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Abstract This paper investigates the pattern of teaching and research performances, the

relationship between them, and the convergence for Italian public HEIs in the period

2000–2010, by comparing different bootstrap robust non-parametric frontier estimators.

Overall we find an efficiency improvement, mainly driven by research, whereas teaching

efficiency increases only in the very first years of the sample period. We also ascertain a

slightly positive relationship between research and teaching performances. Furthermore,

we find that Italian HEIs converge, in the observed period, although research and teaching

do it at a different pace. Our empirical findings are robust to alternative estimators and

bootstrapped bias correction.
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Introduction

The analysis of efficiency of public higher education institutions (HEIs) has received a

growing attention for the design of strategies able to improve the performance of the public

sector, in a context of substantial reduction of resources. Universities are nowadays forced

to compete for alternative sources of funding, and also to increase their efficiency (Aghion

et al. 2010; Bergantino et al. 2013) and differentiate the range of outputs (Olivares and

Wetzel 2011; Sánchez-Barrioluengo 2014). Moreover, public funds have been increasingly

allocated on the basis of the performance achieved in research and teaching activities and
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through the use of new public management tools (Herbst 2007; Auranen and Nieminenb

2010; Hicks 2012). At the same time, the increased frequency of research assessments

generates a substantial pressure for improvements (Rebora and Turri 2013).

The reform process of the HEI systems in the EU, the so-called Bologna process, whose

implementation started at the end of 90s, furtherly stresses the importance of improving

research and teaching performance to make European HEIs more competitive with respect

to non-EU universities (Huisman and Van der Wende 2004). The relatively low number of

graduates and the excessively long timespans of student careers have, in fact, become a

pressing concern throughout Europe (Lambert and Butler 2006). In Italy, such problems

are even more critical because of the persistent gap between North and South (Agasisti and

Dal Bianco 2009) and the shortage of public resources assigned to HEIs relatively to

similar economies.

The evaluation of the reform process appears to be a multifaceted problem that raises

various questions. Did the reform improve the efficiency of HEIs? Was it equally suc-

cessful in both research and teaching? Can we identify any nexus between research and

teaching? Was there convergence in research, or efficiency, or both?

Our study sheds a light on the above issues by analyzing the pattern of research and

teaching efficiency of Italian public HEIs in the period 2000–2010, since the implemen-

tation of Bologna process. To that end, we employ a joint model of HEIs activity and two

separated models of research and teaching by using non-parametric and parametric tech-

niques (DEA, bootstrapped DEA, FDH, bootstrapped FDH). After showing the frontier

estimations, we investigate the relationship between research (teaching) performance and

teaching (research) activity, by applying a non-parametric approach (Daraio and Simar

2005). Thereafter, we turn the attention to the efficiency dynamics of the full model and of

the above two activities separately. We finally address the convergence issue, using dif-

ferent strategies: we employ b-convergence and r-convergence (Barro and Sala-i-Martin

1991, 1992).1 We use data from two different sources: our main source is the Italian

National Evaluation Committee (Comitato Nazionale per la Valutazione del Sistema

Universitario, CNVSU) database that includes data on each university institution, collected

on yearly basis by centers of evaluation (Nuclei di Valutazione); additional data on the

research activity are drawn by the Web of Science (WoS) database, which is part of the ISI

Web of Knowledge.

This paper contributes to the literature because it adopts the most comprehensive

sample of Italian HEIs to analyze efficiency in both teaching and research, and it is the first

study assessing convergence in the above activities in Italy. Our study relates to a growing

literature briefly reviewed in the next section. For its aim, it is close to Bonaccorsi et al.

(2006) and Guccio et al. (2015). With respect to the first paper, also investigating the

relationship between teaching and research for Italian HEIs, we use a far more compre-

hensive dataset, which include observations from a larger number of HEIs and for a

substantially longer time span. Moreover, we expand the analysis by using and comparing

different estimators. Guccio et al. (2015), on the contrary uses a sample of public and

private HEIs for the same time span, but it does not address research efficiency as we do in

our multi-output production model. We, moreover, provide an additional robustness check

by using several non-parametric estimators.

1 They were originally designed for development economics and recently applied to the study of the
dynamics of technical efficiency of banks and financial institutions (Weill 2009; Casu and Girardone 2010;
Zhang and Matthews 2012; Ayadi et al. 2013), and teaching in HEIs (Guccio et al. 2015).
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The analysis provides several insightful results. Italian HEI system shows an overall

efficiency growth in the observed period. In particular, a persistent increase in research

efficiency gave the largest contribution to total efficiency improvement, whereas teaching

efficiency increased in the very initial years of the sample period but declined afterwards.

We interpret the dynamics of teaching efficiency as the result of the reform of graduate

courses implemented by the end of 90s (as in Guccio et al. 2015), whereas the improve-

ment in research efficiency could have been affected by the funding scheme rewarding

HEIs’ research performance. We find a slightly positive relationship between research and

teaching performances achieved by HEIs. We also find that Italian universities converged

in terms of efficiency, although research and teaching converged at a different pace.

Teaching efficiency, which shows higher efficiency scores on average, did not improve

noticeably but converged faster. In opposition, research activities showed a constant and

remarkable increase in the level of efficiency at the expenses of the speed of convergence.

Results show to be robust with respect to different assumptions on production technology,

to alternative estimators and to bias correction.

The paper is organized as follow. ‘‘Background’’ section provides an overview on

efficiency studies on the HEI sector and on the Italian High Education System.

‘‘Methodology’’ section describes the methodological framework. ‘‘Data and HEI pro-

duction models’’ section is devoted to data collection and analysis. ‘‘Results’’ section

shows our findings. ‘‘Concluding remarks’’ section completes the study with few remarks.

Background

Literature review

HEI efficiency has been broadly explored by using parametric and, above all, non-para-

metric techniques such as DEA. Several empirical strategies have developed since early

studies (Tomkins and Green 1988; Beasley 1990, 1995; Dundar and Lewis 1995; Johnes

and Johnes 1995; Madden et al. 1997). Recent dynamic assessments of efficiency apply

techniques such as the Malmquist index used in combination with DEA frontier estimation.

Flegg et al. (2004) study efficiency of British HEIs for the period 1981–1993; Kempkes

and Pohl (2010) focused on German HEI system between 1998 and 2003.2 Non-parametric

frontier methods have been broadly preferred because they have the advantage of allowing

the study efficiency of multi-input and multi-output production processes and do not

require an a priori specification of the functional form. This is in many cases a considerable

advantage that prevails over some technical limitations (Johnes 2006).

The analysis of efficiency cannot overlook the fact that universities are complex multi-

input multi-output entities that jointly ‘produce’ research and teaching using facilities,

academic and non-academic staff, students and financial resources as inputs. The multi-

output nature of the HEI activity brings out the issue of potential trade-off between

teaching and research (Hattie and Marsh 1996, 2004). This is a well-known and highly

controversial issue in the literature. From an empirical point of view, it has been mainly

explored at researcher/professor or faculty levels. Feldman (1987) found a weakly positive

2 An increased interest in cross-country comparisons emerged in more recent times, due to the reform of
HEI systems within EU (the so-called Bologna Process) that aimed at creating a common European HEI
system. An example of such a strand of research is Parteka and Wolszczak-Derlacz (2013) that compares
266 HEIs in 7 European countries in the period 2001–2005.
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correlation between research productivity and teaching effectiveness; Hattie and Marsh

(1996) conducted a meta-analysis of 58 studies at professor level and found no correlation.

Some other scholars, conversely, reported a common perception among academics that the

two activities are positively related (Kremer 1990; Neumann 1992).

However, this issue has not been sufficiently explored in terms of efficiency. Among the

few exceptions, St. Aubyn et al. (2009) compare teaching and research efficiency scores of

27 HEI systems and suggest that the trade-off strictly depends on the country’s context.

Several HEI systems seem to specialize in one of the tasks while few countries show

comparable scores on both activities. Sellers-Rubio et al. (2010) find complementarity

between teaching efficiency and research efficiency in their study on a single Spanish

university. Bonaccorsi et al. (2006) study efficiency of 45 Italian HEIs in the period

1995–1999 using a large set of variables, including financial and human resources col-

lected by the Italian Conference of University Rectors (CRUI) as well as data on research

outputs drawn by the Information Science Institute (ISI). By applying a robust non-para-

metric approach, they study how research efficiency is affected by education efficiency

without finding evidence of a trade-off. Actually, they find that increasing scientific quality

improves educational efficiency. On the contrary, Wolszczak-Derlacz and Parteka (2010)

find a strongly negative correlation between teaching work-load (measured by the number

of students per academic staff member) and research efficiency (measured by the number

of ISI publications per academic staff member), for a sample consisting of several HEIs in

seven western European countries including Italy. Finally, De Witte et al. (2013a) uses an

empirical strategy close to the one used in the present paper on a sample of 155 professor

belonging to a single department of a Belgian HEI, and find that efficiency scores decrease

when accounting for potential spillovers between the two activities.

Institutional background and efficiency assessment of Italian HEIs

The system of Italian HEIs is one of the largest in the EU and it is known to be fairly

inefficient with respect to European counterparts (Lambert and Butler 2006) and charac-

terized by a structural geographical gap (Agasisti and Dal Bianco 2009; Agasisti and Pohl

2012; Guccio et al. 2015). Although considered as a strongly centralized system, it has

undergone a deep and unsystematic process of reform since late 80s. Among the main

features of Italian HEIs’ reforms: the financial autonomy, established in 1993; the reform

of funding schemes (2004), which now allows transfers from the national governments to

be partially distributed to universities on the basis of their teaching and research efficiency

and effectiveness; the structures of courses, which were reformed starting from the aca-

demic year 2001–2002 in order to meet the Bologna process targets. This reform intro-

duced a new 3 ? 2 model and more flexibility in the definition of teaching programs,

aiming at tackling the longstanding problems of the Italian HEI system: a low number of

graduates, a high dropout rate, a long average student career time (Agasisti and Catalano

2006).

Several works investigate the effect of the reform on the Italian HEI system: Agasisti

and Dal Bianco (2009), Guccio et al. (2015), Laureti et al. (2014) analyze teaching effi-

ciency based on the frontier estimation approach, while Di Pietro and Cutillo (2008)

focuses on drop-out rates, Cappellari and Lucifora (2009) on enrolment decisions, and

Brunori et al. (2012) studies the effects of the reform in terms of fairness.

Some relevant facts emerge: (1) the efficiency of Italian universities grew due to the

reform of courses’ structure; (2) the Italian HEI system is characterized by a structural
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geographical gap; (3) the reform resulted in a reduction of drop-out rates, a substantial

increase in the enrolments, and an improvement in the fairness of the access procedures.

Methodology

This study uses an economic production model of HEI to measure the relative efficiency of

the Italian HEIs in the sample. This production model is defined using the concept of

efficiency frontier based on the work of Farrell (1957), Debreu (1951), and Koopmans

(1951). Two main analytical approaches are available to estimate efficiency frontiers

empirically: parametric and non-parametric.3 Non-parametric estimators can be used to

measure the relative efficiency of organizations or parts of organizations that have similar

attributes and share the same goals and objectives, such as HEIs that perform teaching and

research activities.

In this study, the economic production model of HEIs is measured empirically using

Data Envelopment Analysis (DEA), a mathematical optimization model introduced by

Charnes et al. (1978) that generalized Farrell’s single input/output measure into a multiple-

input/multiple-output technique. DEA model estimates the convex hull of the production

function by a linear programming optimization, and the inefficiency is defined by a convex

envelope of the data. For comparative purpose we also employ the Free Disposal Hull

(FDH) model developed by Deprins et al. (1984), which relaxes the convexity assumption

of DEA model.4

According to Simar and Wilson (2008), FDH measurement provides different results

compared to DEA estimator and can obtain better data fit and thus reveals important

characteristics of the data. Furthermore comparing DEA and FDH estimators may be

useful because the FDH estimator is shown to be consistent and has attractive asymptotic

properties (Daraio and Simar 2007). Moreover, following Simar and Wilson (1998, 2000)

and Badin and Simar (2009) we perform the bootstrap procedure for the DEA and FDH

estimators in order to obtain bias corrected results.5 Furthermore, we test for the

assumption of Constant Returns to Scale (CRS) against Variable Returns to Scale (VRS),

using the bootstrap test proposed by Simar and Wilson (2002), and for convexity between

the DEA and FDH estimators using a similar statistical test as suggested by Daraio and

Simar (2005).

In our analysis, we use an output-oriented model assuming that HEIs maximize their

outputs for given inputs, as it is common in the literature on higher education. We also use

a Shephard (1970) output-oriented distance function, which is the reciprocal of Farrell

3 The advantage of using a non-parametric technique is that it provides a ‘‘best performance’’ frontier that
identifies efficient HEIs able to provide a benchmark for under-performing HEIs. An alternative method
identifying a frontier is the Stochastic Frontier Analysis (SFA; Aigner et al. 1977; Meeusen and Van den
Broeck 1977). In contrast to non-parametric frontier, this approach provides a measure of statistical noise in
its estimation of efficiency. However, SFA requires the specification of the functional form of the production
process and the distribution of data and error terms.
4 Notwithstanding their large use, traditional non-parametric models such as DEA and FDH estimators have
received some criticism since they rely on extreme points, and they could be extremely sensitive to data
selection, aggregation, model specification and data errors (Simar and Wilson 2008). As an alternative,
estimators based on partial frontiers and the resulting partial efficiency scores are proposed to provide robust
measures of efficiency at extreme data points: Cazals et al. (2002) proposes the nonparametric order-m
estimator and Daouia and Simar (2007) order-a quantile type frontiers.
5 According to Badin and Simar (2009), this estimator is a symmetric version of the order-m minimum
input function proposed by Cazals et al. (2002).
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(1957) distance function. Consequently, efficiency scores assume values between zero and

one.

We first assess the performance of public HEIs in our sample using a full model of HEI

activity and then two separated models of research and teaching (see e.g. Avkiran 2001;

Bonaccorsi et al. 2006, 2007; Archibald and Feldman 2008; Agasisti and Dal Bianco 2009)

to assess the nexus between these activities. From a production point of view, a single HEI

jointly produces teaching and research. However, as mentioned in the previous section,

complementarity or trade-off may exist between the activities, and several approaches were

developed to address the issue (for a survey of the parametric approach, see Worthington

2001).

In nonparametric efficiency analysis, traditional methods to assess complementarity or

trade-off between activities—or ‘scope’ economies6 (e.g. Fare et al. 1994)—are based on

the comparison between the frontier of single product DMUs (or specialized DMUs) and

the frontier of multiproduct DMUs constructed from the weighted sum of single product

DMUs (or specialized DMUs). As observed by Daraio and Simar (2007), however, this

approach introduces additional assumptions and potential biases.

In order to investigate the HEI performance in research and teaching activities, we use

the approach in Bonaccorsi et al. (2006, 2007) that applies the methodology proposed by

Daraio and Simar (2005, 2007) based on the comparison between the conditional perfor-

mance measures and the unconditional ones on the frontier. More specifically, Bonaccorsi

et al. (2006, 2007) suggests to study the relationship between HEIs’ teaching and research

activities using the general methodology that Daraio and Simar (2005, 2007) design to

investigate the influence of the operational environment.7 The influence of the condi-

tioning variable can be deduced by comparing the conditioned and non-conditioned effi-

ciency estimates. Therefore, the ratio of conditioned to unconditioned estimates is non-

parametrically regressed against the conditioning variable. In an output oriented model, an

upward sloping curve indicates a positive effect of the conditional variable, while a

decreasing slope indicates a negative influence. A flat curve indicates the absence of the

exogenous influence. We perform such analysis using both FDH and a robust order-

m estimator that is less influenced by extreme points.8

Finally, we study the dynamics of efficiency in terms of convergence of the Italian

public HEIs in the considered period. We then apply unconditional b-convergence and r-

convergence, originally developed by Barro and Sala-i-Martin (1991, 1992), to technical

efficiency in line with several recent studies (Weill 2009; Casu and Girardone 2010; Zhang

and Matthews 2012; Ayadi et al. 2013, Guccio et al. 2015). To be clear, we use the term b-

convergence to indicate that a poorer performer grows faster than a better performer, and

r-convergence to indicate that the dispersion of efficiency scores diminishes over the

observed period. Therefore, we estimate unconditional b-convergence:

6 Although scope economies generally refer to decreasing average costs in producing two or more outputs,
in this paper we refer to the benefits that teaching may have from research and vice versa, in line with
Bonaccorsi et al. (2006, 2007) and De Witte et al. (2013b).
7 An alternative to analyze the marginal effect of one activity (assumed to be an external or environmental
factor) on the other one’s performance is to employ a two-stage DEA analysis (i.e. Sellers-Rubio et al.
2010). A robust semiparametric approach proposed by Simar and Wilson (2007) requires a restrictive
separability condition between the input–output space and the space of external or environmental factors.
This is certainly unrealistic in our analysis. We thank an anonymous reviewer for this point.
8 Notice that the ratios are not bounded by 1, in case of m-order estimator.
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Dĥi;t ¼ aþ b ln ĥi;t�1 þ qDĥi;t�1 þ �i;t ð1Þ

where ĥi;t is the efficiency score estimated in the first stage for university i at time t,

Dĥi;t ¼ ln ĥi;t � ln ĥi;t�1; �i;t is the error term, and b is the convergence parameter that is

negative in case of convergence and whose value represents the speed of convergence.

The following autoregressive distributed lag model allows studying the dynamics of the

dispersion of efficiency scores:

DEi;t ¼ aþ rEi;t�1 þ qDEi;t�1 þ �i;t ð2Þ

where Ei;t ¼ ln ĥi;t � ln
�̂ht;Ei;t�1 ¼ ln ĥi;t�1 � ln

�̂ht�1;DEi;t ¼ Ei;t � Ei;t�1;
�̂ht is the mean of

efficiency scores ĥ of all universities at time t, �i;t is the error term. The relevant parameter

for the goal of the analysis is r. A negative value of r denotes convergence, i.e. dispersion

of efficiency scores diminishes over time, and the coefficient represents the speed of

convergence. In line with Casu and Girardone (2010) and Guccio et al. (2015), we use

uncorrected efficiency scores to estimate Eqs. (1) and (2) by pooled OLS, and by pooled

OLS including the lagged dependent variable.

Data and HEI production models

The selection of inputs and outputs in context such as ours is not straightforward and

strictly depends on the availability of data. To make our results and implications more

general, we select the most parsimonious set of inputs and outputs and use variables

commonly adopted by the literature. In fact, studies on HEIs’ efficiency based on non-

parametric frontier estimation techniques differ substantially in terms of methodological

and empirical strategy and also in the choice of the appropriate set of inputs and outputs

needed for the definition of the ‘production’ process.

The lack of appropriate measures of quality of HEI activities is a major concern in the

literature on university efficiency and, in this respect, the choice of the proper set of outputs

is rather controversial. As far as teaching activity is concerned, the total number of

graduates is a commonly used output (Johnes 2008; Agasisti and Pérez-Esparrells 2010;

Kantabutra and Tang 2010; Wolszczak-Derlacz and Parteka 2011), although such a

measure tends to be biased towards large-output-low-quality universities. Among more

sophisticated output measures, we recall: student self-reported acquired competences

(Joumady and Ris 2005), number of graduates weighted by their degree classification

(Johnes 2006), number of graduates within the standard length of the courses (Agasisti and

Dal Bianco 2009) graduation scores, graduation rates and graduates’ employment rates

(Kuah and Wong 2011), the ratio between the number of years scheduled for each degree

course and the average number of years of delay (Bergantino et al. 2013). We employ the

most used output measure for teaching, namely the number of graduates (GRAD). We are

aware that our selection does not allow to capture the aspect of quality. However, Guccio

et al. (2015) compares results from different models using alternatively the number of

graduates or regular graduates (both weighted or not by the their degree score), and finds

that the above measures lead to equivalent results.

Output selection is even more problematic when considering research activities. Several

studies use indirect measures, such as the amount of external resources attracted (Johnes

2008; Agasisti and Pérez-Esparrells 2010) and HEI prestige (Johnes and Yu 2008).
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However, consistent data on publications in journals with a positive impact factor are now

available: Bonaccorsi et al. (2006) and Parteka and Wolszczak-Derlacz (2013) use uniform

bibliometric data from Thomson Reuters’ ISI Web of Science database (a part of the ISI

Web of Knowledge), which lists publications from quality journals (with a positive impact

factor) in most scientific fields. The latter source of data for research is the most used in

recent literature and we draw from it to build our research output variable, RESEARCH,

i.e. the number of publications. We therefore count all publications (scientific articles,

proceedings papers, meeting abstracts, reviews, letters, notes) in a given year, subject to the

requirement that at least one author declared an institutional affiliation with a HEI.

Input selection has proved to be less controversial and generally does not include quality

measures, again with few exceptions.9 Actually, most works on HEI efficiency include

administrative staff and number of students (Abbott and Doucouliagos 2003; Johnes 2006,

2008; Agasisti and Dal Bianco 2009; Kantabutra and Tang 2010; Wolszczak-Derlacz and

Parteka 2011; Sav 2012; Guccio et al. 2015). Some studies consider also current expen-

ditures (Johnes 2008; Johnes and Yu 2008) and available places in libraries, laboratories

and teaching rooms as measures of the physical endowment of HEIs (Athanassopoulos and

Shale 1997; Johnes and Yu 2008; Agasisti and Dal Bianco 2009; Guccio et al. 2015).

Accordingly, in our joint model of production, we use the total number of students

(STUD), the total number of academic staff (AS), and the total number of available seats in

teaching rooms, libraries and laboratories (STR) as inputs of HEIs’ production process, and

GRAD and RESERCH as outputs.

Then, consistently with several studies (Avkiran 2001; Bonaccorsi et al. 2006, 2007;

Archibald and Feldman 2008; Agasisti and Dal Bianco 2009) we employ two separated

models: the ‘‘teaching production’’ model, with inputs STUD, AS, and STR, and output

GRAD; the ‘‘research production’’ model, with inputs AS and STR and output RESERCH.

Data collected on inputs and outputs for public HEIs in Italy for the academic years

2000–2001 to 2010–2011 form the basis of the empirical analysis. The dataset we use is

drawn from two main sources. The first one is the CNVSU database that includes data on

each university collected on yearly basis by Nuclei di Valutazione. The second source is

the Web of Science (WoS) database, being a part of the ISI Web of Knowledge, for the

data about the publications (articles, proceedings papers, editorial materials, book chapters,

book reviews, etc.) of the affiliated staff of each university in the sample. Data have been

analyzed for reporting errors, outliers and missing values. Therefore, the resulting dataset

consists of a sample of cross-sectional and time series observations for 54 Italian public

HEIs for 11 years for a total of 594 observations.10

Table 1 summarizes the employed variables, while the relative descriptive statistics are

listed in Table 2 showing also some productivity indexes based on those variables. In the

upper part of Table 2, we see that Italian universities are quite large: on average, they

9 Agasisti and Dal Bianco (2009) and Guccio et al. (2015), for instance, consider as input measure the
number of enrolments with a score equal or greater than 9/10 in secondary school.
10 The sample is coherent with the one used by Agasisti and Wolszczak-Derlacz (2014) and virtually
represents all the public HEIs with general purpose in Italian system. Some public HEIs are excluded due the
incompleteness of the data in the observed period (namely: Università di Macerata; Politecnico di Bari;
Università di Napoli ‘‘L’Orientale’’; IUAV di Venezia). Other HEIs are excluded from the sample for the
peculiarities of those institutions (Scuola Normale Superiore di Pisa; Scuola Superiore di Studi Universitari
e Perfezionamento Sant’Anna di Pisa; Scuola Internazionale Superiore di Studi Avanzati di Trieste; Scuola
IMT di Lucca; Istituto Universitario di Studi Superiori di Pavia; Università degli Studi di Roma ‘‘Foro
Italico’’; Università per Stranieri di Siena; Università per Stranieri di Perugia).
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enroll about 31,000 students, employ 1000 professors, and have 20,000 seats in their

facilities, with an output of about 4000 graduates and 1000 publications. It is clear from the

standard deviation and minimum and maximum values that data are spread out over a large

range of values. In the lower part of Table 2 we also report different productivity indexes

on teaching and research activity.

A first easy way to evaluate and compare the different performance of HEIs is to use

performance indicators that are supposed to reflect somehow the performance of different

organizations. Here we propose four indexes based on teaching and research activity. On

average, Italian HEIs ‘produce’ 4 graduates per professor and 0.2 graduates per seat in

facilities on early basis. In terms of research productivity, Italian average is about 1

publication per professor and 0.05 publication per seat.

Since we have a panel data covering 11 academic years, we are also interested in

studying the dynamics of such productivity indicators in the observed period. Figure 1

reports the boxplot of productivity indicators with respect to teaching and research. A

Table 1 Employed variables, meaning and source

Variables Meaning Source

STUD Total number of students Italian CNVSU

AS Academic staff Italian CNVSU

STR Number of available seats in teaching rooms,
libraries and laboratories

Italian CNVSU

GRAD Number of graduates Italian CNVSU

RESERCH Total number of publications Web of Science (WoS)-ISI Web of
Knowledge database

Source: our elaboration

Table 2 Descriptive statistics of employed variables and productivity indexes

Variables Obs. Mean SD Min Max

Employed variables

STUD 594 30796.520 24974.980 5164.000 148902.000

AS 594 1014.685 847.606 91.000 4718.000

STR 594 19840.150 13707.200 2526.000 69285.000

GRAD 594 4305.990 3699.215 299.000 21517.000

RESERCH 594 1086.699 1063.465 0.000 5936.000

Productivity indexes

GRAD/AS 594 4.359 1.364 1.062 10.680

GRAD/STR 594 0.207 0.064 0.067 0.499

RESERCH/AS 594 0.992 0.413 0.000 2.142

RESERCH/STR 594 0.048 0.022 0.000 0.123

Source: our elaboration on data provided by Italian CNVSU and Web of Science (WoS)-ISI Web of
Knowledge database
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positive trend in teaching productivity occurs in the very first years and up to 2005/2006,

while research productivity increases at a more constant rate. In addition, dispersion is

persistently noticeable in the period.
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Fig. 1 Boxplot of productivity indexes. Source: our elaboration on data provided by Italian CNVSU and
Web of Science (WoS)-ISI Web of Knowledge database
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Results

This section describes our results in the following fashion. After presenting technical

efficiency scores obtained through several estimators and under different assumptions, we

show our findings on the nexus between teaching and research. Converge estimates con-

clude the section.

Efficiency assessment

Following the methodology proposed by Simar and Wilson (2002), we test for the exis-

tence of returns to scale (i.e. CRS vs VRS) for the full model. In our full model, where we

have three inputs and two outputs, we obtain a p value of 0.27[ 0.05 (with B = 2000

bootstrap replications), hence we cannot reject the null hypothesis of CRS. Furthermore, as

suggested by Daraio and Simar (2005), we employ a similar statistical test for convexity

assumption on the results obtained under CRS and FDH estimates. We obtained a p value

of 0.19[ 0.05 (with B = 2000 bootstrap replications) hence, we cannot reject the null

hypothesis of CRS.

Overall, these two tests indicate that proper estimates for measuring the performance of

public Italian HEIs in our sample are obtained by the CRS model. Nevertheless, for a

comparative purpose, we show average efficiency results obtained using the different

estimators in Table 3.

It is not surprising that results show, on average, a higher efficiency score for FDH

estimates, due to the less restrictive assumptions of the estimator.

Results support the common perception of inefficiency as a relevant issue for Italian

public HEIs. In the full model, as expected, average efficiency scores are lower for the

biased corrected CRS (0.62) and the VRS (0.72) than for the biased corrected FDH effi-

ciency scores (0.85).

A comparison of results between models allows stating that, on average, Italian uni-

versities show higher efficiency in teaching than in research activity. Moreover, the

standard deviations show a high variability in the performance in all models, and this is

more acute in research than in teaching. The above results are consistent with respect to

different estimators, assumptions on returns to scale, and bias correction. These results

invite a further analysis on the nexus between the two activities.

The relationship between teaching and research

We first perform some preliminary correlation and then follow the approach in Bonaccorsi

et al. (2006, 2007) that applies the methodology proposed by Daraio and Simar (2005,

2007) based on the comparison of the conditional performance measures with the

unconditional ones on the frontier. In our context, the relationship between teaching and

research assumes a relevant role for the existence of a potential trade-off. We then address

several related aspects.

First of all, a potential trade-off may imply that best performers in one activity are less

efficient in the other one. In order to provide a preliminary test, we calculate the Spearman

rank-correlation coefficient (Table 4).11 Results show that teaching and research ranks are

11 Results are robust with respect to bias correction and to the assumptions of variable returns to scale and
free disposability of inputs, and results are available upon request.
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indeed positive, although poorly, correlated: if a university is a best performer in the first

activity, this does not imply or prevent it to be a best performer in the second one.

We then analyze the effect of some variables connected with teaching (research)

activity on the performance in research (teaching), exploring the relationship of the total

number of students (STUD*)12 and the total number of graduates (GRAD*)13 on HEIs’

Table 3 Efficiency estimates

Model and estimator Meaning Obs. Mean SD

Jointly production of teaching and research

FDH_FULL FDH—full model—no correction 594 0.9281 0.1182

FDH_COND_FULL FDH—full model—bias corrected 594 0.8543 0.1474

CRS_FULL CRS—full model—no correction 594 0.6613 0.1496

CRS_FULL_BCORR CRS—full model—bias corrected 594 0.6225 0.1375

VRS_FULL VRS—full model—no correction 594 0.7199 0.1533

VRS_FULL_BCORR VRS—full model—bias corrected 594 0.6643 0.1328

Teaching model of HEIs’ production

FDH_TEACHING FDH—teaching model—no correction 594 0.8117 0.1735

FDH_COND_TEACHING FDH—teaching model—bias corrected 594 0.6969 0.1709

CRS_TEACHING CRS—teaching model—no correction 594 0.5110 0.1362

CRS_TEACHING_BCORR CRS—teaching model—bias corrected 594 0.4853 0.1283

VRS_TEACHING VRS—teaching model—no correction 594 0.5897 0.1596

VRS_TEACHING_BCORR VRS—teaching model—bias corrected 594 0.5482 0.1444

Research model of HEIs’ production

FDH_RESEARCH FDH—research model—no correction 594 0.6604 0.2505

FDH_COND_RESEARCH FDH—research model—bias corrected 594 0.5826 0.2323

CRS_RESEARCH CRS—research model—no correction 594 0.4751 0.1956

CRS_RESEARCH_BCORR CRS—research model—bias corrected 594 0.4565 0.1878

VRS_RESEARCH VRS—research model—no correction 594 0.5139 0.2117

VRS_RESEARCH_BCORR VRS—research model—bias corrected 594 0.4953 0.2043

Source: our elaboration on data provided by Italian CNVSU and Web of Science (WoS)-ISI Web of
Knowledge database

Table 4 Spearman rank correlation coefficient—DEA-CRS efficiency scores

Model CRS_FULL CRS_TEACHING CRS_RESEARCH

CRS_FULL 1.0000

CRS_TEACHING 0.7162 1.0000

p value 0.0000

CRS_RESEARCH 0.6896 0.1643 1.0000

p value 0.0000 0.0001

Source: our elaboration on data provided by Italian CNVSU and Web of Science (WoS)-ISI Web of
Knowledge database

12 STUD stands for STUD• 104.
13 GRAD stands for GRAD• 103.
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research performance estimates and the total number of publications (RESERCH*)14 as

determinant of the teaching performance. Correlations between such variables and esti-

mated efficiency scores are reported in Table 5 and confirm that teaching and research

performances in our sample are largely independent. However, a positive relationship

emerges between STUD* or GRAD* and research performance, and between

RESEARCH* and teaching performance.

Overall, the preliminary results are generally consistent with those obtained in previous

literature, which show a limited scope between teaching and research activities and per-

formances. However, these results are obtained from unconditional performance indicators

and cannot fully capture the nexus between research and teaching. To provide a more

robust check of our findings we apply the methodology proposed by Daraio and Simar

(2007) to assess complementarity, or trade-off, between activities—or scope economies—

based on the comparison of the conditional performance measures with the unconditional

ones on the frontier. In particular, we use the conditional robust efficiency scores, where

research (teaching) activity is treated as an external factor to analyze its impact on

teaching (research) performance. To this purpose we first use conditional and uncondi-

tional robust FDH. Furthermore, to take account of potential outliers in our sample, we

employ an order-m estimator which does not assume convexity of the production set and

is less influenced by extreme points. Table 6 provides the descriptive statistics of the

conditional and unconditional estimators.15 Graphical inspection of Table 6 confirms that

both teaching and research performances benefit from each other activity, although the

effect is relatively small.

In order to better establish the influence of the other activities on the efficiency scores,

we show in Figs. 2 and 3 the ratio of conditional to unconditional performance estimates

against our external factors and its smoothed non-parametric regression line. In both

figures we display estimations based on robust FDH scores (left-hand side) and on order-m

scores (right hand side).

Since we employ an output oriented model, an upward sloping curve indicates a positive

effect of the external factor, while a decreasing slope indicates a negative influence. A flat

curve corresponds to the absence of the influence.

Figure 2 examines the influence of research activity on HEIs’ teaching performance. It

represents a scatter plot of the ratios of conditional and unconditional performance esti-

mates (both robust FDH and order-m) against RESEARCH* and its smoothed nonpara-

metric regression line in order to assess the influence. In Fig. 3 we show results for

conditional and unconditional performance research estimates against STUD* and GRAD*

respectively. The effect is slightly positive. More specifically, the left-hand graph in Fig. 2

(FDH) shows an initial positive effect for low levels of research activity. However this

effects is not detected using the more robust order-m estimator (right-hand side graph).

Looking at the effects of teaching, Fig. 3 shows a quite similar pattern for research per-

formance estimates. However, in this case the positive effect of teaching activities assumed

as environmental factors occurs in both FDH and order-m estimates. In summary, teaching

and research are poorly positive related, and the existence of a trade-off is not supported by

14 RESEARCH stands for RESEARCH• 103.
15 To save space we do not report all the results obtained using different estimators. The analytical results of
the conditional and unconditional estimates are available upon request.
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our analysis.16 This is consistent with previous findings in the literature (e.g. Bonaccorsi

et al. 2006).

Teaching and research efficiency dynamics

Teaching and research are not strongly related and this leads us to analyze whether their

dynamics in the decade after the reform are equivalent or not. That is, we are interested in

investigating the specific dynamics of the two activities and their contribution to the

aggregate efficiency trend of Italian HEIs. Figure 4 shows the box-plot for the full model

estimated by FDH, CRS-DEA and VRS-DEA. FDH scores are indeed higher on average.

Despite a diverging average efficiency score, all the models show comparable pattern.

Overall efficiency increased after 2002–2003, with the only exception represented by the

2008–2009, and this is consistent with previous findings on the overall efficiency trend in

Italy (Agasisti and Wolszczak-Derlacz 2014).

However, the dynamics are not constant and may hide different patterns with respect to

teaching and research. Indeed, teaching and research efficiencies did not change in the

same fashion in the observed period, as shown in Figs. 5 and 6, and more clearly in Fig. 7,

which includes only averaged-by-year CRS corrected and uncorrected scores. Teaching

efficiency increased mainly in the early years after the end of new first-cycle courses, and

declined later, still maintaining an overall increase in efficiency. This result is comparable

to previous findings available in the literature (Agasisti and Dal Bianco 2009; Guccio et al.

2015) and such dynamics can be explained as the result of the reform of graduate courses

implemented by the end of 90s. Indeed, a large share of un-regular students in old courses

had the opportunity to shift to the new ones, which, moreover, had a shorter length. This

Table 6 Descriptive statistics of
the unconditional and conditional
performance estimates

Source: our elaboration on data
provided by Italian CNVSU and
Web of Science (WoS)-ISI Web
of Knowledge database

Model and estimator Z variable Obs. Mean SD

Teaching performance

FDH_unconditional – 594 0.6969 0.1709

FDH_conditional RESEARCH 594 0.7344 0.1771

ORDER_m_unconditional – 594 1.0072 0.2282

ORDER_m_conditional RESEARCH 594 1.0310 0.2303

Research performance

FDH_unconditional – 594 0.5826 0.2323

FDH_conditional STUD 594 0.6128 0.2442

FDH_conditional GRAD 594 0.6201 0.2471

ORDER_m_unconditional – 594 0.8239 0.3386

ORDER_m_conditional STUD 594 0.8605 0.3468

ORDER_m_conditional GRAD 594 0.8816 0.3544

16 We also perform a number of other robustness checks to assess effects between other activities and
performances including a two-stage robust semiparametric approach proposed by Simar and Wilson (2007)
obtaining results comparable with those reported here. Results are available upon request.
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Fig. 7 Full, teaching and research model: by-year average CRS uncorrected and corrected efficiency
scores. Source: our elaboration on data provided by Italian CNVSU and Web of Science (WoS)-ISI Web of
Knowledge database
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led to a significant increase in the teaching output in the early years after the implemen-

tation of the reform. Conversely, on average, research efficiency increased persistently

over the period, although dispersion was constantly high. This result can be connected, in

our opinion, to the reforms in the HEIs’ funding scheme, which turned to be linked to the

performance in this activity.

Results would also suggest that research and teaching efficiency trends are basically

independent, consistently with results shown in the previous paragraph.

Convergence assessment

Figure 4 (see supra) offers some preliminary insights on convergence. Dispersion of

efficiency scores is constantly persistent although it slightly declines over time in the full

model. Figures 5 and 6 suggest that persistence in the dispersion of efficiency scores may

be due to research activity since teaching efficiency dispersion actually decreases, espe-

cially when considering CRS.

The same pattern emerges more clearly by plotting the Kernel density of CRS bias

corrected scores of the first and last year for full, research and teaching models. In

Fig. 8, we report the univariate kernel smoothing distributions (Wand and Jones 1995)

estimated through reflection method to determine densities for performance estimates.

The criterion for bandwidth selection follows the plug-in method proposed by Sheather

and Jones (1991). The comparison between the first year and the last one suggests that

dispersion of efficiency scores persisted, as it can be seen by looking at the thickness of

the tails of both the distributions (2000 and 2010) in the upper left graph, while both

teaching and research improved on average in the observed period, resulting in an overall

improvement of efficiency of Italian HEIs. However, by disentangling efficiency, the two

components show different patterns: universities converged in teaching efficiency (lower

left graph) and did not converge, at least noticeably, in terms of research efficiency

(upper right graph).

Although interesting, graphical inspection of the first and the last year does not allow

analyzing the pattern of convergence along the observed period as a whole. In order to

study convergence more in depth, we estimate Eqs. 1 and 2 (Tables 7, 8, respectively) by

using uncorrected CRS efficiency scores for the full, teaching, and the research models.17

As mentioned in ‘‘Methodology’’ section, a negative b parameter denotes convergence,

meaning that in the observed period, poorest performers grew faster than best

performers.

Table 7 shows that, overall, universities converged at a very slow pace as a result of a

slow convergence of research efficiency. Teaching efficiency, in contrast, displayed a

considerable rate of convergence, denoted by a larger and strongly significant coefficient.

The same configuration applies to r-convergence reported in Table 8. The dynamics of

dispersion of teaching efficiency scores give the strongest contribution to overall r-con-

vergence as denoted by a coefficient larger than that for research scores and strongly

significant. Thus, estimation results confirm graphical inspections of densities: although

Italian HEIs increased their efficiency with respect to both main activities, convergence did

not follow a similar pattern, as b and r-convergence are stronger for teaching than for

research efficiency. A more conspicuous improvement in research efficiency occurred at

17 However, our findings are robust with respect to variable returns to scale. Estimates are available upon
request.
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the expenses of a slower convergence between universities, and the reverse pattern applies

to teaching efficiency.

To check the robustness of the results we also perform the estimates including HEIs’

fixed effects to control for unobserved heterogeneity related to HEIs characteristics. The

estimates confirm our previous findings. Moreover, we check whether convergence results

hold when controlling for the other activity. We then re-run b and r-convergence models

introducing the external factor. Results reported in the Appendix (Tables 9, 10, 11, 12)

show that b and r-convergence estimates are robust to the inclusion of the variables

connected to the complementary activity.

Table 7 b-Convergence estimates—DEA-CRS efficiency scores: full, research and teaching models

Variables CRS—full model CRS—research model CRS—teaching model

OLS LAG OLS LAG OLS LAG

ln ĥi;t�1
-0.0989***
(0.0181)

-0.0933***
(0.0194)

-0.0638***
(0.0087)

-0.04311***
(0.0085)

-0.1844***
(0.0198)

-0.2131***
(0.0215)

Dĥi;t�1
-0.0985**
(0.0439)

-0.2305***
(0.0388)

0.1239***
(0.0418)

Constant -0.0167*
(0.0092)

-0.0087
(0.0098)

-0.0069
(0.0098)

0.0223**
(0.0093)

-0.1036***
(0.0151)

-0.1207***
(0.0161)

Observations 540 486 539 485 540 486

R2 0.053 0.065 0.090 0.102 0.139 0.173

Source: our elaboration on data provided by Italian CNVSU and Web of Science (WoS)-ISI Web of
Knowledge database

***, **, * Significance at the 1, 5 and 10 % level, respectively

Table 8 r-Convergence estimates—DEA-CRS efficiency scores: full, research and teaching models

Variables CRS—full model CRS—research model CRS—teaching model

OLS LAG OLS LAG OLS LAG

Ei;t�1 -0.1008***
(0.0186)

-0.0791***
(0.0196)

-0.0713***
(0.0084)

-0.0526***
(0.0080)

-0.1751***
(0.0208)

-0.1701***
(0.0228)

DEi;t�1 -0.1576***
(0.0438)

-0.2567***
(0.0367)

-0.0114
(0.0436)

Constant -0.0021
(0.0040)

-0.0016
(0.0041)

-0.0014
(0.0055)

-0.0004
(0.0050)

-0.0025
(0.0049)

-0.0026
(0.0052)

Observations 540 486 539 485 540 486

R2 0.052 0.071 0.118 0.145 0.116 0.108

Source: our elaboration on data provided by Italian CNVSU and Web of Science (WoS)-ISI Web of
Knowledge database

***, **, * Significance at the 1, 5 and 10 % level, respectively
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Concluding remarks

In this paper, we have analyzed teaching and research efficiency of Italian HEIs in the

period 2000–2010.We have used non-parametric frontier techniques (DEA and FDH) to

study the dynamics of overall efficiency, and also disentangled HEIs activities by inves-

tigating research and teaching efficiency separately. Results show that Italian HEIs

increased their efficiency in the observed period and that research contributed primarily to

such improvement by growing constantly. Conversely, teaching efficiency increased in the

early years after the reform and declined afterwards. We have, moreover, analyzed con-

vergence of technical efficiency by employing unconditional b-convergence and r-con-

vergence. Comparison between the full model and distinct models of production for

research and teaching provides indications about the relative efficiency dynamics. In

particular, Italian universities converged in terms of efficiency, but teaching and research

converged at a different pace, as the latter showed a slower speed in both b and r-

convergence.

Finally, we have investigated the relationship between teaching and research on several

dimensions, showing that being a best performer in one activity does not imply or prevent a

university to be a best performer in the other one. In fact, a slightly positive relationship

between teaching and research performances arises, consistently with previous results in

the literature, which do not find any evidence of the supposed trade-off between the two

activities. Results are robust with respect to different frontier estimators (namely, FDH,

order-m and DEA) and different assumptions on the returns to scale. The findings about the

relationship between research and teaching may offer useful empirical underpinnings for

theoretical analysis, and for the university management and policies aiming to improve the

performance of HEIs.

It should be noticed that this paper does not control for quality of research and teaching

and for geographical heterogeneity affecting efficiency. Further developments could

involve the application of conditional b and r-convergence and a richer set of inputs and

outputs including quality measures, and the relaxation of the implicit assumption of fixed

technology.

Acknowledgments Preliminary versions of this paper were presented in the XXVII annual congress of the
Italian Society of Public Economics (Ferrara, 2015), and seminars at the Kyoto Sangyo University and
University of Munich. We thank the participants and discussants, as well as two anonymous reviewers for
several helpful comments. The usual caveat applies.

Appendix

See Tables 9, 10, 11 and 12.
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