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1. Introduction 
There is a large and growing stream of literature on productivity of educational institutions that overlaps 
such disciplines as educational economics, educational statistics, pedagogy, and operations research. 
Simplest thinkable productivity measure of a school is the pupil-teacher ratio, which if frequently referred to 
in public discussion. However, such simple ratios overlook such factors as the quality of educational 
outcomes, family background of pupils, economic resources of the school and its operating environment.  

Bogetoft and Wittrup (2011, in this issue) approach this topic from a novel perspective that combines 
multi-level modeling (MLM) from the educational research (e.g., Raudenbush and Bryk, 2002) with data 
envelopment analysis (DEA, Charnes et al., 1978) used in applied economics and operations research. This 
allows the authors to take into account both qualitative and quantitative factors suggested above. I find this a 
very useful contribution towards further integration of this scattered field of research that is too much 
divided by disciplinary boundaries. However, I also see scope for a more systematic and rigorous integration 
of the methods. Purpose of this note is to provide some thoughts for further development of this line of 
research. I start from methodological issues and proceeding via scale efficiency to practical implementation.   
 
2. Further integration of methodology 
MLM is mainly confined to educational research, but it is analogous to the standard fixed effects (FE) and 
random effects (RE) models in econometrics (e.g., Greene, 2012). While the FE and RE models are usually 
applied to panel data where n schools are observed over T time periods, one could equally well apply them to 
a cross-section of n schools that are observed from the perspectives of Ti individual pupils (assume an 
unbalanced panel where Ti differs across schools). The fixed effects of the FE model can be used for 
estimating the “value added” of the school, analogous to the MLM approach. Interestingly, in the literature 
of stochastic frontier analysis (SFA, e.g., Kumbhakar and Lovell, 2003), the econometric panel data methods 
are similarly used for estimating productivity differences across schools. Such SFA models could readily 
incorporate both pupil-level and school-level information in a coherent and fully-integrated framework. 

The main advantage of DEA to SFA is that it does not require any particular functional form for the 
production frontier. While DEA originated as a mathematical programming approach, the statistical 
properties of the DEA estimator have been established (Banker, 1993; Simar and Wilson, 2000). Recently, 
Kuosmanen and Johnson (2010) have shown that DEA is a sign-constrained variant of convex regression 
(Hanson and Pledger, 1976). This link between DEA and regression analysis enables us to integrate a DEA-
style nonparametric frontier to the econometric models of panel data (see Kuosmanen and Kortelainen, 2011, 
for details). A practical challenge with such an integrated modeling approach is the enormous computational 
burden when the sample size (number of pupils) is very large. However, more efficient computational 
algorithms are being developed. Moreover, clever use of modeling can significantly reduce the 
computational burden. 

The main disadvantage of DEA is that it does not take into account an explicit disturbance term, and 
hence any measurement errors, omitted variables and other noise is attributed to inefficiency. Incorporating 
DEA-style axiomatic frontier in an econometric framework as in Kuosmanen and Kortelainen (2011) can 
effectively solve this problem.  

Finally, the two-stage method where DEA efficiency scores are regressed on environmental variables z 
(which Bogetoft and Wittrup consider at the end of Section 5) has been sharply criticized by Simar and 
Wilson (2007), who argue that the statistical inferences in the second-stage regression are invalid. Integrating 
the DEA-style nonparametric frontier to the econometric model solves this problem as well (see Johnson and 
Kuosmanen, 2012).   

    
2. Scale efficiency 
An important issue from the policy perspective is the optimal school size, which is closely related to the 
optimal pupil-teacher ratio: small schools tend to have smaller groups than large schools. Small groups 
obviously require more teacher resources than large groups, but there seems to be a tradeoff between the 
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group size and the quality of educational outcomes. Further, if small schools are closed and pupils are 
reallocated to larger units, the transportation costs can increase significantly, especially in sparsely populated 
areas. Estimating the economically optimal school size is a challenging task that involves several tradeoffs.  

Bogetoft and Wittrup address this issue using the DEA-based scale efficiency measure. From 
conceptual point of view, scale efficiency is perfectly appropriate for evaluating the most productive school 
size. However, the input variables considered in this study restrict to labor inputs (teacher and staff hours). If 
data permits, the scale efficiency analysis could easily be extended to include the capital stock and other 
relevant inputs. However, to estimate the potential cost saving obtainable by scale efficient operation of 
schools from the social point of view, one should look beyond the school-specific input resources and take 
into account external costs (e.g., transportation cost) that are not included in the school budget.    
 
3. Realizing the cost saving potential  
Achieving the potential cost saving estimated by frontier methods is challenging in practice. In this respect, 
Bogetoft and Wittrup devote considerable attention to interactive benchmarking where the inefficient schools 
can  learn  from  their  efficient  peers.  Benchmarking  is  widely  recognized  as  a  useful  strategy  to  facilitate  
diffusion of best practices. However, benchmarking does involve an opportunity cost (consider the time 
devoted for searching the appropriate peers, visiting the schools and organizing meetings concerning school 
practices, etc.), whereas the benefits are uncertain. It is not always self-evident that the benefits outweigh the 
cost. To my knowledge, there is little evidence that DEA-based benchmarking is more cost-effective than 
some simpler and cheaper alternative for diffusion of best practices. I would like to suggest this as an 
interesting topic for further research.  

The approach that I would propose is to first identify good practices that schools have (e.g., 
pedagogical approach, extracurricular activities, the use of ICT), then collect data regarding the practices, 
and finally apply efficiency analysis to assess how different practices affect performance. The effects of 
school practices (or local or national policy) on productivity could be estimated similar to the z-variables that 
represent the operating environment (see Johnson and Kuosmanen, 2012, for a more detailed discussion). 
Results of such estimation could provide valuable information for both educators and policy makers about 
the productivity improving practices.  
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