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Abstract
This paper analyses the efficiency of Argentinean public universities and its deter‑
minants over a 10-year period (2004–2013). We quantify the effect on the efficiency
scores of a set of institutional variables, i.e. policy decisions under the control of
universities. Efficiency scores are determined on a first stage using nonparametric Data
Envelopment Analysis and then we conduct a second stage study through paramet‑
ric modelling. The results reveal the existence of a positive and significant effect on
efficiency levels of those variables related to high-ranked professors and full-time posi‑
tions, while those variables associated with budget allocation do not significantly affect
the efficiency. Our empirical findings help identifying the characteristics that explain
differences in the efficiency of public universities, providing new elements in studying
the higher education system in Argentina.
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JEL Classification: I21, I23, I28

1 Introduction
Universities, as a particular type of organization within the structure of the Higher Education System, have become significantly relevant in explaining some of the causes of
the development achieved in different countries over the last years. The literature has
focused on the efficiency levels of Higher Education Institutions (HEI), as well as on the
main factors that might account for the calculated efficiency rates. In this regard, DEA
has been one of the most widely used techniques to estimate efficiency and explain the
influence of each input and output in obtaining the coefficient (Liu et al. 2013).
One of the main reasons that explain the use of a nonparametric methodology in
the analysis of efficiency in higher education institutions is related to the possibility of
working with multiple outputs and multiple inputs simultaneously, in conjunction with
the parametric methodologies traditionally employed in the study of efficiency (see
Emrouznejad et al. 2008; Aristovnik and Obadić 2014). Additionally, the characteristics
of the university system naturally lead to rely on a model that considers more than one
output, since, apart from providing with higher education degrees to graduates, universities play an important role in scientific production, not only through the integration
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of technology in the productive sector, but also through scientific output itself (papers,
books, patents, etc.).
Efficiency measurement in higher education institutions in Argentina has also gained
interest over the last few years, especially due to the major expansion of the university
system.1 This growth has been substantiated by two phenomena: the creation of new
public universities (9 new National Universities in the nineties and 11 in the period
2002–2010) and, additionally, the budget increase allocated to education by the National
State (a budget equivalent to 6% of Gross Domestic Product must be assigned to education according to the educational financing law since 2005).
In this regard, the public resources that governments allocate to universities have been
a subject of debate both within universities and outside of them. This is especially interesting in the case of Argentina, due to the idiosyncratic organizational characteristics
of the higher education system: institutional autonomy, budget autarky, unrestricted
admission with tuition fees fully subsidized and poor quality evaluation. Thereby, this
institutional autonomy allows universities to focus on teaching or research activities,
centred their attention to a particular field (i.e. specialist universities vs. comprehensive
universities), establish them own characteristics of professors, and choose organization
structure (departmental or by schools) among others. These conditions could make easy
to identify the most efficient resource management models within them (Johnes and Yu
2008). Efficiency studies in higher education institutions using nonparametric in the literature, however, are scarce for Latin America in general and for Argentina specifically.
This situation is surprising, especially in view of the peculiarities of the university systems in the region (systems with a prevailing participation of the State in the funding
mechanisms).
Our attention, then, will focus on determining which factors under the control of universities (such as quality of professors, type of contracts for their faculties, budget allocation, and infrastructure expenditure) can affect significantly the technical efficiency
(following Farrell 1957) achieved. For this purpose, we obtain efficiency scores for each
university for a panel database and then explain which characteristics of universities can
affect more those efficiency levels. Furthermore analysing significance parameters estimation, fixed effects behaviour and scale efficiency (Worthington and Lee 2008), we are
allowed to see relationships between them as well as geographic patterns.
This paper has been structured in four sections: firstly, the characteristics of the quantitative methods used in both stages are explained as well as the main bibliographic
references. Secondly, the elaboration of the database and the calculation of the main variables are described. The third section presents the results of the empirical application to
the case of Argentina and the last section provides an analysis of the results as well as the
conclusions.

1

Private universities were excluded because there is not enough data of them; in addition, DEA presumes homogeneous
technology use by DMUs, and this condition does not hold for private HEIs (most of private universities do not allocate
resources to research programs).
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2 Literature review: DEA and efficiency in education
DEA has been applied in analysing efficiency of universities. There is an abundant literature that has studied the efficiency in public universities recently: in Italy and Spain
(Agasisti and Pérez-Esparrells 2009); in university departments in Spain (Giménez
García 2004), (Díez de Castro and Díez Martín 2005) and (Martín 2006); in Australian
universities (Abbott and Doucouliagos 2003) and (Leitner et al. 2007); in higher education institutions in England (Johnes 2006a); across Polish universities (Nazarko and
Šaparauskas 2014); in state universities in Greece (Katharaki and Katharakis 2010 and
Kounetas et al. 2011) among others. Flegg et al. (2004) examine the technical efficiency
of British universities in the period 1980/1981–1992/1993 using DEA for a panel, but
they do not use a complementary second stage, instead they calculate efficiency scores
for each year and focus on decomposition of that into pure technical efficiency, congestion efficiency and scale efficiency.
DEA has been applied specifically in measuring efficiency in the Argentinian university system by (Alberto 2005) and in the task of evaluating the technical efficiency of
state-run universities in Argentina by (Coria 2011). In both of these works, some of the
limitations of the model in selecting the input and output variables are acknowledged,
since the different levels of the education system produce other types of social goods and
positive external benefits that cannot be quantified or rigorously measured, but have a
positive impact in social production.
Both in the Argentinian and in the international literature, a trend towards the use of
nonparametric methods—such as DEA—can be observed, while the use of parametric
estimation models, traditionally employed in the analysis of efficiency, is quite limited.
The parametric approach, as the nonparametric one, assumes the same conditions and
technology among production units, but in addition needs of assumptions concerning
both random term and inefficiency component, which are not always known. Additionally, it requires strong distributional assumptions for the parameter estimation and it
does not allow dealing with simultaneity of inputs and outputs, which is very frequent to
find in the models that explain the university productive process.
Some authors (see Laureti et al. 2014) use a stochastic frontier approach to measure efficiency in Italians universities, using the Generalized Maximum Entropy (GME)
method to estimate it. Although this methodological approach allows us to overcome
the assumptions related to random effects distribution and inefficiency component.
However, it only focuses on measuring efficiency of only one output of the university
productive process (teaching).2 Other recent attempts to overcome these limitations
rely on the use of a Network-DEA model that represents the underlying production of
higher education research, providing a deeper perspective of both output quality and
quantity (see Lee and Worthington 2016). Nevertheless, in this case they embed the efficiency score into another DEA model in the second stage. Similarly (Ibáñez Martín et al.
2017) estimates a stochastic frontier to measure university departments efficiency, but

2

Higher education law in Argentina defines three main functions: teaching, research and university extension (social
activities). There is a lack of data for extension programs of public universities in Argentina and this activity is not
requiring for professors in all universities, that is why we do not include it in our model.
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defining this as the student performance, limiting again the study of efficiency to teaching output.3
In this sense, it is important to show that although the contributions based on the
analysis of the university outputs considered separately provide useful information to
identify those variables explaining efficiency levels, they still are limited in terms of their
capacity to fully explain differences between universities.
These reasons explain that literature on the assessment of efficiency in higher education institutions has progressively tended to use nonparametric techniques, mainly
because of the advantages that this approach provides in terms of the assumptions
required for estimation and multidimensionality of the university productive process.
Even when some of the variables traditionally considered in DEA for university efficiency assessment can be either considered inputs or outputs, there is no unanimous
consensus in the literature about some of them (Rosenmayer 2014). This issue is particularly relevant in the study of any university system, because the proportion of inputs that
are used for the production of a particular quantity of outputs it is not always perfectly
distinguishable.
Nevertheless, it should be noted that one of the main weaknesses of the nonparametric approach is associated with inexistent test of the parameters of production function obtained (Johnes 2006a) and, therefore, with the distortive effects that possible
outliers could have. This particular issue, however, could be addressed with a two-stage
estimation strategy that exploits the comparative advantages of both parametric and
nonparametric approaches, applying the DEA procedure in the first stage just to measure efficiency scores on a flexible way and then modelling by a parametric function the
variability on these scores on a second stage. The use of such a two-stage model has been
recurrently employed to measure efficiency levels on other fields, but is not common in
the analysis of efficiency in higher education systems.4 To the best of our knowledge, the
only application in this field is the work by Wolszczak-Derlacz and Parteka (2011), which
applied it to explain efficiency on the universities of European Union countries.
In our work, we follow this approach, being one novelty the use of panel data estimators applied to a dataset of 30 Argentinean universities with annual data for the period
2004 to 2013. Different to the study of Wolszczak-Derlacz and Parteka (2011) that bases
on a cross section of universities, the use of panel data sets allows for identifying individual heterogeneity of universities, which in turn produces more efficient estimates of the
coefficients in the second stage (see Wooldridge 2010). The application of this two-stage
strategy combined with panel data can help to identify the characteristics that explain
differences in efficiency in public universities, which, in our point of view, provides new

3

Another strategy, used in literature related to universities efficiency analysis, is related to allocative efficiency, i.e. quantification of Higher Educational Institutions (HEI) efficiency through cost function estimation. Some of the most important contributions to this approach are the papers by (Glass et al. 1995) and (Izadi et al. 2002), which measure teaching
and research efficiency through a cost function model for universities in the United Kingdom. More recently, Agasisti
and Johnes (2010) use an analogous approach to determine inefficiency levels through a stochastic frontier estimation
for a cost function in Italian universities. In these cases, there is a significant restriction in the efficiency analysis if we
consider Argentinean HEI—and all of those that could be similar—, since this approach needs to know the price of the
inputs and outputs in order to be feasible, and this condition is not always possible in university productive process.
4

See Barros and Dieke (2008) who applied to estimate the efficiency determinants of Italian airports, or Yang (2006)
who evaluate the overall performance of Canadian life and health insurance companies.
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elements in studying the higher education system in Argentina and, thus, in improving
resource allocation and management policies.

3 Methodology and data
The two-stage procedure applied on the paper consists on applying a parametric modelling on a second stage to the results of DEA on a first stage. In the particular case under
study, the first stage of our analysis consists on quantifying technical efficiency levels
of each National University on each year, by applying a DEA model oriented to outputs
with constant returns along the period 2004–2013 on an annual basis. Secondly, the
DEA efficiency score for each National University and each year will be regressed on a
set of institutional factors, which might help to explain more thoroughly the determinants of efficiency in each university. The econometric techniques to estimate this parametric regression equation take advantage of the structure of panel of our dataset.
The use of this estimation strategy, which has not been frequently employed in the
literature on efficiency, allows for exploiting the advantages of both approaches. The first
stage by means of DEA devises a function that considers multiple inputs and outputs
not directly related to each other. The parametric approach on the second stage helps
to explain the effect of certain variables on the efficiency levels achieved by each university. On this regard, a two-stage model allows for a deeper level of analysis of the causes
of efficiency, not only through the internal factors that DEA usually considers, but also
through the inclusion of other factors affecting the university production system.
3.1 First stage: recovering efficiency scores by DEA

DEA (Charnes et al. 1978) is a nonparametric technique that builds an envelopment,
also known as efficiency frontier or observed production frontier. Those Decision-Making Units (DMUs) that are not on the frontier will be considered as inefficient, and it
is possible to evaluate their relative efficiency, i.e. to compare them with the—closest—
DMUs of reference in terms of their technology. The key point is to define the empirical
production frontier formed by the most productive units, building an efficiency perimeter by segments that envelops the units studied. This allows us to quantify the inefficiency of the observations in the sample as their distance to this frontier. In this way, the
efficiency measurement of a unit by means of DEA implies that efficiency is measured
in relative (and not absolute) terms, since it lies on the construction of the set of technologically feasible production possibilities and the estimation of the maximum feasible
expansion of the product (output) of the DMU within the set of production possibilities.
Thus, a DMU will be considered efficient as long as it is not possible to reduce the number of inputs without reducing, by at least one unit, the number of outputs. Likewise, a
DMU will be considered efficient when it is not possible to increase the number of outputs without increasing, by at least one unit, the number of inputs.
Within the general framework of DEA, it is possible to distinguish between several
specific models depending on their assumptions. These models can be classified into
input or output oriented, or depending on the type of performance on scale that characterizes production technology we can distinguish between constant or variable returns
to scale (Johnes 2006b). Although not unanimous, the approach commonly followed in
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the literature on evaluation of efficiency in universities is an output-oriented model.5
Some references of output-oriented model can be mentioned: in German universities
(Warning 2004), to Italian universities (Guccio et al. 2016), applied to Indian universities
(Tyagi et al. 2009), to Turkish universities (Bayraktar et al. 2013), and for Mexican universities (Sagarra et al. 2017). The reason for this decision lies in the little—or nonexistent—flexibility of the inputs generally employed (teachers, budgetary resources, physical
space, etc.), in addition to the fact that the management of the volume of such inputs is
considered as an exogenous variable, as it depends on decisions in which DMUs have no
influence.
The formalization of the output-oriented DEA model of Constant Returns to Scale
(CRS) can be presented as follows:

Ψ =

 


S+M 
x, y ∈ R+
x can produce y

(1)

where x represents a vector of M inputs and y represents a vector of S outputs for a
set of n DMUs. The feasible production frontier is determined by Ψ, and all the DMUs
included within the frontier are inefficient, while those on the Ψ frontier are considered efficient. The efficiency score (hj ) for DMUj can be represented by the following
quotient:

S
urj yrj
;
hj = r=1
M
i=1 vij xij

(2)

j = 1, . . . , n

where vij (i = 1, 2, . . . , M ) and urj (r = 1, 2, . . . , S ) are the weights or weighting factors
of the inputs and outputs, respectively, to calculate the weighed sum of M inputs and S
outputs for the DMUs. The weights for each DMUj can be determined by means of the
following mathematical programming problem:

h∗0 = maxh0
subject to:
hj ≤ 1;
j = 1, 2, . . . , n
vij , urj ≥ 0; i = 1, 2, . . . , M;

(3)
r = 1, 2, . . . , S

where h0 represents the quotient between the weighed amount of outputs and the
weighed amount of inputs for the DMU considered (DMU0), which involves solving as
many nonlinear programs as DMUs exist. By calculating this model for each unit and
each temporal unit, we obtain the n DEA efficiency indexes (h∗jt ) associated with each
DMU and year considered, where each one of them will be associated with (M + S) optimal weights. Accordingly, the bigger h∗jt , the better the performance of the DMU considered. However, this level will not be higher than the unit, due to the restriction imposed
on the mathematical program.

5

Nevertheless, input-oriented and output-oriented DEA models have suggested that results were not sensitive to orientation (McMillan and Datta 1998).
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3.2 Second stage: modelling efficiency scores

In the second step of the analysis, the efficiency scores previously calculated by means
of DEA are taken as a dependent variable and regressed on a set of factors that could
potentially affect it. The general equation to be estimated is

h∗jt =

n

j=1

αj d j +

K


βk zkjt +

k=1

T

t=1

γt dtt + εjt

(4)

where zkjt represents the institutional6 variable k that could potentially affect the DMUj
efficiency levels for the period t and dj and dtt denote individual and time dummy variables, respectively. Likewise, εjt represents the unobserved factors in the equation that
affect the efficiency levels of each National University in a given period. The impact on
efficiency of the institutional variables zk is captured by the estimates of the βk parameters, while the estimates of γt and αj quantify, respectively the time-effects and the timeinvariant unobserved heterogeneity in efficiency between universities.
Our main point of interest are the marginal effects of the institutional variables zk ,
since they provide useful information for the design of policies in the universities pursuing improvements on the efficiency of these institutions. We acknowledge, however, that
some idiosyncratic characteristics of the universities can also affect their efficiency levels and they are not directly contained in time-varying observable regressors—academic
reputation or tradition that attracts better professors and students or regional characteristics are just two examples—. Not accounting for these effects can severely condition the estimates of the βk parameters of interest (see Wooldridge 2010). The strategy
followed to estimate Eq. (4) takes advantage of the structure of panel of the dataset and
we apply a Fixed Effect (FE) estimator to effectively control for the university-specific
heterogeneity. The use of an FE estimator lies on the assumption of correlation between
the individual time-invariant effects αj and the regressors zk , which is a sensible assumption in the case under study. An alternative estimator would be the so-called Random
Effects (RE) estimator, which assumes no correlation between the regressors and the
individual effects. We applied the Hausman test (Hausman 1978) to distinguish between
these two alternative estimators, being the RE option rejected under all the specifications considered.
3.3 Data for the first stage

The methodology previously sketched will be applied to the 307 Argentinean National
Universities along the period 2004–2013. Yearly data of a set of variables of interest
have been obtained from the Statistics Yearbooks of the University Policy Office, an
institution that depends on the Argentinean Ministry of Education. The variables taken
for estimating the efficiency scores by DEA in the first stage were classified as inputs

6

I.e. variables under the control of universities, such as characteristics of teacher staff, investments on infrastructure,
etc.

7

Argentina has 56 public universities, 20 of them were created after 2000 and there is not enough data of them. We
have excluded 5 institutions (Comahue, Cuyo, Southern Patagonia, Rio Cuarto, and San Luis) because there were missing data for at least one year, and we have decided to exclude one university in particular (National Technological University) because it has an atypical organizational structure, which is not compatible with the hypothesis of homogeneous
technological required for DEA.
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or outputs of the universities. As indicators of output, and given that universities are
expected to produce teaching and research, we have taken the annual number of graduated students as a measure of the teaching output and we have calculated an indicator of
scientific production as the measure of research output. More specifically, the scientific
production was defined as the total number of scientific papers, books and patents on
which some author was affiliated to an Argentinean National University.8
As inputs for the DEA in the first stage, we follow previous literature (see Johnes
2006a) and take the number of enrolled students, the budget of the university and the
academic staff on each university (professors, teaching assistants and researchers). The
number of students is directly observable in the Statistical Yearbooks of the University Policy Office, but the other input variables required for some additional computations.9 The budget only contains the resources that central government transfers to each
University, excluding those related to personnel expenditures since these are indirectly
reflected on the academic staff variable.10 The academic staff of each university was calculated as the number of equivalent Full-Time Assistant Professors, which is the status
of a junior trained academic.11 Table 1 shows the descriptive statistics of the variables
used in the first stage for each year. In all cases, the data show great heterogeneity across
universities.

4 Results
4.1 First stage: DEA 2004–20013

Table 2 shows the results of the DEA conducted in the first stage, reporting the annual
efficiency scores h∗jt obtained by applying the output-oriented DEA with Variable Returns
to Scale (Banker et al. 1984) from 2004 to 2013.12 The last three columns of Table 2
report the minimum, maximum and mean values, respectively, of h∗jt across years for
each university j = 1, . . . , 30. These figures reveal that nine universities (Buenos Aires,
Formosa, Gral. San Martín, Gral. Sarmiento, La Plata, Lanus, Rosario, Sur and Villa
María) were classified as efficient in all the years studied, which can be considered a
substantial percentage of the total set. These results are somewhat consistent with those
obtained in previous analysis for Argentina by Coria (2011) and Alberto (2005), where
despite some minor differences in the least efficient ones, the universities categorized as
efficient were the same. The three bottom rows in Table 2 present equivalent statistics
for each year t = 2004, . . . , 2013 across universities, describing the general dynamics of

8

Data were obtained from the Scimago Research Group (http://www.scimagoir.com/index) and comprised all the
research institutions in Argentina throughout the period 2004–2013.

9

Data of the statistical yearbooks are available at http://portales.educacion.gov.ar/spu/investigacion-y-estadisticas/
anuarios/at an annual basis.

10

In the Argentinean Higher Educational System, each university can produce self-resources through different strategies; most of them are associated with technological transfers or technical assistance. We exclude from the budget this
item because it is not homogeneous across the public universities.

11
The Argentinean university system considers two dimensions: hierarchy (six categories) and working time (three
categories). The first dimension determines who can be in charge of a course, while the second one is related to the
teaching hours. For example, full-time positions must teach at least in two courses and work in an authorized research
program, whereas the other two part-time categories only have to teach.
12
Following Metters et al. (1999), in our study universities have different size and this is fixed in the short-term, that is
the reason for choosing Variable Returns to Scale (VRS) specification. A model based on Constant Returns to Scale has
been calculated as well, in order to be used in the second stage to check the robustness of our results. For the sake of
simplicity, however, only yearly VRS scores are presented in the text, while the scores under CRS are shown in Fig. 3 in
Appendix.
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Table 1 Descriptive statistics for National Universities (period 2004–2013) Source:
Elaborated by the authors based on the information posted in the Statistics Yearbooks of
the SPU
Year

Budgeta

Professors Assistants Senior
Res.

Junior
Res.

Students

Grads.

Scien.
produc.

2004
Mean

54.657

554.433

662.517

81.742

95.290

Max.

432.050

2623.500

5308.000

652.000

494.167

Min.

6.133

50.750

7.500

0.000

0.000

1667.600

158.833

336947.000 14420.000

37159.600

1730.000

2427.000

50.000

0.000

36458.700

1808.567

170.467

336947.000 16911.000

1756.000

2005
Mean

25.541

559.575

689.017

79.850

97.893

Max.

253.178

2608.500

5299.750

618.625

490.917

Min.

3.234

92.000

1.000

0.000

0.000

2545.000

79.000

1.000

37047.170

1727.200

186.200

358071.000 15610.000

1858.000

2006
Mean

29.267

608.925

678.275

107.458

117.183

Max.

273.633

2922.750

4943.750

825.500

586.458

Min.

3.353

53.000

4.500

1.250

2.917

2709.000

99.000

0.000

35424.100

1729.767

200.733

306871.000 16364.000

2023.000

2007
Mean

159.919

626.525

785.942

106.692

119.061

Max.

1198.380

2964.500

6226.500

814.500

584.542

Min.

23.676

78.500

10.750

0.625

2.375

2846.000

80.000

0.000

35687.930

1813.833

227.233

301599.000 16815.000

2257.000

2008
Mean

215.488

655.075

828.542

103.950

118.419

Max.

1516.770

3054.500

6492.500

780.875

562.333

Min.

33.587

98.000

14.000

1.875

3.208

2886.000

94.000

1.000

36200.800

1907.567

247.500

294837.000 16420.000

2461.000

2009
Mean

288.562

670.617

858.950

100.242

117.508

Max.

2190.643

3057.750

6696.000

748.000

544.042

Min.

45.083

132.000

25.000

1.250

3.458

4099.000

133.000

2.000

37465.000

1964.700

265.767

305066.000 17232.000

2501.000

2010
Mean

364.070

686.100

873.550

95.942

114.874

Max.

2695.662

3160.500

6779.750

719.125

535.375

Min.

59.361

136.500

30.750

2.875

5.792

4067.000

159.000

0.000

39593.800

2021.967

291.667

351200.000 18124.000

2733.000

2011
Mean

490.961

704.758

904.692

117.538

135.607

Max.

3381.964

3223.750

6975.500

944.125

654.958

Min.

101.764

147.500

42.000

0.000

0.000

5042.000

182.000

3.000

39289.570

2002.000

303.633

328361.000 16676.000

2957.000

2012
Mean

663.972

711.750

919.325

126.750

139.781

Max.

4889.373

3177.500

7035.000

907.250

633.750

Min.

137.828

156.000

59.750

2.250

8.833

6043.000

154.000

4.000

Mean

815.928

718.725

926.250

121.717

141.510

38933.270

2219.133

300.467

Max.

5781.079

3053.500

6762.750

892.125

644.417

319866.000 17129.000

2826.000

Min.

173.078

160.500

72.500

0.000

0.000

2013

a

5798.000

199.000

2.000

The budget is presented in millions of current pesos and does not include the components covering teaching positions
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Table 2 Efficiency Score for National Universities (period 2004–2013)
DMUs/years

2004 2005 2006 2007 2008 2009 2010 2011 2012 2013 Min.

Max. Mean

Buenos_Aires

1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000

Catamarca

0.186 0.236 0.319 0.472 0.560 0.411 0.701 0.599 0.683 0.499 0.186 0.701 0.467

Centro_PBA

1.000 0.828 0.789 0.830 0.757 0.787 0.802 1.000 0.946 0.771 0.757 1.000 0.851

Cordoba

1.000 1.000 1.000 1.000 1.000 0.927 1.000 0.929 0.958 0.909 0.909 1.000 0.972

Entre_Rios

0.663 0.926 0.531 0.923 0.819 1.000 0.885 0.910 0.954 0.807 0.531 1.000 0.842

Formosa

1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000

Gral_San_Martín 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000
Gral_Sarmiento

1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000

Jujuy

0.434 0.361 0.251 0.211 0.236 0.365 0.231 0.316 0.526 0.244 0.211 0.526 0.318

La_Matanza

0.549 0.468 0.406 0.313 0.350 0.355 0.615 0.708 0.837 0.593 0.313 0.837 0.519

La_Pampa

0.531 0.745 0.520 0.707 0.800 1.000 1.000 0.796 1.000 1.000 0.520 1.000 0.810

La_Plata

1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000

La_Rioja

0.413 1.000 0.273 1.000 0.332 0.437 0.539 0.981 0.452 0.353 0.273 1.000 0.578

Lanus

1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000

Litoral

0.645 0.732 0.659 0.718 0.767 0.704 0.760 0.889 0.829 0.825 0.645 0.889 0.753

L_de_Zamora

0.924 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000 0.924 1.000 0.992

Lujan

0.710 0.736 0.576 0.706 0.691 0.761 0.770 1.000 0.863 0.520 0.520 1.000 0.733

Mar_del_Plata

0.987 1.000 1.000 0.947 0.963 1.000 0.883 1.000 1.000 1.000 0.883 1.000 0.978

Misiones

0.371 0.335 0.308 0.506 0.429 0.541 0.439 0.585 0.583 0.528 0.308 0.585 0.463

Nordeste

0.814 0.770 0.705 0.781 0.724 0.826 0.906 0.865 0.867 0.760 0.705 0.906 0.802

Patagonia_SJB

0.501 0.710 0.482 0.587 0.500 0.525 0.495 0.556 0.549 0.482 0.482 0.710 0.539

Quilmes

1.000 1.000 1.000 0.802 1.000 0.938 1.000 1.000 1.000 0.996 0.802 1.000 0.974

Rosario

1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000

Salta

0.265 0.365 0.235 0.316 0.256 0.321 0.465 0.654 0.594 0.404 0.235 0.654 0.388

San_Juan

0.365 0.378 0.348 0.481 0.487 0.465 0.484 0.499 0.457 0.441 0.348 0.499 0.441

Sgo_del_Estero

0.576 0.554 0.350 0.725 0.665 1.000 1.000 1.000 1.000 1.000 0.350 1.000 0.787

Sur

1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000

Tres_de_Febrero 1.000 0.522 1.000 1.000 1.000 1.000 1.000 1.000 0.518 0.660 0.518 1.000 0.870
Tucuman

0.595 0.565 0.542 0.578 0.489 0.454 0.477 0.443 0.521 0.463 0.443 0.595 0.513

Villa_Maria

1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000

Min.

0.186 0.236 0.235 0.211 0.236 0.321 0.231 0.316 0.452 0.244 0.186 0.499 0.318

Max.

1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000

Mean

0.751 0.774 0.710 0.787 0.761 0.794 0.815 0.858 0.838 0.775 0.662 0.897 0.786

the efficiency of the full set of National Universities along the years under study. Generally speaking, the results suggest a modest but steady positive trend.
Figure 1 complements the information contained on Table 2 by means of a visual representation of the results. In this figure, we plot the mean score h̄∗j· for each university j
bounded by limits calculated as three times the standard error along the years. The horizontal axis displays the universities sorted on an increasing order of their mean scores,
classifying the most efficient—on average—as those located in the right section of the
figure, while those located in the left are the least efficient universities—on average—.
Plotting the dispersion around the means h̄∗j· provides useful information as well, since
it allows the identification of those universities with higher volatility on their scores,
being Catamarca, La Matanza and, particularly, La Rioja cases of universities that
have low efficiency indicators and high variability. On the contrary, the high part of the
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Fig. 1 Efficiency scores (VRS) distribution by universities

distribution characterizes for presenting comparatively lower variability on the efficiency
scores. The University Tres de Febrero is the only exception to this general pattern.
4.2 Second stage: modelling differences in efficiency scores. Data and estimation strategy

In the second stage, each efficiency score h∗jt reported in Table 2 was explained by estimating Eq. (4) by applying FE. Note that the variables taken as inputs in the DEA conducted in the first stage are not fully controlled by the universities, since, for example,
their budgets are determined by the central administration and the number of enrolled
students cannot be directly limited by the universities because of legal restrictions.
There are other variables, however, that the universities can manage with less constraints and that can potentially affect their efficiency. In particular, we were interested
on quantifying the effect of the variables related to the composition of their faculties,
which can be decided by the universities directly.13 There are two main dimensions on
which the universities can design the composition of their faculties: one is the proportion of high-ranked professors and other is the teaching workload taken by full-time faculty—used as a proxy to the separation of academic staff into teaching-only or teaching
and research oriented (Worthington and Lee 2008)—. Note that low-ranked are much
common than high-ranked professors in the Argentinean public universities, which can
be affecting the productivity of these universities both in teaching and research. Moreover, the presence on the faculties of part-time instructors is relatively common in Argentinean universities as well, which could be hampering the efficiency on the functioning

13
Our interest is to identify those institutional variables (under control of the universities) that can affect the levels of
efficiency. Including a second stage with budgetary variables allows for quantifying the impact that the policy decisions
have on the levels of efficiency of each DMU.
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of the universities, since the professionals on these part-time positions have usually a
non-academic job out of the university and do not normally have incentives to produce
research output. Therefore, one of the objectives in the second stage was to quantify
the effect on the efficiency scores of the number of high-ranked professors, which we
express in relative terms to the assistants to prevent scale problems.
Academic staff was divided into two subcategories: Professors, which include highranked academics (Assistant, Associate and Full Professors), and lower ranked Teaching
Assistants, which comprise initial level auxiliary instructors (Teaching Assistants and
Practical Work instructors). Finally, the number of researchers was calculated distinguishing between senior and junior researchers. The former category includes researchers type I, II and III, while the second category includes researchers type IV and V in the
Teacher Incentive System of the Argentinean Ministry of Science and Technology. To
generate both groups of researchers (seniors and juniors), we assign different weights to
each category and then we aggregate them.14
Additionally, the second effect of interest in our analysis was the impact on efficiency
of the proportion of full-time positions, expressed again as a ratio over the total of parttime faculty. These two variables were collected again from the Statistics Yearbooks of
the University Policy Office for each one of the thirty universities on an annual basis
from 2004 to 2013. The most basic specification of a model like (4) includes only these
two variables plus the respective individual effects for each university.
Furthermore, more detailed specifications that included as control variables several
indicators regarding the distribution of the budgets were estimated as well. More specifically, these additional control variables were defined as: the budget allocated to scientific
production (Science Budget), the resources applied to special incentives to researchers
(Research Incentives Budget), the capital investment (Infrastructure Budget), the current
expenses (Operation Expenses) and the resources used in non-academic staff (Administrative Staff ). All these variables were initially given in millions of Argentinean Pesos,
but in our estimations they are expressed in relative terms to the number of students
and in natural logs to make their interpretation easier. Table 3 presents the estimates of
several specifications of Eq. (4).15
The column labelled as “Model 1” in Table 3 reports the estimates obtained under the
most basic specification without any additional control variable. Subsequent columns
to the right, from “Model 2” to “Model 5”, include the previously mentioned controls
gradually. Note that the estimation of Model 1 uses the total of 300 data points resulting
in studying the thirty universities for the 10 years, but specifications with more control
variables present smaller sample sizes because some of the indicators were not available
for all the universities and years.
Results in Table 3 indicate that the two variables of interest, namely the ratios of highranked professors and the full-time positions, have a positive and significant effect on
efficiency levels, while those associated with budget are not significantly affecting the
14
Teacher Incentive System evaluates the research performance of professors by using standard parameters and then
assign categories, with V being the lowest and I being the highest. We assigned weights according to the minimum score
required to be categorized: category I is our reference with 1200 points, category II corresponds to 750 points, category
III corresponds to 500 points, category IV corresponds to 300 points and category V corresponds to 150 points.

15
Time dummies were included as well in all the specifications, but their estimated coefficients are not reported in the
Table 3.
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Table 3 Results: FE estimates
Variable

Model 1

Model 2

Model 3

Model 4

Model 5

Constant

0.74941***

0.51071***

1.037***

1.1518***

0.82781

High-ranked/low-ranked professors

0.00064*

0.00046*

0.00048*

0.00058**

0.00067*

Full-time/part-time positions

0.05429***

0.06633***

0.06912***

0.06870***

0.06844***

− 0.01524

− 0.0135

− 0.01303

− 0.01423

− 0.01826

− 0.01705

Science Budget
Research Incentives Budget
Infrastructure Budget

− 0.04326

Operation Expenses

− 0.04335

Administrative Staff

− 0.05445

− 0.05721
0.05626

Year dummies

Yes

Yes

Yes

Yes

Yes

R2-within

0.1847

0.2150

0.2220

0.2300

0.2501

ρ

0.8207

0.8235

0.8291

0.8325

0.8483

Sample size

300

290

289

289

289

Dependent variable is h∗jt

for all the models

Alternative specifications based on Random Effects (RE) were estimated as well, but the Hausman rejected the RE option
under all the specifications considered
* Stands for statistically significant at 10%
** Statistically significant at 5%
*** Statistically significant at 1%

efficiency under any specification.16 One possible explanation for the lack of significant
effects of such variables might lie on their reduced time variation: on the period under
study the budget of the universities did not substantially change along time, being most
of the variability on these indicators explained by between differences which are already
captured by the individual fixed effects. The variable that measures the ratio between
high-ranked versus low-ranked professors presents a positive modest, but still significant, coefficient under any of the specifications. The coefficient associated with the proportion of teaching workload taught by full-time versus part-time positions is much
bigger in size and significantly different from zero at 1% in all the specifications. This
result is not surprising and goes in the same line as documented in previous literature
(Worthington and Lee 2008): those universities that organize their faculty relying on
part-time positions pay a penalty in terms of their efficiency. The estimates suggest that
doubling the ratio of teaching workload taught by their full-time faculty increases their
efficiency scores on a range that varies between 5.43 and 6.84%.
The parametric approach followed in this second stage of our analysis makes also
possible to quantify the part of the efficiency not explained by the within variation
of the regressors but by the individual time-invariant characteristics of the universities. The part of the variation explained by the regressors zk is reported in the rows
with the respective R2 that explains the within variability, revealing that they explain
between 18 and 25% depending on the specification estimated of Eq. (4). The proportion of the variability on the h∗jt scores that, not being explained by the regressors

16

We have also estimated equivalent model specifications taking the CRS scores as dependent variable, which are presented in Table 4 in Appendix. Additionally, alternative specifications, on which the control variables related to the
university budget were included one by one, were estimated as well finding the same non-significant effects. These additional specifications are not reported in the paper but are available from the authors upon request.
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Fig. 2 Individual fixed effects by university. Reference: University of Buenos Aires. The dots represent the
point estimates of the fixed effects and the horizontal bars the confidence intervals constructed at 95%

zk , can be attributed to these individual characteristics of the universities is reported
in the respective row labelled with the scalar ρ for every model estimated. This proportion is substantially high, being higher than 80% in all the cases and suggesting
that these time-fixed effects play a relevant role on explaining differences on efficiency scores. These fixed effects can be recovered and their estimates corresponding to the most detailed specification of Eq. (4), which corresponds to the column
“Model 5” in Table 3, are presented in Fig. 2.
The vertical red line on zero is the reference on our analysis and arbitrarily sets
the reference as the fixed effect estimated for the University of Buenos Aires—with
a point estimate of 0.2329—. Not surprisingly, the universities with most negative
fixed effects—at the left of this reference line—correspond to those with the smallest
efficiency scores estimated in the first stage, as the cases of Jujuy, Salta or La Rioja.
The universities with estimated fixed effects at the right of this line are those with
individual effects larger than the reference, being those only the cases of the universities of General San Martin, General Sarmiento, La Plata, Mar de Plata, Sur and
Villa Maria. Note that these are universities located in the highest part of the distribution with mean scores h̄∗j· equal or very close to one. Note, however, that there are
universities with mean scores h̄∗j· equal to one (Formosa, Lanus and Rosario) that present fixed effects lower than the estimate corresponding to the reference. This result
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suggests that these universities manage to be efficient even when their idiosyncratic
time-invariant characteristics put them in a comparatively worse situation than the
case of the University of Buenos Aires.

5 Conclusions
The analysis of efficiency of higher education has become customary in recent years (see
Agasisti et al. 2016; Sagarra et al. 2017; Wolszczak-Derlacz 2017). The flexible nature of
the productive process of education systems, on which several outputs and inputs can be
considered, favours the use of Data Envelopment Analysis (DEA) rather than more rigid
approaches. Measuring efficiency by simply applying DEA, however, does not allow for
identifying the drivers of this efficiency, which can be considered as a drawback of this
approach.
This paper takes advantage of the flexibility inherent to DEA modelling to study the
efficiency on universities, but applying also a second stage analysis based on a parametric approach that allows for identifying the most relevant factors that explain differences
on productivity along time and between universities. More specifically, we analyse the
set of thirty National Universities in Argentina, studying annual information from 2004
to 2013. On a first stage, we apply an output-oriented DEA-VRS that explains the teaching (number of graduate students) and research (number of scientific papers, books, patents, etc.) outputs on three inputs, namely the number of enrolled students, the annual
budget and the academic staff. The results of this first stage show a positive but modest
trend in the efficiency scores along the years. More interestingly, they also reveal a clear
segregation between (i) a group of nine universities with top efficiency scores along the
years (Buenos Aires, General San Martin, General Sarmiento, La Plata, Formosa, Lanus,
Rosario, Sur and Villa Maria), (ii) a second group with four universities that present
high efficiency scores (Mar del Plata, Quilmes, Cordoba and Lomas de Zamora), and (iii)
a last group with the remaining seventeen universities on which the efficiency scores are
low (being as low as 0.318 on mean in the case of Jujuy, for example).
Besides this initial evaluation of the efficiency on the sample under study, the analysis conducted in the second stage of our research allows for identifying the factors that
explain the variability on the efficiency scores calculated on the first stage. We apply a
Fixed Effect (FE) estimator that takes advantage of the structure of panel of our data set
of universities to identify the part of this variation that can be attributed to time-invariant idiosyncratic characteristics of the universities—between variability—and the within
variation that is explained on a set of regressors.
The use of panel data estimators to explain the results of a preliminary DEA model is
a novelty, to the best of our knowledge, in the study of efficiency in higher education. In
the case under study, the most important regressors were set as variables related to the
composition of the faculties over which the universities have some control. In particular, we put our interest on two ratios that measure the proportion of high-ranked faculty over lower ranked positions and the part of the teaching hours taught by full-time
positions—over those taught by part-time instructors. The results of our models under
several specifications show that these two indicators contributed significantly—specially
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the second one—to explain variability on the efficiency. The time-invariant individual
effects estimated indicated that there was a substantial part of between variation on the
efficiency scores that can be explained by these idiosyncratic attributes.
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Table 4 Results: FE estimates to DEA (CRS)
Variable

Model 1

Model 2

Model 3

Model 4

Model 5

Constant

0.65203***

0.63723***

0.77015***

0.89096***

11.791

High-ranked/low-ranked professors

0.00106**

0.00131***

0.00133***

0.00144***

0.00157***

Full-time/part-time positions

0.00157

0.02369*

0.02585*

0.02541*

0.0246*

0.01056

0.01197

0.01247

0.0122

− 0.03461

− 0.03471

Science Budget
Research Incentives Budget
Infrastructure Budget
Operation Expenses

− 0.01921

Administrative Staff

− 0.02912

− 0.01627
− 0.0116

− 0.03753

Year dummies

Yes

Yes

Yes

Yes

R2-within

0.1103

0.1188

0.1232

0.1322

0.1343

Yes

ρ

0.8084

0.8188

0.8249

0.8261

0.8247

Sample size

300

290

289

289

289

* Statistically significant at 10%
** Statistically significant at 5%
*** Statistically significant at 1%
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