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Public sector output provision is influenced not only by discretionary inputs but also by exogenous envi-
ronmental factors. In this paper, we extended the literature by developing a conditional DEA estimator of
allocative efficiency that allows a decomposition of overall cost efficiency into allocative and technical
components while simultaneously controlling for the environment. We apply the model to analyze tech-
nical and allocative efficiency of Dutch secondary schools. The results reveal that allocative efficiency rep-
resents a significant 37 percent of overall cost efficiency on average, although technical inefficiency is still
the dominant part. Furthermore, the results show that the impact of environment largely differs between
schools and that having a more unfavorable environment is very expensive to schools. These results high-
light the importance of including environmental variables in both technical and allocative efficiency
analysis.

� 2012 Elsevier B.V. All rights reserved.
1. Introduction

Productivity and efficiency of education are topics of intense de-
bate among politicians, teachers, and trade unions and employers
in education. Until recently, there was little political discussion
on productivity and efficiency in education. However, the EU Lis-
bon goal of becoming a competitive knowledge economy has put
productivity and efficiency high on the political agenda of most
countries. In the face of the current economic crisis and the auster-
ity measures and budget cuts that come with that, this goal has be-
come even more of a challenge than before. The challenge is to
improve educational output with less or equal money. This puts
the productivity and efficiency of education on the agenda.

Responsibility, accountability, and transparency are more and
more becoming the norm in education and, therefore, it is impor-
tant to gain insight in educational productivity and efficiency. First
of all, in order to fulfil these requirements, but also because schools
are evaluated based on the indicators that are used to measure pro-
ductivity and efficiency. Schools need to start acting based on the
information they get from these indicators in order to be prepared
for these assessments. Furthermore, as we want the resources in-
vested in education to be well spent, it is important to operate as
ll rights reserved.
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efficient as possible, and to generate the highest possible educa-
tional output with the given budget.

Lastly, the increasing requirements for schools (e.g., more pupil
counseling, additional extra-curriculum activities, use of school
buildings during weekends and summer holidays) induce pressure
on the resources which are already in place. Productivity is not
only a political issue anymore, but has also become an issue in
the schools themselves (see Ball and Goldman, 1997; Ministry of
Education, 2011a, p. 98).

In this paper, we extend a theoretical framework on technical
efficiency and apply it to Dutch secondary schools. Studying Dutch
schools is attractive and insightful for three reasons. First, stan-
dardized performance measures of Dutch students make educa-
tional attainments well comparable. Second, there is information
on student achievement, which compares the educational career
of a student (both in terms of school track and retentions) with
the education track predicted for a student at the end of primary
education. Third, Dutch schools receive a yearly lump sum budget
from the government, which is at the discretion of the school such
that, within the existing legal framework, the allocation of this
budget among the several resources is the decision of the school.
Therefore, a significant heterogeneity in hired resources, in terms
of management, teachers, supporting personnel and material use,
is observed.

In the literature, there are many studies on the efficiency of
education in which the (average) efficiency scores of the studied
schools are presented (e.g. Borge and Naper, 2006; Chakraborty
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1 Here, we simply exposition to assume there is only one nondiscretionary factor.
In the case of multiple nondiscretionary variables, we can employ a multiple stage
model to construct an index of environmental influence. See the Appendix for
discussion. Our technology description is consistent with our empirical analysis,
which uses only one nondiscretionary input.

2 An anonymous referee correctly points out that our modeling works if we have
resource prices for all discretionary inputs. In the case when some discretionary input
does not have a price and a shadow price cannot be imputed, we are left with
measuring only technical efficiency unless we make additional assumptions. This is
consistent with the motivation of Charnes et al. (1978) who argue for using technical
efficiency in the public sector where prices might not be available.
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et al., 2001; Cordero-Ferrera et al., 2008; Grosskopf et al., 2009;
Korhonen et al., 2011; Ouellette and Vierstraete, 2005). Some
authors make a comparison between two groups of institutions,
e.g. from different countries, and draw a conclusion related to
the difference in efficiency scores between these groups (e.g. Barb-
etta and Turati, 2003; Grosskopf et al., 2009). However, most of the
efficiency studies look at different units of observation, and con-
clude that efficiency scores vary greatly among the units of obser-
vation (Barbetta and Turati, 2003).

These studies on efficiency in education differ widely, both with
respect to content and methodology. The content differs mostly in
the types of inputs and outputs used in the measurement of pro-
ductivity. With respect to outputs, some studies use only the num-
ber of students of certain years (e.g. Ouellette and Vierstraete,
2005), whereas other studies use the number of students and the
subsequent student performance (e.g. Blank et al., 2007). There
are also studies that use only the student performance or changes
in student performance as an output measure (e.g. Afonso and St.
Aubyn, 2006; Conroy and Arguea, 2008; Korhonen et al., 2011;
Millimet and Collier, 2008). Studies using at least student perfor-
mance, that can be independently compared and cannot be influ-
enced by the schools, as output measure, are preferable over
studies using, for example, only student numbers as output. One
reason is that in most countries schools are evaluated based on
student performance and not on the number of students. Another
reason is that such an independent performance measure is com-
parable and cannot be influenced.

With respect to inputs, studies use costs of personnel or materi-
als (e.g. Grosskopf et al., 1997), costs per student (e.g. Chakraborty
et al., 2000; Haelermans and De Witte, 2012; Ruggiero, 2007), total
costs of a school (e.g. Aaltonen et al., 2006), or costs including prices
(e.g. Haelermans and Blank, 2012; Haelermans et al., 2012). Other
studies do not use costs as inputs, but use, for example, the number
of teachers (e.g. Barbetta and Turati, 2003), teacher characteristics
(such as experience, Conroy and Arguea, 2008), school characteris-
tics, parental information (such as income level, educational facili-
ties at home and contribution of the parents towards to school
programs Korhonen et al., 2011), or student characteristics. Studies
using costs and prices combined with the number of students and
teachers as inputs are preferable over studies that use other inputs.
A reason for the preference for including costs and prices is that in
many countries schools receive a lump sum payment and are
evaluated based on their performance. Another reason is that a
combined input of both costs and prices and number of students
or teachers provides more information than using only costs.

Besides differences in content, there are methodological differ-
ences between efficiency studies. These methodological differences
between efficiency studies do not necessarily influence the quality
of the studies, but do influence the outcomes and interpretation of
the results. The most important methodological distinction is the
difference between studies using parametric methods, such as sto-
chastic frontier analysis (e.g. De Witte et al., 2010; Grosskopf et al.,
2009) and studies using nonparametric methods, such as data
envelopment analysis or free disposal hull (e.g. Haelermans and
De Witte, 2012). There is also a methodological difference between
studies using a cost function or input oriented analysis (e.g. Denaux,
2009), and studies using a production function or output oriented
analysis (e.g. Haelermans and Blank, 2012; Haelermans et al., 2012).

The measure of allocative efficiency yields insights in the under-
or over-utilization of school resources. Allocative efficiency in pri-
mary or secondary education has been largely overlooked. The
available allocative efficiency studies mostly consider higher edu-
cation (Cherchye and Vanden Abeele, 2005; Johnes and Johnes,
2009; Soares de Mello et al., 2006; Tauer et al., 2007). Some rare
exceptions are Banker et al. (2004) and Grosskopf et al. (1997,
2001) both of which study school districts in Texas.
However, in many cases the environment plays a large role in
the performance of the school, but this is often ignored. This paper
contributes to the literature by extending the theoretical model
and explicitly taking into account an (un)favorable environment
to the school, which influences its technical and allocative effi-
ciency. We use a nonparametric analysis, with costs and FTEs (Full
Time Equivalents) per personnel group as inputs and three types of
student performance as outputs. The share of students from a dis-
advantaged area is used as the environmental variable.

The remainder of this paper is organized as follows. In the next
section, we present the public sector DEA model that properly con-
trols for nondiscretionary inputs. In this section we also develop a
new model to allow estimation of cost efficiency in the presence of
these exogenous factors and provide a decomposition of overall
cost inefficiency into technical and allocative components while
controlling for the operating environment. In Section 3, we apply
our model to analyze technical, allocative and cost efficiency of
Dutch schools using 2007 data. The results indicate that although
technical inefficiency is the dominant type of inefficiency, alloca-
tive inefficiency is a significant component of overall inefficiency.
The last section concludes the paper.

2. Public sector production and costs

We assume that each of n schools uses a vector X = (x1, . . . , xm)
of m discretionary inputs to produce a vector Y = (y1, . . . , ys) of s
outputs while facing an environment characterized by index z
and exogenous input prices P=(p1, . . . , pm). Observed production
and price data for school j(j = 1, . . . , n) are given by Xj � (x1j, -
. . . , xmj), Yj = (y1j, . . . , ysj), Pj = (p1j, . . . , pmj) and zj.1 Given observed
inputs and prices, observed expenditures (Ej) for school
j(j = 1, . . . , n) is Ej ¼

Pm
l¼1pljxlj. We specify the empirical production

possibility set as:

TðzÞ ¼ fY ;X; zÞ :
Xn

j¼1

kjykj P yk P 0; k ¼ 1; . . . ; s;

Xn

j¼1

kjxlj 6 xl; l ¼ 1; . . . ;m;

Xn

j¼1

kj ¼ 1;

kj ¼ 0 if zj > z P 0; j ¼ 1; . . . ;n;

kj P 0; j ¼ 1; . . . ;n:

ð1Þ

The technology in (1) allows variable returns to scale for any gi-
ven level of the environmental variable in the standard sense of
changing the scale of operation with respect to the discretionary
inputs. Also, we assume that output is monotonic with respect to
the environmental index; larger values of z imply a favorable oper-
ating environment where the school should produce at least as
much output for any given mix of discretionary inputs.2

Based on (1), Ruggiero (1996) developed a DEA model to esti-
mate technical efficiency of school i(i = 1, . . . , n) as the solution to
the following linear program:
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Fig. 1. Production with non-discretionary inputs.
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TEi ¼Minh

s:t:
Xn

j¼1

kjykj P yki; k ¼ 1; . . . ; s;

Xn

j¼1

kjxlj 6 hxli; l ¼ 1; . . . ;m;

Xn

j¼1

kj ¼ 1;

kj ¼ 0 if zj > zi; j ¼ 1; . . . ; n;

kj P 0; j ¼ 1; . . . ;n:

ð2Þ
Here, the frontier is defined for each level of the non-discretionary
input assuming variable returns to scale with respect to the discre-
tionary inputs. As discussed in Podinovski (2005), this model re-
laxes convexity assuming only selective convexity for a given
level of the nondiscretionary input.

We illustrate the public sector production model in Fig. 1,
where it is assumed that nine schools A–I use two discretionary in-
puts x1 and x2 to produce output level y10 while facing nondiscre-
tionary input z. The diagram is consistent with the quasi-fixed
inputs presented in Anandalingam and Kulatilaka (1987). We as-
sume that schools A–H are technically efficient, producing the ob-
served level of output with the minimum level of inputs for their
discretionary input mix. As shown, schools E–H face a harsher
environment (z0 < z1) and are required to use more discretionary
inputs to produce the same level of output as schools A–D.

School I, observed producing y10, is technically inefficient. If I
faces the harsher environment with nondiscretionary input level
z0, (2) properly compares I to a convex combination of E and F.
Likewise, if school I has nondiscretionary input level z1, the appro-
priate benchmark for I would be a convex combination of A and B.

Model (2) was developed as an alternative to the Banker and
Morey (1986) model for exogenous inputs, which forced convexity
with respect to both discretionary and nondiscretionary inputs. In
public sector applications like education, this assumption of con-
vexity with respect to the nondiscretionary inputs might not be va-
lid. Model (2) estimates efficiency by comparing a given school to
only those schools with no better environment.3

We extend the public sector model (2) for technical efficiency
estimation to measure cost efficiency and its technical and alloca-
tive components in the presence of nondiscretionary inputs. With
3 Given the nature of the constraints on the nondiscretionary inputs, the estimates
of efficiency are consistent; however, the model requires a relatively larger sample
size. The curse of dimensionality arises with multiple nondiscretionary inputs.
Ruggiero (1998) provides an extension of Ray (1991) to alleviate this problem. See the
appendix for further discussion.
the production technology given in (1), we now consider the min-
imum cost of producing a given output vector. For school
i(i = 1, . . . , n) which faces exogenous input prices Pi = (p1i, . . . , pmi)
and environment zi the minimum cost Ci of producing Yi = (y1i,
. . . , ysi) is found as the solution of the following linear program:

C�i ¼ Min
Xm

l¼1

plixl

s:t:
Xn

j¼1

kjykj P yki; k ¼ 1; . . . ; s;

Xn

j¼1

kjxlj 6 xl; l ¼ 1; . . . ;m;

Xn

j¼1

kj ¼ 1;

kj ¼ 0 if zj > zi; j ¼ 1; . . . ;n;

kj P 0; j ¼ 1; . . . ;n:

ð3Þ

Unlike the models of technical efficiency that identify discre-
tionary input reduction, in model (3) we solve for the optimal input
vector X�i ¼ ðx�1i; . . . ; x�miÞ ¼ ðx�1; . . . ; x�mÞ for school i that minimizes
the cost of producing the observed output subject to the environ-
mental conditions and exogenous prices. We now define the level
of cost efficiency for school i as:

CEi ¼
Pm

l¼1plix
�
liPm

l¼1plixli
¼ C�i

Ei
; ð4Þ

i.e., the ratio of minimum costs to observed spending on discretion-
ary inputs.

We illustrate public sector costs in Fig. 2, where we maintain
the assumptions on the technology in Fig. 1. In this case we assume
that school I faces the harsher environment z0, with the technology
defined by the convex hull of schools E–H. School I is observed
spending EI on discretionary inputs. If school I became technically
efficient, it could reduce its spending to E�I ¼ TEI � EI the value of the
technical inefficiency of school I (i.e., waste due to technical ineffi-
ciency) is EI � TEI � EI ¼ ð1� TEIÞ. There is additional waste, how-
ever, resulting from not using the proper mix of inputs. Given
the technology and the observed input price ratio, school I could
minimize costs by operating at point F, leading to a minimum cost
of C�I and a cost efficiency index of CEI ¼ C�I

EI
. Overall, school I is

spending EI � C�I above the minimum cost of which C�I � E�I is the
value of allocative inefficiency arising from not using the cost
minimizing mix of inputs.

Finally, we can now consider the effect that the environment
has on optimal input mix and the associated minimum costs. For
school i(i = 1, . . . , n) which faces exogenous input prices Pi = (p1i,
. . . , pmi) and environment zi we solve (3) without the constraint
on the nondiscretionary inputs:

C��i ¼Min
Xm

l¼1

plixl

s:t:
Xn

j¼1

kjykj P yki; k ¼ 1; . . . ; s;

Xn

j¼1

kjxlj 6 xl; l ¼ 1; . . . ;m;

Xn

j¼1

kj ¼ 1; kj P 0; j ¼ 1; . . . ;n:

ð5Þ

The solution to (5) reveals the minimum cost for school i if the
school had the most favorable environment. Importantly, for
schools that have to compensate bad environments with additional
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Fig. 3. Non-discretionary inputs and optimal input mix.
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discretionary inputs to produce a given output vector, the solution
to (5) will not be feasible. The solution to (5), together with the
solution to (3), shows how much additional expenditures are nec-
essary to compensate for the environment; we define environmen-
tal costs for school i(i = 1, . . . , n) as:

ECi ¼ C�i � C��i ; ð6Þ

i.e., the difference in costs between the conditional (3) and uncon-
ditional models (5). Note that the efficiency score obtained from
(5) can never be greater than the efficiency score obtained from (3).

In Fig. 3, we illustrate the environmental costs for school I by
extending Fig. 2. Here, we continue the assumption that school I
faces the harsh environment. As discussed above, the minimum
cost of producing y10 with the harsh environment is C�I ; if school
I faced the better environment represented by z1, it could have pro-
duced the same output with minimum costs C��I . Consequently, the
environmental costs facing school I is ECI ¼ C�I � C��I . An interesting
result emerges in the solution of (3) and (5) regarding the optimal
input mix: the optimal mix on inputs for a given input price vector
depends on the environment. School I should use relatively more x2

than it would if it had the more favorable environment. This is seen
by noting for school I that the ratio x2/x1 is higher in the solution to
(3) at point F than it is in the solution to (5) at point C.

3. Efficiency in Dutch schools

In this section we describe the data and apply our models to
analyze technical, allocative and cost efficiency of Dutch schools.

3.1. Dutch secondary education

Dutch secondary education offers four different levels of educa-
tion, which are concluded with a national examination in the last
year. Students enter a level of education based on a recommenda-
tion given in elementary school. Secondary education takes 4, 5 or
6 years to complete, depending on the level of education. The first
3 years of secondary education are called lower secondary educa-
tion. The last 1, 2 or 3 years of secondary education are considered
upper secondary education. Most schools offer a combination of
these four levels of education, but some only offer one of these lev-
els and are considered specialized schools.

Secondary schools in the Netherlands receive a lump sum pay-
ment from the government every year. Within the existing legal
framework, the allocation of this budget among the several re-
sources is the decision of the school. Note that the lump sum bud-
get excludes (large and discontinuous) payments on housing
infrastructure (these are provided by the municipal and central
government). In most cases the municipality is responsible for
1x  

2x  

0( )T z  

1( )T z
10y  
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Fig. 2. Cost efficiency with non-discretionary inputs.
the accommodation of the school. However, the school itself is
responsible for the maintenance of the building. In practice, this
means that the school is granted a certain amount from the munic-
ipality to fulfill this responsibility.

3.2. Data

We use a representative dataset of 448 Dutch secondary schools
covering the school year 2007/2008. For convenience, we refer to
this school year as 2007. The data are obtained from several exist-
ing administrative data sets from the Ministry of Education, the
Education Inspectorate and Statistics Netherlands.

3.2.1. Production
Educational production is commonly defined as some kind of

measure of educational attainments in knowledge and skills
(Wenger, 2000). We use three measures for educational produc-
tion: the average student national examination grades per school,
the average student achievement each year during secondary edu-
cation and the total number of students. The first serves as a proxy
for attainments, while the second and third for educational quality.

With respect to the first, every graduating student undertakes
this test at the end of secondary education for the subjects the stu-
dent is registered. The exams are graded in a double blind way and
the school and the teacher of the students cannot directly influence
the outcome of the exams.4 The average grade per school is based
on the average of all national examination grades for all students
in all subjects. Note that the level of analysis is the school and not
the subject or the student.

To proxy the quality of the educational process, we include the
total number of students and a composite number of Education
Inspectorate: average aggregated corrected achievement. This
number compares the educational track of a student in a given year
with the education track predicted for a student at the end of pri-
mary education. An aggregated corrected achievement of 1 denotes
that all students are exactly in the year and level of education they
are predicted to be according to primary education test results.
Summary statistics are provided in Table 1.

Table 1 shows that the average national examination grade
amounts to 6.4 on a 10 point scale. A 5.5 is sufficient to pass the
subject. The grades range from 5.4 to 7.2. Despite the larger varia-
tion, the standard error is relatively low. Student achievement has
an average of 0.832 and the total number of students is on average
1744 per school.
4 School might be able to indirectly influence exam results on an abstract level as
they may, for example, be teaching to the test. However, as the exams are nationally
developed and cannot directly be influenced by the school, we assume independence
of these results
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3.2.2. Resources
School resources are summarized along four relatively homoge-

neous categories: (1) management personnel, (2) teaching person-
nel, (3) supporting personnel and (4) material supplies. ‘Capital’ in
the sense of housing infrastructure is not accounted for due to data
constraints. For the human resources (the first three groups), data
are available on full time equivalents (FTE) and costs. In particular,
the costs correspond to the costs per FTE per year. The total aver-
age number of FTE per school equals 163, consisting for 80 percent
out of teachers, 14 percent of supporting personnel and the
remaining 6 percent of managing personnel. The total costs of a
school are about 12 million Euro per year. The majority of the costs
are spend on teaching personnel, followed by materials, managing
personnel and, finally, supporting personnel. Besides teaching, a
teacher has some management and administrative duties. The dif-
ferent tasks within one function are not officially reported. We as-
sume that there is a homogeneous distribution of these different
tasks within one function, both between teachers within one
school and across schools.

The wage of teachers, school management and supporting per-
sonnel is, a priori, similar for all schools in the Netherlands, as a
teacher with a given experience and a certain age would earn a
similar wage across all schools. Therefore, we expect prices to be
comparable and use the reported expenses spend on the different
personnel types per school.

3.2.3. Exogenous variable
Some influences are exogenous to the school and create heter-

ogeneity across schools. In this paper we include the share of stu-
dents from a disadvantaged neighborhood as exogenous variable.
Previous research has shown the importance of including this
exogenous variable (Becker and Luthar, 2002; Gaziel, 1997).

The share of students from a disadvantaged neighborhood
amounts, on average, to 2.7 percent. However, this number varies
between schools from 0 to 20 percent.

3.3. Results

Table 2 presents the results for the efficiency indices, the waste
measures and the input mix. Table 2 shows that, although alloca-
tive inefficiency is a significant component of overall inefficiency,
technical inefficiency is still the dominant type of inefficiency. Ta-
ble 2 shows that the overall average cost efficiency is 77 percent,
whereas the average technical and allocative efficiency are 85
and 90 percent, respectively. Furthermore, we can see from Table
2 that the waste measures in Euros from the total inefficiency
amount to almost 3 million Euro, of which about two third is due
to technical inefficiency and the remainder one third to allocative
inefficiency. This implies that, if schools would operate optimally
efficient, they could save millions of Euros per year. Furthermore,
Table 2 shows that a more negative environment, i.e. more stu-
Table 1
Descriptive statistics.

Mean

Students 1741.426
National examination 6.378
Student achievement 0.833
Management personnel (FTE) 8.705
Teachers (FTE) 130.901
Support personnel (FTE) 23.339
Material expenses (1000s of Euros) 2248.822
Average management price 88807.43
Average teacher price 67576.17
Average support personnel price 21255.81
Economically disadvantaged students (%) 2.631

All prices in Euros.
dents from a disadvantaged neighborhood, costs schools 2.6 mil-
lion Euro on average, compared to if they would have had the
best environment possible. However, the large standard deviations
show that there is a large dispersion between schools in the
amount of money that could be saved.

Lastly, Table 2 shows the current input mix and the optimal in-
put mix for the average Dutch secondary school. Table 2 shows
that optimally, schools have 12 teachers for 1 manager and 4
teachers for 1 support personnel member. However, in reality we
see that schools have about 17 teachers for one manager and 6
teachers for 1 support personnel member. From this we can con-
clude that (1) schools employ too many teachers and could im-
prove efficiency by firing some teachers, and (2) schools should
hire more support personnel. Note that not all tasks in a school
have to be fulfilled by teachers in order to maintain educational
quality. For example, supervision of a group of students in self-
study, the support and coaching of student projects or supervision
during lunch time can be undertaken by support personnel (see
e.g. Blatchford and Sumpner, 1998).

However, in practice schools rarely have full possibilities to
change their work force, as employees are protected by permanent
contracts and/or other social security laws. Dutch schools could,
however, gradually change their workforce by taking advantage of
the natural turnover and the aging of the baby boomers (the cohort
born after World War II), which accelerates the outflow (Ministry of
Education, 2011b). Similar to the waste measures, for the observed
and optimal input mixes we also observe very high standard devia-
tions, again showing the large differences between schools.

Table 3 presents similar results to Table 2, but now for each
quintile of the environmental harshness separately. The first quin-
tiles represent the best environment, whereas the fifth quintile
represents the worst environment. In Table 3 we clearly see a dif-
ference in the influence of the environment on the waste measures
and on the optimal input mix. There is no clear pattern visible in
the technical, allocative and cost efficiencies of the five quintiles.
With respect to the efficiencies, we see that the first quintile has
the highest overall cost efficiency, whereas interestingly the sec-
ond quintile has the lowest efficiency. Schools in the fifth quintile
could improve their allocative efficiency most, whereas schools in
the second quintile could improve their technical efficiency most.
Overall, there is still a lot to gain for schools with the least favor-
able environment (fifth quintile), as their average cost efficiency
waste measures in Euros are almost 5 million, compared to almost
2 million for schools that have the most favorable environment.

Similar to what Table 2 showed, here we also see that schools
have too many teachers, no matter to which quintile they belong.
However, we do see that schools in the first quintile, for example,
have the second largest ratio of teachers to manager, whereas the
optimum numbers show that they should have the lowest. Both in
the case of the ratio of teachers to managers as teachers to support
personnel, Table 3 shows that schools in the fifth quintile have the
Standard deviation Minimum Maximum

993.274 158.000 5971.000
0.217 5.443 7.229
0.061 0.571 1.067
6.595 0.300 43.843
80.455 15.190 468.315
15.491 2.779 119.456
1606.143 138.731 12409.444
28552.85 19375.23 231924.87
16130.49 38581.24 155061.41
7964.19 10405.93 93086.69
3.025 0.000 19.664



Table 2
Efficiency results.

Mean Standard deviation

Efficiency indices
Technical 0.858 0.123
Allocative 0.903 0.089
Cost 0.774 0.133

Waste measures (in Euros)
Technical inefficiency 1,770,324 1,815,503
Allocative inefficiency 1,046,726 1,370,063
Cost inefficiency 2,817,050 2,388,262
Environmental costs 2,613,406 2,461,475

Input mix observed
Teacher: Management 17.50 9.91
Teacher: Support personnel 6.19 2.82
Teacher: Material expenses 63.05 19.83

Input mix optimal
Teacher: Management 12.35 5.95
Teacher: Support personnel 3.73 1.61
Teacher: Material expenses 35.53 9.74

Calculations by authors. Material expenses are measured in 1000s of Euros.

5 Ray (1991) used OLS while McCarty and Yaisawarng (1993) applied Tobit. Banker
and Natarajan (2008) showed that OLS provides consistent estimates while McDonald
(2009) argued that tobit is not appropriate, arguing in favor of either OLS or fractiona
logit. Estelle et al. (2010) used nonparametric regression and tested the choice o
regression models using all four regressions. The models provided nearly identica
results.
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highest ratio. In the case of the teacher manager ratio, they also
have the highest optimum. Schools in the fifth quintile have both
the highest observed and highest optimum ratio of teachers com-
pared to material expenses. This might imply that students at these
schools might need more guidance from their teachers, whereas
students from schools in, for example, the first quintile, might need
more materials to be able to work independently. Lastly, Table 3
shows that schools in the fifth quintile has one of the lowest ratios
of teachers to support personnel. This implies that these schools
need relatively more support personnel than other schools, which
also points at the extra guidance and support that the students at
these schools might need. The clear difference between the quin-
tiles shows the difference in student population between schools
in, e.g., the first and the last quintile. Schools in the fifth quintile
can improve their efficiency by almost 5 million Euros, but they
do need more teachers and more support personnel to teach their
students and make them perform well. Table 3 shows the impor-
tance of including the environmental harshness of the school.
Showing the information for the different quintiles shows the large
differences between schools and the different implications that a
different environment has for the optimum input mix of a school.

4. Conclusions

In this paper, we measure technical efficiency using a condi-
tional DEA estimator that controls for the exogenous operating
environment. We extended this model with a conditional DEA
estimator of allocative efficiency that allows a decomposition of
overall cost efficiency into allocative and technical components
while simultaneously controlling for the environment. For illustra-
tive purposes, we apply the model to analyze technical and alloca-
tive efficiency of Dutch secondary schools. Our results indicate that
allocative inefficiency is a large share of cost inefficiency, although
technical inefficiency is still the dominant part. Furthermore, the
results show that having a more unfavorable environment costs
schools millions of Euros each year. A separate analysis for the five
quintiles of environmental harshness reveals the differences be-
tween schools that have a different environment, both with respect
to finances as with respect to the optimum input mix. These results
highlight the importance of including environmental variables in
both technical and allocative efficiency analysis.

We believe that the theoretical extension developed in this pa-
per provides a useful foundation for analyzing technical and alloca-
tive efficiency in the public sector, where the technology set is
influenced by the socioeconomic environment. A useful extension
of this work would be a focus on the policy implications; in partic-
ular, given limited governmental resources, what are the sources of
technical and allocative inefficiency in the public sector and how
can overall efficiency be improved by reallocating input mixes
according to socioeconomic conditions.

For future research, we would suggest to study the Dutch
schools participating in the TIMMS study, similar to Korhonen
et al. (2011). An advantage of using the TIMMS data is that envi-
ronmental factors that could be worth studying can be incorpo-
rated. Disadvantage is that it is impossible to use costs as inputs
and study the cost efficiency. Furthermore, it would be interesting
to apply this model to data on schools in different countries, to be
able to compare the difference in impact of the environmental fac-
tors between countries.

Appendix A

Per the request of an anonymous referee, we show the exten-
sion of our approach to the case of multiple environmental vari-
ables. We now assume that each of n schools faces a vector
Z = (z1, . . . , zr) of r environmental variables; each school
j(j = 1, . . . , n) faces environment Zj � (z1j, . . . , zrj). We maintain the
same notation for all other variables described in Section 2. The
conditional convexity model introduced by Ruggiero (1996) suffers
the curse of dimensionality because it is unable to properly weight
the importance of each environmental variable on overall produc-
tion. Hence, as the number of environmental variables increases,
the probability that a school is identified as efficient by default
increases because the sample of possible benchmark decreases.
Ruggiero (1998) extended the conditional convexity model with
a three-stage model. In this appendix, we show this extension for
our model in which we estimate both technical and allocative
efficiency.

In the first stage, we solve a composed model similar to (2) that
excludes the conditional constraints on the environmental vari-
ables. The resulting first-stage index of school i(i = 1, . . . , n) is found
as the solution to the following linear program:

FSi ¼Minh

s:t:
Xn

j¼1

kjykj P yki; k ¼ 1; . . . ; s;

Xn

j¼1

kjxlj 6 hxli; l ¼ 1; . . . ;m;

Xn

j¼1

kj ¼ 1;

kj P 0; j ¼ 1; . . . ;n:

ðA1Þ

Because the constraints on the environment have been
removed, the resulting index is composed of inefficiency and the
effect that the environmental variables have on production. Ray
(1991) proposed a second stage multiple regression model to
factor out the environmental effect:

FS ¼ aþ
Xr

k¼1

bkzk þ e; ðA2Þ

where the residual is the measure of efficiency.5 Note that the
resulting residual, however, is mean zero. Ruggiero (1998) extended
l
f
l



Table 3
Average results by environmental harshness.

Quintile

1 2 3 4 5

Efficiency indices
Technical 0.902 0.807 0.833 0.886 0.862
Allocative 0.916 0.907 0.906 0.912 0.874
Cost 0.826 0.732 0.755 0.808 0.754

Waste measures (in Euros)
Technical inefficiency 1,044,074 1,642,395 1,554,458 1,721,897 2,886,834
Allocative inefficiency 848,311 633,594 873,179 1,044,762 1,829,171
Cost inefficiency 1,892,385 2,275,990 2,427,637 2,766,660 4,716,004

Input mix observed
Teacher: Management 18.08 15.59 16.27 17.49 20.02
Teacher: Support personnel 6.56 5.91 5.71 6.05 6.72
Teacher: Material expenses 64.89 65.68 64.90 61.67 58.13

Input mix optimal
Teacher: Management 13.70 8.45 10.47 14.13 14.98
Teacher: Support personnel 4.76 3.03 3.41 3.82 3.63
Teacher: Material expenses 32.96 30.36 32.54 35.97 45.79

Calculations by authors. Material expenses are measured in 1000s of Euros.
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this to a third-stage by recognizing that regression provides the
proper weights bk(k = 1, . . . , r) to identify trade-offs between envi-
ronmental factors. Hence, we can define an overall index of environ-
mental harshness for each school i(i = 1, . . . , n) that can be used in
the third stage6:

ẑi ¼
Xr

k¼1

bkzki: ðA3Þ

After obtaining the index of environmental harshness, we can
now solve for cost efficiency using model (3) and obtain the rest
of the measures discussed in Section 2:

C�i ¼Min
Xm

l¼1

plixl

s:t:
Xn

j¼1

kjykj P yki; k ¼ 1; . . . ; s;

Xn

j¼1

kjxlj 6 xl; l ¼ 1; . . . ;m;

Xn

j¼1

kj ¼ 1;

kj ¼ 0 if ẑj > ẑi; j ¼ 1; . . . ; n;

kj P 0; j ¼ 1; . . . ;n:

ðA4Þ
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