ELINKEINOELAMAN TUTKIMUSLAITOS

THE RESEARCH INSTITUTE OF THE FINNISH ECONOMY
Lonnrotinkatu 4 B 00120 Helsinki Fintand Tel. 358-8-609 800
Telefax 358-9-601 763 World Wide Web: http://www.etla fi/

Keskusteluaiheita - Discussion papers
- ™\

No. 570

Tanja Kirjavainen* - Heikki A. Loikkanen**

EFFICIENCY DIFFERENCES OF FINNISH

SENIOR SECONDARY SCHOOLS:

AN APPLICATION OF DEA AND

TOBIT-ANALYSIS™*
* Researcher, University of Tampere and Helsinki
School of Economics and Business Administration
o Professor of Local Public Economics, University of
Tampere

i This is part of the "Effectiveness of schooling"-research
program of the Academy of Finland.
A paper 1o be presented in the Meeting of INFORMS
(Institute for Operations Research and the Management
Sciences), November 3-6, 1996, in Atlanta; Georgia, USA.

- /

ISSN 0781-6847 02.10.1996






Kirjavainen, Tanja - Loikkanen, Heikki A., EFFICIENCY DIFFERENCES OF FIN-
NISH SENIOR SECONDARY SCHOOLS: AN APPLICATION OF DEA AND TO-
BIT-ANALYSIS. Helsinki: ETLA, Elinkeinoelimin Tutkimuslaitos, The Research Institu-
te of the Finnish Economy, 1996, 40 p. (Keskusteluaiheita, Discussion Papers, ISSN
(0781-6847, No. 570)

ABSTRACT: We study efficiency differences among Finnish senior secondary schools by
Data Envelopment Analysis (DEA). Four model variants were used. In the simplest one
both input and output variables were quantitative, in the most extensive ones also quantified
qualitative variables were included. Average efficiencies in the most extensive models were
82-84 per cent, ranging from 44 to 100 per cent. When in addition to inputs related to the
schools, parents educational level was treated as an input, average efficiency scores in-
creased to 91 per cent. By ranking schools according to their efficiency scores, schools in
the topmost and the lowest quartiles tended to maintain their ranking in alternative models
whereas the centrally located ones were more mobile. The results also show that the ran-
kings of schools by matriculation examination scores (an output variable) differed markedly
from rankings by efficiency. As a second stage after DEA analysis, we explained the degree
of inefficiency (100-efficiency score) by a statistical Tobit model. Schools with small clas-
ses were inefficient whereas school size did not affect efficiency. Somewhat surprisingly,
private schools were inefficient relative to public schools, and grant ratios, i.e. ratios of sta-
te grants to accepted or actual educational expenditures had in some models a positive and
significant effect on efficiency. When parents’ education level was not as an input in DEA,
but it was included in the Tobit model, it had a positive relation to efficiency.
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THVISTELMA: Tutkimme suomalaisten lukioiden tehokkuuseroja Data Envelopment
Analysis (DEA) -menetelmdd soveltaen. Neljéstd mallivaihtoehdosta suppeimmassa kaikki
panos- ja tuotosmuttujat ovat kvantitatiivisia, laajemmissa malleissa niihin sisdltyy myds
kvantifioituja laadullisia muuttujia. Laajimmissa malleissa keskimiiriiset tehokkuusluvut
olivat 82-84 prosenttia vaihdellen 44 prosentista 100 prosenttim. Kun kouluun liittyvien pa-
nostekijoiden lisidksi vanhempienm koulutustaso otettiin panostekijiksi, keskimidrdiset te-
hokkuusluvut kasvoivat 91 prosenttiin. Kun koulut asetettiin tehokkuusiuvvun mukaiseen jir-
Jjestykseen, ylimpédn ja alimpaan kvartiiliin sijoittuneet koulut siilyttivit yleensd paikkansa,
mutta keskimmdisissd kvartiileissa sijaistsevat olivat "litkkuvampia”. Tulokset osoittivat
my0s, ettd koulujen paremmuusjirjestys ylioppilaskirjoitusmenestyksen perusteelta (yksi
tuotosmitoista) poikkeaa huomattavasti tehokkusluvun mukaisesta jirjesteyksestd. DEA:n
jilkeisend toisena vaiheena lukioiden tehottomuuslukuja (100-tehokkuusluku) selitettiin ti-
lastollisella Tobit mallilla. Luokkakooltaan pienet koulut olivat tehottomia, mutta koulu-
koolla ei ollut merkitsevid vaikutusta. Yllattien yksityistukiot olivat julkisia kouluja tehot-
tomampia ja lukioiden valtionavun suhteella joko koulujen ns. hyviiksyttyihin tai todellisiin
menothin oli joissakin malleissa positiivinen suhde tehokkuuteen. Kun vanhempien koulu-

positiivinen suhde koulun tehokkuuteen,
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Yhteenveto

Tutkimuksessa arvioidaan empiirisesti 291 suomalaisen lukion tehokkuuseroja.
Tuotosten (suoritteiden) ja panosten vilistd suhdetta analysoidaan Data Envelopment
Analysis (DEA) -nimistd lineaariseen ohjelmointiin perustuvaa menetelmii kiyttien.
DEA-menetelmén erddnd etuna erityisesti julkisten markkinahinnattomien palvelujen
arvioinnissa on se, ettd sitd sovellettaessa monituoteyritysten kaltaisten
palveluyksikbiden panos- ja tuotospuolta ei tarvitse aggregoida yhdeksi
rahamidrdiseksi suureeksi. Riittdd, kun on midrdllistd panos- ja tuotostictoa
toimipaikoittain (lukioittain). Tutkimuksessa lukioiden toimintaa arvioitiin neljilld
muuttujiltaan  erilaisella mallilla. Suppeimmassa tapauksessa panostekijit olivat
lukion opetus- ja muiden tuntien middrid, laajimmassa panoksina oli myds
oppilasainesta, opettajien kokemus- ja koulutustasoa mittaavia muuttujia.
Suppeimmassa mallissa tuotospuoli koostui kustakin lukioista vuonna 1991
padsseiden  médrdstd. Laajimmassa mallissa  tuotosmuuttujina  oli  myos
ylioppilaskirjoitusmenestystd mittaavia pistemaria.

DEA erottelee havaintoaineistosta tehokkaat (tehokkuusluku 1 tai 100 %) ja laskee
tehottomille nollan ja yhden (0-100 %:n) valille sijoittuvan tehokkuusluvun, jonka voi
tulkita seuraavasti: jos tehokkuusluku on esimerkiksi 0.85 jollekin lukiolle, sen pitiisi
pystyd saavuttamaan sama suoritetaso 85 prosentilla nykyisistd resursseistaan, jos se
olisi yhtd tehokas kuin havaintoaineiston tehokkaimmat yksikét. Laajimmissa
malleissa keskimédrdiset tehokkuusluvut olivat 82-84 prosenttia vaihdellen 44
prosentista 100 prosenttiin. Kun kouluun liittyvien panostekijoiden lisdksi
vanhempien koulutustaso otettiin panostekijiksi, keskimé#rdiset tehokkuusluvut
kasvoivat 91 prosenttiin. Kun koulut asetettiin tehokkuusluvun mukaiseen
jérjestykseen, ylimpéén ja alimpaan kvartiiliin sijoittuneet koulut siilyttivat yleensi
paikkansa, mutta keskimmaisissd kvartiileissa sijainneet lukiot muuttivat asemaansa.
Tulokset osoittivat myds, ettd koulujen paremmuusjirjestys ylioppilaskirjoitus-
menestyksen perusteella (yksi tuotosmitoista) poikkeaa huomattavasti tehokkuusluvun
mukaisesta jéirjestyksesti.

Tehokkuusanalyysin avulla saatuja tehottomuuslukuja (100-tehokkuusluku) selitettiin
my6s tilastollisella Tobit mallilla toisessa vaiheessa. Tulosten perusteella
luokkakooltaan pienet koulut olivat tehottomia, mutta koulukoolla ei ollut
merkitsevid vaikutusta. Yildttden yksityislukiot olivat julkisia kouluja tehottomampia
ja lukioiden valtionavun subteella joko koulujen ns. hyviksyttyihin tai todellisiin
menoihin oli joissakin malleissa positiivinen vaikutus tehokkuuteen. Kun vanhempien
koulutustaso ei ollut panostekijini DEA malleissa vaan yhtend selittdjind Tobit
malleissa, silli oli positiivinen vaikutus koulun tehokkuuteen.
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1 INTRODUCTION

Evaluation of schools is a complicated issue and there are various ways to approach the
question of what is a good school. Especially in countries like Finland where the whole school
system with rare exceptions is public (financed by the local and the central government) from
primary school to universities, parents, pupils as well as mass media most often pay attention
to output or achievement in evaluating schools. For instance in the case of senior secondary
schools good schools are the ones in which pupils do well in the national matriculation
examinations. Paying attention to output variables would only be fair if the resources of
schools were identical. Budget officials and people responsible for the financing of schooling
tend to pay attention to the expenditures. For them a good school has low expenditures per

pupil which would make sense if the outputs of schools were identical.

In actual fact educational institutions, private or public, differ most often both in terms of
inputs that they employ and their outputs and the challenge is to evaluate their performance in
this kind of multi-dimensional setting. Thus there are questions related to defining and
measuring both input and output variables, and choosing a method which would make it
possible to measure the relation between inputs and outputs in a meaningful manner. As for
output, one choice to be made is related to timing as the benefits of education spread over
time. One can use school time indicators, measures related to the end of school or variables
related to success (e.g. earnings) in later life for which education can be viewed as a key input.
On the input side, in addition to defining what are important school resources, one has to
consider the role of environment outside the schools such as pupils’ family and community

variables.

In addition to the choice of variables, one faces the challenge of how to measure performance.
More specifically, if one wants to study efficiency as a weighted sum of outputs relative to a
weighted sum of inputs, one key problem common to quite a few public services is the lack of
market prices which could be used as weights. Thus, unless it is possible to use some cost
based or otherwise determined weights, it would be helpful if the method employed would not

require weights determined in advance, but rather would solve them as a part of the analysis.

The purpose of this paper is to study the efficiency of Finnish senior secondary schools with



Data Envelopment Analysis (DEA) which is an application of linear programming. The basic
idea of the approach is fo view schools as productive units which use multiple inputs and
outputs. The method produces measures of schools’ (relative) efficiency by deriving a frontier
production function (efficiency frontier) and measuring the distance of observations to the
frontier to get their efficiency scores. Observations on the frontier get an efficiency score of
one (or 100 per cent) and those below the frontier get scores below one (below 100 per cent)
depending on their location, To apply DEA, no weight of the input or output variables are
needed. This is one of the reasons why the use of the method has spread tremendously
especially in the evaluation of efficiency in the public service sectors including analyses of
courts, health centers, ferries etc. As we will point out in our brief summary of previous

studies, education was one of the earliest areas where the method was applied.

In this study we have constructed cross-section data on Finnish senior secondary schools in
1988-91 both from registers and by our own survey. As DEA is a non-parametric method,
there are no classical statistical tests which could be used to evaluate the models employed.
This is why we present results on efficiency distributions of alternative models and study how
robust are the efficiency score rankings of schools. If the rankings change a lot with the
addition of a priori meaningful input and output variables, the simplest indicators of efficiency
(*partial productivities’) are questionable. In addition to that we also investigate whether the
efficiency in two most extensive models is related to some factors that are not included in the

DEA-models like the scale and financing of schools.

This paper is organized as follows. In section 2 we present a selective summary of previous
studies using DEA on measuring efficiency of schools. In section 3 we describe the nature of
DEA analysis and how this method measures efficiency. Data, variables and model types are
described in section 4. Results of the study are presented in section 5. First we describe in the
form of graphs and figures the efficiency distributions emerging from DEA analysis.
Thereafter the stability of efficiency distributions from alternative models is studied. Finally
we discuss the results of explaining the efficiency differences with certain variables related to

i.e. the scale of operation and financing of the schools. Section 6 offers some conclusions.



2 PREVIOUS STUDIES

Given the amount of inputs, theoretical production function defines the (Pareto) efficient set
of outputs, i.e. it is not possible to increase the quantity of any output without decreasing the
quantity of at least one other output. Correspondingly, given outputs, it is not possible to
decrease the quantity of any input without increasing the quantity of at least one other input.
Inefficiency manifests itself as a deviation from the production function. Thus empirical study
of differences in productive efficiency involves two basic steps. First, one has to determine an
empirical educational production function. Second, one has to construct a distance measure
such that the efficiency of an individual observation depends on its distance from the

empirical production function.

There are two alternative ways to determine the educational production function empirically.
Most common way is to apply statistical methods by either estimating the frontier production
function using regression analysis or other related methods. Residuals of the estimated model
are then used to define measures of efficiency to each unit. These techniques have been
reviewed by i.e. Lovell ef al. (1993). In the field of education they have been applied by
Barrow (1991) for measuring the efficiency of the Local Education Authority (LEA) in United
Kingdom. '

The other possibility of defining the efficiency frontier is to use non-parametric methods that
are based on linear programming. Data Envelopment Analysis (DEA) is an example of such
methods. These methods have also been applied in different forms to define the educational
production function. One of the major advantages of this approach is that it is fairly easy to
incorporate several outputs into the analysis. In the following we shall survey previous
educational input-output studies confining ourselves to non-statistical (non-parametric)

studies which are similar to our own application.

The first study applying DEA studied the program and managerial efficiency of a federally

' Most of the empirical educational production function studies have, however, been analyses where average
(instead of efficient frontier) relations between inputs and outputs have been estimated. For a review of studies of
educational production functions using statistical methods see for example Hanushek (1986) and Cohn and Geske
(1990,



sponsored program called Program Follow Through (PFT) charged with providing remedial
assistance to educationally disadvantaged early primary school students (Charnes ef al., 1981).
Thereafter there have been several studies that have applied DEA in measuring the efficiency

of schools.

Most often studies applying DEA examine the efficiency differences of certain group of schools
and test the applicability of DEA for detecting the differences. Examples of such studies are
Bessent et al. (1982), Bessent ef al. (1983), Bessent ez al. (1984), Ludwin and Guthrie (1989),
Fare et al. (1989) using the U.S. school data, and Jesson ef al. (1987) and Smith and Mayston
(1987) who studied the efficiency of school districts (LEAs) in United Kingdom. Other
European studies are Bonesrgnning's and Rattsg’s (1992 and 1994) efficiency analysis of
Norwegian high schools. The conclusion of these studies usually is that DEA is applicable to
efficiency measurement of schools in the sense that it detects differences between schools and

the results are fairly robust.

The results of DEA have also been compared to efficiency scores obtained by using more
conventional regression analysis, where the efficiency scores are calculated from the residuals.
Examples of these studies are Mayston and Smith (1988) and Sengupta and Sfeir (1986). In
both of them the writers concluded that the efficiency rankings were different depending on
the method and for this reason the method of analysis mattered. Sengupta and Sfeir (1986)

also noted that the results obtained by using DEA were fairly robust,

Usually the input variables used in the DEA models are such that they are controilable by the
school or school district depending on the level of analysis. However, one of the most
significant and robust results of inpuf-output studies have been that student socioeconomic
status affects student achievement. This is a factor that is not controllable by the school but
still it influences its results. There are two studies that have taken this fact into account (Ray,
1991 and McCarty and Yaisawarng, 1993). In these studies DEA have been applied to
calculate the efficiency scores by using variables that are controllable by the school.
Thereafter these efficiency differences were explained by students’ socioeconomic status

using either regression analysis (Ray, 1991) or Tobit models? (McCarty and Yaisawarng

% The use of Tobit-models is more appropriate resulting non-biased estimates since the dependent variable is
restricted to vary between O and 1.



1993). In this case the corrected residuals measure the efficiency of each unit.

McCarty and Yaisawarng (1993) also tested the differences in results of incorporating the
variable measuring the socioeconomic status into the original DEA model. According to them,
the two modeling alternatives produced similar results in the sense that the efficiency rankings
in both cases were positively and significantly correlated. There were, however, notable
differences in the rankings which were mainly related to the intercorrelatedness of the

controllable and uncontrollable variables and to possible outlier cases.

As we pointed out in the introduction, it is not quite obvious what are the inputs and outputs
of educational processes and at what stage (timing) should they be measured. Because of this
one should pay attention to the robustness of results. However, quite a few earlier studies only
report the final results without information on how they depend on the choice of variables. In
most of the studies the selection of variables seems to be based more on data availability than
any other reason®, Qur analysis is done by using quite large data set (in most of the earlier
studies the data sets used were considerably smaller). We have 291 senior secondary schools
in our analysis. In our study we also test the robustness of the DEA results by using four
different models. In addition to that, we present models explaining the efficiency scores with
variables related to the scale, financing and student body of the school and test whether these

results are related to the choice of variables in the DEA-models.

* This is also the problem of many production function studies using statistical methods (see e.g. Hanushek,
1979).



3 DATA ENVELOPMENT ANALYSIS

The purpose of this section is first to illustrate in a simple case what is meant by efficiency
and how it is measured in DEA applications. Thereafter we present mathematical formulation
of DEA problem. To see how the frontier production function (efficiency frontier) is
determined non-parameirically by the DEA method let us consider a simplified educational
sector consisting of schools which use one input to produce a single output. A cross-section
picture of the sector is depicted in figure 1 where points B, C, D, E and H are the locations of
schools in input (X) and output (Y) space. We shall first consider the determination of
efficiency measure when the assumption of constant returns to scale are assumed to apply for
the efficiency frontier. This means that we are looking from the data for the unit with highest
productivity, Le. maximum output to input ratio. In figure 1 the school at point C has the
highest productivity as a line drawn from the origin to the observed points has the greatest
slope in case of observation C. In this case line OG passing through point C determines the
efficient production technology. All the other points are inefficient because their productivity

is lower.

Having determined the efficiency frontier, the next step is to define measures of efficiency.
Assuming the observation(s) on the efficiency frontier (in our case C) to be fully efficient,
they are given an efficiency score of one (or 100 per cent). Observations under the efficiency
frontier are inefficient, the degree of which depends on the extent to which their productivity
is below that of point C. The efficiency score for school H can be determined as the ratio of

efficient use of input X to the actual use of input X, i.e. Xn/Xu, keeping output constant”.

* alternatively, it can be determined as the ratio of actual output to potential output, keeping input constant. Under
the assumption of constant returns to scale give the same efficiency scores. This is not true under the assumption
of variable returns to scale. In this study, we calculate the efficiency scores assuming that schools are minimizing
their use of inputs. Therefore we do not discuss the determination of efficiency scores in the case where schools
are assumed to maximize their outputs,



Figare 1. Determination of efficiency frontier when constant and variable returns to scale

hold.
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Assuming that variable returns to scale hold, the efficiency frontier is a piecewise linear curve
that passes through the points B, C, D and E. In this case only school H is inefficient. Taking
output as given, efficient use of input X for school H is obtained at point M at the efficiency

frontier. Accordingly, the efficiency score for school H is obtained as Xp/Xp.

Mathematically, the efficiency score for school 0, assuming that schools minimize the use of
inputs given outputs, is determined by solving a linear optimization problem (c.f. Charnes ez
al., 1978). Let us consider n schools where school J uses the amount of Xjj of input { and
produces the amount of Yrj of output r. We assume that %47 2 0, ¥rj 20 and that each school
uses at least one input to produce at least one output. By denoting the input weights by v,

(r=1,...,8) and output weights by u; (i=1,...,m) the optimization problem can be formulated as

% In addition to technical efficiency which is depicted by the piecewise linear frontier function under the variable
returns to scale assumption, in this case it is also possible to define a separate scale efficiency concept and to
consider whether the schools are operating at the regions of increasing, constant or decreasing returns to scale
(Banker et al., 1984). We also studied these factors in our earlier report (Kirjavainen and Loikkanen, 1993) and
the results are obtainable from the authors upon request.



follows assuming constant returns to scale:

max Wo = DM,V (1
v r=1
s.t. Svix, =1 (2)
i=l
Sy - dvx, <0 j=lon (3)
r=1 i=i
lm,v,2¢€ r=1,s i=1,..,m 4

where € is a small positive constant.

The maximizing problem is called the multiplier pfobiem and it determines the efficiency
score of school 0 by maximizing the sum of its weighted outputs (1) so that the sum of its
weighted inputs equals one (2), and so that the weighted outputs of all schools subtracted by
the weighted inputs of all schools is less than or equal to zero (3). This setting implies that the
schools are either at the efficiency frontier or below it and the efficiency scores vary between

0 and 1 (or in terms of percentages the scores range from 0 to 100).

If we assume variable returns to scale according to Banker ef al. (1984) the target function of
the multiplier problem (1) as well as the second restriction (3) is modified by adding a
constant term @ which determines values for the supporting hyperplanes passing through the
dominating set of school 0. The values of ® specify whether the school 0 operates in the area

of decreasing (@>0), constant (0=0) or increasing returns to scale (<0).

By denoting the input weights of school 0 by 6 and the input and output weights of other
schools by A, (j=1,..,n) we can write the dual of maximizing problem when constant returns to

scale prevail as follows:

min 2o =0-£)s -e)e (5)
o, 5 e =i fast
s.t. Z?»jy,j -5 =Y, re=1,...,8 (6)
=1
0 x-2Mx - =0  i=l.,m ©

M,sl e 20 (8)
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Above, s, F and e;” are so called slack variables measuring the excess of inputs and outputs.
Small positive constant € quarantees that inputs and outputs are positive and that the slack
variables do not influence the target function z, The minimizing problem is called the

envelopment problem and it determines the efficient use of inputs for school 0 (5) so that the
outputs of school 0 are equal to the sum of weighted outputs of other schools (6). In addition,
the weighted inputs of school 0 must equal to the weighted inputs of other schools (7). The
optimal value of parameter 6 in (7) determines the amount school 0 should reduce its use of

inputs in order to be at the efficiency frontier and positive values of A, determine those schools
P y P oj

that dominate school 0, i.e. form its comparative set.

If we assume that there exists variable returns o scale in the production, another restriction is

added to the envelopment problem. It is of the following form

and it ensures that the efficiency frontier is a convex hyperplane.
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4 DATA, MODELS AND VARIABLES

4,1 Data

Our study investigates the efficiency differences of Finnish senior secondary schools which
provide general education after the nine year comprehensive school. Nearly 60 % of the
comprehensive school leaving pupils opt for senior secondary schools. There are about 450
senior secondary schools in Finland and they provide education for about 100 000 students.
They are mainly maintained by municipalities and financed by local taxes and state grants to

municipalities.

Senior secondary school education is usually completed in three years. The school terminates in
a national school-leaving examination, the matriculation examination. Passing of the
examination gives general eligibility for university studies and vocational education intended for
matriculated students. The examination comprises of four compulsory subjects: the student's
mother tongue (Finnish/Swedish/Sami), the second national language of the country
(Finnish/Swedish), a foreign language (English, French, German or Russian) and either
mathematics or science and humanities. Besides the compulsory subjects the candidate may also
take additional subjects. Teachers undertake initial grading of the exams, the final grading is

done by a national matriculation examination board.

Our data consists of 291 senior secondary schools all over the Finland. The sample does not
include all the senior secondary schools because we were not able to obtain all the necessary
information from all schools. The data is cross-sectional and aggregated to the school level. Our
key output variables are related (o the results of matriculation examinations in the spring of
1991. Because senior secondary school lasts for three years those students who matriculated in
the spring of 1991 started their studies in the Fall of 1988. Therefore our data covers the years
between 1988-91. Whenever possible, we have measured the input variables as averages over
the whole period. One of our output variables, number of students who passed their grade, is an

average over three years, (00,

The variables used for explaining the efficiency differences are also averages over the years

1989-91 in case of variables measuring the scale of operation. The variables depicting the
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financing of the schools are, however, information on 1992, This should not be a problem since
the state grant system has not changed during the years of 1988-92. As for other variables e.g.
those depicting the environment and student body composition of the schools, the information

on the year of 1991 is used.

4.2 DEA-models and variables

In studies of educational production function there are usually two alternative ways of
describing the influences of schooling on student achievement (see e.g. Hanushek, 1979).
Either one takes into account the cumulative influence of family background, peers, school
inputs and innate abilities on student achievement at cerfain time point or measures these
factors during the period student is attending school, We.use the latter alternative in our
efficiency analysis. This so called value added model of the educational production function at

the level of an individual student can be written as
A= B, PS80, 1 A ) (10)

where A; is a vector of variables measuring student i’s achievement at time 7, B,»("’*) is the
vector of family background influences over the period r* to £, P/"™ is the vector of
influences of peers over the period #* to ¢, S/ is the vector of school inputs lof ith student
over the period 7* to ¢, 1; is the vector of innate abilities of itk student, and A" the outcomes of
the ifh student in earlier period. This formulation evaluates the educational achievements of
the student by paying attention not only to inputs controllable by the schools but also taking
into account the influences of student’s innate abilities, former outcomes, family background

and peers.

The valve added model is convenient in the sense that it reduces the data requirements. In the
applications of the value added model the data may consist of information on individuals or it
may be aggregated for exaraple to school level. In our case the units of observation are

schools and the performance indicators measure the achievement of pupils in each school.

DEA is not a statistical method with which the theoretically based hypotheses could be tested
with classical tests. Therefore, our strategy was the following, We tried to construct variables

which would be operational counterparts to at least some of the elements in (10) in a form
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typically used also in the educational production function literature. Because of the lack of clear
criterion for selecting the number of variables to be included in the analysis, we ran four
different models. The guiding principle in the construction of models was to proceed from a
simple one to more complicated ones. The simplest version included only a few quantitative
input and output variables, whereas in the more complicated model quantified measures of
qualitative factors were incorporated. This strategy enabled us to test the stability of the results.
The input and output variables included in our four models are shown in table 1. The summary

statistics of the variables are reported in Appendix 1.

Table 1. Variables used in the DEA-efficiency measurement.

Inputs; Model 1 i Model 2 | Model 3 Model 4

Teaching hours per week X X X X
Other than teaching hours per week X X X X
Experience of teachers X X

Education of teachers i X X

AdMISSIOn level e X X %

Education of students’ parents X

Outputs:

Number of students who passed their grade X X X : X

Number of graduates X X X X

Score in compulsory subjects in  matriculation X X

Score in other subjects in matriculation examination X X

Our model 1 consists of simplest quantitative input and output variables, According to this
model schools were depicted as producers of students who pass their grade or matriculation
exam with teaching and non-teaching hours of the school staff as the input variables. We
included as output variables both the number of students who passed their grades after first and
second year (average of 1989-91) and the number of graduates in matriculation examination
because the input variables measured the whole teaching load in each school. The input
variables were measured by the number of teaching and non-teaching hours per week (average

of 1989-1991).
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Pupils to senior secondary schools are chosen by a “cream skimming” procedure, ie. by
choosing the best applicants on the basis of their comprehensive school reports (subjects graded
using a scale from four to ten). For this reason the student body and their earlier educational
achievements differ from school to school. In model 2 we included as an input a variable
controlling the quality of students in the school.® It is measured by the admission level of the
school (the lowest grade with which the school could be entered). This variable is from the Fall
of 1988 and it is multiplied by the number of students that entered the school at that time. Only
information of this cut off point could be obtained by our survey, although the average grade of

each admitted pupil would have been a better measure.

Model 3 consisted of two additional qualitative input and output variables. Even though teacher
characteristics are rarely found (o have on impact on student achievement in statistical analyses,
we wanted to study the influence of adding both teacher education and experience on efficiency
distributions and efficiency rankings. The education of teachers was measured by the number of
teachers having at least master’s degree. The experience of teachers was measured by giving one
point for each five professional year period and then adding these points up in each school.

These variables were also averages over the years of 1989-91.

The two additional output variables measured the achievement of students by their scores in
matriculation examination (spring of 1991) divided into achievement in compulsory subjects and
in additional subjects.” The matriculation examination score in each subject has a range from
one (improbatur = fail) to six (laudatur). Qur school level variables are sums of pupils’ scores.
By using these two variables instead of one composite one we allowed schools to have a

different emphasis on their provision of courses.

® There are also alternative ways of taking into account the student body of the school. One possibility is to
measure the output as a valve added in the sense recommended by Hanushek and Taylor (1990). Bemesrgnning
and Rattsg (1994) used this approach in their analysis. In our case this procedure was not possible because of
lack of student level data about the scores in comprehensive school.

? As mentioned earlier the grade in compulsory subjects consist of mother tongue, the second national language
of the country, foreign language and mathematics or science and humanities. Additional subjects may include
grades in foreign language, mathematics, and science and humanities. Finnish speaking candidates take the same
examination only in mother tongue and in the second national language. Foreign language examination differs
depending on the language student has chosen to study as comprehensive, Also mathematics may be taken either
as a comprehensive or as a short course. Science and humanities examination covers a wide range of subjects and
students may choose to certain extent subjects they want to answer, Because of these choices the same score in
matriculation examination has been achieved in various ways.
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Even though there exist mixed results in the literature concerning the role of various inputs on
educational achievement, socioeconomic background is quite consistently found to affect the
success of students (see e.g. Hanushek, 1986). In model 4 we studied the role of students’
socioeconomic status by the educational level of their parents even though this variable is not a
pure input factor because it is not controlled by the school. The variable is constructed by first
calculating the average educational level of both biological parents of those students who
matriculated in the spring of 1991 and then multiplying it by the number of matriculated

students. The educational level is measured by giving points for degrees®.

Finally, we shall comment the role of scale variables in our models. Most of our variables both
on the input and the output side are related to the size of the schools. Class size which is a ratio
type variable, is not included directly in the variable list. Class size, however, affects the results
somewhat indirectly as the number of graduates and the number of teaching hours are included

and their ratio depends on class size.

¥ Following points were given to each degree: 1,5 =no other degrees than comprehensive school diploma.
3 =lowest vocational degree (approximately 10-11 years of schooling). 4 =medium vocational degree
(approximately 12 years of schooling). 5 = highest vocational degree, not a university degree (13-14 years of
schooling). 6 = bachelor’s degree. 7 = master’s degree. 8 = post graduate degree.



16

5 RESULTS

In this section we shall present the empirical results of this study. In presenting DEA results, we
measure and interpret efficiency scores assuming output given so that scores below one (or
100 per cent) indicate savings possibilities in the use of inputs. As pointed out in section 2,
under CRS the efficiency scores are the same if we had chosen to keep inputs constant and
measured efficiency in the output increasing direction. However, under VRS this choice

matters.

In addition to having four models with different inputs and outputs, we shall present results both
assuming constant returns to scale (CRS) and variable returns to scale (VRS). In this connection,
it is worth noting that the efficiency scores for each observation under VRS are typically smaller
than (at maximum equal to) those under CRS (c.f. figure 1). Also, as the number of variables in
a DEA model increases, the efficiency scores either increase or remain the same tending to
increase average efficiency scores. Thus e.g. average efficiency scores of different models

cannot be compared to each other as such.

In section 5.1 we describe the results of different DEA models. In section 5.2 we pay attention to
the stability of the rankings of schools according to efficiency scores. Stability of rankings is
mmportant especially for policy purposes if there is limited information on educational processes.
Then, we would know that efficient (and inefficient) schools remain similarly judged

irrespective of how detailed information we have on them.

In section 5.3 we first illustrate how efficiency is related {or unrelated) to a number of variables
of interest like the class size and school size from the input side, and to matriculation
examination results from the output side. This is to illustrate that efficiency as a ratio of
weighted outputs and weighted inputs is a different concept than any typical input or output
indicator. In the end of this section we also present Tobit models in which efficiency scores
derived from the most extensive models are explained by variables related to the scale of

operation, student body composition, and financing of the schools.

5.1  Efficiency distributions

Table 2 offers basic information on the distribution of efficiency scores obtained from our
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four models both assuming CRS and VRS. Although the efficiency scores of different models
are not readily comparable, it seems that the efficiency differences among the Finnish senior
secondary schools were quite considerable regardless of the model used. In model 1 where
only quantitative factors were included, the efficiency scores ranged from 17 per cent to 100
per cent when CRS was assumed. Even though the differences diminished in models with
more inputs and outputs, in models 2 (admission level added) and 3 (teachers’ experience and
education as input and two matriculation examination scores as outputs added) the efficiency
scores still ranged from 44 per cent to 100 per cent. In model 4, which consisted of variables
of model 3 and educational level of pupils’ parents, the efficiency varied from 60 to 100 per

cent.

Table 2. The average efficiency, minimum and maximum of efficiency scores, and percentage

share of efficient schools in each of the models.

Model 1 Mode] 2 Model 3 Model 4

CRS VRS CRS VRS CRS VRS | CRS VRS
Mean 66,26 72,23 77,48 80,00 81,89 84,12 E 91,30 93,73
Minimum 16,99 40,61 38,14 49,03 43,82 58,40 59,74 59,81
Maximum 100 160 100 100 100 100 100 100
% -share
of efficient 1.4 5.8 3,1 76 1 100 16,5 21,0 33,3
schools 5

The average efficiency in model 1 was 66 per cent assuming CRS indicating an average
savings potential of 34 (= 100-66) per cent in the use of resources. With addition of variable
measuring student quality (admission level in model 2), it increased to 77 per cent. The
average efficiency was 82 per cent in model 3, leaving only a savings potential of 18 per cent.
Thus the difference between results of models 2 and 3 in terms of variation and averages are

relatively small.

What is quite remarkable is the increase of average efficiency when parents’ educational level
is included as an input to the educational process. The average efficiency increases from 82
per cent in model 3 to 91 per cent in model 4. Finally, we note that the share of fully efficient

schools (score 100 per cent) i.e. schools determining the frontier, increased from only 1,4 per
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cent in model 1 to 10 per cent in model 3 and all the way to 21 per cent in model 4.

When VRS was assumed, as expected the variation of efficiency scores was smaller. The
minimum values and the average efficiencies were higher in all models. The differences
between CRS and VRS results are considerable in model 1 but the become already rather
small in case of model 3. Especially in model 4 there is a very small difference between CRS
and VRS results which is not surprising given that the efficiency scores are so high under
CRS. Referring to figure 1, if all observations are close to CRS efficiency frontier OG, also
the VRS efficiency frontier must be close to OG implying also that there are not large scale

inefficiencies involved in case of model 4.

"The results of different models can also be compared by depicting the efficiency distributions
as shown in figure 2. There, the schools are ranked according to their efficiency score from
lowest (number 1) to highest (291} in each model. The ranking numbers of schools are in the
vertical axis and the efficiency scores in the horizontal axis. The efficiency distributions in

figure 2 are based on the results of models 1-4 assuming CRS.

Tigure 2. The efficiency distributions of models I-4 when CRS is assumed.
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schools
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1 51 101 151 201 251

The efficiency scores of model 1 are clearly below the other three models. The addition of the
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variable (admission level in model 2) measuring the quality of students shifted the efficiency
distribution remarkably upwards whereas the efficiency distributions of model 2 and 3 are
close to each other. Thus, the addition of four different variables measuring quality did not
have a large influence on the efficiency score distribution. The addition of variable measuring
the educational level of students’ parents (model 4) shifted again the distribution clearly
upwards. The same general pattern of changes in efficiency distributions emerged when VRS
was assumed (figure 3) with the difference that the leve] of efficiency scores was higher and
the number of efficient schools (score 100 per cent) was greater than under CRS in each

model.

Figure 3. The efficiency distributions of models 1-4 when VRS is assumed.

Efficiency score (vrs}

100

90

80 -

70 ¥

"

409 o Model 1 (vs)  © Model 2 (vrs)
30 ® Model 3 (vrs) X Model 4 (vrs) -
20
schools
10
1 51 101 151 201 251

5.2 The stability of results

There are different factors which may affect the stability of the DEA results. First, the frontier
may be partly based on such outlier units that are very different from other units either
genuinely or because of misscoding, measurement error etc. In such a case, omittance of these
outliers can change the mean efficiency and rankings based on efficiency scores. Second,

besides affecting mean efficiency and the whole efficiency score distribution, the use of
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different combinations of inputs and outputs may also change the ranking of individual

schools.

5.2.1 Jackknifing with outlier observations

To study whether there were extreme outliers which affected frontier and efficiency scores in
each of the models, we ran DEA analyses by dropping out each efficient school one at a time
from the analysis. This is a procedure called jackknifing’ and it tests the robustness of the
DEA results. For example, in case of model 1, we ran four additional DEA analyses. We then
tested the similarity of efficiency rankings between the model with all the schools included
and those based on dropping each efficient unit out at a time by the Spearman rank correlation
coefficient. We also calculated the mean efficiency from the iterations and the standard
deviation of the mean efficiencies of each iteration. The results of these analyses are

summarized in table 3.

Table 3. The stability of DEA results in regard to outlier schools.

: Number | The range in Spearman rank Mean Iterated Standard
of correlation coefficient i efficiency mean deviation of
efficient efficiency means
...... schools [ SO
min max

Modelt(ers) | 4| 098 1 0999 . 6636 | 188 | 323
Model 1) | 17 L 096 . k00 T2 T2AS 056......
Model 2 (ers) | 9 096 ... 1% T8 T 981
Model 2 {vrs) 22 . 088 ... LOO o 80.00 ........... 80.28 0.75
Model3(ers) | 29 09T L. 100 | B89 80086
Model 3 (vrs) : 48 0.92 300 84.12 84.22 048 ..
Model 4 (crs) 61009 OO i 9130 g L33 E 09
Modeld(ves) i 97 | 094 | 100 93.73 93,74 0.11

! i
The means are not equal (F-test, 5 % significance level)

The results of rank correlation coefficients show that the rankings'® are relatively stable in

’ Also Bonesrgnning and Rattsg (1994) and Fire er al, (1989) used jackknifing in their analysis. The difference
to our analysis is that they dropped each school one at the time as we dropped only the efficient units that
construct the frontier.

¥ The value of 1 of Spearman rank correlation coefficient indicates that the rankings are exactly the same. The



21

regard to outlier schools determining the efficiency frontier. In case of CRS, the variation of
rank correlation coefficient was lowest in model 1 ranging from 0.98 to 1.00. In other models
the rank correlation varied somewhat more but ranged still at most from 0.96 to 1.00 in
models 2 and 4. In case of VRS, more variation occurred. The largest differences were in
model 2, where the rank correlation coefficient ranged from 0.88 to 1.00. The smallest
differences were also in this case in model 1 ranging from 0.96 to 1.00. Thus, relative to CRS,

the VRS frontier and efficiency scores were somewhat more sensitive to outliers.

DEA efficiency scores seem to be the more stabile with respect to outlier schools the greater is
the number of inputs and outputs in the model. This is especially so under the assumption of
CRS. In model ! under CRS the iterated mean efficiencies differed significantly (F-test; 5 %
level) from the mean efficiency based on DEA with all the schools included. The difference
decreased as the number of inputs and outputs increased and it was statistically insignificant in
the rest of the CRS models. In case of VRS, the difference between and the mean efficiency
with all the schools in analysis was statistically insignificant in all the models. Also the
standard deviation of the means of iterated runs decreased as the number of inputs and outputs

increased.

5.2.2  Stability of rankings between the models

Besides the changes in the efficiency score distributions the schools may also change their
ranking based on efficiency score from one model to another. We studied these changes by

looking at the Spearman rank correlation coefficients between all the four models.

In table 4 there are the Spearman rank correlation coefficients between the different models
when CRS was assumed. The correlation coefficient was 0,84 between efficiency rankings of
models 1 and 2. There were, in other words, rather small differences in the efficiency rankings
between these two models as the correlation coefficient of 1 means that the rankings are
exactly the same. The rankings between model 2 and 3 where somewhat more similar as the
correlation coefficient was 0.86 whereas the rankings from model 3 to model 4 changed quite

a lot as the coefficient was only 0.66. The largest differences in the efficiency rankings were

value of 0 indicates no relation between the rankings and the value of -1 reverse rankings.
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unsurprisingly between models 1 and 4 as the respective correlation coefficient was only 0.44.

Table 4. Spearman rank correlation coefficients between models 1-4 (based on efficiency

scores assuming CRS)

Model 4 0.44 0.54 i (.66 1.0

In table 5 the Spearman correlation coefficients between the rankings of different models
when VRS was assumed are presented. These results are very similar in both pattern and size

as those based on CRS assumption.

Table 5. Spearman rank correlation coefficients between models 1-4 (based on efficiency

scores assuming VRS)

it 10GAL LG Model2 | : Modeld (0 Modeld
L S SO LN T R A
SNSRI N N S & R N
Modeld v BTN 0.87 S 1. S S

Model 4 0.45 0.60 0.69 1.0

To get a more intuitively appealing picture of what happens to the rankings we also grouped
schools into quartiles according to efficiency scores from each model. This makes it possible
to study whether the schools remain in the same quartile or change their position from one
model to another. In Tables 6 (CRS) and 7 (VRS) we have cross-tabulated the number of
schools in each quartile based on efficiency scores from models 1 and 3. If the rankings would
remain the same the off diagonal elements of the table would have no observations. This,

however, is not quite true.

According to table 6 (CRS) out of 291 schools some 56 per cent (163 schools) stayed in the

same quartile (diagonal elements) and the rest 128 schools (off-diagonal) changed quartile
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when results of model 3 were used instead of model 1. The ranking remains more stable in the
tails in the sense that some 70 per cent of those schools that were either in the lowest or in the
highest quartile in model [ remained there also in model 3. Less than half (43 per cent ) of
those schools that were either in the second or third quartile in the model 1 were in the same
quartile in model 3. The rest of the schools changed their quartile and there were also schools
which moved from one end of the distribution to the other end. This is the case especially for
six schools which according to model 1 were in the first quartile but moved to the fourth
quartile in model 3. This kind of result indicates that at least for some schools it may make a
big difference what is included as inputs and outputs in evaluating their efficiency. Note,
however, that the risk of missevaluating seems to be asymmetric as no school in the lowest
quartile according to model I moved to first or second quartiles when more variables in model

3 were used.

Table 6. Frequencies of schools in quartiles according (o their efficiency scores in model 1

and model 3 assuming CRS (the range of efficiency scores in each quartile in parentheses).

Model 3/ I quartile I1 quartile 11T quartile : 1V quartile Total
Model 1 (38.14-70.96) | (71.07-77.37) | (77.49-83.45) {83.47-100)
I quartile 51 11 5 6 73
L(1699:5956) | (7.83) G GI8 G (T2 L 206) | (2509)
IT quartile 18 33 16 6 73
A2808:00.10) L 0d9) 1 (1134) Q20 b 206 1 425.09)
IIX quartile 4 28 30 11 73
LSS IATIST) e 0BT 062 L1031 (BT8) L (25.09)
IV quartile 0 i 22 49 72
LAT3800) 000 O3 b 56 L (1684 b 2474y
Total 73 73 73 72 291
(25.09) (25.09) i (25.09) (24.74) {100.00)
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Table 7. Frequencies of schools in quartiles according to their efficiency scores in model 1

and model 3 assuming VRS (the range of efficiency scores in each quartile in parentheses).

Model 3/ I quartile 11 quartile 11T quartile IV quartile Total
Model 1 (58.40-75.78) i (75.83-82.57) : (82.64-93.54) i (93.95-100)
I quartile 45 16 4 ; 8 73
0616409 | (1546) G (SSO) (AN f @75 1 2509)
II quartile 25 27 12 9 73
111 guartile 3 30 32 8 73
L(69918026) | a.03) F (03D (1100) | @I 2509
1V quartile 0 0 25 47 72
L(B062100) | 000) o Q00) P (859) o (1615) I (47
Total 73 73 73 72 291
(25.09) {25.09) (25.09) (24.74) (100.00)

Under the assumption of VRS there seems to be somewhat more instability as compared to the
above CRS results. According table 7 (VRS) out of 291 schools some 52 per cent (151
schools) stayed in the same quartile (diagonal elements) and the rest 140 schools (off-
diagonal) changed quartile when results of model 3 were used instead of model 1. The patiern

of changes in rankings is very similar to those obtained assuming CRS.

Similar comparisons could be made between any two pairs of models. Instead of presenting
and commenting them all, we feel that Tables 6 and 7 comparing model 1 with a limited list
of outputs and inputs, and a more extensive model 3 are sufficient to illustrate how the

ranking of schools depends on variables available.

5.3  On the connections of efficiency scores to some other variables

Above we presented results on the efficiency score distributions of the alternative models and
studied their stability. Here, we consider how efficiency is related (or unrelated) to some of
variables of interest. In section 5.3.1, to illustrate that efficiency as a ratio of weighted outputs
and weighted inputs is a different concept than e.g. any typical output indicator, we present
scatter diagrams where efficiency scores and matriculation examination scores are plotted.

Thereafter, we present scatter diagrams in which school size and class size is plotted with
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efficiency scores. In section 5.3.2 we present Tobit models in which efficiency scores derived

from the most extensive models are explained by variables not included in the DEA models.

5.3.1 Scatter diagrams

In the introduction we noted that schools can be evaluated from various points of view paying
attention to outputs (students’ achievements etc.) or inputs (expenditures etc.) only. Here, we
have been interested in efficiency which has to do with the relation between outputs and
inputs. Obviously, if the view-point differs also the evaluation and rankings may change
drastically. To see that this is the case, we have plotted (figure 4) the efficiency scores of
Model 3 (assuming CRS) and one output indicator, namely average matriculation examination
score which is most often regarded as an indicator of the goodness of senior secondary

schools.

We see from figure 4 that efficiency scores and the average grades in matriculation
examination are almost unrelated (Spearman rank cotrelation coefficient 0.15). A school with
poor matriculation examination results can be efficient because it may also have a small
amount of inputs. On the other hand, good performing schools by matriculation examination

scores can be inefficient since their use of inputs is large.
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Figure 4. Scatter diagram for efficiency scores (from model 3 under CRS) and matriculation

examination scores.
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In figure 5 we have plotted efficiency scores and school size measured by the number of
pupils. Their correlation is 0.33. The least one can say about the figure is that inefficiency
seems to be more related to small schools than big schools although the efficiency varies
practically in all school sizes. There are small schools with less than 100 pupils which are

fully efficient (score 100) and large schools with over 400 students that are quite inefficient.
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Figure 5. Scatter diagram for efficiency scores (from model 3 under CRS) and school size

(measured by number of pupils).
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The relation between class size and efficiency score is shown in figure 6. The average class
size In the picture is a proxy and it is calculated by first dividing the number of teaching hours
in the school by 20 (our estimate of the average teaching hours of each teacher per week) and
then dividing the obtained number with the number of pupils. The correlation between the
class size and efficiency scores is 0.55 suggesting that schools with bigger classes are more
efficient. Despite this general relation, one must note again that there are some fully efficient

schools with small class sizes.
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Figure 6. Scatter diagram of efficiency scores (from model 3 under CRS) and class size.
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5.3.2 A Tobit model

Here, we shall present results of a statistical exercise where efficiency differences are
explained by some variables not directly included in the DEA analysis. As efficiency scores

are limited to range to the [0,1] interval one must use methods that take this fact into account.

In a standard Tobit model the dependent variable is either zero or some positive number (c.f,
e.g. Maddala 1983) so that only negative values are excluded. By choosing the dependent
variable Y; for school i to be the inefficiency score (1-efficiency score), the model can be

writlen as

Yf :Xr'B + 1
Y=Y ,if ¥ >0, (11)

Y, =0, otherwise.

In (11) X; is a vector of explanatory variables and B is a vector of parameters to be estimated.

i is a latent variable which can be viewed as a threshold beyond which the explanatory

variables must affect in order for ¥; to "jump” from 0 to some positive value. In our case, the
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inefficiency score is meaningful to view as a continuous variable limited to a minimum value
of 0. Thus, the threshold has no special interpretation in our case, but the model specification
makes it possible to estimate the model by the maximum likelihood method assuming

normally distributed errors U, .

This approach with Tobit model as a second step after deriving efficiency scores by DEA has
been used e.g. by McCarthy and Yaisawarng (1993) in a school context as pointed out earlier,
and also by Luoma er al. (1995) in studying the efficiency of health centers in Finland. In our
case we simply want to test whether some variables related to the schools or their environment
have explanatory power for the efficiency differences. We shall not use the results here e.g. to
calculate efficiency scores corrected by variables related to school environment as McCarthy

and Yaisawarng did.

The inefficiency scores which are the dependent variables in the subsequent Tobit models will
be based on models 3 and 4 assuming CRS. Recall that in model 3 we did not have parents’
education (PARENTS’ EDU) as an input so it is interesting to test weather the inefficiency
scores of model 3 can be explained by this factor (in tobit models if is an average educational

level of student’s parents multiplied by 100) using a Tobit model.

The differences between the results from CRS and VRS models are an indication of scale
inefticiency. Instead of reporting results on measures of scale inefficiency (see section 2) e.g.
by decomposing VRS efficiency scores into technical and scale efficiency, we use school size
(SCHOOL. SIZE) and class size (CLASS SIZE) in our Tobit model to explain inefficiency
scores from CRS models. If there is a school size or a class size (measured by number of
pupils) that is efficient, inefficient schools have smaller and larger class size than this optimal
size. To test this, in addition to first order terms, we also included second order terms

(SCHOOL SIZE SQ. AND CLASS SIZE SQ.) of these variables.

We also have information on sector specific state grants to municipalities. The grant system in
1989-91 was based on a “per cent of administratively determined acceptable educational
expenditures” type formula where the per cent (GRANT RATIOI) varied according to
economic, demographic and regional characteristics of municipalities ranging from 50 to 86
per cent. Together with this variable we use the ratio of actual to acceptable expenditures

(ACT/ACC EXP.). Instead of these two variables we also use the ratio of grants fo actual
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expenditures in 1992 (GRANT RATIO2) to explain inefficiency. The range of this ratio was
from 0.408 to 1.006 in 1992. If the grant ratios are high, one would expect that the incentive

for efficient use of resources is low leading to inefficiency.

There are 16 private schools (getting grants as public schools) in our data and we have a
dummy variable (PRIVATE) to test its relation to (in)efficiency. As explanatory variables we
shall also use the share of female students in the school (FEMALE). To study the role of
heterogeneity of students, we have calculated for each school the standard deviation of
students’ mean grades (grades range 4-10) given by their own teachers at the end of senior
secondary school (HETEROGENEITY.). We also have two dummy variables which are
related to the type of municipality (URBAN; intermediate densely populated arca = DENSE;
and sparsely populated country-side as the reference case). As the generousness of the grant
system is related to the type of municipality, the use of these dummy variables is an
alternative to our GRANT RATIO variables. The summary statistics of the above variables

are in Appendix 2.

The results of three Tobit models explaining the inefficiency scores of CRS model 3 are in
table 7. As for the effects of individual explanatory variables, school size, share of female
students, heterogeneity of students in the school, type of municipality (urban, dense, rural) and
variables related to the grant system remain clearly insignificant in explaining inefficiency.
Class size is related to inefficiency nonlinearly as both the first and second order terms
become significant implying (according to Tobit model 3A) a relation depicted in Figure 7 in
the range of class size in our data. According to these results inefficiency first increases as the
class size increases. After the class size is on average 11 students inefficiency starts to
decrease as class size increases and when the class size is on average 27 students inefficiency

is minimized.
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Figure 7. The relation between inefficiency and class size (from Tobit model 3A).
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Somewhat surprisingly private schools are less efficient than public schools. Parents’

educational level has a clear positive effect on efficiency.
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Table 7. Parameter estimates (normalized coefficients) of Tobit models explaining school

inefficiency (model 3 assuming CRS)

Variable Coeff, t-ratio Coefi. t-ratio Coeff. t-ratio
AP BAS N8B 092 s 04T ]
022500016 0 068 ¢ 00016 1 069
2071420000004 100 ¢ -0.000004 £ -0.97

o204 3025 ¢ 195 025 i 196
L8 o -0012 -3.48 L0y 344

SCHOOLSIZE =~ &
SCHOOL, SIZE SQ.

063208 G066 1205 P07 i 230
HETERQGENEITY © 066 | 124 1 066 © 125 070 | 13
PARENTS'EDU | 00056 : 319 | 00051 | 281 | 00047 | 255
DENSE b QML 0S8
A A B & 099 105

Proportion of 29/291
efficient schools

R D36 E 103580362
Log-likelihood {211.82 {21098 i 211.51

Next, we shall take the inefficiency scores from model 4 (assuming CRS), i.e. a model where
parents” education level is treated as an input, and explain the differences using Tobit models.
The results are presented in table 9. Note that the number of schools that are fully efficient
(inefficiency score 0) is greater and the average inefficiency is lower here as compared to
results of model 3 (assuming CRS). Thus it is not surprising that the R? values are lower here

than in the models in Table 8.

When parents’ educational level has been included already in DEA-model and it is not an
explanatory variable in Tobit models, there are some changes in the effects of variables.
School size remains insignificant and class size significant as before. Type of municipality

becomes significant such that schools in urban areas are inefficient relative to those in rural
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and other less populated areas. Also student composition begins to matter. Although the share
of female students does not quite get a significant coefficient, heterogeneity in grades is
positively related to inefficiency. When grant variables are used instead of municipality type
variables they, surprisingly, begin to get negative coefficients which are close to being
significant. When the insignificant school size variables are excluded from the model, their
(asymptotic) t-statistics increase in absolute value (1.94 for GRANT RATIO! and 1.99 for
GRANT RATIOZ2). The same happens to the dummy variable related to private schools
making the dummy significant also in Tobit model 4A. These results do not support the
hypothesis that high grant ratios and being a public school lead to inefficiency. Rather, they

somewhat unexpectedly support, if anything, the opposite conclusion.

Table 9. Parameter estimates (normalized coefficients) of Tobit models explaining school

inefficiency (from model 4 assuming CRS).

et TODUAA L mobitan L omoweac
Variable Coeff. t-ratio Coeff, {-ratio Coeff, {-ratio
Lonstant e 380 47294 G351 G208 ¢ -340 G 168
SCHOOLSIZE | ¢ 000009 : 004 i 00022 095...1..00023 | 097

| SCHOOL SIZE 5Q. ;20000002 -0.57  : :0.000004
SLASSSHZE b 060G A0 061 1 386 1 061
SLASSSIZESQ. | ..002L 4 309 ¢ 0020 i A86 1 0020 | 485
FPRIVATE e 0350 A5 5065 0 204 L 062 199
| FEMALE e Q0097 42144 L 0011 LS8 50011 f
HETEROGENEITY | X770 0..320 L L1 .38 & 172
DENSE e DL OBE

GRANT RATION

.........................................................................................................................................

84

............................................................................................................................................................................................ 00T

Proportion of 61/291
efficient schools &
Log-likelihood 21434 | 209.69 | 209.66
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6 CONCLUSIONS

In this paper we studied the efficiency differences among 291 Finnish senior secondary
schools. The relations between outputs and inputs were analyzed by Data Envelopment
Analysis (DEA). Four different models with school level data were used. In the simplest one
both input and output variabies were quantitative, in the most extensive ones also quantified
qualitative variables were included. They were related to students who were in the (typically}
three year school in 1989-91 and participated in the national matriculation examinations in the
spring of 1991. Qutput variables in our cross-section data included number of graduates who
passed their grade during 1989-91, number of students who passed the matriculation
examinations in Spring 1991 and related scores in compulsory and additional subjects. Input
variables included teaching and other hours, experience and education of teachers, and quality
of pupils when entering the school, As an input outside the schools control we had education

of students’ parents.

DEA is a non-parametric method which derives from input-output data a frontier production
function (efficiency frontier) by linear programming. Efficient schools which are part of the
frontier get an efficiency score of 100 per cent and inefficient ones located under the
efficiency frontier scores below 100 per cent indicating the share of resources with which the
current outputs could be produced if they were efficient. Average efficiencies in the most
extensive models were 82-84 per cent, ranging from 44 to 100 per cent. When in addition to
inputs related to the schools, parents’ educational level was treated as an input, average
cificiency increased to 91 per cent. The results depend somewhat on whether one assumes that

constant returns to scale (CRS) or variable returns to scale (VRS) applies to the frontier.

In addition to finding out efficiency differences among senior secondary schools, one purpose
of the study was to analyze how efficiency rankings of schools depend on inputs and outputs
included in DEA. Will a ranking based on only a few readily available variables produce
similar rankings as one in which there are more input and output variables. By ranking schools
according to their efficiency scores, 60-70 per cent of schools in the topmost and the lowest
efficiency quartiles tended to maintain their ranking from the simplest model 1 to model 3
where all of our input and output variables (except parents’ education) were included. The

schools in the centrally located quartiles 2 and 3 were more mobile as only 40 - 45 per cent of
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them stayed in the initial quartile. Stability of the rankings from one model to another was
also studied by calculating Spearman rank correlation coefficients. These results showed that
the largest differences in rankings in subsequent models were between the models 3 and 4

where the correlation was 0.66 assuming CRS and 0.69 assuming VRS,

As another test of stability of our results we applied so called jackknifing. We run DEA
analysis by dropping one fully efficient (i.e. frontier) observation at a time to see how the
omittance of these eventual outlier observations would affect the results. Changes in
efficiency scores and rankings (according to Spearman rank correlation coefficients) turned

out to be minor,

The results also showed that e.g. the rankings of schools by matriculation examination scores
differed markedly from their rankings by efficiency. This is not surprising as efficiency
measures the relation between outputs and inputs whereas matriculation examination scores
are output indicators. Efficiency scores were, however, positively related to class size

(correlation 0.55) and to a lesser extent to school size (0.33).

In addition to presenting scatter diagrams and correlations between efficiency scores and some
individual variables of interest, we also did some statistical modeling. The degree of
inefficiency (100-efficiency score) of schools was explained by a Tobit model. Here, the
explanatory variables included factors which were related to the student body, scale of
operation, and {inancing of the school but were not included in the DEA models. As for the
effects of individual explanatory variables, school size, share of female students,
heterogeneity of students in the school, type of municipality (urban, dense, rural) and variables
related to the grant system remained clearly insignificant in explaining inefficiency. On the
other hand, inefficiency decreased as class size, and parents’ educational level increased.

Somewhat surprisingly, private schools were inefficient relative to public schools.

When parents’ education level was included as an input in the DEA analysis and the
inefficiency scores were then explained in a Tobit model, some resulis changed. School size
remained insignificant and class size significant as before. Municipality type becomes
significant such that schools in urban areas are inefficient relative to those in rural and other
less populated areas. Also student body composition begins to matter. Although the share of

female students does not quite get significant coefficient, heterogeneity in grades is positively
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related to inefficiency. When grant variables are used instead of municipality type variables
they, surprisingly, begin to get negative coefficients which are close to being significant. The
same happens to the dummy variable related to private schools making the dummy significant.
These results do not support the hypothesis that high grant ratios and being a public school
lead to inefficiency. Rather, they somewhat unexpectedly support, if anything, the opposite

conclusion.
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Appendix 1. Summary statistics of the variables used in DEA analyses

Inputs:

std. dev,
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| Teaching hours per week
_Other than teaching hours per week
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LEducation of students’ parents 11669

Outputs:
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Score in  compulsory subjects in  matriculation
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Score in other subjects in matriculation examination
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e S
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35300
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Appendix 2. Summary statistics of the variables used in Tobit analyses
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