisons are concerned. We have seen, indeed, that if we
estimate such a frontier for all firms, it is impossible to calculate individual
technical efficiencies or even the average efficiency of some subgroups.”
Moreover, since we have just proved the necessity for the groups of firms
we want to compare, to have common frontiers, we give up working
with stochastic frontiers and start exploring all the possibilities offered
by the deterministic frontiers. We shall observe, however, to what extent
the SCOPs’ average efficiency changes when using one type of frontier or
the other.

C. Deterministic Frontiers and Average Technical Efficiency

Our aim is to define technical efficiency on the basis of deterministic
production frontiers, by following exactly the same stages we did in the case
of stochastic frontiers. We can, however, forget the developments concerning
the random-error term integrated to the latter.
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1. Model Specification

Since we now assume that differences vis-a-vis the frontier only arise from
technical inefficiencies, our model for a Cobb-Douglas function can be
written

In I’;.' = Oy =} Zalkdm s o In Kfr ¥ Oy In L:‘r — Uy (3)
k

Leaving out the normal random term undeniably implies a great loss of
realism since we now know neither the measurement error effects nor the
influence of external factors on the firms. But the true importance lies in
evaluating the significance of this simplification of the assumptions in a
comparative perspective. We shall try to make such an evaluation later.

2. Model Estimation

In Eq. (3), the term u has a positive mean as long as all the observations
do not lie on the frontier. We shall therefore use the COLS method to
estimate our model. In other words, we shall modify Eq. (3) in order to obtain
a zero mean for the residuals:

InV, = (0 —p,)+ ) audy +0,InK, +o;InL, — g, (4)
k

with ¢, = u, — u,.

When we use the OLS method, the coefficients of this equation have,
indeed, the same values as the coefficients of the average production
function (2). Thus, once again, Table | provides us with the basis on
which we shall build the production frontiers. On the other hand, y, will be
estimated differently because this time, the variance of the &, residuals gives
us a consistent and unbiased estimator of the u variance.” In accordance with
the links existing between the first two central moments of u, and if we choose
for this term a specific distribution, we can write (see note 1):

! [i,(e)]"*  for an exponential distribution of u
‘o i, (€) for a gamma distribution of u

And, when we add i, to the constant obtained with the OLS method, we have
two deterministic frontiers for each industry.

Since i, (= &, — f1,) exclusively represents technical inefficiency, we should
be able to calculate an efficiency degree for each observation. However,
with the COLS method there is no guarantee that the shift of the average
production function is such that all observations can be found beneath or on
the frontier. To solve this problem, Greene (1980) suggests using another
method to correct the constant of the average function: modified ordinary
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least squares (MOLS) method. It consists in replacing fi, by the highest
positive residual &, . In this case, there is no need to define a specific distribu-
tion for u and the estimator of the frontier constant term is consistent but
biased and of uncertain efficiency.?

3. Technical Efficiency Measures

As above, we can consider with Richmond (1974) that the best measure of
the average efficiency is given by E(z) for z = ¢ . And we know that, for a
specific distribution of u, we can define E(z) with respect to u, and that we
already have an estimator of yu, based on the variance fi,(¢). Therefore,
the average technical efficiency of observed productions can be calculated
as follows:

1
E(z) = { | + @)™

2—112(5]

for an exponential distribution for u

for a gamma distribution of u

Another way to estimate the SCOPs’ average efficiency in each sector is to
compute the average of individual technical efficiencies weighted by the
respective outputs. This approach, which Farrell (1957) initially considered
with nonparametric frontiers, implies in our case that the frontiers are
estimated with the MOLS method in order to obtain, for each observation,
an efficiency degree smaller than or equal to 100%.%*

Finally, van den Broeck, Forsund, Hjalmarsson, and Meeusen (1980) put
forward a third measure of the average technical efficiency. They build an
“average firm” on the basis of individual observations in a given industry.
The efficiency of this firm is then calculated in reference to a deterministic
frontier estimated either with a MOLS or a COLS method as long as this
average firm does not stand above the frontier.

In their own empirical analysis, these authors define the average firm by the
arithmetical averages of observed amounts of inputs and outputs. Such
averages are precisely the ones we have for capitalist firms and the ones we
have built for SCOPs in our comparative financial analysis (Defourny, 1986a,
1987). Thus, we shall pay particular attention to the results obtained with
this third measure and to its significance with respect to the other possible
measures.

4. The Results
The three average efficiency measures just described for deterministic

frontiers have been calculated for each of the 14 industries in which most of
the French SCOPs work. They are shown in Table 2.
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Columns 3 and 4 show the sector average efficiency estimated by E(z) for
exponential and gamma distributions of the term « and thus refer to frontiers
estimated with the COLS method. We see that, in all cases, the average degree
of efficiency is smaller than the result obtained with a stochastic frontier,
given the same distribution for u. It would be too easy to explain it by
claiming that any difference via-a-vis the frontier is now imputed to technical
inefficiency. We should not forget that many observations can be found well
above the frontier and have an inflating effect on the average technical
efficiency. Actually, the most relevant explanation consists in comparing the
estimators /i, respectively obtained for stochastic and deterministic frontiers.
We have seen that the variance of the residuals g, overestimates the « mean
for a stochastic frontier (see note 12) whereas it estimates it correctly for a
deterministic one. Since E(z) is inversely linked to y,, the average efficiency
thus estimated is therefore always smaller with the deterministic frontiers.
Besides, it is not surprising at all to see that, when we use the same exponen-
tial distribution of u, the difference between both E(z) values is smaller when
the part of the residuals’ variance attributable to the normal random term is
itself smaller.”

Column 5 of Table 2 shows a second measure of the average technical
efficiency with deterministic frontiers. As suggested by Farrell (1957), we
have calculated for each sector an average, weighted by outputs, of individual
technical efficiencies.” But an analysis of the results soon shows that such a
measure is not appropriate, at least when the frontiers are estimated from
individual observations with the MOLS method: the dependence via-a-vis the
highest positive residual, that is, an extreme observation, is such that the
average efficiency can fall under 30%.

The last column of Table 2 gives the most interesting average efficiency
measure in a comparative perspective. As in our comparative financial analysis,
we have first defined an average SCOP for each sector on a yearly basis. In
order to do so, we used the arithmetic averages of the output and inputs of
the observed individual firms. Along the lines of van den Broeck, Forsund,
Hjalmarsson, and Meeusen (1980), we then calculated the average efficiency
of each of those average firms on the basis of their respective frontiers. We
shall note that, for these frontiers, the OLS constant term has been corrected
by the estimated mean ji, and not by the highest positive residual. Moreover,
we have only considered an exponential distribution of u since the efficiency
of average firms was sometimes greater than 100% when we used a gamma
distribution.”” Finally, as a global estimation of the SCOPs’ efficiency in
a given sector, we have chosen the average, weighted by the number of
observations, of efficiencies estimated for each of the average firms over
nine years.”

These results have to be compared mainly with those shown in the third
column of Table 2, that is, with the average efficiency defined by E(z) for
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exactly identical frontiers (deterministic frontiers estimated with the COLS
method on the basis of individual observations of SCOPs and under the
assumption of an exponential distribution of u). These comparisons show
that both measures give very similar results in some sectors (bricklaying,
electricity, architecture, and consulting sectors) but that striking differences
(sometimes more than 10%) may appear in one or two sectors (the industries
related to printing or the telephone industry).

However, these differences can be seen as normal. Actually, except in
extraordinary circumstances, the efficiency of an average firm (based on
arithmetical averages) does not have to be equal to the average, though
arithmetical, of individual efficiencies. Moreover, E(z) is an average of
individual efficiencies e ™ but it is very specifically weighted: to each value
e “is associated a probability density defined by the distribution of e *, itself
determined by the exponential distribution of u.”

The average technical efficiency of a group of firms can thus vary according
to the approach we chose, even though the reference frontier remains
unchanged. Therefore, we conclude that, for a comparative analysis of the
efficiency of SCOPs and capitalist firms, it would not be appropriate to take
into account, on one side, averages of individual efficiencies and, on the
other, the efficiency of average firms. Hence, as we have only aggregate
sectoral data, which allow us to build average capitalist firms in each
industry,” we shall start working on the basis of identically defined average
firms.

3. COMPARED TECHNICAL EFFICIENCY OF
SCOPS AND CAPITALIST FIRMS

The previous section was mainly methodological: it made it possible to review
various ways of making up and estimating the production frontier and the
average efficiency of a group of firms. The empirical exercises simply illustrated
the differences between these approaches and helped us in choosing the
appropriate one for our comparative analysis of the efficiency of SCOPs and
capitalist firms.

For these comparisons, we shall proceed stage by stage as in the financial
analysis. First, we shall compare, in each sector, average firms representing
all sizes of cooperative and capitalist units. Then, we shall divide these groups
of firms into subgroups corresponding to size categories and we shall build
average firms for each subgroup.

As in the previous section, we shall mainly refer to deterministic produc-
tion frontiers, estimated on the basis of individual observations of SCOPs.
A few problems may arise from this choice and they should be discussed
before examining the results.
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estimated by COLS (with an exponential distribution for the term «) on the
basis of individual cooperative observations. We then calculated an average
over the nine years, weighted by the number of firms involved.

The technical efficiency we get is greater on the cooperative side in nine
sectors. On the other hand, it is almost identical for both types of firms in the
bricklaying industry and is higher on the capitalist side in four sectors:
carpentry, painting (though the difference there is only ~1%), and sheet
metal. It is interesting to note that these results are generally similar to those
obtained in the financial analysis of labor productivity (Defourny, 1987).

As we have said, we have also computed the average efficiency by estimating
sector frontiers from the capitalist averages only and by using all available
data: not only all-size yearly averages over the 1971-1979 period but also
averages calculated for six size categories in the year 1979.

We see two fundamental things from the results shown in Table 3, columns
3 and 4: on the one hand, the difference between cooperative and capitalist
efficiencies often varies very much from one type of frontier to the other but,
on the other hand, the sign of the difference always remains unchanged
except in one sector (the furniture industry).

To explain the variations of the difference between cooperative and
captialist efficiencies, we shall use, in the right half of Table 3, the estimated
coefficients of capital and labor factors for Cobb-Douglas sector frontiers.
With capitalist averages, the Cobb-Douglas form must, indeed, be used for
all sectoral frontiers.”’ With regard to frontiers estimated from individual
cooperative observations, we have seen that some of them have a translog or
a CES (Kmenta’s version) form but we have checked that the degree of
efficiency does not vary much when we choose a Cobb-Douglas specification.

This presentation makes the comparisons between both types of frontier
much simpler and leads us to distinguish four possible situations:

1. First, when the coeflicients of factors K and L do not vary much from
one frontier to the other, the difference between the two average efficiencies
logically remains very stable. This is effectively the case in painting, metal
construction, and architecture.

2. On the other hand, if, going from the cooperative to the capitalist
frontier, the coefficient of factor K decreases significantly and the coeflicient
of factor L increases, the difference between average efficiencies clearly
changes in favor of the firms that have the highest capital-labor ratio.”” By
computing this ratio (see Table 3), we can check, indeed, that the most
capital-intensive average firm is the capitalist one in plumbing, telephone, and
public works, but it is the cooperative one in the industries related to printing.

3. The third situation is exactly the opposite of the preceding one and can
be found in the carpentry, the bricklaying, the electricity, the furniture, the
sheet metal, and consulting sectors. In this case, the difference changes to the
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advantage of more labor-intensive firms, that is, the average SCOP for five
out of six of the aforesaid sectors. On the other hand, in the carpentry
industry, the K/L ratio shows identical capital intensity on both sides.
In order to explain why SCOPs stand well behind capitalist firms, we must
examine the returns to scale: they remain constant with the cooperative
frontier but they increase noticeably with the capitalist frontier. And, in this
sector, the average SCOP is five times bigger than the average capitalist firm.
Hence the distances with respect to the frontier are evolving to the detriment
of the SCOP.”

4. The last situation is found in the printing industry, where both coef-
ficients of the frontier function change in the same direction. The difference
in the returns to scale is also important here but both average firms have
practically the same size and the same capital intensity. This explains why the
difference between the average efficiencies does not change much.

Before going on with the analysis by size categories, we shall note that,
beyond the results showing identical directions for 13 out of 14 sectors, both
types of frontiers lead to precise conclusions for most sectors: on the one
hand they show a very clear inferiority of SCOPs in the sheet metal industry
and a very slight one in the painting sector; on the other hand they show a
cooperative superiority that is rather slight in architecture but very significant
in printing, industries related to printing, metal construction, telephone, and
consulting sectors. Let us recall, however, that we are dealing here with
average tendencies given by an all-size analysis.

C. Comparisons by Size Categories

In the financial analysis, we had found that the firms’ size was a key factor
of the SCOPs’ relative economic performance. It may be the same for
technical efficiency.

As far as the size of the firms compared is concerned, we will develop our
analysis in two directions. First, from the disaggregated capitalist averages,
which are only available for 1979, we will try to reconstitute averages per size
for the previous years. Second, as SCOPs are mainly small- or medium-sized
enterprises (SMEs), we will use five or six size categories, wih four of them
allowing fine distinctions among firms that employ less than 100 workers.

1. Projection of Averages per Size Category for 1971-1978

Within each sector, we are confronted with the following problem. We
know the values V9, K, Li7g, and Ny, which, respectively, represent added
value, net fixed assets, number of workers, and number of individual firms we
cover for each average capitalist firm of the ith size group (i = 1,2,...,6) for

1979. We also have the values V,, K,, L,, and N, (with ¢ = 1971,...,1979),
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the first three variables representing all-size averages and the fourth being
the total number of firms in the sector. Our aim is to reconstitute around
all-size average firms defined by V,, K,, L,, and N, (t =1971,...,1978),
average firms per size category (defined by V,, K,,, L,, and N,) on the
basis of the distribution of averages V;, K9, and L;;y around all-size
averages Vi, Ky, Ly as well as on the basis of the ratios between the N,
and N,.

It is no trouble at all to project the values N,, for the most natural
approach consists in supposing that the relative importance of each size
category is constant from year to year. Therefore, we defined the N, so that
N,IN, = Ny /Ny (¢ = 1971, . ..,1978).

We have tried different ways of projecting the other variables to choose
finally the one that best combines realism and maximum exploitation of
information. First of all, we set L, = L, in order to have, as in 1979, an
average capitalist firm in each group defined by the number of workers.*

Then we calculate K, in such a way that, for each year, the ratio K, /L, will
be separated from K,/L, by the multiplying factor that separates Kj, /Ly,
from K;9/Lye. In other words, we try to reproduce the differentiation of the
1979 average firms, expressed in capital intensity.*

Finally, each V, value is determined by the corresponding K, and L,
values, through a production function. The latter is estimated on the basis of
all available capitalist averages for the sector (all-size yearly averages for
1971-1979 and per size averages for 1979). For each sector, we use a Cobb-
Douglas function whose estimated coefficients of the factors have already
been given in Table 3, columns 7 and 8.%

2. Results

The technical efficiency of each capitalist firm thus defined and of each
average SCOP has been calculated as in the all-size analysis. In other words,
the reference sector functions are those already estimated on the basis of
individual observations regarding SCOPs (see Table 1). The results that we
finally obtained are, for each size category, average efficiencies over the
1971-1979 period, weighted by the number of firms we have covered. These
average efficiencies per size are shown in Table 4. To make the reading and

the interpretation of these results straightforward, we also present them

graphically in Figures 1-14.

The analysis of the graphs shows, first of all, a clear coherence in the
evolution of the SCOPs’ average relative efficiency. Indeed, despite very few
observations in some categories and the rather artificial feature of average
capitalist firms over the 1971-1978 period, we do not observe, in any sector,
continuous shifts of the cooperative efficiency curve from one to the other
side of the curve relative to capitalist firms.
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Table 4. Comparison of Average Technical Efficiencies by Size Categories

SCopP Sector SCopP Sector
Carpentry Related to printing
1-9 79.0 79.8 1-9 95.4 89.8
10-19 81.7 76.0 10-19 76.8 56.0
20-49 80.0 79.2 20-49 81.3 52.0
50-99 81.6 88.9 50-99 71.9 72.6
100-199° 75.2 89.2 100-199 80.7 94.3
200-499 82.6 94.4
Bricklaying Metal construction
1-9 80.7 96.8 1-9 70.2 72.6
10-19 79.1 83.7 10-19 80.4 70.0
20-49 79.9 78.1 20-49 75.6 68.4
50-99 87.0 71.8 50-99 76.0 64.9
100-199 79.9 68.7 100-199 833 64.7
200-499 73.2 64.2 200-499 T2 61.1
Painting Sheet metal
1-9 80.0 73.8 1-9 68.3 95.7
10-19 76.1 73.4 10-19 78.5 83.2
20-49 76.3 74.7 20-49 74.2 81.6
50-99 94.1 76.4 50-99 549 82.0
100-199 80.9 773 100-199 65.2 87.5
200-499 61.4 79.1
Public works Furniture
1-9 76.1 81.2 1-9 68.6 60.7
10-19 83.5 85.9 10-19 87.2 72.4
20-49 88.4 86.8 20-49 72.6 715
50-99 90.7 84.1 . 50-99 73.4 77.0
100-199 83.1 76.8 100-199 75.5 85.5
200-499 72.0 70.0
Plumbing Telephone
1-9 61.1 62.7 1-9 66.1 73.2
10-19 84.9 70.5 10-19 81.1 65.6
20-49 77.3 73.4 20-49 76.1 63.9
50-99 88.9 72.6 50-99 93.6 63.1
100-199 78.3 68.1 < 100° 98.7 76.7
20-499 80.1 70.7
Electricity Architecture
1-9 914 92.7 1-9 78.6 79.8
10-19 93.2 90.2 10-19 83.5 7pa |
20-49 65.0 68.4 20-49 78.2 69.7
50-99 70.1 65.4 50-99 72.9 68.2
100-199 718 92.6
Printing Consulting
1-9 76.5 87.5 1-9 64.4 457
10-19 67.2 74.9 10-19 68.0 41.8
20-49 70.0 65.7 10-49 56.9 404
50-99 66.5 62.1
100-199 91.7 67.1
200499 87.9 70.4

“This category makes it possible to include the biggest French SCOP.
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Figure 1. Carpentry—comparison of average technical efficiencies by size ,-'J

: igure 3. Painting—comparison of average technical efficiencies by size
categories.
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Figure 2. Bricklaying—comparison of average technical efficiencies by size

igure 4. Public Works—comparison of average technical efficiencies by
categories.

size categories.



50 JACQUES DEFOURNY Comparative Measures of Technical Efficiency 51
Yo %
108
100
s
98
(2]
70 80
68
78
sa
; il Tt gt No. OF WORKERS
-3 T o 50-99 -9 19-19  28-49  50-93  1e@-139 200-499

Figure 5. Electricity—comparison of average technical efficiencies by size

. igure 7. Printing—comparison of average technical efficiencies by size
categories.
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Figure 8. Industries related to printing—comparison of average technical
efficiencies by size categories.

Figure 6. Plumbing—comparison of average technical efficiencies by size
categories.
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i No more than a 2% difference.
Figure 13.  Architecture—comparison of average technical efficiencies by

size categories. Even though it is important to interpret the efficiency differentials with

- caution, the results we have ontained enrich our analysis considerably.*
oreover, they are well summed up in Table 5 which only shows the sign of
efficiency differentials between cooperative and capitalist firms. A positive
~ (negative) sign indicates a higher (lower) efficiency of SCOPs.
First of all, this table confirms and at the same time qualifies the pattern
shown by the financial analysis as to the links existing between the size and
the economic performance of SCOPs. For small-sized SCOPs, the situation
s only favorable in the first four sectors, that is, sectors that are not very
pital-intensive or that are heterogeneous enough to offer labor-intensive
pportunities in which it is possible to work with very low amounts of capital.
When we compare the average capital-labor ratios of the different sectors
see last column of Table 3), we find, indeed, that the painting industry is the
ost labor intensive and so is the furniture industry outside the building
sector. Industries related to printing and consulting include very diverse
tivities that, in some cases, require very low investment.”
- In all the other sectors, small-sized SCOPs stand behind their capitalist
_counterparts as far as technical efficiency is concerned. This is probably due
“to a lack of equity, to a more limited accessibility to loans, or to a much too
- small profitability but the situation usually comes back to normal as soon
as the firm grows and goes beyond a critical point (more or less ten workers).
Yet the critical size is higher in bricklaying and in public works, both being
the most capital-intensive industries in the building sector. It is higher as well
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Figure 14. Consulting—comparison of average technical efficiencies by size
categories. 1
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in printing, which is a rather homogeneous sector requiring, from the start, ~
substantial investments. Finally, in the sheet metal industry, Figure 10 clearly
shows an improvement in the relative efficiency of SCOPs for the second and '
third size categories. However, the situation always remains unfavorable for
SCOPs in a sector that is precisely the most capital-intensive one among
industrial activities. 1

However, we may wonder why SCOPs have such a better relative efficiency -
in other industrial sectors (metal construction and telephone industries).
These sectors also require substantial investment and do not seem to be less
homogeneous than the sheet metal industry. We can only refer to the results
of the financial analysis: unlike the SCOPs working in these two sectors, the
sheet metal industry SCOPs, even with a great number of workers, sorely lack -
equity and do not counterbalance it with an increased accessibility to loans.
Thus, they are not able to invest as they should in order to compete with the -
other firms of the sector. In any case, for industries that are at first sight
comparable, these differences of behavior and performance have one thing to
their credit: beyond the average tendencies we are trying to bring out, they
emphasize how diverse cooperative realities are. '

However, a few average tendencies are particularly striking when we
examine the third column of Table 5: in the category of firms with 20-49
workers, the SCOPs’ average technical efficiency is, in 13 out of 14 sectors, -
greater than the efficiency of the other firms. The importance of such a result | ]
is even greater since we know that this is the main category in all the industries
except for the intellectual services and the industries related to printing.*
Globally, it represents, indeed, 718 out of 2050 individual observations on
SCOPs.*

Is that greater technical efficiency of SCOP generated by workers’
participation? Would such an impact of workers’ participation also exist -
but be offset by the lack of capital in small SCOPs? Or would workers’
participation have a weaker effect on productivity in the latter due to a
certain “‘excess of democracy,” that is, a willingness to allow everybody to
decide on everything, while its impact would be stronger when, as in medium- =
sized SCOPs, it is exerted in a more structured way and with more power -
delegated?

We are unable to answer all these questions precisely but we have explored
elsewhere the relation between SCOPs’ productivity and workers’ involve- -
ment at different levels. In an early study (Defourny et al., 1985) based on
data for SCOPs in 1978 and 1979 and on the estimation of production
functions augmented by various measures of workers’ participation, value
added was found to be an increasing function of participation in profits and,
to a lesser extent, in collective membership and in ownership, even whena
wide assortment of enterprise-specific and environmental factors were taken
into account. More recently (Defourny, 1987), we developed the same kind

~ of analysis on a broader basis: we used our whole data set covering ten years
and including data on nonparticipatory capitalist enterprises and we worked
on 14 industries instead of 6. Moreover, indicators of workers’ participation
were partly defined in a different way, referring to collective membership,
rofit-sharing, individual and collective ownership of capital, and two forms
of workers’ loans. We also specified augmented production functions in
such a way as to allow for “embodied” as well as “disembodied” effects of
yarticipation. The main results of the estimation of these production func-
ns indicate that workers’ participation generally has a positive global effect
n the enterprise productivity although this effect is rather limited, most
ften from 3 to 5%. They also show that workers’ individual participation
in capital stakes, profit shares, and enterprise financing through midterm
individual loans are the most effective channels through which participation
uences productivity. Moreover, these findings are very robust, surviving
tests between alternative specifications of technology, for reverse causality,
or simultaneous-equations bias, and for multicollinearity between the
participatory variables.

Finally, coming back to Table 5, we see another interesting result regarding
the three categories that group together the biggest cooperative firms. Table 5
shows that beyond 50 workers, the SCOPs’ technical efficiency is most often
greater than in the other firms, though it may also become smaller than the
sector average. This happens in the carpentry and the furniture sectors as well
as in the industries related to printing. We also observe a similar evolution
in the painting sector when a firm has more than 200 workers but we found
that this upper category includes only one firm. Besides, both the bad relative
efficiency of that SCOP and its great weight clearly explain why the painting
_industry seemed rather unfavorable to SCOPs in an all-size analysis. But,
- thanks to a subtler analysis, we now see that this very labor-intensive activity
s, on the contrary, one of the easiest for producer cooperatives.

3. Conclusions

- Within the category of parametric production frontiers estimated with
- inferential methods, we have seen that several approaches may be used for the
- conception and the empirical building of such frontiers. Since the stochastic
frontiers represent the most relevant approach at a theoretical level, we have
. exploited that method as much as possible and we have estimated an average
~ degree of technical efficiency for all SCOPs of each sector.
However, to achieve a true comparative analysis of the efficiency of
cooperative and capitalist firms, we had to use deterministic frontiers. After
having considered three possible methods to estimate the average efficiency,
we had to choose the most appropriate, given our data. Finally, the frontier
_estimation in itself was based on the observations of SCOPs alone and we
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found that this option mostly had an effect on the value of the efficiency

differentials but almost none on their sign.

These remarks underline the relativity of our efficiency study. They also
show that each choice has been made in order to get the most out of the

available information and to give as rigorous a basis as possible to ou:

comparisons. In brief, we can say that our analysis has highlighted great -

differences among SCOPs, when we compare their technical efficiency to tha
of their capitalist counterparts, the firm’s size and the type of activity bein,
two main differentiation factors.

Medium-sized SCOPs, particularly those employing 20-49 workers, -
almost always have a rather greater technical efficiency than their capitalist
counterparts. Another briefly summarized study based on the same data
indicates that this superiority is probably due, at least partly, to workers’

participation. On the other hand, very small SCOPs are usually found in th
opposite situation, although this tendency to have a lower productivity is no
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3. Forsund, Lovell, and Schmidt (1980, p. 20) stress that, in practice, this distinction is not
important since both notions converge asymptotically.

4. Inthis case, the set of possible productions can be said to be convex (for instance, Farrell,
1957) or nonconvex (Deprins et al., 1984).

5. Inaddition to their simple mathematical expression, a great advantage of the parametric
frontiers is their easy adaptability to nonconstant returns to scale.

' 6. Stochastic frontiers are also called composed-error frontiers. Aigner, Lovell, and
Schmidt (1977) as well as Meusen and van den Broeck (1977) were the first to develop these
models.

7. We assume that, for a given sector, the frontier can only shift in parallel to itself from
one year to the next.

- 8. The proposals of the three authors are meant for deterministic frontiers, but they hold
r stochastic frontiers as well since u is not dependent on v.

‘9. (a) The exponential distribution can be defined as follows:

gw) = (1)o,)exp(—ufo,)
- and its first three moments are

Ew =0, V=0, u) =20

to be generalized. This inferiority is linked to a very small amount of fixed
assets and it is not found in very labor-intensive sectors, where SCOPs can
easily work with limited material means. In that, the technical efficiency
analysis, though it gives a different point of view, fully confirms the main

The gamma distribution can be written

g() = (M@, ()™ " exp(—u)

results of our previous financial ratios study.

Finally, the efficiency analysis shows that, although SCOPs often have a
better productivity than capitalist firms, they lose this advantage in some
industries once they reach a certain size. This evolution might be seen as an
almost inevitable weakening of workers’ participation when the firm grows. -

But such an explanation would need to be confirmed by further research.
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NOTES

1. We have surveyed these works in Defourny (1987, pp. 51-72). Some other researchers

have tried to identify statistically significant relations between the economic performance o

self-managed firms and indicators of workers’ participation or they have compared economic
results of firms before and after their conversion into self-managed enterprises. But these

analyses do not compare firms of two kinds operating at the same time in the same activity.

2. The main survey is the one carried out by Forsund, Lovell, and Schmidt (1980). On :'
that basis, some syntheses have also been made by d'Aspremont (1984, pp. 33-49), Deprins

(1985, pp. 3-12), and Thiry (1985, pp. 4-12).

th its first moments being

Ew =V =0, m@ =

(b) Those are the two distributions most often considered. The test suggested by Lee (1983)
make a choice among various possible distnbuhons would be another approach, but this test
is particularly cumbersome.

10. In fact, Richmond’s proposal refers to deterministic frontiers but it can be applied to
stochastic ones as well.

11. Instead of the COLS, we could use the ML method. With the latter, however, an already
~ mentioned problem arises: the estimators & are dependent on the distribution chosen for u.
hemdes Olson, Schmidt, and Waldman (1980) have compared both techniques with the Monte
Carlo method. They conclude that the possible gain of efficiency obtained with the ML method
is not enough to consider it more interesting than the COLS method, whose application is
particularly simple.

12. We have to use the third moment because, by assumption, the mean of ¢ and its variance
are not equal to the ¥ mean and variance. Indeed, E(g) = 0, whereas E(u) = 0; and

5 V(e) = Viu) + V(v)

with ¥ (v) = 2. On the other hand,

() = Ele — E@)F = E{u, —u+v—[u,— E@) + E@)])’ = —Elu— E@J = —py(u)

13. This link can easily be found with the formulas given in note 9. For an exponential
distribution E(u) = [p;(u)/2]"*. For a gamma distribution, E(u) = p,(u)/2.

14. If we estimated the ¥ mean from other ¢ moments, we would get, in most cases, different
values for ji,.

- 15. This will occur each time that &, > f,.

16, In this, he is following a suggestion of Afrait (1972), which is to measure the technical
_ efficiency degree of the ith firm at time ¢ by Y2/f(X,) = z,.
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