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Abstract

In times of tight public budgets and deficits, the topic of measuring local gov-
ernment efficiency is increasingly becoming important, both for policy makers in
the central governments, as for researchers working on the methodology. In this
work we focus on measuring the efficiency of Moroccan municipalities in terms of
their financial autonomy. We use traditional nonparametric approaches, the Data
Envelopment Analysis (DEA) and the Free Disposal Hull (FDH), combined with
bias corrections using the bootstrap, which also allows us to construct confidence
intervals for the estimated efficiencies, and test for the returns to scale. Our results
indicate that very few municipalities are efficient or close to the frontier. Both DEA
and FDH efficiency scores indicate that there is a negative relation between popu-
lation size and efficiency scores, which is unlike previous studies for other countries.
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1 Introduction

Analysis of local government efficiency has attracted considerable interest over recent
years. In times of scarce public budgets and increasing public debt, the efficiency of
local administration of decentralized budgets becomes important also for the central gov-
ernment. Examples of recent studies are Worthington (2000) for Australia, Afonso and
Fernandes (2008) for Portugal and Balaguer-Coll et al (2007) for Spain. Afonso and Fer-
nadez (2008) give an excellent account of the literature. In Appendix A, we review the
concept of production efficiency introduced by Farrell (1957).

In most studies of local government efficiency, nonparametric approaches of frontier
analysis are used, in particular data envelopment analysis (DEA) assuming convexity
of the production set, and free disposal hull (FDH) without the convexity assumption.
Parallel to applications, progress has been made in understanding the statistical properties
of DEA and FDH efficiency estimates, which however has not yet been entirely taken into
account in applied research. For example, the use of bias corrected estimators based
e.g. on the bootstrap seems to be an important ingredient for reliable interpretation of
estimated efficiency scores.

In this paper, we study the management of the financial resources of Moroccan mu-
nicipalities. We use an aggregate output measure, the financial autonomy, which is eco-
nomically meaningful and avoids the typical curse of dimensionality of nonparametric
estimators in high dimensions. To the best of our knowledge, no results are available in
the literature on local government efficiency in Morocco. We try to fill this gap, account-
ing for recent statistical research in DEA and FDH and comparing the results with those
of other countries.

A general result of our study is that very few Moroccan municipalities are close to
the frontier according to DEA. By construction, efficiency scores are higher for FDH, and
more municipalities are close to the frontier. However, even for FDH, more than 90%
of the municipalities are inefficient. Moreover, we find that there is a negative relation
between population size and efficiency, both for DEA and FDH. This differs from the
results of Balaguer-Coll et al (2007) for Spain.

The remainder of the paper is organized as follows. Section 2 presents the DEA frame-
work, Section 3 describes the statistical approach of using the bootstrap to do inference
on the efficiency score estimates, Section 4 presents FDH as an alternative to DEA with
less restrictive assumptions, and Section 5 develops the application to our Moroccan data
set. Section 6 concludes. We delegate to an appendix the definition of technical and
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allocative efficiency.

2 The DEA program

Data envelopment analysis (DEA) is a nonparametric programming approach used to
determine the production frontier and to estimate technical efficiencies of decision making
units (DMU) such as firms or countries. The concept of technical efficiency as introduced
by Farrell (1957) has been widely used in empirical research on production efficiency, see
the appendix for a short review.

We focus on input-oriented DEA, i.e. the question by how much input quantities can
be proportionally reduced without changing the output quantities. This is the typical
problem for public decision makers which have to ensure public services while trying to
minimize the inputs, see e.g. Daraio and Simar (2007, p.30).

To describe the analytical structure of DEA, the input matrix is denoted by X(n,m)

and the output matrix as Y(n,r) , where m and r are respectively the number of inputs
and outputs, and n is the number of DMU’s under study. We suppose that each DMU
produces the same r outputs in possibly different amounts using the same m inputs also
in possibly different amounts. As in Sueyoshi (1999), we assume that all DMU’s have
linearly independent input and output vectors in their data domain. The DEA matrix
formulation for a given point (X0, Y0) in the case of variable returns to scale is given by
the following linear programming primal problem, which needs to be solved n times, once
for each DMU, see e.g. Banker et al (2004),

min θ

s.t.



∑n
i=1 λiyki ≥ yk0, k = 1, · · · , r∑n
i=1 λixji ≤ θxj0, j = 1, · · · ,m∑n
i=1 λi = 1,

θ ≥ 0, λi ≥ 0 ∀i = 1, · · · , n

(2.1)

where θ corresponds to the level of technical efficiency, Y0 = (y10, · · · , yk0, · · · , yr0) and
X0 = (x10, · · · , xj0, · · · , xm0) are levels of outputs and inputs of the considered DMU.
The variables λi, i = 1, · · · , n insure the convex hull of inputs and outputs in these data
spaces. The restriction

∑n
i=1 λi = 1 corresponds to the assumption of variable returns

to scale (VRS). It can be replaced by other assumptions on the returns to scale (RTS),
namely

∑n
i=1 λi > 1 (increasing returns to scale) and

∑n
i=1 λi < 1 (decreasing returns
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to scale). If the restriction on
∑n

i=1 λi is dropped, one obtains constant returns to scale
(CRS).

Let θ∗ denote the optimal level of the efficiency score. In the case of one input and
one output, θi is a radial measure of the distance between (xi, yi) and the corresponding
frontier. The DMU is efficient when θ∗ = 1 and inefficient in case of 0 ≤ θ∗ < 1.

The slack variables S−k and S+
j associated with the dual variables uk and vj respectively

lead us to the following program:

min

(
θ +

r∑
k=1

S−k +
m∑
j=1

S+
m

)

s.t.



∑n
i=1 λiyki − S

−
k = yk0, k = 1, · · · , r∑n

i=1 λixji + S+
j = θxj0, j = 1, · · · ,m∑n

i=1 λi = 1,

θ ≥ 0, λi, S
−
k , S

+
j ≥ 0 ∀i = 1, · · · , n, ∀k, ∀j

(2.2)

DMUi0 is Pareto-efficient or fully efficient if and only if θ∗i0 = 1 and all slacks S−∗k and
S+∗
j are zero, see e.g. Thanassoulis (2001).
Instead of solving the primal program, it is often easier to use the dual program. In

our case, the dual program is given by

Max
r∑

k=1

ukyk0 + u∗

s.t.


∑m

j=1 vjxj0 ≤ 1,∑r
k=1 ukyki −

∑m
j=1 vjxji + u∗ ≤ 0, i = 1, · · · , n

uk, vj ≥ 0 ∀k, j
(2.3)

where U t = (u1, · · · , uk, · · · , ur) ∈ Rr
+ and V t = (v1, · · · , vj, · · · , vm) ∈ Rm

+ are row vectors
of the dual variables related to the constraints of the primal problem. Furthermore, a
constraint with a strict equality in the primal is replaced by a free (unrestricted) variable
u∗ ∈ R in the dual. Being free, this variable should be replaced by the difference between
two positive variables t1 and t2 in a linear programming problem solved by the simplex
method.

At a point (x0, y0) we have θ̂ (x0, y0) =
∑r

k=1 ûkyk0 + û∗ .

The sign of the optimal value of u∗ is used to identify the type of RTS at a point
(x∗0, y

∗
0) on the efficiency frontier. Being negative, zero, positive or free, this variable

indicates NIRS, CRS, IRS or VRS respectively.
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It is useful to indicate that input and output oriented models may give different results
with respect to their returns to scale. Thus, increasing returns to scale may result from
an input oriented model, while an application of an output oriented model may produce a
decreasing returns to scale for the same data. Also, it is worthwhile to note that working
in smaller dimensions tends to provide better estimates of the frontier.

Many software packages include algorithms to solve linear programming problems of
the type discussed previously. The problem can be cast in a form treatable by the simplex
method used by R.

3 Inference using the bootstrap

The bootstrap is a method which can be useful in many problems of statistical inference
such as constructing confidence intervals and hypothesis tests. Its principle is to create a
pseudo-replicate data set from the given data set, and then perform statistical inference
using the replication set. The use of the bootstrap method in DEA goes back to Simar
(1992).

The bootstrap method is based on the idea that the bootstrap distribution will mimic
the original unknown sampling distribution of the estimators of interest (efficiencies) using
a nonparametric estimate of their densities. Hence, a bootstrap procedure can simulate
the data generating process (DGP) by using a Monte Carlo approximation and may
provide a reasonable estimator of the true unknown DGP.

3.1 Data Generating Process

Consider a statistical model where a DGP P generates a random sample χ = {(Xi, Yi)
n
i=1}

of size n and suppose that we want to investigate the sampling distribution of the estimator
θ̂ of an unknown parameter θ.

Using the nonparametric method described in (2.1) it is possible to estimate θ by θ̂ at
a fixed point (x, y) for each DMU. As the DGP P is unknown, the bootstrap procedure
is used to determine the DGP P̂ as an estimator of the true unknown DGP. Thus, since
P̂ is known, we can generate a data set χ∗ = {(X∗i , Y ∗i ) , i = 1, · · · , n} from P̂ . This
pseudo-sample defines the quantities θ̂∗ corresponding to the efficiencies θ̂ at the point
(x, y).

Analytically, it may be difficult to compute the true distribution of θ̂∗ (x, y) resulting
from a sample χ∗ drawn from P̂ . Therefore, the Monte Carlo approximation can be
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employed to obtain the sampling distribution of θ̂∗ (x, y). Using P̂ to generate B pseudo-
samples χ∗b for b = 1, · · · , B and applying the model (2.1), we obtain a set of pseudo

estimates
{
θ̂∗b (x, y)

}B
b=1

. These pseudo estimates give an approximation of the unknown

sampling distribution of the efficiency scores θ̂∗b (x, y) conditional on P̂ .

3.2 Bootstrap correcting bias for DEA efficiency scores

The bootstrap algorithm allows us to obtain bias corrected estimators and to make infer-
ence on the DEA efficiency scores. Correcting for the bias introduces additional noise and
thus increases the variance of the estimator. However, Daraio and Simar (2007) suggest
that a bias correction should be considered in almost all practical situations. However,
before defining the bias corrected estimator of DEA efficiency scores, we define the bias
and the standard deviation of this estimator at a point (x, y).

First, denote the estimator at point (x, y) of DEA efficiency score θ (x, y) by θ̂ (x, y)

and its bootstrap estimator by θ̂∗ (x, y).
These bias and standard deviation of θ̂ (x, y) cannot be computed because its sampling

distribution is unavailable and its asymptotic approximation is too complicated to handle.
Nevertheless, a bootstrap approximation is available and given by

b̂ias
∗(
θ̂ (x, y)

)
≈ 1

B

B∑
b=1

θ̂∗b (x, y)− θ̂ (x, y) ; (3.1)

ŝtd2
∗(
θ̂ (x, y)

)
≈ 1

B

B∑
b=1

θ̂∗2b (x, y)−
( 1

B

B∑
b=1

θ̂∗b (x, y)
)2

; (3.2)

Then, the bias corrected estimator is

θ̃ (x, y) = θ̂ (x, y)− b̂ias
∗(
θ̂ (x, y)

)
= 2θ̂ (x, y)− 1

B

B∑
b=1

θ̂∗b (x, y) ; (3.3)

In (3.3), the correction is done by the mean. If the distribution of θ̂∗ (x, y) is asym-
metric, the correction by the median can be used and may be more appropriate. In that
case, we define the bias corrected estimator by

θ̃ (x, y) = 2θ̂ (x, y)−median
(
θ̂∗b (x, y) , b = 1, · · · , B

)
; (3.4)
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3.3 Confidence intervals for DEA efficiency scores

To do statistical inference and, in particular, to construct confidence intervals we need the
distribution function of the variable of interest for computing or estimating the quantiles.
Since in DEA the sampling distribution ofW = θ̂ (x, y)−θ (x, y) is unknown, the bootstrap
method will provide an appropriate approximation, see e.g. Daraio and Simar (2007).

By definition, the efficiency’s confidence interval at level 1− α, for all α ∈ [0, 1], is

P
(
θ̂ (x, y)− a1−α

2
≤ θ (x, y) ≤ θ̂ (x, y)− aα

2

)
= 1− α; (3.5)

The method adopted to build the bootstrap confidence interval for efficiency is the basic
bootstrap method that adjusts automatically for the bias of the DEA estimator. The
bootstrap approximation of the confidence interval for θ (x, y) is given by

P
(
θ̂ (x, y)− â1−α

2
≤ θ (x, y) ≤ θ̂ (x, y)− âα

2

)
≈ 1− α; (3.6)

where âα′ = ĉα′ − θ̂ (x, y) and ĉα′ is the α′-quantile of the empirical distribution of the

estimators
{
θ̂∗b (x, y)

}B
b=1

.
As usual, the precision will be higher when the DEA frontier above (x, y) is determined

by many sample points (Xi, Yi), as the length of the confidence interval will be smaller,
and vice versa. Simar and Wilson (2000) have shown that the naive bootstrap described
above is inconsistent, but a smoothed version of it can be shown to be consistent. The
smoothed bootstrap of FEAR (the Frontier Efficiency Analysis with R) can be used to
generate bootstrap replications, and this method is statistically consistent.

3.4 Testing returns to scale

The bootstrap can also be used for hypothesis tests, e.g. testing the returns to scale. The
least restrictive model for returns to scale is the varying returns to scale (VRS) situation
where the returns to scale are allowed to be locally increasing, then constant and finally
non-increasing. Testing returns to scale (RTS) is carried out according to the following
procedure where we test CRS against VRS, see e.g. Simar and Wilson (2002) and Daraio
and Simar (2007). Let Ψ be the production set, defined by

Ψ =
{

(x, y) ∈ Rm+r
+ /x ∈ Rm

+ , y ∈ Rr
+, (x, y) feasible

}
To test the null hypothesis H0 : Ψ∂ is CRS against the alternative H1 : Ψ∂ is V RS, we
first estimate the efficiency scores at all points (Xi, Yi) for the two cases CRS and VRS,
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denoted respectively θ̂CRS (Xi, Yi) and θ̂V RS (Xi, Yi). Then we define the test statistic

T (χn) =
1

n

n∑
i=1

θ̂CRS,n (Xi, Yi)

θ̂V RS,n (Xi, Yi)
. (3.7)

Under H0, T (χn) will be close to one since θ̂CRS,n (Xi, Yi) and θ̂V RS,n (Xi, Yi) are close
to each other. By construction, θ̂CRS,n (Xi, Yi) ≤ θ̂V RS,n (Xi, Yi), and hence, under the
alternative, T (χn) will be close to zero. Therefore, we reject H0 for small values of
T (χn), or formally, at level α ∈ (0, 1) if p− value < α, where

p− value = P (T (χn) < Tobs | H0 is True) (3.8)

and Tobs is the value of T (χn) computed with the original observed sample χn. This
probability cannot be computed analytically but we can approximate it by using the
bootstrap by

p− value =
1

B

B∑
i=1

I
(
T ∗b ≤ Tobs

)
, (3.9)

where T ∗b = T
(
χ∗bn
)
is the value of T computed for each bootstrap sample, B is the

number of pseudo samples χ∗bn , and I(·) is the indicator function.

4 The free disposal hull approach

The DEA approach is based on a restrictive convexity assumption on the structure of
the production set Ψ. Deprins, Simar and Tulkens (1984) have proposed an estimator
supposing that the frontier of the production set is simply the boundary of the free
disposal hull (FDH) of the data set. The FDH approach to estimate the frontier only
requires strong disposability of inputs and outputs and variable returns to scale. Hence,
the convexity assumption is not required in the FDH approach.

A DMU is declared inefficient if it is dominated by at least another DMU, meaning
that it is possible to produce more outputs with less or the same inputs. Consequently,
if a DMU is not dominated by any other DMU, it is declared FDH efficient, see e.g. De
Sousa and Schwengber (2005).

In the input oriented case, the FDH efficiencies at a fixed point (x0, y0), denoted
θ̂FDH (x0, y0), can be estimated by solving the following linear program that has λi ∈ (0, 1)
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instead of λi ≥ 0 in comparison with the DEA linear program:

min θ

s.t.



∑n
i=1 λiyki ≥ y0, k = 1, · · · , r∑n
i=1 λixji ≤ θx0, j = 1, · · · ,m∑n
i=1 λi = 1,

λi ∈ {0, 1} ∀i = 1, · · · , n

(4.1)

In applications, these scores can be calculated as follows. For the sample χ =

{(Xi, Yi) , i = 1, · · · , n} where Xi ∈ Rm
+ and Yi ∈ Rr

+, let D0 be the set of observations
which dominate (x0, y0),

D0 = {i / (Xi, Yi) ∈ χ, Xi ≤ x0, Yi ≥ y0} .

Then,

θ̂FDH (x0, y0) = min
i∈D0

{
max

j=1,··· ,m

(
Xj
i

xj0

)}
, (4.2)

where Xj
i is the jth component of Xi ∈ Rm

+ and xj0 is the jth component of x0 ∈ Rm
+ .

First, the maximum part of the algorithm identifies the dominant DMU’s relative to
which a given DMU is evaluated. Then, the estimators of the FDH efficiency scores are
calculated from the minimum part of the algorithm. For each DMU declared inefficient
by the FDH approach, it is possible to find at least one DMU in the set D0 that presents
a superior performance relative to the first DMU.

Simar and Wilson (2000) have established the statistical properties of the FDH es-
timator in a multivariate context, in order to do inference either by using asymptotic
distributions or by means of bootstrap. The FDH estimator, as other nonparametric es-
timators such as DEA, suffers from the curse of dimensionality due its slow convergence
rate in high dimensions. In our application we will reduce the dimension of input and
output space to avoid this problem.

5 Application to local government efficiency in Mo-

rocco

To reduce the monopoly of the central administration in decision making, the kingdom
of Morocco opted, since the first years of independence, for a system of decentraliza-
tion. This system allows to involve the citizens with the management of local business
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and to give a sense of responsibility to the local leaders. Since the 1960’s, the country
tried progressively to transfer certain responsibilities and certain authorities of the central
government towards well defined local authorities. This transfer of responsibilities was
accompanied by a transfer of financial resources to confront expenses.

Since 1997, the Moroccan local authorities include 16 regions, 68 prefectures and
provinces and 1546 districts, of which 248 are urban and 1298 rural. The different lo-
cal entities are managed by a council elected for a period of six years. Their financial
transactions are established according to rules defined by the legislator and put back in
a document called the budgetary document which describes the budget of the entity.

The budget is an act by which is planned and authorized all the loads and the resources
of the local authority or their grouping. It is prepared, approved and executed according
to the current laws, regulations and instructions. Nevertheless, local authorities have the
possibility of establishing secondary budgets for specific operations.

The main budget contains two parts. The first one describes the operating budget, and
the second is the budget of equipment or investment. Each of them contains two parts,
one describes receipts and the other one the expenses. In this framework, to facilitate
the statistical analysis of the budgets of local authorities, the various budgetary columns
were numbered according to a well defined nomenclature. The budget is then divided in
its two parts of recipes and expenses in Sections, Chapters, Articles and Paragraphs.

5.1 The data

We estimate the efficiency of the Moroccan rural districts by giving a particular attention
to those of the oriental region. This region contains 91 rural districts. The inputs are
constituted by ten variables which represent the categories of the financial resources of
the local authority during the budgetary year 1998/1999. The ten variables describing the
inputs are: The urban tax, the tax on the collection of the waste, the tax of the licence,
the product of the forest domain, the taxes and assimilated taxes, the product of services,
the product and the income of the goods, the concessions, the subsidies and competition
and finally the order receipts.

In order to reduce the dimension of the input space and thus to avoid the curse of
dimensionality of nonparametric estimation, we decide to aggregate these ten input vari-
ables into a single one. See e.g. Daraio and Simar (2007, p.148) for a general justification
of aggregate input and/or output measures. In our case, all input variables have the
same scale and their unweighted sum has an economic meaning, which we call operat-
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ing receipts. The operating receipts less the subsidies are called the own receipts of the
municipality.

With respect to output, we define a variable which measures the financial autonomy
of the municipalities, defined as the ratio of the own receipts of the municipality and
its operating expenses. If this ratio is one or larger, then the municipality is financially
autonomous, but not necessarily efficient. If the ratio is smaller than one, than it is not
financially autonomous. Thus, we consider DEA and FDH efficiency estimates with a
single input variable and a single output variable.

The data consists of pairs (Xi, Yi) where Xi represents the input expressed by the
operating receipts of the DMUi used to produce the output Yi expressed by the financial
autonomy for the same DMUi. The relationship between the output and the input re-
veals a possible positive trend, as with higher operating receipts the financial autonomy
increases, as shown in Figures 1 and 2. These figures also suggest a possible existence of
outliers in our data set.

Figure 1: Financial autonomy versus operating receipts and DEA frontier

 

We see from Figures 1 and 2 that the districts RAS ASFOUR (2), LABKHATA (9)
and AIN LEHJER (54) are estimated as efficient. However, LAAOUINATE (16) is almost
efficient because it is very close to the frontier. The AIN LEHJER (54) district is isolated
from the others, so it may be possible that it is an outlier. If it dominates several districts,
removing it with other outliers may declare some districts efficient which were previously
inefficient such as TIOULI (39). This finding confirms that frontier analysis is sensitive
to outliers.

Since the presence of outliers may influence the efficiency scores, we used the procedure
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Figure 2: Financial autonomy versus operating receipts and DEA frontier (Zoom)

 

of Wilson (1993) of detecting outliers in deterministic nonparametric frontier models. If
outliers are identified, they will be deleted from the data set and efficiency scores will
be re-estimated. The number of outliers being arbitrary in Wilson (1993), we first set it
equal to ten and the procedure indicates that there are four possible outliers which are
the districts of LAAOUINATE (16), IKSANE (50), AIN LEHJER (54) and SELOUANE
(84). Results show that deleting these observations from the data set does not influence
substantially the efficiency scores of the other DMU’s. Thus, we keep these districts in
the data set.

5.2 Interpretation of the results

In the following, we present the estimation results and their interpretation, first for DEA
and then for FDH.

5.2.1 DEA results

Before applying DEA to our data, we performed a hypothesis test about the returns to
scale (RTS) in order to decide which DEA linear program we shall adopt. The statisti-
cal test described in Section 3 reveals the existence of variable returns to scale (VRS).
Therefore, the linear program used to estimate the scores of efficiencies of DEA is that rep-
resented in the envelopment model expressed in (2.1) or the Multiplier model expressed in
(2.3). To avoid the inconsistency of the naïve bootstrap, we used the smoothed bootstrap
of FEAR (the Frontier Efficiency Analysis with R).
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From Table 1 we can see that the initial DEA efficiency estimators of all districts are
well included in the unit interval. Furthermore, only three districts are efficient: RAS
ASFOUR (2), LABKHATA (9) and AIN LEHJER (54), and one is close to the frontier
with a score equal to 0.9899.

The districts in Table 1 are ranked with ascending population size. This suggests
that rural districts having a large population size tend to have weak efficiency score and
are consequently far from the efficiency frontier as shown in Figure 3. For instance,
the estimator of the efficiency score has reached 0.1024 for the district of AREKMANE
(ordered 85th among 91 according to population size). The negative relation between
population size and efficiency is confirmed by a Kendall test which strongly rejects that
the correlation between the population size and the DEA efficiency estimates is equal to
zero with a p − value < 2.2e − 16 and indicates an inverse relation between them with
a Kendall’s tau estimate given by τ = −0.6395. The truncated regression estimation on
the Shephard efficiency scores as an environmental variable of the two-stage procedure
described in Simar and Wilson (2007) confirm indirectly this relationship.

We used the bias correction given by expression (3.3). Denoted by θ̃, the bias corrected
estimators indicate that there are no efficient rural districts and that only 6% of the
districts are close to the efficiency frontier with a score estimated above 0.70. In addition,
the district of AIN LEHJER (54), which was declared efficient by the initial estimator of
the DEA efficiency score, is inefficient with an estimator θ̃ equal to 0.6336, as the bias
was important. This indicates that even with a financial autonomy of 1656%, this district
clearly fails to reach the efficiency frontier. The district of AREKMANE (85) recorded
the lowest score of efficiency estimated at 0.0944.

In order to test if the bias can be disregarded, the ratio of the estimated bias to
the standard error of the bootstrap estimates defined by

∣∣∣b̂ias∗(θ̂ (x, y)
)∣∣∣ /σ̂∗ has been

analyzed. Following a suggestion by Efron (1982), the bias is significant since the ratio
exceeds 0.25. It is possible to conclude in our case that the bias correction should be used
and the bootstrap bias correction provides more accurate results. On the other hand, we
note that the bias corrected estimator for each district is obviously in the corresponding
confidence interval, but the range of the interval is more important for some districts such
as RAS ASFOUR (2), LABKHATA (9), LAAOUINATE (16) and AIN LEHJER (54),
which have relatively high bias corrected estimators. This can also be viewed in Figure 3.

It should be noted also that the initial DEA estimators of the efficiency scores are often
outside the corresponding confidence interval. They are also close to the upper bound of
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Figure 3: Graph of bias corrected estimators and their confidence interval
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the interval, since they are positively biased.

5.2.2 FDH results

As pointed out in Table 1, eight districts are declared efficient using the FDH approach.
This represents only 8.79% of the total of the population under study. Nevertheless, this
percentage is almost three times higher than that given by the DEA approach. Note also
that districts which are declared efficient by DEA approach are also efficient by the FDH
approach, which follows by construction because the FDH approach is less restrictive than
that of DEA. On the other hand, the most populated districts have generally a weak FDH
efficiency reflecting the same finding as for the DEA approach. The correlation between
estimated DEA and FDH efficiency scores is 0.845, which shows that both approaches
tend to give similar results where mainly the distance from the frontier differs.

Column 4 of Table 1 reports the number of districts which dominate a given district
(including the own district). Each FDH inefficient district is dominated by at least an-
other district. For instance, the inefficient district AREKMANE (85) is dominated by
46 districts. This means that with the same quantity of resources, ratios of the financial
autonomy of the 46 districts exceed that of AREKMANE. Furthermore, it can reach ef-
ficiency if it reduces its resources by 90%, meaning that it can be efficient with only 10%
of its resources.

14



6 Conclusion

The technical efficiency determination in the input orientation of the Data Envelopment
Analysis requires testing returns to scale in order to define the primal linear programming
problem. A procedure for the determination of the dual from the primal model was
developed for the case of constant returns to scale. Since the efficiency scores are often
over-estimated, a bootstrap procedure is used to correct the bias by the mean or by the
median. The bootstrap efficiency scores allow us to make statistical inference on the DEA
efficiency by using them to build confidence intervals.

In this study, we estimate efficiency scores of the financial autonomy of the Moroccan
rural districts in the oriental region for the budgetary year 1998/1999. The inputs are
expressed as the operating receipts for the DMUi to produce the output expressed as
the financial autonomy for the same DMUi. Statistical tests suggested variable returns
to scale (VRS) for the data. Bias corrected results indicated that they are well in the
unit interval and in the corresponding confidence interval. They indicated also that there
are no efficient rural districts and that only 6% of the districts are close to the efficiency
frontier with a score estimated above 0.70. In addition, the most efficient district is AIN
LEHJER, but even with a financial autonomy of 1656% it fails to reach the efficiency
frontier.

Being less restrictive than the DEA approach, the FDH analysis delivered efficiency
scores generally larger than those of DEA but the DMU ranking is very similar for both
approaches.

Finally, we found that generally rural districts having a large population size have a
weak efficiency score. If data become available, a detailed analysis using the two-stage
procedure described in Simar and Wilson (2007) could be done on the socio-economic and
demographic factors such as the geographical distance from the center and the training
level of the local council members, which may explain these inefficiencies.
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Appendix

Since its introduction in 1957, Farrell’s efficiency measure has been widely used in empiri-
cal research on production efficiency in order to measure the efficiency of firms, countries,
or other decision making units, see e.g. Färe (1984) for a detailed survey.

In Figure 4, for the case of a firm which uses two inputs to produce one output
under constant returns to scale, consider the isoquant II ′ and the isocost line PP ′ that
minimizes total cost of producing one unit of output. Let R be a vector of input quantities
to produce a unit output belonging to the input correspondence image set L(1).

Figure 4: Technical and allocative efficiencies

                   

Then, for a given input vector, Farrell defines the degree of technical efficiency (TE)
as the ratio OB

OR
, the allocative efficiency (AE) as OD

OB
and finally the overall productive

efficiency (OPE) or the total economic efficiency as OD
OR

. The Farrell technical efficiency
is denoted θ. Note that the product of technical and allocative efficiencies provides the
overall efficiency and all three measures of efficiency are between zero and one.

Furthermore, the distance DB represents the reduction in production cost that would
occur if production were to occur at the allocatively (and technically) efficient point E.
The distance BR can also be interpreted in terms of a cost reduction. The line PP ′

represents the input price ratio.
By definition, the technical efficiency reflects the ability of the firm to obtain maximal

output from a given set of inputs; the allocative efficiency reflects the ability of the firm to
use the inputs in optimal proportions, given their prices. These two efficiency components
are combined to obtain the total economic efficiency.
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