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Abstract 
 

Many efficiency studies have been conducted to look at the relative performance of 

universities. Judgments were made on the overall performance of universities compared to the 

best performing ones in the sample. Meanwhile the possibility of efficiency variation within 

the same university was not taken into account. The focus of this paper is on the measurement 

of technical efficiency within the units of the same university. It is interesting to see if the 

average efficiency score of university can reflect the performance of various units operating 

within the same technical university. The analysis is conducted for the Royal Institute of 

Technology of Sweden (KTH), using the data from the Research Assessment Exercise 

conducted by KTH in 2008. *It provides a unique opportunity of quantifying different 

teaching and research outputs while controlling for quality. Technical efficiency scores are 

estimated using non-parametric production frontier methodologies. Different model 

specifications are tested.  
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*  Research Assessment Exercise conducted in 2008 aimed at evaluating the quality of KTH research. There 
were three operational aspects to this model: international expert review, bibliometric analysis and self-
assessment.  
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1. Introduction 

In today’s knowledge economy more and more attention is paid to the higher education 

sector, the main producer of human capital and knowledge. Aspiring to contribute to the 

production of human capital and knowledge, which is deemed as the “driving force” of 

economic growth (Romer, 1986; Lucas, 1988), governments increase public financing to the 

higher education sector†. The latter uses the received financing to perform its main functions, 

teaching and research, which are materialized via degrees awarded and scientific papers 

produced. However, while implementing the same functions and producing relatively similar 

results, the higher education institutions, namely research universities, may exhibit different 

efficiency of operation. Economic theories of non-profit behavior argue that organizations 

like higher education institutions have little incentive to engage in efficient production 

practices (James, 1990).  Niskanen (1971) suggests that public “organizations are budget 

maximizers” and hence have greater freedom to pursue their own objectives at the expense of 

conventional objectives (in Khumbhakar, Lovell, 2000). As noted in Robst (2001) the activity 

of higher education institutions is driven by “the pursuit of excellence” and “prestige 

maximization”, which does not necessarily imply economic efficiency traditionally assumed 

for profit-maximizing business establishments. Meanwhile the public authorities, allocating 

funds to universities, are interested not only in the “excellence and prestige” of universities, 

but also in the efficient utilization of their resources. The universities being less restricted in 

resources maybe reluctant to operate efficiently, resulting in “irrational” use of external 

resources. As noticed in Robst (2001) “…increasing state appropriations may lead to greater 

university expenditures and unless accompanied by an output and quality increase will likely 

lead to greater inefficiency”. In this respect the measurement of university performance in 

terms of resource utilization becomes an important issue. Do universities differ in the 

efficiency of resource utilization or do they exhibit similar performance while pursuing the 

same “prestige maximization” objective? This is important not only for those allocating 

financing to universities but also universities themselves. The latter can utilize the knowledge 

about their relative efficiency to eliminate the existing shortcomings and show higher 

performance.  

Many efficiency studies have been conducted to evaluate the performance of higher education 

institutions. They mainly focus on measuring the technical or cost efficiency of a group of 

universities or university departments for a given country. A common result is that the 
                                                 
† Mainly in countries with publicly financed education sector like Sweden 
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efficiency levels are high at the institutional level. Thus, Johnes (2005) evaluated the 

performance of 100 higher education institutions in England and found that the overall 

efficiency of English universities is high compared to the best in the sample. Similar results 

were achieved by Abbot & Doucouliagos (2003), who analyzed the technical efficiency of the 

Australian universities. At the same time the efficiency study for the Spanish universities by 

Garcia-Aracil & Palomares-Montero (2008) revealed that the average efficiency of Spanish 

public universities is below 70% relative to the best performing one.   

All these studies aimed to look at the variation of efficiency within universities of the same 

country. Judgments were made on the overall performance of universities compared to the 

best performing ones. The possibility of efficiency variation within the same university was 

not taken into account, whereas, as noticed in Goldstein & Thomas (1996) both within and 

between institution variations are important while constructing a measure of performance.  In 

this respect it is interesting to see to which extent the average efficiency score of the 

university can reflect the performance of units within the same university. Is it so that 

operating in more or less similar conditions, having the same administration and similar 

strategic approaches, they exhibit different performance? 

This paper aims at shedding light on the issue of possible variation in the technical efficiency 

of units within the same educational organization by the example of Royal Institute of 

Technology (KTH, Sweden). It also investigates the mutual relationship between the 

efficiencies in performing two main university functions, teaching and research. This is an 

interesting issue since the university units may differ not only in their efficiency as a whole 

but also in the efficiency of teaching and research separately. Some units may be efficient in 

utilization of their resources for teaching purposes; others can have high efficiency in 

research production, while the third group can be efficient in the joint activity. It is interesting 

to see if the inefficiency in one activity maybe compensated by the efficiency in another. The 

influence of teaching efficiency and research efficiency on the joint efficiency is discussed.  

Thus, the relative performance of 47 units operating within the same technically-oriented 

KTH and “producing” technical education and research is measured using data on teaching 

and research outputs of the university for the year of 2007. It is worth noting that KTH 

accounts for one-third of Sweden’s technical research and engineering education capacity at 

university level. There are a total of just over 12,000 full-year equivalent undergraduate 

students, more than 1,400 active postgraduate students and 2,800 full time equivalent 
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employees. Every year the university awards about 2000 bachelor and master degrees and 

400 licentiate and PhD degrees.  

The methodology of data envelopment analysis (DEA) is applied to measure the efficiency of 

KTH units in teaching only, research only and in teaching and research jointly. The rich 

dataset available from the Research Assessment Exercise (RAE) conducted by KTH in 2008 

allows coping with difficulties in measuring research output mentioned in other studies. In 

particular, detailed information on research outputs is utilized to control for both output 

heterogeneity and quality. 

The results suggest that the units being technically efficient in either research or teaching 

have more chances to be technically efficient in their activity as a whole. At the same time 

there is a weak positive correlation between efficiency of resource utilization in teaching and 

research separately, suggesting that efficiency in research has very small impact on efficiency 

in teaching and vice versa. According to the results 74 % of KTH units operate on the 

frontier, i.e. they have 100% efficiency in utilization of their resources for teaching and 

research activities. The average performance of inefficient units is estimated to be 85%. The 

inefficient operation is the result of both poor management and scale inefficiency.  

The paper is organized as follows: a brief background is presented in Section 2, the 

methodology of DEA is described in Section 3, input output indicators and data sources are 

discussed in Section 4. The analysis and results are presented in Section 5 and the summary 

of results in Section 6. 

 

2. Background 

2.1. Technical efficiency and production frontiers  

Classical economic theory predicts that firms seek to maximize profit or minimize cost and 

thus operate efficiently. However evidence from practice does not always support it. Some 

firms, especially those operating as non-profit organizations, tend to deviate from the 

predicted behavior and are hence regarded as inefficient (James, 1990).   

The pioneering work by (Farrel 1957) provided the definition and conceptual framework for 

technical efficiency. Farrel suggested that one could usefully analyze technical efficiency 

(TE) in terms of realized deviations from an idealized frontier isoquant. Hence, TE 

characterizes the relationship between observed production and some ideal or potential 
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production revealed from the observations. The traditional definition of technical efficiency 

concerns the efficiency of resource utilization: that is how efficiently inputs are transformed 

into outputs compared to the best performing unit. A producer is technically efficient if, and 

only if, it is impossible to produce more of any output without producing less of some other 

output or using more of some input.  

The efficiency measures are defined in such a way as to provide measures of distance to a 

respective frontier function. Kumbhakar and Lovell (2000) define the production frontier as 

the boundary of the graph of the production technology. This boundary represents the 

maximum output that can be produced given inputs, or, alternatively, minimum inputs 

required to produce given output. That is, it presents the best practice performance in the 

industry/organization. Production frontiers are usually estimated using sample data on all the 

inputs and outputs used by a number of decision-making units. 

The basic concept of technical efficiency can be demonstrated with Figure 1. The axes show 

the inputs (x1 and x2) per unit of output (q). SS’ represents all input-output combinations 

possible when the available technology is efficiently used, i.e. the frontier production. The 

operation of any decision-making unit (DMU) can be represented by a point above or on SS’. 

Point P represents a particular DMU. Since P is not on SS’ then it is not efficient because 

inputs per unit of output exceed the technically possible. Technical efficiency can be realized 

by proportional reduction of inputs along PO to the point Q on the frontier. It is reflected in 

the distance QP and is measured as OQ/OP.  

 
Figure 1. Production frontier and distance functions 
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Two methods that are most often used to construct frontiers are data envelopment analysis 

(DEA) and stochastic frontier analysis (SFA), which involve mathematical programming and 

econometric analysis respectively.  

In SFA the frontier production function is constructed using regression analysis and a single 

regression equation, representing the “average” production technology, is assumed to apply to 

each DMU. DEA, in contrast, optimizes the performance measure of each DMU. The focus is 

on the individual observation and n optimization (one for each observation) problems are 

solved to construct the frontier. This results in a revealed understanding about each DMU 

instead of “average” DMU.  

DEA is a deterministic method and assumes that all deviations from the frontier production 

function are solely due to inefficiencies. Under SFA assumptions the deviations from the 

frontier are separated into two components, i.e. inefficiency and random noise. The cost paid 

for the separation of inefficiency component from the random noise is the imposition of a 

specific functional form for the regression equation (production or cost function) relating 

independent variables to dependent variables. The choice of functional form also requires 

specific assumptions about the distribution of the random error term, which in practice is not 

theoretically grounded. However once the functional form is chosen statistical tests can be 

conducted identifying the significance of the model components, whereas DEA does not have 

such a possibility.  

Thus, the obvious advantage of DEA is that it does not require any assumption about the 

functional form‡. It calculates the maximal performance measure for each DMU relative to all 

other DMUs in the observed population with a sole requirement that each DMU lie on or 

above the frontier (Fig.1). Furthermore, DEA allows for models with multiple outputs, which 

is hardly accomplished in SFA. This is achieved due to the possibility to assign optimal 

weights to the outputs, whereas SFA allows for only one output in the form of dependent 

variable.   

Both approaches have advantages and disadvantages and the choice of the methodology 

depends on the specific situations where some estimation technique proves superior. DEA has 

been used extensively for the efficiency analysis in public sectors, which have multiple inputs 

and outputs and where no price information is available. Many authors used DEA as a 

performance measurement tool in the education sector (see Abbot & Doucouliagos (2003), 

                                                 
‡ except for convexity 
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Johnes (2005), Fare, Grosskopf and Weber (1989)) and argue that DEA is a more appropriate 

tool for multi-output production of educational establishments.  

In this paper the technical efficiency of 47 units of KTH will be assessed employing the 

methodology of DEA. The choice of the method is due to the possibility to use multiple 

outputs and avoid functional form assumptions about the production function and random 

noise distribution. 

3. The DEA methodology 

So far, to calculate the technical efficiency of KTH units we aim to construct a production 

frontier using DEA methodology. The DEA solves this problem via estimation of piece-wise 

linear production function using linear programming methods. Efficiency measures are then 

calculated for each DMU relative to the revealed surface of the frontier production 

technology.   

There are two possible approaches to DEA problems, input oriented and output oriented. The 

input oriented approach considers the possibility of reducing inputs for the given value of 

outputs, while the output orientation deals with the expansion of outputs given inputs. The 

explanations provided below refer to the output oriented approach, which in our opinion is 

more appropriate for this analysis. This is because in the short-run the inputs to the university 

units’ operation are fixed and they are more flexible in the choice of outputs.  

3.1. Returns to scale   

To identify the frontier production function using DEA methodology some form of returns-

to-scale needs to be assumed for the respective production technology. There are two 

alternatives: constant returns to scale and variable returns to scale (VRS). By definition the 

production technology exhibits constant returns to scale if the proportional change in inputs is 

accompanied with the same proportional change in outputs. VRS production technology is 

more flexible and allows for increasing (IRS), decreasing (DRS) and constant returns to scale 

(CRS). The ratio of technical efficiency scores under two different scale assumptions serves 

as a measure of scale efficiency.  Scale efficiency indicates if the DMU has the optimal size 

of operation. Thus, the DMU can be technically optimal but the scale of its operation may not 

be optimal. It can be too small and operate under increasing returns to scale technology or too 

large and operate under decreasing returns to scale technology. In both cases the efficiency of 

the DMU might be improved by moving to the constant returns to scale technology. This is 

achieved by altering the scale of operation, i.e. changing the size keeping the same mix of 
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inputs and outputs. If the DMU operates under CRS technology then it is automatically scale 

efficient. This is illustrated in Figure 2 for one input (x) one output (q) case under VRS 

assumption for the production technology.  Points A, B and C are technically efficient since 

they operate on the frontier; however they have different scale efficiency. Point A which 

operates in the CRS part of the production technology has the optimal scale efficiency, 

whereas points A and C, operating in IRS and DRS regions, are not scale efficient. They can 

improve their scale efficiency by moving to the scale efficient point B, i.e. changing the size 

of their operation.  

 
Figure 2. Scale efficiency and MPSS 

In other words, scale efficiency identifies how far the DMU is from the so-called “most 

productive scale size” (MPSS).  The most productive scale size is defined as the region in the 

frontier production function where the DMU maximizes its productivity, i.e. the region with 

constant returns to scale.  In Fig 2 point B has the highest possible productivity, defined as the 

ratio of output q to input x, and hence represents the MPSS. Thus, the scale efficiency 

measure can be used to indicate the amount by which the DMU can increase its productivity 

by moving to the most optimal scale size. The scale efficiency is calculated as the ratio of 

technical efficiency scores from CCR and BCC models described below.  

3.2. An overview of DEA 

To give some intuition for the DEA methodology we will start from its simple form. Consider 

there are n DMUs each using m inputs to produce s outputs. Assume each DMU aims to 

optimize its productivity, i.e. to maximize the ratio of outputs to inputs or equivalently 

minimize the ratio of inputs to outputs.  In conditions of multiple inputs and outputs, some 

weights should be assigned to outputs and inputs. However there are no commonly agreed 

weights that could be used. Prices could be suggested as a means to aggregate different output 
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and input categories, but there is no price information available for the output of public 

establishments. DEA suggests a method to optimize the ratio of weighted outputs to weighted 

inputs (or equivalently minimize the ratio of weighed inputs to outputs) through assigning 

optimal input and output weights for each DMU.  It is assumed that all DMUs have equal 

access to inputs though they differ in amounts of inputs used and outputs produced. The 

optimal weight for each DMU depends on the amounts of inputs and outputs, and differs 

across DMUs.   

Denote by yo the vector of outputs produced by DMUo and let xo be the vector of inputs used 

by DMUo. Each DMU chooses a vector of input and output weights, vo and uo respectively, 

so as to optimize the ratio of weighted inputs to outputs.  

1

1

v
min (u,v)

u

m

i io
i

o s

r ro
r

x
h

y

=

=

=
∑

∑
 (1.0) 

It is worth noting that the measurement units of the different inputs and outputs need not be 

congruent. Some may involve number of persons, or areas of floor space, money expended 

etc. (Cooper, Seiford, Tone, 2007). Each DMU is allowed to select the weights which are 

most favorable for optimizing (1.0), however without additional constraints (1.0) is 

unbounded. A set of normalizing constraints (1.2) reflects the condition that the weight 

vectors chosen by DMUs should not allow any DMU to achieve a ratio of weighted inputs to 

weighted outputs less than unity.   

Thus, the following fractional linear programming problem, is formulated for every DMU 

1

1

v
min (u,v)

u

m

i io
i

o s

r ro
r

x
h

y

=

=

=
∑

∑
 (0.1) 

Subject to 

1 1
v u 1

m s

i ij r rj
i r

x y
= =
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for j=1, …n   (1.3) 

u , v 0r i ≥  

The above problem yields infinite number of solutions, because if (u*, v*) is optimal, then 

(αu*, αv*) is also optimal for any positive α.  Charnes and Cooper (1962) suggested a method 
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to restrict the number of solutions by imposing a new constraint which requires the sum of 

weighted outputs to be equal to unity.  As a result the above fractional programming problem 

is transformed into the following equivalent linear programming problem:  

1

min
m

i io
r

q v x
=

=∑                   (2.1) 

Subject to 

1 1
0

m s

i ij r rj
i r

v x u y
= =

− ≥∑ ∑   (2.2) 

1
1

s
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r

u y
=

=∑                 (2.3) 

, 0r iu v ≥                          (2.4) 

The constraints (2.2) are transformed from (1.2) under the condition of (2.3).  Solving the 

problem for all DMUs, the corresponding optimal weights, which maximize the virtual 

productivity, are found for each DMU. The technical efficiency score, θ, which is equal to 

1/q, is found by solving the dual to this linear programming problem. The dual problem aims 

at maximization of technical efficiency score under the requirement that the efficiency 

corrected volume of output must not exceed the amount of output produced by the reference 

units, whereas the amount of inputs must at least equal the amount of inputs used by reference 

units. The DMUs with technical efficiency score of unity are deemed as technically efficient. 

The solution of the dual to the above described linear programming problem allows finding 

not only technical efficiency scores but also input output slacks§. It enables judgments about 

the change required in the input output mix of both efficient and inefficient DMUs to be 

transformed into strongly** efficient DMUs. In addition the dual problem also suggests a 

respective “reference set” for each inefficient DMU, identifying those efficient DMUs the 

activity of which each inefficient DMU should emulate to be on the frontier. 

This model (known as CCR model) is built under the assumption of constant returns to scale; 

it does not allow for the possibility of VRS. To overcome this drawback Banker-Charnes-

Cooper (BCC) further developed the model via inclusion of a free sign variable ov in the 

objective function, which resulted in the following model known as output oriented BCC.  

 

                                                 
§ Explained in Appendix 3 
** Explained in Appendix 3 
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ov  free in sign                  (3.5) 

This model is more flexible; the scale of production is determined by the data and can vary 

across units.  This information is used to make judgments about the scale efficiency discussed 

earlier.  

Following the literature (Abbot (2001), Johnes (2003)), the output-oriented BCC model is 

chosen for our analysis.  

 

4. Inputs and outputs of university operation  

As mentioned in Johnes (2006) the classification of inputs and outputs is a crucial step in 

DEA, because the methodology is sensitive to the number of inputs and outputs used in the 

analysis and their specification. Hence the precise specification of inputs and outputs and the 

ability to make them quantifiable is the major challenge for this type of analysis.  

4.1. Teaching output 

The primary output of research universities is education and research. Both categories should 

be treated as “intangible goods” with no explicit market value. There is no price system for 

education and research so as one can measure the value of the output. It would be possible to 

use tuition fees as a measure of teaching output for education but as argued in Triplett and 

Bosworth (2004), the tuition is not a good measure since there is a wide variation in the 

proportion of education costs it covers; moreover there is no tuition at all in countries with 

publicly financed education sector like Sweden.  The same is true regarding the research 

output, there is no price system or common standard to value the research output. One proxy 

that can be used to measure the research output is the research funding but still it does not 
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necessarily reflect the outcome and as argued by many authors it mainly characterizes the 

input and not output of research.  

Hence in conditions of no price information for university outputs, some other measures 

should be used. The common approach in measuring the teaching output of education sector 

institutions is through the total number of graduates, number of full year equivalent students 

or their average performance (Johnes and Taylor, 1990). However there are several problems 

associated with these measures.  Thus, the total number of graduates reflects the output 

produced as a result of teaching during more than one year and hence it is not correct to use it 

as an indicator for one year output. The number of full year equivalent students used as an 

indicator of teaching output does not reflect the quality of teaching. The measure of teaching 

output used in this study is the full year equivalent performance in undergraduate and 

graduate education, which reflects not only the quality and quantity of teaching output but 

also two different teaching levels. One can argue that the average performance is the result of 

both students’ individual abilities and teaching quality. The counterargument is that students 

of one university, in our case KTH, have relatively similar background and abilities, since 

they have to satisfy KTH admission criteria and therefore it can be assumed that they are 

more or less homogenous in their background and abilities.  

4.2. Research output 

The measurement of research output is more difficult because it has neither specific product 

form no market value. Furthermore, research outputs may vary in their quality and it is 

important to account for the quality heterogeneity. Many studies measure the research output 

by bibliometric indicators such as the number of publications in scientific journals or the 

number of citations per publication. Another measure of research output traditionally used in 

by many authors is the external research funding. Hanney and Kogan (1988) suggest that 

research funds reflect the market value of the research conducted and therefore can be 

considered as a proxy to the market price.  

 

Still all these methods can be criticized: for instance one can argue that the number of 

publications does not reflect the whole research produced, many scientific outcomes with 

quite significant value are not published in journals in view of different reasons and counting 

the research output by the number of publications may neglect a quite considerable volume of 

output produced. Meanwhile, the research funding is criticized for not reflecting the scientific 
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value of the research output. Another argument is that the research funding may be deemed as 

input and not output to the research production. 

To overcome the abovementioned difficulties, the research output of KTH units is measured 

from different angles. Thus, the research output of each unit is split up into different 

categories allowing inclusion of both published articles and other research outcomes. In 

addition proxies for scientific and market values of the research output are used to control for 

the quality aspects.  

The data is available from the bibliometric study conducted within the scope of KTH 

Research Assessment Exercise (RAE). In 2008 KTH initiated RAE to evaluate the research 

output of the university, which was performed employing three operational aspects: 

international expert review, bibliometric analysis and self-evaluation. Based on the 

abovementioned three aspects the scientific quality of the research as well as its applied 

quality was assessed. The former refers to “originality of ideas and methods, scientific 

productivity, impact and prominence” and the latter qualifies the applicability of research in 

industry or society. The quality indicators were translated into a scale of 0-5, where 5 

represents quality of a world-leading standard. It is worth noting that the RAE quality 

indicators were evaluated using the research conducted in the preceding six years and it is 

assumed that the quality of the research output did not change during that period. In this study 

the abovementioned two quality indicators will be used to proxy the scientific and applied 

values of the research produced. 

To incorporate information about the market value of the research the data on external 

research funding is used. It is argued that the external financing presents the market value of 

the research produced, i.e. it measures the “willingness” of the external world to pay for the 

research and hence reflects its market value.  

4.3. Inputs 

The definition and measurement of inputs to university operation is also linked with certain 

difficulties. Ideally, the information about all major labor and capital inputs, split up into 

categories to control for their heterogeneity, must be included in the analysis. However, in 

practice there is always lack of data on capital inputs and difficulties in controlling the 

heterogeneity in labor inputs. For the purpose of our analysis, the labor inputs contributing to 

the teaching and research production are divided into 3 categories, i.e. the number of 

professors, academic staff, which includes associate professors, assistant professors, docents 
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and researchers, and PhD students. PhD students are taken as inputs because in KTH they are 

actively involved in both teaching and research.  Such a division allows taking care for the 

different qualifications and skills in the main labor inputs. To incorporate information on the 

contribution of capital inputs the data on administrative and technical staff is used. It is 

assumed that the number of technical-administrative staff is proportional to the capital inputs 

of units. 

4.4. Data 

The specification of all input and output categories used in this study as well as their 

descriptive statistics is presented in the table below.  All the data are provided by KTH 

administration and refer to the year of 2007.  It is worth noting that the input output indicators 

presented below refer to the activity of 47 units of KTH, which are “artificially” formed 

within the framework of the RAE decribed earlier and hence do not represent real 

organizational units.  

Categories Description of variables Max Min Mean Stand.Dev.
Teaching 
output  

Full year equiv. perform. in undergrad. educ. 367 1 67 63
Full year equiv. performance in grad. educ. 495 1 70 90 

Research 
output 

External funding 58,257 262 21,294 14,296 
Number of journal papers 242 2 42 44 
Number of review papers 9 0 1 2 
Number of conference papers 95 0 33 24 
Number of authored books 12 0 1 3 
Number of edited books 8 0 1 2 
Number of book chapters 32 0 5 7 
Scientific quality 5 0 4 1 
Applied quality 5 2 4 1 

Inputs Number of professors 15 0 5 3 
Research staff 47 1 13 9 
PhD students 109 2 23 19 
Technical-administrative staff 33 0 8 7 

Table 1. Descriptive Statistics of Inputs and Outputs 

As shown by the table KTH units differ considerably in both outputs and inputs. One can see 

a huge variation in all input categories, meaning that the units differ in the size of their 

operation.  Interestingly they differ not only in the size but also the type of activity. Some of 

them are more research oriented and have high research output indicators, others are more 

teaching oriented.  This results in different combinations of teaching and research outputs, 

which is illustrated in Figure 2. The figure demonstrates the relationship between the total 

teaching output and two main research output categories, namely journal and conference 

papers. As it is obvious from the figure there is no correlation between two main output 
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categories for KTH units, suggesting that they exhibit no pattern in teaching and research 

intensity.  
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Figure 3: The correlation between teaching and research outputs 

Such variation makes it difficult to make judgments about the performance of individual units 

by looking at input output combinations only because of the necessity to assign weights to the 

respective inputs and outputs. This problem is easily solved using DEA. 

 

5. DEA analysis  

The package DEA-Solver is used to run a DEA for the output oriented variable returns to 

scale model (BCC).  As mentioned earlier output orientation focuses on the amount by which 

outputs can be increased without expansion in inputs††, which in our opinion is more 

appropriate for university units, which are more flexible in altering their outputs than inputs. 

The choice of a model with variable returns to scale assumption is due to its flexibility and 

possibility to measure the scale efficiency. It is worth noting the variable returns to scale 

assumption was previously applied for measuring the efficiency of universities in Johnes 

(2006), Abbot & Doucouliagos (2003) etc.  

Thus, 47 units belonging to different schools of KTH ‡‡are combined and DEA analysis is 

conducted for the entire pool of KTH units. The latter are assumed to be independent 

decision-making units, whereas in reality the decisions on choice of inputs are made at the 

                                                 
†† Using an input orientation approach leads to similar results.  
‡‡ KTH is organized in 9 Schools. 
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school level, and the units have relatively “weak disposal” of inputs, however they are in 

“complete” charge of outputs.  

As it was mentioned earlier, the major drawback of DEA models is that the relative efficiency 

score achieved by each DMU can be sensitive to input output specification. Hence it is 

important to test different model specifications for the robustness of results. In this study 

different output specifications and their different combinations are used to control for the 

sensitivity of results to the number of output variables and their specification. Overall 11 

models differing in the choice of outputs have been tested. All the tested models have the 

same input categories, namely number of professors, academic staff, PhD students, and 

technical-administrative staff. 

5.1. The analysis of technical efficiency in teaching only, research only and teaching and 

research jointly 

All the models tested can be divided into three main groups. In the first group the focus is on 

measuring the efficiency in resource utilization for teaching purposes only. These models 

assume that university units do not produce research and all inputs are used for teaching 

purposes only. Hence, the output of university units is represented by different combinations 

of teaching indicators. Full year equivalent student performance is used as an indicator of 

teaching output. Two output combinations are tested: in the first model the total of full year 

equivalent student performance is used as the only output measure, in the second model the 

output is represented by undergraduate and graduate full year equivalent student performance. 

The results are very similar; the correlation coefficient between the score of two models is 

0.96. According to the results of this group of models 16 units are identified as being 

efficient, 27 inefficient, whereas the performance of 4 units is sensitive to the model 

specification. Thus, there is considerable difference in the performance of KTH units 

assuming that they use all their resources for teaching activities.  

The second group focuses on research efficiency only and the output is represented by 

various research output combinations. In particular, 2 models with quantitative indicators and 

2 models with different quantitative and qualitative indicators, described earlier were tested.   

The correlation coefficient between the technical efficiency scores for models with different 

quality control indicators is high and makes 0.9, whereas the correlation coefficient for 

models with and without quality indicators is 0.54, witnessing the sensitivity of results to the 

inclusion of quality variables. This is not surprising because units differ in their research 
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quality, as evidenced by the results of KTH RAE, and hence quality indicators were expected 

to have some influence while comparing the units’ performance. Overall, 17 units are 

identified as efficient and 9 as inefficient in all models of this group. Interestingly 12 out of 

these 17 units efficient in research were estimated as having high research quality (average 

score from RAE above 4), suggesting that these units produce high quality research with high 

efficiency. Meanwhile, on average there is low correlation (0.25) between the average RAE 

score and technical efficiency scores§§. This is not surprising since technical efficiency refers 

to the resource utilization; it has to do with both quantitative and qualitative input output 

indicators, whereas RAE scores have to do with output quality only. For instance, two 

university units having the same quality of research can differ either in the number of papers 

they produce or the inputs used. Such units get similar RAE scores but different technical 

efficiency scores, since the latter is based on comparison of both qualities and quantities of 

inputs and outputs. For instance, the reference set for unit 26 having high RAE and low TE 

score consists of 3 units with equivalent RAE scores but quite different input output 

combinations, which is reflected in different efficiency scores produced by RAE.   

The models of the third group focus on efficiency in both teaching and research and hence 

indicators of both teaching and research are included in the third group of models. We start 

with models which include teaching and research quantitative indicators only, and then 

extend them by the inclusion of different research quality indicators. This results in five sets 

of technical efficiency scores with high correlation between the scores for models with 

quality indicators. Overall 27 units are indentified as efficient and 8 are inefficient in all five 

models. The remaining 12 are sensitive to the inclusion of quality indicators.  

The results, which display the average technical efficiency (TE) score for each group of 

models, are presented in Table 1 of Appendix 1. According to the results 16 units are 

identified as being efficient in teaching, 17 units are efficient in research and 27 units are 

efficient in a broad aspect, when both teaching and research are accounted for. Interestingly, 

10 units are identified as being efficient in all three groups, suggesting that they are efficient 

in both joint activities and each of them separately. In 92% of cases the units which exhibit 

efficiency in joint models are efficient either in teaching, research or both. Only 2 units (24th 

and 35th) identified as efficient by the joint model got relatively low efficiency scores in 

“research only” or “teaching only” models. Thus, it might mean that the joint efficiency is 

achieved if the unit is efficient at least in one of activities. The units which are neither 
                                                 
§§ Appendix 5 
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efficient in teaching nor research have less chances to be efficient in the joint model. Ideally 

one would expect that units efficient in research should be also efficient in teaching or 

inefficiency in teaching might be compensated by research efficiency or vice versa. The 

analysis suggests that 10 units (mentioned above) are efficient in both, 16 are efficient at least 

in one of them, while remaining 21 units are inefficient in both when taken separately. This is 

reflected in low correlation coefficient (0.32) for the technical efficiency scores from teaching 

only and research only models.  

Concerning the inefficient units, it is worth mentioning that though on average 19 units are 

identified as inefficient in all three groups, the results for 12 of them differ across models in 

each group, whereas 7 units are identified as inefficient in all models regardless of group and 

the number of outputs used. This can be interpreted as the “robust” inefficiency of seven 

units. The remaining 12 are sensitive to the model specification, which maybe due their 

extreme input or output characteristics. 

The regression analysis presented in Appendix 2 shows that the efficiency scores from both 

research oriented and teaching oriented models have significant positive impact on the 

efficiency score from the joint model. The impact of the research score is much higher, 

suggesting that the research efficiency has higher contribution to the joint efficiency score 

from research and teaching activities.  

5.2. Technical and scale efficiency in the preferred joint model 

In the previous section the average results for three different groups of models differing in 

their output specifications are presented. The cross-check of the results from three groups of 

models suggests high robustness of results for 10 efficient and 7 inefficient units. However 

the results are sensitive to the model specification for the remaining 30 units, which are either 

inefficient in teaching or research or inefficient in both. 17 of these 30 are efficient in the joint 

models, with 9 being inefficient in teaching only, 6 being inefficient in research only and 2 

units being inefficient in both. This happens because the first two models are not complete 

they focus on one type of output only. Meanwhile, in reality university units produce two 

main output categories and exclusion of one them ignores a huge part of their activity.  Hence 

conclusions regarding the activity of the remaining 30 units should be based on the results of 

the third group of models. 

As mentioned earlier five different models were tested in the third group. In two of them the 

output was measured by quantitative indicators for teaching and research, whereas qualitative 
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indicators were included in other three models. As a result 27 units were identified as 

efficient and 8 as inefficient in all 5 models. 12 units were sensitive to the inclusion of the 

quality indicators. DEA suffers from a drawback of having no statistical tests for identifying 

the best model specification, however we believe that the inclusion of qualitative indicators is 

necessary since university units are not homogenous in the quality of their output and hence 

some quality indicators should be used.  

Hence the following analysis is based on the results of a model, which includes both 

quantitative and qualitative teaching and research indicators, namely full year equivalent 

student performance in graduate and undergraduate education, the number of journal papers 

and conference papers, scientific quality and applied quality indicators. It is worth noting the 

correlation coefficient for three models with qualitative indicators is very high and makes 

0.98.  

Thus, according to the results of this preferred model*** the mean performance of KTH units 

is high.  The average efficiency score is 0.96 with 74% of units (35) operating on the frontier. 

Only 12 units are identified as being inefficient with average efficiency score of 0.85. The 

size of technical efficiency score suggests the proportional increase in outputs required for 

becoming efficient and hence the proportional expansion of outputs required for efficiency 

improvement makes 15% on average. 

The analysis of scale efficiency††† defined as the ratio of technical efficiency scores from 

CCR and BCC models suggests that 26 out of 35 efficient units operate on the most-

productive-scale size, i.e. they operate on the frontier and have the highest productivity. It 

suggests that the efficiency of these units is more likely to be due to good management of 

resources rather than scale gains. Meanwhile the size of operation was important for the 

efficiency of those identified as scale inefficient.  

Overall 20 units are suggested to be scale inefficient, 12 of them are also technically 

inefficient. The analysis of technical and scale efficiency scores allows making judgments 

about the source of inefficiency. Thus, a relatively high technical efficiency score 

accompanied with low scale efficiency suggests that the inefficiency of operation is mainly 

caused by the size of operation and can be improved by altering it.  On the contrary, the low 

technical efficiency and high scale efficiency score indicate that the inefficiency is the result 

of inefficient management. According to our results 7 out of 12 inefficient units exhibit low 
                                                 
*** Technical efficiency scores are presented in Table 2 of Appendix 1 
††† Scale efficiency scores can be found in Table 2 of Appendix 1. 
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performance because of both size and management inefficiency. In four cases low 

performance is caused by the size of operation.  

In addition, the slack analysis‡‡‡ revealed that in order to become efficient all 12 inefficient 

units need to make both proportional changes and changes in the mix of outputs and inputs, 

suggesting that the inefficient units also need some restructuring. In particular, the inefficient 

units are mainly recommended to decrease the number of academic staff, which is evidenced 

by relatively high frequency of non-zero slacks for academic staff. As regards the outputs, the 

highest frequency of non-zero slacks is found for the number of journal and conference 

papers as well as the number of students in graduate education, meaning that these outputs 

need further expansion. 

 

6. Summary 

The paper aimed at identifying possible heterogeneity in the performance of units within the 

same higher education institution in terms of resource utilization. 

The analysis was conducted for 47 units of the Royal Institute of Technology (KTH) using 

non-parametric production frontier technique.  Models focused on measuring the technical 

efficiency of university units in teaching only, research only and models measuring the 

efficiency of the joint teaching and research activities were applied. Different output 

indicators were utilized to control for the heterogeneity in teaching and research outputs as 

well as quality differences across units. 

The analysis identified that 10 units remain efficient and 7 inefficient under all model 

specifications. The robustness of the results for these 17 units suggests that they use their 

resources efficiently/inefficiently for either teaching or research and for both jointly. The 

results for the remaining 30 units are sensitive to the model specification, 9 of them are 

efficient in research only and joint models, 7 are efficient in teaching only and joint models, 

whereas 2 units which are inefficient in both teaching and research only models turn into 

efficient in the joint models. One conclusion that can be drawn here is that in order to be 

efficient in the joint activity the unit has to be efficient either in research or teaching (92% of 

cases). Furthermore the analysis revealed very low positive correlation between technical 

efficiency scores from research only and teaching only models, suggesting that the efficiency 

                                                 
‡‡‡ Appendix 4 
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in utilization of resources for research production has low positive impact on teaching 

efficiency and vice versa.  

The analysis of KTH units’ efficiency in utilization of their resources for teaching and 

research purposes, based on the joint model with indicators of teaching and research outputs 

and their quality, suggests that 74% of the units (35) operate on the frontier with the average 

efficiency score making 0.96. Only 12 units are identified as being inefficient with the 

average efficiency score of 0.85. According to the results 7 out of 12 inefficient units exhibit 

low performance because of both scale inefficiency and inefficient management. In four cases 

the low performance is caused by the scale of operation. Hence, in most cases the inefficiency 

can be improved by altering the size of operation.  

Therefore, the results suggest that KTH units operating in similar conditions exhibit relatively 

similar behavior in resource utilization. The standard deviation from the mean value makes 

0.09 only, suggesting that the average score reflecting the efficiency of the university as a 

whole also describes the efficiency of units within the university.  

Summing up, it is worth noting that the DEA applied to KTH units allowed measuring their 

performance in relation to each other. The comparisons are made with the best performing 

practices identified from the sample and hence technical efficiency scores are relative. The 

results do not rule out the possibility that the whole university is underperforming compared 

with other universities. Though the overall level of technical efficiency is high for KTH units 

it cannot be concluded that there is no scope for improvement in efficiency. Further analysis 

will be conducted to estimate the relative performance of KTH and other universities.  
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Appendix 1 

Table 1.  Average TE efficiency scores from three groups of models (* indicates inefficiency 

in all 11 models, ** indicates efficiency in all 11 models ) 

No Unit ID Average Teaching  
Efficiency (2 models) 

Average Research  
Efficiency (4 models) 

Average Teaching & Research 
Efficiency (5 models) 

1 9* 0,22 0,56 0,51 
2 26* 0,08 0,66 0,70 
3 10* 0,20 0,66 0,70 
4 4 0,27 0,86 0,71 
5 13 0,23 0,65 0,74 
6 41* 0,25 0,70 0,75 
7 2* 0,48 0,57 0,76 
8 45 0,34 0,72 0,79 
9 32* 0,57 0,63 0,79 

10 28 0,27 0,72 0,79 
11 15 0,20 0,88 0,83 
12 34* 0,51 0,74 0,83 
13 7 0,48 0,77 0,84 
14 11 0,10 0,80 0,85 
15 18 0,43 0,80 0,87 
16 19 0,08 0,85 0,88 
17 29 0,63 0,69 0,90 
18 8 0,49 0,88 0,94 
19 43 0,90 0,78 0,99 
20 1 1 0,82 1 
21 3** 1 1 1 
22 5** 1 1 1 
23 6 1 0,59 1 
24 12 0,02 1 1 
25 14 0,62 1 1 
26 16 1 0,81 1 
27 17 1 0,97 1 
28 20** 1 1 1 
29 21 0,42 1 1 
30 22 0,35 1 1 
31 23** 1 1 1 
32 24 0,87 0,83 1 
33 25 0,74 1 1 
34 27 0,21 1 1 
35 30** 1 1 1 
36 31 1 0,89 1 
37 33 0,27 1 1 
38 35 0,49 0,93 1 
39 36** 1 1 1 
40 37** 1 1 1 
41 38 1 0,94 1 
42 39 1 0,73 1 
43 40 0,13 1 1 
44 42** 1 1 1 
45 44** 1 1 1 
46 46** 1 1 1 
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47 47 0,84 1 1 
 Mean 0,61 0,86 0,92 

 

Table 2: Technical and scale efficiency scores for the preferred model 

No Unit ID (ranked by 
TE_BCC  score)  TE_BCC TE _CCR Scale efficiency 

score 
Source of 

inefficiency  
1 9 0,50 0,37 0,75 m & s
2 4 0,80 0,57 0,71 m & s 
3 10 0,82 0,62 0,75 m & s 
4 2 0,87 0,60 0,69 m & s 
5 34 0,87 0,78 0,89 m & s 
6 41 0,88 0,73 0,82 m & s 
7 45 0,90 0,40 0,45 m & s 
8 26 0,9 0,42 0,46 s 
9 32 0,92 0,57 0,62 s 
10 7 0,93 0,80 0,87 s 
11 8 0,98 0,82 0,84 s 
12 13 1* 0,32 0,32 s 
13 15 1 0,50 0,50 s 
14 29 1 0,64 0,64 s 
15 18 1 0,68 0,68 s 
16 35 1 0,70 0,70 s 
17 16 1 0,75 0,75 s 
18 19 1 0,78 0,78 s 
19 6 1 0,83 0,83 s 
20 11 1 0,91 0,91 s 
21 1 1 1 1  
22 3 1 1 1  
23 5 1 1 1  
24 12 1 1 1  
25 14 1 1 1  
26 17 1 1 1  
27 20 1 1 1  
28 21 1 1 1  
29 22 1 1 1  
30 23 1 1 1  
31 24 1 1 1  
32 25 1 1 1  
33 27 1 1 1  
34 28 1 1 1  
35 30 1 1 1  
36 31 1 1 1  
37 33 1 1 1  
38 36 1 1 1  
39 37 1 1 1  
40 38 1 1 1  
41 39 1 1 1  
42 40 1 1 1  
43 42 1 1 1  
44 43 1 1 1  
45 44 1 1 1  
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46 46 1 1 1  
47 47 1 1 1  

*-weak efficiency 
s –scale inefficiency 
m & s – management and scale inefficiency  

 

Appendix II 

The results of regressing TE efficiency scores of the joint model with respect to TE of 

teaching only and research only models are presented. OLS and Tobit models were used.  

 
OLS regression  
 
      Source |       SS       df       MS              Number of obs =      47 
-------------+------------------------------           F(  2,    44) =   57.41 
       Model |  .477881257     2  .238940628           Prob > F      =  0.0000 
    Residual |  .183127469    44  .004161988           R-squared     =  0.7230 
-------------+------------------------------           Adj R-squared =  0.7104 
       Total |  .661008726    46  .014369755           Root MSE      =  .06451 
 
------------------------------------------------------------------------------ 
       TE_joint |      Coef.   Std. Err.      t    P>|t|     [95% Conf. Interval] 
-------------+---------------------------------------------------------------- 
        TE_res |   .5125056   .0693248     7.39   0.000     .3727906    .6522206 
      TE_teach |   .1397905   .0284565     4.91   0.000     .0824402    .1971409 
       _cons   |   .3922231   .0571936     6.86   0.000      .276957    .5074893 
------------------------------------------------------------------------------ 

 
Tobit regression                                  Number of obs   =         47 
                                                  LR chi2(2)      =      59.17 
                                                  Prob > chi2     =     0.0000 
Log likelihood =   59.67712                       Pseudo R2       =    -0.9833 
 
------------------------------------------------------------------------------ 
      TE_joint|      Coef.   Std. Err.      t    P>|t|     [95% Conf. Interval] 
-------------+---------------------------------------------------------------- 
     TE_teach |   .1403099   .0281017     4.99   0.000     .0837101    .1969097 
       TE_res |   .5175109   .0686193     7.54   0.000     .3793044    .6557173 
       _cons  |   .3872281   .0566763     6.83   0.000     .2730761      .50138 
-------------+---------------------------------------------------------------- 
      /sigma |    .063699   .0066974                      .0502098    .0771883 
------------------------------------------------------------------------------ 
  Obs. summary:          1  left-censored observation  at both<=.50717342 
                         46     uncensored observations 
                         0 right-censored observations 
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Appendix III 

Slacks and strong efficiency 

The technical inefficiency score is the measure of proportional augmentation of outputs 

required to transform inefficient units into efficient. However the proportional output 

augmentation by itself is not sufficient for being on the frontier. This is illustrated by Figure 3 

for two input (x1, x2) and output (q) case. The axes show inputs per unit of output, whereas 

SS´ is the production frontier. Points A and C located on the frontier have technical efficiency 

of 1. However it is questionable if A is an efficient point since one can reduce the amount of 

input two and still be on the frontier (point C). Thus, additional movement to the envelopment 

space may be necessary and this is achieved via input and output slacks, which measure the 

excess in inputs and shortfall in outputs respectively.  

 
Figure 1:  Efficiency and Input slacks 

To include zero slackness condition restrictions in DEA models some restrictions are 

imposed on input outputs weights. DMUs having efficiency score of 1 and zero slacks are 

said to be strongly efficient (also known as Pareto-Koopmans efficiency). 
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Appendix IV 
Slack analysis- shortfall in outputs and excess in inputs 

      Inputs  Outputs 

No ID TE Prof Acad. 
Staff PhD Tech

Admin
Journal
Papers 

Conf. 
Papers 

Basic
Res. 

Applied 
Res. 

Und. 
Educ 

Grad
Educ 

1 9 0,49 2 6 0 0 0 50 0 0 0 38 
2 4 0,80 0 9 0 3 23 0 1 0 0 0 
3 10 0,82 0 0 0 0 0 29 0 0 0 0
4 2 0,87 1 0 0 8 25 54 0 0 0 6 
5 34 0,87 0 0 18 1 21 0 2 0 0 54 
6 41 0,88 0 1 0 0 6 5 0 0 0 13 
7 45 0,89 2 16 0 0 1 19 0 1 0 115 
8 26 0,90 0 5 10 8 25 0 0 0 5 43 
9 32 0,92 1 9 0 4 19 20 1 0 0 0 
10 7 0,93 0 0 0 0 0 3 0 0 0 25 
11 8 0,988 0 12 0 0 0 10 0 0 0 28 
12 13 1,00 0 22 37 0 43 56 0 0 1 0 

 

Appendix V 

 

The correlation between the average RAE score and average technical efficiency score from 

“research only” models is illustrated below. 
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