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Abstract.The evaluation practice in Italian universities, introduced by the “ Bologna
process’ , hasbeenrenewed by a subsequent reformin 2010, that hasredesigned theltalian
academic governance. Inthisnew context, therevisited roleof the Departments, which have
become the focus of academic activities, has motivated the objective of comparing their
performance. Thepaper openswithabrief review of theliteratureon university performan-
ce eval uation with data envel opment analysis. After the presentation of the characteristics
of the Iltalian university system and, in particular, of the University of Firenze, we
syntetically describethe method andindi cate the specification that will beapplied, together
with the set of input and output variables. The final section contains some concluding
remarks and suggests directions for future research.
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1. INTRODUCTION

In recent years, the question on how the resources—especially the public ones- are
utilized in higher learning institutions has become an important issue, because
those ingtitutions are under a general pressure to increase efficiency and improve
the quality of their activities. However, it is not easy to analyze efficiency in such
ingtitutions: firstly, because only some input and output prices can be evaluated;
secondly because these ingtitutions utilize multiple inputs to produce multiple
outputs(Johones, 2006) and thereforetraditional parametric methods(e.g. production
functions) cannnot be applied.

Thenonparametric DEA (DataEnvelopment Analysis) approach, which does
not make explicit a specific production function, can consider a multiplicity of
outputsand findsthe productionfrontier empirically, hasprovenuseful inassessing
relative efficiency among universities or among departmentsof asingleinstitution
from the work of Ahn et a. (1988).

1 Corresponding author: Lucia Buzzigoli, email: lucia.buzzigoli @unifi.it.
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Thesestudieshavealwaysconsidered universitiesor departmentsascomplex
production units with specific characteristics. Nazarco and Saparauskas (2014)
describe many examples of DEA application in academic performance measures
from around the globe referring to multiple viewpoints that highlight the extent of
the problemsto be faced: the choice of the decision making units, the mode of fund
alocation among units, the optimal size of the units, the efficiency of academic
activities, the comparison among different countries, the dynamicsof productivity.

As far as the Italian academic system is concerned, the efficiency of the
university system isanalyzed by Agasisti and Del Bianco (2006), Monaco (2012),
Bergantino et al. (2012), Faggi et a. (2015); furthermore, Agasisti and Johnes
(2009) and Agasisti and Perez (2010) compare Italian universities with academic
ingtitutions in different countries. Finaly, Agasisti and Ricca (2016) analyzed
technical efficiency of Italian public and private ingtitutions in 2007-2010. The
papersof Pesenti and Ukovich (1999), Rizzi (1999) and Buzzigoli et al. (2010) ook
at thedepartmentsof asingleinstitution. Guccioetal . (2015) valuedtheconvergence
of technical efficiency of the universities in order to assess whether the reform
process 2000-2010 resultsin an efficiency gain.

The purpose of this paper is to assess the relative performance of the
departments of the University of Firenze.

A previous work (Buzzigoli et al. 2010) presented a study concerning the
evaluation of the 70 departmentsof theUniversity of Firenzeusing DataEvel opment
Analysis. Several models with a different number and different sets of variables
were implemented to assess departments’ relative performance.

Theresults highlighted the need for further studies but, after theintroduction
of thelaw n. 240/2010, the set of decision making unitsradically changed because
the number of departments has reduced to 24, and their functions changed aswell.
Moreover, also someof thevariablesusedin the previuos application changed, like
the one used to evaluateresearch activities.

Therefore, the novelty of the present work isrepresented substantially by two
characteristics: thefield of investigation and the characteristics of theinformation
used.

The paper opens with the presentation of the characteristics of the Italian
university systemand—in particular —of the University of Firenze (inthefollowing
UNIFI). After a synthetic description of DEA, we present the input and output
variables we chose for the application, focused on the efficiency in resource
utilization. After the discussion of the analysis, the final section contains some
concluding remarks and suggests directions for future research.
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2. THE UNIVERSITY SYSTEM INITALY

The law n. 240/2010 introduced a reform of the Italian university system that
implied the renewal of the organizational structure and of the composition of
collegial bodies for universities (a detailed analysis in Luciandlli, 2013). Some
issues are particularly relevant for our work.

First of all, departmentshavegained anew —and moresignificant—role: while
thepreviousorgani zation wasbased on departmentsand faculties, now departments
aretheuniqueinternal structureof universitiesand assumedirect responsibility not
only for research, but also for teaching (previously assigned to faculties) and third
missionactivities. Therefore, university departmentspromoteand manageresearch,
manage teaching workloads among members, organi ze degree programs and doctoral
programsand carry out consultancy work. Whileresearch andteachingareduties, third
mission activities are not mandatory by law, but are gaining more and more attention
because universities can give adecisive boost to innovation based growth by means of
research valorization and the production of public goods (Baglieri, 2017).

Secondly, toreducethenumber of departmentsand consequently simplify the
organizationa and management structureof universities, thelaw 240 hasintroduced
asizethreshold: at |east 35/40 professors/researchersper department, dependingon
the total number of academic staff members. Each researcher belongs to one and
only one department and the disciplinary areas of department members should be
“homogenous’.

Finally, old faculties have been replaced by optional ‘ connection structures
— often called schools — aimed exclusively for the rationalization of teaching by
means of coordination between departments. If they exist, these structures manage
common services to a number of degree courses.

To date, the Italian university system is composed by 97 higher learning
ingtitutions: 61 public universities, 19 private universities, 11 private online
universities and 6 specia tertiary education schools, which provide doctoral
training. They are classified according to their size: there are 12 large universities
with more than 40,000 students, 29 middle universities with anumber of students
between 15,000 and 40,000, and 56 small universities (including special schools)
with less than 15,000 students (ANVUR, 2018).

According to the law 240/2010 the eval uation procedures among universities
and inside universities (among departments and degree courses) is conducted by
ANVUR (the Italian National Agency for the Evaluation of Universities and
Research|nstitutes), establishedin2011, whichreplaced boththe CNV SU (National
Committeefor the Evaluation of Universities) andthe CIVR (Italian Committeefor
Research Evaluation) (Turri, 2014).
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Themainfunding systemiscentralized anditreliesontheOrdinary Financing
Fund (FFO), asinglegrant to finance teaching, research and other needs. Inthelast
yearsthetraditional, historically based all ocation system (largely depending onthe
dimension of universities, in terms of personnel and students) has been integrated
withteaching and research performanceindicators (Geunaand Piolatto, 2016). The
most important result related to the ANVUR evaluation is the construction of
indicators on the quality of the research by scientific sector, by department and by
university aimed at the allocation of a share of FFO.

Other important opportunities of research devel opment derivefrom anumber
of national (like the Fund for Investments in Basic Research — FIRB — or the
Research Projectsof National Interest - PRIN) and European (liketheHorizon 2020
framework scheme) sources of funding, on a competitive basis.

3. THEMETHOD

The Data Envelpment Analysis (DEA)? was developed by Charnes et al. (1978)
based on an idea by Dantzig (1951) and Farrell (1957) who introduced non-
parametric methodsfor estimating efficiency. In general, given n production units,
defined as DMUs (Decision Making Units), these transform multiple inputs into
multiple outputs. The estimation takes place through the identification of a non-
parametriclinear boundary —for each unit separately —so astoidentify theonethat
represents the best practice in the input/output transformation.

The DEA, asisknown, is anon-parametric method since it does not require
the specification of a model for the production process and does not require any
predefined set of weights, relativeto theinputs and outputs. The efficiency of each
DMU ismeasuredinrelativetermsandisdetermined by empirically comparing the
input/output structure of aunit with that of all the others, finding the set of weights
that maximizesitsefficiency. To dothisit is possibleto follow two alternatives: to
find the best theoretical DM U capable of producing the same quantity of outputs
with asmaller amount of input (DEA input oriented) or that can produce a greater
quantity of output with the same quantity of input (output oriented DEA). The
relativetechnical efficiency isestimated throughthe DEA: theefficient unitsarethe
most efficient among those observed, without acomparison with average valuesor
theoretical values.

2 Theliterature on DEA isreally vast; for the model description we basically refer to Coelli et
al. (2005). Another reference for classic DEA modelsis Cooper et al. (2007).
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From a mathematical point of view the DEA is a linear programming
procedure that constructs a non-parametric (or border) surface on the datad.

Supposing we have | DMUswith N inputs and M outputs, the input oriented
approach for each unit can be represented as follows:

min, , 3
stQA=q
Ix= XA
A=20

where 9 isascalar representing the efficiency of the DMU; Q isthe MxI output
matrix; XistheNxI input matrix; A isan|x1vector of constants; thecolumnvectors
x and q respectively contain the inputs and outputs of the DMU.

The I that solvesthe problemis equal to 1 when the relative DMU isinput

efficient. If theresulting 9 islessthan 1,the1-J differencerepresentstherelative
input reduction needed to project the inefficient DMU on the frontier. The vector

A contains the weights to be applied to efficient DMUs to construct the optimal
theoretical producer whichisthereference point for the considered DMU. Thefirst
inequality statesthat the theoretical DM U should produce at least as many outputs
asthat considered. Thesecondinequality identifieshow muchtheconsidered DM U
input could be decreased, based on the efficiency value & . The point (XA, Q)
represents the projection of the DMU on the frontier.

Instead, the output oriented approach for each unit can be represented as
follows:

max,, ,¢
st.QA=2¢q
X2 XA
A20

where @—1isthe proportional increasein the outputsthat could be reached by the

DMU with the input quantities that remain constant; while 1/ ¢ is a scalar that
defines the technical efficiency score, that varies between 0 and 1.

3 We used DEAP, afree software developed by T. Coelli that can be downloaded at the web
site www.ug.edu.au/economics/cepal/deap.htm.
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Intheinput oriented DEA,, inputisminimizedfor agivenlevel of output, while
in the output oriented DEA, output is maximized for a given level of input.
Sometimes the choi ce between the two models may not be evident. A general rule
can be that for which the decision maker chooses the orientation based on the
variables (inputs or outputs) on which he can exercise hiscontrol. If he can control
both, then the choice will be determined by his objectives: for instance, whether he
needsto cut costs he will choose input orientation, whileif he wants to maximize
production he will choose output orientation. Finally, the field of application also
hasitsimportance. For example, in the case of public services, agrowing demand
must often be met with strong budgetary constraints: therefore, output oriented
DEA seems more adequate.

In both arientations, the unitsthat have been ranked as efficient by the model
arecalled ‘ peers’, and they can beidentified as possible benchmarks or targets (in
the sense of best practice organizations), with which the relatively less efficient
organizations are compared. For each inefficient DMU alist of efficient peerscan
be provided, which are the most similar to the inefficient DMU in terms of its
production/input composition.

The af orementioned versions are associated with atechnol ogy with constant
returns to scale (CRS). The DEA can aso be applied with variable scale returns
(VRS), adding a convexity constraint to the system: 1' A =1, 1' being the row unit
vector. TheV RShypothesisisoften morerealistic, becausethesizeof theDMU can
affect its productivity and, therefore, also its efficiency. When the DMU size is
heterogeneous, each DMU should be compared only with DMUs of similar size.
Note that in the VRS case the estimated boundary is closer to the original points;
therefore, theV RS efficiency scoresare higher than the corresponding CRS scores,
which may suffer from scale inefficiency.

Scale efficiency (S.E.) can be calculated as the ratio between technical
efficiency under CRSandtechnical efficiency under VRS. Asthefirst oneissmaller
than or equal to the latter, the measure of scale efficiency cannot be greater than 1.
A DMU lying on both the VRS and the CRS frontier represents the optimal scale
(i.e., scaleefficiency=1); aDMU lying only on theVRSfrontier isnot technically
efficient under CRS. A DMU lying below the two frontiers is both scale and
technical inefficient. DEA procedure can al so determinewhether aDMU that does
not reach theoptimal scaleshouldincrease (decrease) itssize: inthiscase, theDMU
shows increasing (decreasing) returnsto scale.

After theintroduction of the DEA, several versions appeared intheliterature
(Adler et al., 2002), but for our application we refer to the classic ones: the CCR
(assuming constant returns to scale, Charnes et a., 1978) and BCC (assuming
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variable returns to scale, Banker et al., 1984). The choice of the most appropriate
specificationsfor our application (input/output oriented, CRSorVRS) will bemade
based on the specific purposes of the analysis and the characteristics of thedatawe
are going to process.

4. THE UNIVERSITY OF FIRENZE: DATA AND VARIABLES

In2017,the UNIFI wastheseventhuniversity inltaly intermsof number of students
(51678 students) and teachers (1648 considering only professors, tenure and non-
tenure researchers) (MIUR, 2017).

Inthelast ten yearsthe FFO funds allocated to the UNIFI decreased of about
14% and the teaching personnel also decreased of about 20% (while students
decreased of only about 5.3%).

Inthefollowing, we briefly describe the departments of the UNIFI, referring
to the three dimensions of their activities (teaching, research and third mission).

After the2010reform, thenumber of departments passed from 70to 24, while
the previous classification of departments in five scientific areas was mantained:
bio-medical (5 departments), scientific (6), technological (6), socio-economic (3),
and liberal arts (4).

Table 1 presents departments per area and per number of teaching personnel
in2016. Our measuresincluderesearchersand professors, whiletemporary lecturer
positions, usually hired to cover teaching needs, are excluded, as they cannot be
considered internal personnel and imply additional costs.

The area classification hides within it diversified redlities. Once for al: the
areas are not homogeneous with respect to the dimension, when dimension is
measured in terms of teachers affiliated to the department. Therefore, we grouped
departments according the number of teachersin three classes: small (Iessthan 50
teachers), medium (50-89 teachers), large (more then 89 teachers).

More than ahalf of the departments are of medium size: in fact, the genera
average number of teachers per department is about 68 (69 for the medium size).

There isno clear characterization of the different areas with respect to size,
althoghinthescientificareaprevail small departmentsandinthetechnological and,
in the bio-medical area, the medium size prevails.
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Tab. 1: Departments per area and dimension.

Area Small Medium Large Total # of Avg. # of
(<50) (50-89) (>89) teachers teachers
Technological 1 4 1 6 376 63
Scientific 3 2 1 6 379 63
Liberal arts 2 2 0 4 207 52
Bio-medical 0 4 1 5 437 87
Socio-economic 1 1 1 3 225 75
Total 7 13 4 24 1624 68
Avg. # of teachers 42 69 108 68

The academic staff can be considered the most important variable in our
analysis, becauseteaching, researchand third missionarecarried out by department
members.

Teaching activity can be measured through lesson hours. In the 50% of
departments, theteaching burden per teacher isbetween 101 and 120 hoursand the
overall mean valueis 94 hours per teacher. Some areas have alower average: this
can be due to the different educational needsin the various reaserch areas. some
professional contents are typicaly transmitted by high qualified non-academic
professionals, appointed by contract. Thisis not relevant for our research, where
inputsand outputs must be referred to the departments resources and only to those.
Therefore, the teaching hours considered are those held by academic staff.

Another proper measurefor teaching activiy could bethe number of students.
Nonetheless, in the UNIFI, students are ‘linked’ to degree programs, which are
managed by schooalss, although teaching isadepartmental responsibility; moreover,
the degree programs derive from the collaboration between several departments.
Therefore, it would be difficult to distribute students among departments, if not on
the basis of heavy conventions.

As far as the evaluation of research is concerned, different measures are
available, both at national and local level. The process of research evaluation
conducted by ANV UR is based on acomplex procedure that implies the survey of
apredetermined number of publicationsfor each researcher (usually three) during
a five-year period. In this sense, the final indexes do not measure the real
productivity of research units, because they suffer from a sort of ex-ante standar-
dization (they do not consider all the products of each researcher, but only asubset of
them). Inorder to avoid thiskind of problemwechooseameasure, called R, that enters
the calculation of the fina index and that can be considered a sort of ‘grade’ of the
quality of research eval uated in each scientific sector in UNIFI by comparison with
researchers of the same scientific sector in Italy. Rvariesaround 1: values above 1
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indicate a quality above average, while values below 1 represent a quality below
average. Department values range from 0.83 to 1.34 and the mean valueis 1.06.

Another measure connected to research achievements is the amount of
research grants. We consider a variable including reaserch funds coming from a
number of external sources, all distributed on competitivebasis, both at national and
international level.

Asregardsthethird mission, accordingto ANV UR (2015), severa indicators
can be used to evaluate the two main dimensions of the interaction between the
academic world and society. The val orization of research can be quantified by the
number of spinoffs, patents, the number and amount of contracts with industries,
etc., while the involvement of universities in the social and cultural life by the
number of archeological sites, museum facilities, social/cultural events organized
by universities, etc.. In the first case, indicators refer primarily to technological
research areas, while in the second case to humanities and socio-economic ones.
The measure we chose is connected only to the first dimension and is the amount
of the annual turnover. We calculated an average over three consecutive years
(2015, 2016 and 2017) because dataare very variablefromyear to year. At present,
there are no reliable data for the second dimension.

Finally, another important variableto be considered isthe amount of ordinary
endowment funds, which are a general source of funding — although quite limited
— for the departments’ operative expenses. They are distributed yearly by the
university’s governing bodies on the basis of indicators related to the number of
teaching personnel and the characteristics of departments’ activities.

All the data used in the application have been kindly provided by the
administrative offices of UNIFI.

Some descriptive statisticsfor thevariablesused in the analysisare presented
in table 2, where ordinary endowment funds, grants and turnover are measured in
Euros.

Tab. 2: Variablesused in DEA application:
average values and first and third quartile per department.

Average First quartile Third quartile

Ordinary endowment funds (Euros) 243749.79 195253.00 294593.00
Teachers 67.65 48.00 84.00
Teaching hours 6342.58 4426.50 7853.00
R 1.05 0.96 113
Grants (Euros) 3029754.79 705790.57 3933894.19

Turnover (Euros) 433531.67 63283.30 567039.04
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Other variablesareavail ablein university files, but we decidedto useonly the
aforementioned ones, because they can be properly evaluated at department level
and their definition is relevant for our analysis.

Finally, in higher learninginstitutions production modeling - especially when
the public sector is concerned - also outcome measures should be used, where for
outcomewemeanthetypical concept derived from public management: “ something
that happensin theworld outside the organization[...]: it isan effect ‘ out therein
thereal world' ” (Pollit and Dan, 2011). For example, the number of graduateswho
find a work one/two years after graduation. Although the recognition of the
importance of learning outcomesis growing (see OECD, 2012), reliable measures
of this kind cannot be proposed at department level.

5.MODEL SPECIFICATION

DEA specification implies the choice of the model orientation (input or output
oriented), of thereturnsto scal eassumption (CRSandV RS) and the choi ce of input
and output variables.

As regards model orientation, in the literature on university or departments
evaluationwe can find both input and output oriented model s (two examplesfor all:
Aziz et d., 2013 and Agasisti and Ricca, 2016). We choose an output oriented
model, because our aimisto verify —after the 2010 reform—which departmentsare
more efficient than the others, given the resources. We are therefore interested in
determining how much output quantitiescoul d beincreased without modifying the
input quantitiesasameanto eval uate whether the use of financial and labour inputs
— often limited — is efficient in the general framework of arational use of public
resources. Thisisparticularly important inthishistorical period, when universities
are required to improve the quality of their services while government funding is
not increasing.

As regards the returns to scale assumption, the CRS hypothesis is adequate
whenthe DMUsare operating at optimal scale (Codlli et a., 2005); in our casethis
assumptionisnot recommended, sincethedepartmentsconfigurationwasoriginally
based on regulatory constraints and not on efficiency oriented organizational
models. Therefore, we use aV RS specification, that aso permits the computation
of scale efficiency.

Other important issues are connected to the choice of variables. In fact, the
choice of input and output variablesin DEA specificationisawaysessential: asin
Codlli at al. (2005) we can say that “the quality and appropriateness of datausedin
these sophisticated techniques are just asimportant as the techniques themseves”'.
Nonethel ess, this choice can be rather complicated in our context of analysis.
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The first problem is the number of input and output variables related to the
corresponding number of DMUs. Whilethe number of unitsin our caseisfixed, the
number of variablesisnot determined apriori. After the 2010 reform, asmentioned
earlier, the departments of the UNIFI decreased from seventy to twenty-four.
Therefore, the number of possible variablesto includein the model islimited by a
much lower threshold than in Buzzigoli et a. (2010). It iswell known, infact, that
the number of DMUs must be sufficiently high compared to the total number of
input and output variables. Different rules of thumb have been proposed in the
literature (for areview, Osman et al., 2014) but there is no general agreement on
which is the best one. Our model specifications will respect the condition
I>max{NxM, 3x (N+M)} where | is the number of DMUs, N and M are —
respectively — the number of inputs and outputs.

A second important issue is the different scale of variables. It is known that
DEA can use variables in different units, but in our sample the magnitude of data
range from numbers around 1 (the variable R) to numbers around 107 (the grants
variable). Thisimbalance could produce calculation problems (Sarkis, 2007), and
can be handled by dividing each input/output variable by itsown mean. In our case,
normalized datadid not significantly modify the results produced by original data.
Therefore, we can refer to original values, which produce input/output targets that
are easier to interpret.

Accordingtothepreviousconsiderations, thevariabl esthat can beusedin our
DEA applicationare: number of teaching personnel, volumeof ordinary endowment
funds(Euro), volume of research grants (Euro), number of teaching hours, research
quality index and annual turnover (Euro).

Research grants can be interpreted both as an input variable (because the
availability of financial resources is obviously of help in determining better and
more numerous outputs) and as an output variable (as a result of research
effectiveness). Inour case, weconsidered them asan output for two reasons. Firstly,
scientific reputation of researchers is often one of the criteria of selection of
competitive projects; therefore, theamount of grantscan be considered asan output
of the academic ‘production process'. Secondly, the choice is coherent with the
classic DEA approach where smaller inputs and larger outputs are better.

Therefore, the output variables are: research grants, teaching hours, research
quality index and annual turnover.

As a consequence, the input variables are: teaching personnel, which isthe
essential input to produce all the three typical activities of academic production
process (teaching, research, third mission); ordinary endowment funds, that can be
considered as a general support for al these activities. Moreover, these two
variables can be considered proxies of labour and capital.
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6. DEA APPLICATION AND RESULTS

Thefirst step of our analysis is the application of a DEA model including al the
aforementioned input and output variables (model M1).

Table 3 showsboth CRSandV RS scorestogether with Scale Efficiency (S.E.)
evaluation. Returnsto scale (R.S.) are also reported, in order to assess whether the
DMU operateswithincreasing (irs) or decreasing (drs) return of scale. INVRS modd,
12 DMUsresult efficient, whilein CRS version five of the VRS efficient departments
present relatively lower scores: it means that these DMUSs are too big or too smdll
relativeto their “optimal” size. Nine DMUs have aV RS score lessthan 0.9 but, in
any case, theaverage scoreis0.942, indicating agood general level of performance.

Tab. 3: Resultsfor model M 1.

Efficiency scores

DMU CRS VRS SE. R.S.
D1 0.999 1.000 0.999 drs
D2 0.922 0.942 0.979 irs
D3 0.865 0.938 0.922 drs
D4 0.747 0.815 0.917 drs
D5 1.000 1.000 1.000 -
D6 0.983 1.000 0.983 irs
D7 0.882 0.882 0.999 irs
D8 1.000 1.000 1.000 -
D9 1.000 1.000 1.000 -

D10 0.995 1.000 0.995 irs
D11 1.000 1.000 1.000 -
D12 0.674 0.709 0.950 drs
D13 0.697 1.000 0.697 drs
D14 0.707 0.852 0.830 drs
D15 0.748 0.944 0.792 drs
D16 0.717 0.833 0.860 drs
D17 1.000 1.000 1.000 -
D18 0.985 1.000 0.985 irs
D19 1.000 1.000 1.000 -
D20 0.942 0.983 0.959 drs
D21 0.972 0.981 0.991 irs
D22 0.809 0.811 0.997 drs
D23 1.000 1.000 1.000 -
D24 0.869 0.911 0.953 drs

mean 0.896 0.942 0.950

n. of peers 7 12
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Asthe departments areinvolved in research, teaching and third mission, it is
interesting to evaluate their performance for each activity separately. Therefore, a
second step in our application involves the comparison of three additional DEA
specifications. Therespectivemodels, called M 3 (research), M4 (teaching) and M5
(third mission) share with M1 the same input variables (operating expenses and
teachers), but include different outputs, as specified in table 4.

Tab. 4: Output variables of the different models.

Model Output variables
M1 grants, R, teaching hours, turnover
M3 grants, R
M4 teaching hours
M5 turnover

Tab. 5: VRS efficiency scoresfor model M3, M4 and M5.

DMU M3 M4 M5
D1 0.679 1.000 0.243
D2 0.920 0.900 0.141
D3 0.858 0.858 0.167
D4 0.761 0.742 0.011
D5 1.000 0.936 0.209
D6 1.000 1.000 1.000
D7 0.746 0.859 0.361
D8 0.786 0.953 1.000
D9 1.000 0.836 0.026

D10 1.000 0.952 0.002
D11 0.687 1.000 0.008
D12 0.709 0.420 0.265
D13 0.791 0.857 0.720
D14 0.776 0.665 0.374
D15 0.903 0.708 0.166
D16 0.828 0.608 0.331
D17 1.000 0.950 1.000
D18 1.000 0.963 0.159
D19 0.955 1.000 0.011
D20 0.828 0.953 0.051
D21 0.853 0.959 0.075
D22 0.703 0.786 0.251
D23 1.000 1.000 0.075
D24 0.858 0.861 0.052
mean 0.860 0.865 0.279

n. of peers 7 5 3
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TheVRSeéfficiency scoresfor each of thethreemodelsareintable5, together
with the number of peers (7, 5 and 3 for, respectively, M3, M4 and M5). The
Spearman Coefficients between the different rankings —including a so model M1
—areintable 6.

Tab. 6: Spearman coefficients between therankings.

M1 M3 M4 M5
M1 1.00
M3 0.51 1.00
M4 0.74 0.27 1.00
M5 -0.09 -0.15 -0.23 1.00

The results show that only department D6 (atechnological one) is apeer
in al models.

In model M3, 16 of the 17 non-efficient departments present decreasing
returns of scale, whilein model M4, 14 of the 19 inefficient departments shows
increasing returns to scale. Although models M3 and M4 show asimilar VRS
average score (0.860 for M3 and 0.865 for M4), the average scale efficiency
(not reported) is rather different (0.794 for M3 and 0.956 for M4), and the
Spearman coefficient between M3 and M4 (0.27) shows that these two
rankings are not stable. As far as the efficiency scores of M3 and M4 are
concerned, the scatterplot in fig.1 — including the bisector of the quadrant —
highlightsan ‘arrow shape’ confirming the findingsin Buzzigoli et el. (2010).
Only two DM Us are efficient in both models, while, more often, efficient units
in M3 model are not efficient in M4 model and vice-versa. Therefore, we can
hypothesize that in the departments of UNIFI there is a trade-off between
research and teaching efficiency. One department (belonging to the bio-
medical area) is off the cloud of the other departments, because it shows a
particularly low score for M4. This is probably due to the characteristics of
teaching in the biomedical departments, most of them sharing low scores in
M4,

Model M5 produces only three peers and shows very low efficiency
scores when compared with the other two models (the average VRS score is
0.279).

The comparison of M5 with M4 (which hasasingle output variable, like
model M5) isin Fig. 2: all DMUSs, except the peers, have higher efficiency
valuesin M4 (therefore, they are under the bisector) and most of the scoresare
lower than 0.4.
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These results confirm the problems connected to the nature of third mission
and the peculiarity of the measure used to evaluate it. The measure adopted
guantifies only one dimension of the third mission, that isthe amount of contracts
of departments with both private and public non-academic subjects. Therefore, it
shows noti ceabl e differencesamong departmentsbecause, at present, only some of
them have a strong vocation of this kind.
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Fig. 1: Efficiency scores: M3 vs M4 model.

In order to evaluate whether turnover has a decisive influence on the general
model, we applied a sort of sensitivity analysis defining afifth model, called M2,
which is obtained from model M1 eliminating the turnover from the outputs. The
resultsarein table 7.

The comparison between Table 3 and Table 7 showsthat the number of peers
inM2decreases(from 12to 10) and all theM 2 peersarealso M1 peers. Theaverage
score ranges from 0.942 to 0.933; the rankings show a high Spearman coefficient
(0.94). The scatterplot in Figure 3 points out that M2 scores are always not greater
than M1 scores.

As noted, in the M5 model the third mission isimportant only for alimited
number of DM USs; the comparison between models M1 and M2 shows a situation
of moderate relevance of this activity in the DMUSs together with the problem
related to the adopted measure.
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Tab. 7: Resultsfor model M 2.

Efficiency scores

DMU CRSTE VRSTE SE. R.S.
D1 0.979 1.000 0.979 drs
D2 0.922 0.942 0.979 irs
D3 0.851 0.903 0.942 drs
D4 0.747 0.815 0.917 drs
D5 1.000 1.000 1.000 -
D6 0.964 1.000 0.964 irs
D7 0.863 0.869 0.993 irs
D8 0.988 0.994 0.995 irs
D9 1.000 1.000 1.000 -
D10 0.995 1.000 0.995 irs
D11 1.000 1.000 1.000 -
D12 0.645 0.709 0.91 drs
D13 0.628 0.935 0.672 drs
D14 0.67 0.799 0.838 drs
D15 0.738 0.925 0.797 drs
D16 0.683 0.833 0.82 drs
D17 1.000 1.000 1.000 -
D18 0.985 1.000 0.985 irs
D19 1.000 1.000 1.000 -
D20 0.938 0.983 0.955 drs
D21 0.972 0.981 0.991 irs
D22 0.802 0.803 0.998 irs
D23 1.000 1.000 1.000 -
D24 0.864 0.911 0.949 drs

mean 0.885 0.933 0.945

Finally, we can compare the peers of the different model s according to some
characteristics: typology (as specified below), scientific area and dimension.

First of all, we consider the number of DMUs for which each peer is of
reference. If thisnumber ishigh (in our casegreater thanthree) we can consider this
peer as ‘properly efficient’; if the DMU is efficient but do not represent a peer for
any inefficient DM U, thenitsefficiency should beviewed with caution. Inthiscase,
welabelled the peer as*weak’ . Furthermore, in each model weidentified the peers
with scale efficiency and, among them, the properly efficiency peers.

Table 8 reportstheresults of the classification for each model. Only in model
M4 all the peersare properly efficient, showing asort of specializationinteaching.
In model M2, which has alarge number of peers (10), most of ‘ properly efficient’
DMUs are scale efficient.
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Tab. 8: Number and typology of peers per model.

‘Properly  Peerswith ‘Properly efficient’
M odel # of ‘Weak’ efficient’ scale peerswith scale
peers peers peers efficiency efficiency
M1 12 1 5 7 4
M2 10 0 6 5 5
M3 3 2 3 2
M4 0 5 2 2
M5 0 2 1 1

A supplementary analysis considers the characteristics of our particular
DMUSs, that belong to different scientific areas and have different dimensions.

Table 9 presents the distribution of peers per area. There is no relevant
evidence, except that thereisonly one efficient department in the biomedical area.
Thisresult is probably due to the particular role of biomedical departmentsin the
Italian health system, that — as we have already underlined in 84 — makes their
activitiespartially incomparablewhith respect to the* traditional’ academic onesof
the other departments. This aspect should be further investigated, but the number
of biomedical unitsistoo small to make a specific analysis.

On the contrary, the classification of peers according to their dimension
(small/medium/large) shows some remarkabl e evidence. For each model, table 10
classifies peersper dimension andtable 11 displaysthe overall average performan-
ce of DMUs and the average performance for small, medium and large DMUSs. In
al models, small DM Us outperform the others, dueto the high percentage of peers
among small departments. While large DMUs are more efficient that the average
infour models, medium DM Us always show an efficiency lower than the average.

Tab. 9: Peer distribution per model and area.

Social
Scientific Biomedical Technological Humanities science Total
# of depts. 6 5 6 4 3 24
Model
M1 3 1 4 3 1 12
M2 3 0 3 3 1 10
M3 2 0 2 3 0 7
M4 2 0 2 0 1 5
M5 1 0 2 0 0 3
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Tab. 10: Peer distribution per model and department dimension.

Small (<50) M edium (50-89) Large (>89) Total
# of depts. 7 13 4 24
Model

M1 5 5 2 12
M2 5 4 1 10
M3 5 2 0 7
M4 2 2 1 5
M5 2 1 0 3

Tab. 11: Mean efficiency measures per model and department dimension.

Model Small (<50) Medium (50-89) Large (>89) All
M1 0.989 0.904 0.980 0.942
M2 0.989 0.897 0.955 0.933
M3 0.967 0.824 0.789 0.860
M4 0.960 0.798 0.917 0.865
M5 0.350 0.236 0.295 0.279

A synthetic graphical representation of the peersin the various modelsisthe
Venn diagram in Fig. 4, where capital | etters represent the peers and indicate their
dimension. Each set isformed by the peers of the corresponding model. Set M2is
not shown because it is the union of set M3 and set M4.

The various characteristics could be analysed together. For instance, in the
more' speciaistic’ model M4, whereall the peersare’ properly efficient’, peersare
not characterized by area (two are from technol ogical area, two from the scientific
one, one from socia science), nor by dimension (two are small departments, two
aremedium and oneislarge). Onthe contrary, in model M3 we see apreval ence of
small peers, but three of them are'*weak’ and the two properly efficient peers are
also scale efficient and belong to the scientific area.
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Fig. 4: Venn diagram representation of peers.

7. CONCLUDING REMARKS

DEA has been used frequently for comparing higher learning institutions. In the
literature on academic performance DMUs are often universities; the analysis of
academic efficiency based on departmentsis|ess common, but, on the contrary, is
of great interest, because all dimensions of academic activity can bereferred to the
department level. Nonethel ess, the eval uation among departments hasthe problem
of identifying input and output measures related to a“ production process’ with a
“technology” thatisdifficulttodefine, duetothecomplexity of theactivitiescarried
out. The definition of the variables and the identification of adequate measures
represent an essential step for assessing the quality and relevance of the analysis,
asdataareoften derived from administrative sources. Thisimposesan adegquate and
consistent path of definition and measurement of the variables employed, together
with the need for a sensitivity analysis to evaluate the robustness of results.

In this paper, we presented an analysis of the departments of the UNIFI after
the 2010 reform, in order to evaluate their relative efficiency with regard to some
characteristics. academic activity, scientific area and dimension.

We proposed several models with the same input variables, but different
outputs.

Firstly, we evaluated the efficiency of departments with respect to a general
production process including all available outputs (model M 1) and secondly we
proposed aset of modelswherethe output i sthe specific target of asingle academic
activity (models M3, M4 and M5 for, respectively, research, teaching, third
mission). Theresultsfor the M5 model suggested anew specification of thegeneral
model (model M2), where the output variable related to the third mission was
omitted.
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In general, we found a good average value for VRS efficiency scoresin the
morecomprehensivemodels(M 1 and M 2), whileinthe specific model stheaverage
issmaller (partly due to the smallest number of output variables) with aparticular
low value for M5.

More specifically, the analysis shows remarkabl e differencesin the val ues of
input and output variables across and within the scientific areas. Probably, an
aternativeclassification should be proposed in order to distinguishand enhancethe
pecularitiesof departmentsand, in particular, inconfirming somespecificvocations
(for instance, third mission for the technological area).

The classification according DMUS dimension seems to produce more
informative results. in particular, small departments outperforms the others with
respect to efficiency measures.

Finally, although DEA technique is a powerful tool and have been used in
many issues for this purpose, it should be noted that its useis linked to the nature
andthecharacteristicsof utilised data. Therefore, the use of rel evant and exhaustive
data on academic activities will be an essential condition for obtaining more
detailed analysisin the future. In thisway DEA could aso be an important tool to
support the management of resources within universities.
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