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Abstract 

In Italy, public state libraries are multi-product organizations providing divisible services to 

the public and preserving ancient books of great historical relevance for future generations. So 

they may undertake different production activities for conservation and use, which together 

construct a network. This paper shows the importance of considering multi-process 

interactions in evaluating the overall performance of public state libraries and focuses on 

library operations and its sub-processes. It uses a network two-stage Data Envelopment 

Analysis (DEA) approach to examine the relationship between the libraries’ basic inputs, 

intermediate measures and final outputs. The main result is that Italian public state libraries 

generally perform better in the first stage of conservation, but score poorly in the second stage 

of use. Therefore, policy advices to improve the decision-making process are derived. 
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1. Introduction  

In Italy, public state libraries have wide and rich historical collections currently consisting of 

almost 40 million items, including manuscripts, printed volumes, incunabula,1 cinquecentine,2 

maps, music scores and drawings. 3  Public state libraries are multi-product organizations 

providing divisible services to the public as well as preserving ancient books and other 

antiquaries of great historical relevance for future generations. Thus, they perform an 

interesting nexus of conservation and use functions. However, as other public services, also 

public state libraries face the consequences of the economic crisis and decreasing public funds. 

This implies that they have to take responsibility for improving their efficiency and 

effectiveness in order to perform better with less means. 

The assessment of the efficient management of both conservation and use activities is 

closely related to the more general subject of the performance evaluation of the public sector 

(Coelli et al. 2005). The economic investigation of the efficiency and, more in general, the 

performance of public cultural services is longstanding, though less widespread if compared 

with other sectors such as health or education (Fernández-Blanco et al, 2013). This 

investigation has developed using different methodologies and approaches - both parametric 

and non-parametric - and it has been applied to several fields such as museums, theatres, 

libraries, and heritage authorities (for a survey, see Pignataro, 2011 and Fernández-Blanco et 

al., 2013). Several issues still deserve a closer investigation because of the peculiar nature of 

cultural services, which raises severe measurement and evaluation problems, and the 

difficulties in collecting reliable data suitable to represent the complex activity of cultural 

institutions (Rizzo, 2011). 

This paper aims at investigating the efficiency of Italian public state libraries using Data 

Envelopment Analysis (DEA). In traditional applications of DEA to the cultural sector, an 

organization (a Decision Making Unit, DMU) is treated as a ‘black box’, usually ignoring its 

internal process. However, a DMU such as a public state library may engage in different 

production and consumption activities for conservation and use, which together construct a 

network.  

Thus, to assess the efficiency of our DMUs (i.e. Public state libraries) we try to overcome 

the limits of the traditional DEA model, using a network DEA efficiency analysis based on 

the pioneer work of Färe and Grosskopf (1996). In fact, the production structure we propose 

allows examining a sequence of production technologies. Specifically, we define a network 

DEA comprising two sub-technologies: i.e. in a first stage, inputs produce intermediate 

                                                        
1 A pamphlet that was printed – not handwritten – before 1501.  
2 They are 16th century books.  
3 As for November 2016, see http://www.librari.beniculturali.it/opencms/opencms/it/biblpubbliche/ 
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outputs, which, then, become inputs in the second stage, where the final outputs are produced. 

In this setting, a DMU represents a two-stage process and intermediate measures exist in-

between the two stages.4  

For this purpose, we apply the centralized network DEA model proposed by Liang et al. 

(2008) and refined by Kao and Hwang (2008). In the production structure we assume that, at 

stage one, libraries’ managers combine the resources (infrastructure, equipment, expenditure, 

personnel) to perform a set of internal operations to generate ‘intermediate outputs’ aimed at 

preserving and/or improving the cultural resources to be made available to users. At stage two, 

these ‘intermediate outputs’ are used as inputs for the delivery and consumption of public state 

library services ‘final outputs’. Thus, in the first stage we assess the ability of the public state 

libraries to utilize the resources efficiently to conserve the heritage while, in the second stage, 

we evaluate the ability to use the heritage for the provision of divisible services.  

The present study adds to the previous empirical literature on the efficiency of cultural 

institutions in several ways. Firstly, the study represents, to the best of our knowledge, the first 

attempt to investigate the technical efficiency of cultural organizations, using the centralized 

network DEA model proposed by Liang et al. (2008).5  

Secondly, contrary to previous studies on heritage institutions, we assess the efficiency of 

public state libraries, using both standard DEA model and the centralized network DEA model. 

Thus, we are able to better investigate the role of intermediate measures for the performance 

and to identify the specific sources of inefficiency embedded in the interactions between 

conservation and use activities.  

Thirdly, since traditional DEA statistical estimators of the frontier are obtained from finite 

samples, the corresponding measures of efficiency are sensitive to the sampling variations of 

the frontier obtained (Simar and Wilson, 2015). Bootstrapped algorithms have been proposed 

to assess the sensitivity of the measured efficiency scores to the sampling variations (Simar 

and Wilson, 1998, 2000). Therefore, in this paper we employ a consistent bootstrap estimation 

procedure (Simar and Wilson, 2000) that enables us to assess the sensitivity to the sampling 

variations and to provide a robustness check of our findings in baseline DEA model. Moreover, 

because two-stage network DEA models are quite sensitive to scale assumption (Zhu, 2014), 

the bootstrap procedure allow us to robustly test for returns to scale by using the algorithm 

proposed by Simar and Wilson (2002).  

                                                        
4 A key feature of the two-stage network DEA models is that the first stage’s outputs are the only inputs 

to the second stage (Halkos et al., 2014). 
5 As it is reported in the literature review section, there are some studies (e.g. Hammond, 2002; Simon 

et al. 2011) that propose a multistage approach. However, they apply the early approach introduced by 

Wang et al. (1997) and Seiford and Zhu (1999), which assess the efficiency of the two stages separately 

without considering possible conflicts between the different stages.  
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Finally, to assess the role of cultural heritage for the efficiency of public state libraries we 

employ both the physical and monetary values of the assets managed by public state libraries. 

To the best of our knowledge, this is the first attempt to assess the performance of cultural 

institutions using both measures. The main result is that Italian public state libraries generally 

perform better in the first stage of conservation, but score poorly in the second stage of use. 

The remainder of the paper is structured as follows. Section 2 provides a review of the 

previous literature. Section 3 analyses the main institutional and organizational features of 

Italian public state libraries. Section 4 describes our methodological framework, the data 

sources, and the production models. Section 5 presents the empirical results. Section 6 

provides some concluding remarks. 

 

2. A survey of the literature on the assessment of the efficiency of cultural 

organisations   

In this Section we provide a survey of the previous literature on the assessment of the 

efficiency of various types of cultural organisations (e.g. museums, libraries, theatres, heritage 

authorities) with different institutional goals and models of production), mainly focusing on 

libraries but not limited to them. As we pointed out before, our analysis refers to a somewhat 

‘special’ type of library that performs a nexus of conservation and use functions.    

From the perspective of performance assessment there is a wide range of measures and 

methods (Madden, 2005). Generally, the bulk of these measures and methods have focused on 

efficiency. There are, however different notions of efficiency: technical efficiency, efficiency 

of scale, allocative efficiency or cost minimisation (Fernández-Blanco et al, 2013). The last 

one is frequently used, but it is possible to question whether it provides a proper measure of 

the performance of cultural institutions. Whatever approach is adopted, the basic assumption 

is that it is possible to choose the optimal combination of inputs to obtain the desired outcome. 

However, such an assumption is rarely true for cultural institutions especially for the public 

ones. In this case, cultural institutions operate under severe constraints even more so with the 

general reduction of public funds that has characterised most Western countries since 2008 

(Klamer et al. 2014). Acknowledging this limit, several studies have concentrated on technical 

efficiency intended as the capacity ‘to achieve an output using fewer resources or to produce 

the maximum output given a certain set of resources’ (Fernández-Blanco et al, 2013: 473).  

To consider this, several studies (e.g. Pignataro, 2002; Mairesse and Vanden Eeckaut, 

2002; Bishop and Brand, 2003; Basso and Funari, 2004; Del Barrio et al., 2009; Finocchiaro 

Castro and Rizzo, 2009; Finocchiaro Castro et al., 2011; Zieba, 2011; Del Barrio and Herrero, 

2014;) have used frontiers to measure the efficiency of cultural institutions.  
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Two main analytical approaches are available to estimate efficiency frontiers: parametric 

(Stochastic Frontier Analysis, SFA) and non-parametric (mainly Data Envelopment Analysis 

– DEA, and Free Disposal Hull – FDH). Although, in principle, both parametric and non-

parametric approaches are suitable to assess the performance of cultural institutions, a large 

number of empirical studies have used the latter. The reasons are probably connected with the 

flexibility of the non-parametric frontier approach that is a useful tool to assess the relative 

efficiency of cultural organisations.6   

Independently from the analytical approach used, studies trying to assess the efficiency of 

cultural organizations meet the challenge of characterizing the relationship between inputs and 

outputs. Sometimes the problem relates to the identification of the output(s) and, in some 

cases, the outcome(s) of cultural institutions. When focusing on the efficiency of libraries, 

Chen (1997) considers five inputs (staff, collection, acquisition expenditure, library space, 

seating capacity) and six outputs (attendance, book circulation, reference transaction, reader 

satisfaction, service hours and inter-library loans). Vitaliano (1998) and Hammond (2002) use 

as outputs: the yearly number of items lent, the number of enquiries processed and the number 

of requests for specific items processed; the inputs are: opening hours; the collection of books 

and audio-visual material; the number of subscriptions and acquisitions7.  

Recent studies about libraries use multi-stage models and, also, take into account the 

potential outcome deriving from the consumption of library services. The early multi-stage 

studies (Vitaliano, 1998; Hammond, 2002), in contrast with single-stage DEA models, 

consider a possible internal structure in libraries production to evaluate their efficiency. In 

fact, in the presence of internal structures, single-stage DEA models are not sufficient; 

therefore, two-stage or network DEA models are needed. However, these studies use the 

simplest network two-stage structure where all inputs are supplied to the first process to 

produce intermediate products, used in the second process to produce the final outputs (Wang 

et al., 1997; Seiford and Zhu, 1999). Moreover, the authors assess the efficiency of the two 

stages separately without considering possible conflicts between the different stages.   

Similar to Hammond, (2002) with regard to the basic two-stage structure, Simon et al. 

(2011) analyse the productivity growth of 34 Spanish university libraries using a Malmquist 

productivity index. The library production system is described as composed of three processes: 

internal production, service delivery, and impact of services on users. More specifically, 

Simon et al. (2011) propose a model with three stages where, at stage one, library managers 

                                                        
6 Pignataro (2011) and Fernández-Blanco et al. (2013) provide recent surveys about the use of these 

techniques in the cultural sector. While a limited number of studies use SFA to assess library 

performance (Hammond, 2009). 
7 From a different perspective Reichmann and Sommersguter-Reichmann (2006), using a sample of 118 

university libraries from Australia, Austria, Canada, Germany, Switzerland and the United States, 

addressed the problems of differing environments and their effects on library performance. 
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combine resources as personnel, expenditures, and equipment to generate intermediate outputs 

aimed at increasing the collection and improving the infrastructure. In the second stage, these 

intermediate outputs are used by personnel and users (i.e. final outputs). In the final stage, the 

short and medium term impact of services on users and institutions is considered as the 

outcome. Similar to Seiford and Zhu (1999), the authors apply a generalization of the basic 

two-stage structure, which allows both stages to consume exogenous inputs supplied from 

outside and to produce final outputs, in each stage without considering possible conflicts 

between the different stages.8  

Looking at the outcomes of libraries, De Witte and Geys (2011) employ a conditional 

robust FDH estimator and characterize the library production process as a two-stage setting. 

More specifically for the first stage they use the robust FDH estimator proposed by Cazals et 

al. (2002) to translate basic inputs (personnel, operating expenditure, infrastructure) into 

service potential (available books and media, opening hours). In the second-stage they employ 

the conditional FDH estimator proposed by Daraio and Simar, (2005, 2007) to assess how 

these outputs are transformed into observed outcomes. However, De Witte and Geys (2011) 

find that the final outcome depends on the characteristics of demand, which is normally 

beyond the control of the library, hence they argue that for a fair assessment of efficiency one 

should concentrate mainly on the first stage. De Witte and Geys (2013) follow the same line 

of reasoning when evaluating the role of citizens as co-producers of the services provided by 

local public libraries in Flanders. They show that the use of final outcomes, as an output 

variable in efficiency studies, leads to biased inferences when evaluating the pure productive 

efficiency of public service provision. These last results are relevant for our analysis since 

there is often a trade-off between the different objectives of cultural organizations (e.g. use vs. 

conservation), which makes it difficult to identify the outputs and outcomes affecting the result 

of the analysis of efficiency.  

 

3. Italian public state libraries: activities and organization 

In Italy, there are 45 public state libraries, which are managed by the Ministry for Heritage, 

Cultural Activities and Tourism (Ministero dei beni e delle attività culturali e del turismo 

MIBACT) 9 through the Libraries and Cultural Institute General Directorate (DGBIC).10 The 

                                                        
8 Such conflicts may arise because intermediate measures are not treated simultaneously (Halkos et al., 

2014; Kao. 2014).  
9 Public state libraries have been recognized and organized in 1995. Originally they were 46, however, 

since 2006 the University Library of Bologna is supervised by the Ministry of  Education, University 

and Research.   
10 The organization of the MIBACT has been reformed in 2014; detailed information on the organization 

of the DGBIC can be found at http://www.librari.beniculturali.it   
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public state libraries’ mission is wide: they conserve and enhance their historical collections, 

collect and conserve Italian and international publications related to their collections, and 

provide services to the public offering information on their collections and allowing the 

circulation of books and other documents.  

They represent a rather heterogeneous set resulting from a complex stratification with three 

historical cores. In fact, ‘public state libraries’ include some University libraries, some 

ecclesiastic ones and libraries dating back from the Renaissance to Post-Unitarian time.11 Two 

public state libraries (in Rome and Florence) are labelled ‘national’ and have the right of legal 

deposit, i.e. the legal requirement that publishers have to deposit a copy of everything 

published in Italy in these libraries.12 Moreover, unlike other peripheral MIBACT institutions, 

such as historical archives, national libraries are not necessarily located in provincial capital 

towns. On the contrary, they are in cities of different size, even in very small ones, and their 

geographical distribution is also quite uneven across Regions.  

Public state libraries are part of the national network of Italian libraries: the National 

Library System (SBN),13 with an online catalogue referring to a multimedia database of almost 

10 million records. According to official figures,14 SBN has about 100 million online accesses, 

and about 20 million researches per year. Within the national statistic programme, MIBACT 

carries out a yearly investigation on public state libraries, collecting data on their inputs and 

outputs. Using these data, a recent study of the Italian Ministry of Economy and Finance - 

State General Accounting Department (Ragioneria Generale dello Stato – RGS, 2012a) 

provides a clear picture of the varied dimensions of public state libraries with respect to the 

size of collections, the number of users, the personnel size. The study also offers some partial 

indicators of productivity, which show a high variability across libraries.  

It is worth noting that the Italian Ministry of Economy and Finance - State General 

Accounting Department (RGS, 2012b) officially provides a financial measure of the monetary 

value of the collections of the state public libraries, as components of the State patrimony. 

Hence, to assess the role of cultural heritage for the efficiency of public state libraries we are 

able to employ both the physical and monetary values of the assets managed by public state 

libraries. Table 1 reports some figures about public state libraries collections in the year 2011. 

                                                        
11  For a detailed description of the different types of Italian public state libraries see: 

http://www.internetculturale.it/opencms/opencms/it/pagine/mostre/pagina_106.html.  
12 By law, they receive a copy of what is published in Italy. These institutions are granted special 

autonomy. 
13 More than 4.000 public and private libraries join the system, which is coordinated at the central level. 

Overall, in Italy there are about 13.000 public and private libraries.  
14 See: http://opac.stats.sbn.it/awstats/awstats.pl?config=opac.sbn.it&lang=it. 
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Table 1 – Main characteristics of Italian Public State Libraries collections– year 2011 

PUBLIC STATE LIBRARY 

ASSET VALUE  

(in million of 

euro at current 

price) 

Manuscript

s 

Books 

Total 
of which 

incunaboli cinquecentine 

Torino - Nazionale Universitaria 842.50 4,554 763,833 1,603 10,063 

Torino - Reale 2.26 4,424 188,923 188 5,030 

Cremona - Statale 5.69 3,874 474,844 384 6,302 

Milano - Nazionale Braidense 163.74 2,119 1,000,963 2,370 24,406 

Pavia - Universitaria 3,306.70 1,411 385,689 691 7,000 

Padova - Statale del monumento nazionale dell'abbazia benedettina di s. 

Giustina 
1.73 65 122,343 3 253 

Padova - Universitaria 218.15 2,809 410,040 1,283 9,638 

Padova - Statale del monumento nazionale di Praglia 34.66 70 73,550 13 360 

Venezia - Nazionale Marciana 1,356.93 13,118 634,297 2,887 24,069 

Gorizia - Statale Isontina 6.46 876 352,566 41 938 

Trieste - Statale 4.96 8 188,256  21 

Genova - Universitaria 74.54 1,949 398,907 1,039 7,603 

Modena - Estense ed universitaria 470.70 11,025 564,291 1,662 15,966 

Parma - Palatina 818.82 52,244 673,419 3,044 11,704 

Firenze - Marucelliana 579.25 2,946 428,951 490 7,965 

Firenze - Medicea Laurenziana 3,000.93 11,044 71,892 406 4,058 

Firenze - Nazionale centrale 1,648.98 24,991 5,812,955 3,716 29,123 

Firenze - Riccardiana 407.26 4,455 48,357 725 3,876 

Lucca - Statale 3.99 4,323 379,001 835 12,820 

Pisa - Universitaria 69.89 1,392 475,635 162 7,083 

Macerata - Nazionale 2.37 64 79,375 1 590 

Frosinone - Statale del monumento nazionale di Trisulti 1.08 2,258 86,395 198 2,063 

Frosinone - Statale del monumento nazionale di Montecassino 52.90 161 27,396 8 602 

Frosinone - Statale del monumento nazionale di Casamari 10.66 261 62,960 22 391 

Roma - Angelica 851.77 2,748 197,876 1,160 13,505 

Roma - Casanatense 254.48 7,645 259,210 2,207 12,849 

Roma - Statale di storia moderna e contemporanea 91.03 128 389,745 - - 

Roma - Medica Statale 7.67 8 76,933 4 127 

Roma - Statale Antonio Baldini 2.77 0 119,618   

Roma - Nazionale Centrale Vittorio Emanuele II 49.91 7,912 4,481,248 1,945 25,296 

Roma - Universitaria Alessandrina 138.59 450 694,858 674 14,502 

Roma - Valliceliana 707.90 2,646 139,897 437 13,014 

Roma - Statale del monumento nazionale di Grottaferrata 31.05 1,002 56,459 20 400 

Roma - Statale del monumento nazionale  di S. Scolastica 20.95 948 104,559 223 1,157 

Roma - Statale dell' istituto nazionale di archeologia e storia dell'arte 78.24 1,527 235,643 15 741 

Avellino - Statale del monumento di Montevergine 1.91 580 153,903 38 1,325 

Napoli - Oratoriana dei Girolamini n.a. n.a. n.a. n.a. n.a. 

Napoli - Nazionale 773.27 18,422 1,512,147 4,563 40,000 

Napoli - Universitaria 4.73 144 654,110 462 3,654 

Salerno - Statale del monumento nazionale Abbazia Benedettina  s.s. 

Trinita' 
0.77 438 82,399 120 1,663 

Bari - Nazionale Sagarriga Visconti Volpi 21.67 454 302,630 55 2,220 

Potenza - Nazionale 6.58 74 128,187 3 113 

Cosenza - Nazionale 4.20 117 113,051 0 3 

Cagliari - Universitaria 5.23 604 542,910 238 5,326 

Sassari - Universitaria 4.37 916 198,555 74 3,502 

Total 16,142.24 197,204 24,148,776 34,009 331,321 

 
Source: our elaboration on data provided by MiBACT Statistical office and RGS  

Note: data for the library Oratoriana dei Girolamini in Naples are not available for 2011.  
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The Table shows that the total asset value of the collections accounts for more than 16 

billion euros, with a great variability among Italian public state libraries, ranging from 770,000 

euros to more than 3 billion. Analogously, the size and composition of the collections vary 

across libraries. These considerable differences have been taken into account and, as a result, 

in this study the statistical method proposed by Simar and Wilson (2002) was applied for 

determining the appropriate returns to scale type in our sample. 

 

4. Methods and data 

4.1. Methodology  

As stated in the previous Section, several studies have measured the efficiency of libraries 

applying non-parametric statistical techniques as DEA. DEA is based on the pioneering work 

of Charnes et al. (1978) that generalized Farrell’s (1957) single input/output measure into a 

multiple-input/multiple-output technique. The aim of this approach is to measure the 

production efficiency through the estimation of a frontier envelopment surface for all DMUs 

by using linear programming techniques. By constructing envelopment unitary isoquants 

corresponding to comparable DMUs across different situations, DEA identifies as productive 

benchmarks those DMUs that exhibit the lowest technical coefficients, i.e. the lowest amount 

of inputs to produce one unit of output. Hence, DEA allows for the identification of best 

practices and for the comparison of each DMU with the best possible performance among the 

peers, rather than just with the average. Once the reference frontiers have been defined, it is 

possible to assess the potential efficiency improvements available to inefficient DMUs if they 

were to produce according to the best practice of their benchmark peers. In practice, these 

estimates identify the necessary changes that each DMU needs to undertake in order to reach 

the efficiency level of the most successful DMU. However, because of their deterministic 

nature, the traditional literature describes non-parametric methods as non-statistical methods.15 

Nowadays, statistical inference in non-parametric frontier approaches is available basically by 

using asymptotic sampling distributions or by using bootstrap (Simar and Wilson, 2015).16 

                                                        
15 DEA estimators have also received some criticisms because they rely on extreme points and may be 

very sensitive to data selection, aggregation, model specification, and data errors. However, a series of 

developments made it possible to determine statistical properties of non-parametric frontier estimators 

in a statistical model (Simar and Wilson, 2008). 
16 To account for DEA traditional limitations, which do not allow for any statistical inference and 

measurement error, Simar and Wilson (1998, 2000) introduced a bootstrapping methodology to 

determine the statistical properties of DEA estimators. The idea underlying the bootstrap procedure is 

to approximate the sampling distributions of efficiency scores by simulating their Data Generating 

Process - DGP (Simar and Wilson, 2008). However, some major issues remain regarding the use of 

asymptotic results and bootstrap: first, the high sensitivity of non-parametric approaches to extreme 

values and outliers and, second, the way to allow stochastic noises in a non-parametric frontier. 

Alternative approaches provide robust measures of efficiency at extreme data points based on partial 
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Hence, to assess the sensitivity of measured efficiency scores to the sampling variations and 

to provide a robustness check of the findings in our baseline DEA model, we employ a 

consistent bootstrap estimation procedure (Simar and Wilson, 2000) that allows us to 

approximate the sampling distribution of the estimator, to correct the bias, and to construct 

confidence intervals of the efficiency estimates.17  

The literature mentioned in the previous Section has adopted different multi-stage models (e.g. 

Hammond, 2002; Simon et al., 2011), with the application of standard DEA methodology in 

each stage without considering possible conflicts between the different stages (Chen and Zhu, 

2004). We try to assess the efficiency of Italian public state libraries under different 

assumptions on the role of heritage conservation and using a different empirical strategy. More 

specifically, we use the centralized network DEA model proposed by Liang et al. (2008) that 

permits the examination of a sequence of production technologies: in a first stage, inputs 

produce intermediate outputs that become inputs in the second stage, where the final outputs 

are produced.18 Similarly to Zhu (2011), first we apply the standard DEA model to Italian 

public state libraries with reference to the year 2011. Then, the centralized network DEA 

model proposed by Liang et al. (2008) is employed. The latter model enables us to assess the 

efficiency of the whole process and to disentangle it into the efficiencies of the two sub-

processes. To describe this point 19 , the notation for the two-stage network DEA model 

proposed by Liang, Cook, and Zhu (2008) is given next. It is assumed that n  DMUj (j=1, 2,…, 

n) has to be evaluated. Under the assumption of Constant Returns to Scale (CRS), in the 

standard output-oriented DEA model (Charnes et al., 1978) the following program should be 

assumed: 

θ𝑗 = Max ∑ 𝑢𝑟𝑦𝑟0 
𝑠

𝑟=1
 

 

s.t.           [1] 

∑ 𝑢𝑟𝑦𝑟𝑗 −
𝑠

𝑟=1
 ∑ 𝑣𝑖𝑥𝑖𝑗   

𝑚

𝑖=1
≤ 0, 𝑗 = 1,2, … . . , 𝑛, 

 

∑ 𝑣𝑖𝑥𝑖0  
𝑚

𝑖=1
= 1, 

𝑢𝑟 ≥ 0, 𝑟 = 1,2, … . , 𝑠;  𝑣𝑖  ≥ 0, 𝑖 = 1,2, … , 𝑚,  

                                                        
frontiers and the resulting partial efficiency scores. A detailed survey of these approaches can be found 

in Simar and Wilson (2015).  
17 For a detailed description see Simar and Wilson (2008; 2015). 
18 For a thorough discussion of different network DEA models, see Halkos et al., (2014) and Kao (2014). 
19  For further details see Zhu (2014). 
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where xij, (i=1, 2,…, m)  and yrj, (r=1, 2,…, s) are, respectively, the inputs and outputs of j-th  

DMUs.  

Under the model proposed by Liang, Cook, and Zhu (2008) the inputs and outputs of j-th 

DMUs can be grouped into a two-stage process and intermediate measure zdj (d=1,2,….,D) 

needs to be included. Namely, it is assumed that for DMUj in the program [1] we might define 

the following efficiency measure in each stage: 

𝜃𝑗
1 =  

∑ 𝑤𝑑𝑧𝑑𝑗
𝐷
𝑑=1

∑ 𝑣𝑖𝑥𝑖𝑗
𝑚
𝑖=1

   and   𝜃𝑗
2 =  

∑ 𝑢𝑟𝑦𝑟𝑗
𝑠
𝑟=1

∑ 𝑤̃𝑑𝑧𝑑𝑗
𝐷
𝑑=1

      [2] 

where 𝜃𝑗
1 and 𝜃𝑗

2 denote respectively the efficiency in the first and in the second stage and  𝑣𝑖, 

𝑤𝑑, 𝑤̃𝑑 are unknown non-negative weights. Then we might assume that the global efficiency 

measure is the product of the efficiency measure in each stage: 

 𝜃𝑗
𝐺 = 𝜃𝑗

1𝜃𝑗
2          [3] 

Therefore, assuming that 𝑤𝑑 = 𝑤̃𝑑 , the following linear program represents the two-stage 

centralised DEA model: 

𝜃𝑗
𝐺 = 𝜃𝑗

1𝜃𝑗
2  = Max ∑ 𝑢𝑟𝑦𝑟0 

𝑠

𝑟=1
 

 

s.t.           [4] 

∑ 𝑢𝑟𝑦𝑟𝑗 −
𝑠

𝑟=1
 ∑ 𝑤𝑑𝑧𝑑𝑗  

𝐷

𝑑=1
≤ 0, 𝑗 = 1,2, … . . , 𝑛, 

 

∑ 𝑤𝑑𝑧𝑑𝑗 −
𝑠

𝑑=1
 ∑ 𝑣𝑖𝑥𝑖𝑗   

𝑚

𝑖=1
≤ 0, 𝑗 = 1,2, … . . , 𝑛, 

∑ 𝑣𝑖𝑥𝑖0  
𝑚

𝑖=1
= 1, 

𝑤𝑑 ≥ 0, 𝑑 = 1,2, … . , 𝐷; 𝑣𝑖  ≥ 0, 𝑖 = 1,2, … , 𝑚; 𝑢𝑟 ≥ 0, 𝑟 = 1,2, … . , 𝑠. 

  

where xij, (i=1, 2,…, m)  and yrj, (r=1, 2,…, s) are, respectively, the inputs and outputs of j-th  

DMU. Assuming that model [4] generates a unique solution, the efficiencies for both stages 

are presented as follows: 

𝜃𝑗
1,𝐺 =  

∑ 𝑤𝑑
∗ 𝑧𝑑𝑗

𝐷
𝑑=1

∑ 𝑣𝑖𝑥𝑖𝑗
𝑚
𝑖=1

  = ∑ 𝑤𝑑
∗𝑧𝑑𝑗

𝐷
𝑑=1  and   𝜃𝑗

2,𝐺 =  
∑ 𝑢𝑟

∗ 𝑦𝑟𝑗
𝑠
𝑟=1

∑ 𝑤̃𝑑𝑧𝑑𝑗
𝐷
𝑑=1

     [5] 

Figure 1 depicts our centralized network DEA model for Italian public state libraries. The 

model comprises two stages. Given j libraries, in the first stage i inputs 𝑥𝑖𝑗  produce 
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intermediate D outputs 𝑧𝑑𝑗  of conservation (i.e. conserving and/or improving the cultural 

heritage to be made available to users). In the second stage, 𝑧𝑑𝑗 become intermediate D inputs 

in the process of use of 𝑦𝑟𝑗 that produce r final outputs. Figure 1 also represents the traditional 

DEA one-stage model in which inputs and intermediate outputs (pooled together) are 

employed to produce the final outputs.  

 

 

Figure 1 – Library’s production models. 

 

 

 

 

 

 

 

 

  

 

 

 

 

 

Source: our elaboration  

 
 

In our efficiency assessment we apply an output-oriented version of the model of Liang et 

al. (2008) that, as mentioned, enables us to assess the overall efficiency as well as the 

efficiency of each stage. However, two-stage network DEA models are quite sensitive to scale 

assumption (Zhu, 2014). The characteristics of our sample illustrated in Section 3 show that 

differences in library size are substantial. Thus a test is needed to determine which scale 

characteristic is appropriate. Simar and Wilson (2002) develop a test based on bootstrapping 

that examines the scale characteristic of the frontier. Within it, efficiency scores are estimated 

under all scale assumptions, and in two steps it is tested whether there are significant 

differences between the efficiency scores under CRS and VRS (variable return to scale). In 

what follows we employ the bootstrap procedure proposed by Simar and Wilson, (2002) that 

allows us to robustly test for returns to scale in the baseline DEA model.  
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4.2. Data and production models 

Our sample consists of 44 Italian public state libraries for the year 2011.20 The data are 

obtained from two sources: MIBACT and the RGS. Summary statistics for all the variables 

are reported in Table 2 whereas Table 3 describes the models employed. 

 

Table 2 – Descriptive statistics of employed variables 

Variables Obs. Mean St. Dev. 

Inputs 

PERS 44 39.31 47.35 

EXP x 1,000 44 502.67 651.17 

SHELF 44 19,603.08 28,837.51 

SEAT 44 136.47 167.35 

Intermediate measure 

ASSET x 1,000 44 425,594.66 783,778.15 

BOOKS 44 572,632.97 1,161,259.25 

MANUSCRIPT 44 4,889.86 9,528.61 

PERIODICAL 44 1,675.26 3,888.47 

OTHER_COLLECTIONS 44 235,756.25 555,627.76 

Final outputs 

READERS 44 35,981.50 47,786.96 

CONSULTED_ITEMS 44 48,073.19 94,916.09 

LOAN 44 4,802.19 6,586.43 

INTER_LOAN 44 540.92 601.40 

Source: our elaboration on data provided by MiBACT Statistical office and RGS   

Note: monetary value in thousand euro at current price 

 

 
Table 3 – The estimated models 

Variable MOD_1 MOD_2 MOD_3 

Inputs 

PERS ♦ ♦ ♦ 

EXP x 1,000 ♦ ♦  

SHELF ♦   

SEAT ♦ ♦ ♦ 

Intermediate measure 

ASSET x 1,000 ♦ ♦ ♦ 

BOOKS ♦ ♦ ♦ 

MANUSCRIPT ♦ ♦ ♦ 

PERIODICAL ♦ ♦  

OTHER_COLLECTIONS ♦   

Final outputs 

READERS ♦ ♦ ♦ 

CONSULTED_ITEMS ♦ ♦ ♦ 

LOAN ♦ ♦  

INTER_LOAN ♦ ♦ ♦ 

Source: our elaboration  

                                                        
20 Data for the library Girolamini in Naples are not available for 2011. 



14 

 

 

As De Witte and Geys (2011) notice, the choice of the variables used in the analysis is 

fundamental to avoid biased results. In our case, libraries perform two main activities: 

conservation of cultural heritage and provision of divisible services to users. Hence, focusing 

only on variables related to the latter, libraries might appear inefficient, whereas they might 

be very efficient as for the conservation function. On the input side, we distinguish between 

current and capital inputs. In the related literature previously reported, current inputs are 

generally personnel and expenditures, as well as libraries collections of books, manuscripts, 

periodicals and other collections. In our sample the following inputs are available: number of 

personnel (PERS)21; current library expenditure (EXP), excluding current labour costs; capital 

resources are measured using two variables: the total shelves’ dimension in linear meters 

(SHELF) and the number of seats available for reading and consultations (SEAT). 

Because of our approach we treat libraries collections of books (BOOKS22); manuscripts 

(MANUSCRIPT); periodicals (PERIODICAL); and other collections 

(OTHER_COLLECTIONS) 23  as intermediate outputs. In addition, to assess the role of 

cultural heritage value, we use as a proxy the value of the assets (ASSET) managed by public 

state libraries.  

In our two-stage model both current and capital inputs are used to fulfil the two main 

activities of public state libraries: conservation (i.e. preserving and/or improving the cultural 

resources to be made available to users) and use (i.e. readers visits, circulation of various types 

of material, inter-library loan activity, etc.). On the contrary, in the traditional one-stage 

approach these resources are pooled to realise the use function. 

With reference to the final outputs, annual data for Italian public state libraries include: 

readers’ visits and attendance (READERS); consultation of different types of items 

(CONSULTED_ITEMS); number of users’ requests and enquiries processed (LOAN), inter-

library loan activity (INTER_LOAN). Because of the data (un)availability we are not able to 

catch all the aspects of the use function. As a matter of fact, we do not have data about other 

possible outputs, such as exhibitions that libraries might organise to boost users numbers, nor 

do we consider online and digital use of libraries. As evident from Simon et al. (2011) this 

certainly correspond to an underestimation of the productivity, hence of the efficiency, of these 

institutions. 

Before presenting our empirical results we point out two issues related to the choice of 

output orientation and to the production models proposed. As for the former, this choice is 

based on the following reasons. Firstly, most of the literature reviewed in Section 2, assumes 

                                                        
21 Unfortunately data on labor cost are not available. 
22 Including the number of incunabula and cinquecentine owned by each library. 
23 In this category graphics, microfilms, and multimedia items are included. 
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an output orientation. Moreover, with respect to our case, data on libraries’ collections for 

years other than 2011 show that they have increased over time. Finally, it is reasonable to 

assume that in the short run both basic inputs and intermediate measures are not likely to 

decrease, especially in public entities.   

As for the latter, our relatively small sample might be a limitation in our empirical 

assessment. In fact, the relative small number, n, of DMU with respect to the dimensionality 

space (i.e., the number of input and output variables in the efficiency analysis) causes a severe 

problem for DEA estimations. It must be noted that, for a given number of DMUs, the 

consistency of DEA estimates also depends on the number of inputs and outputs in the 

analysis. Kneip et al. (1998) refer to this problem in non-parametric estimators as the ‘‘curse 

of dimensionality’’. It implies that small dimensionality spaces tend to produce better 

estimates for the efficient frontier than large dimensionality space.24  

Our baseline model (MOD_1) largely overcomes the DEA convention that the minimum 

number of observations should be at least three times larger than the sum of the number of 

outputs and inputs (Cooper et al., 2007). Still, to control for the consistency of our estimates 

we estimate different models (MOD_2 and MOD_3) that employ progressively a smaller 

dimension in the input-output space. Namely, we exclude variables based on correlation levels 

because highly correlated variables are generally redundant and should not be included in the 

analysis (Jenkins and Anderson, 2003).  

 

 

Table 4 – Pairwise correlation matrix between variables 

 
Variables  (1) (2) (3) (4) (5) (6) (7) (8) (9) (10) (11) (12) (13) 

(1) PERS 
1.00

0 
            

(2) EXP x 1000 
0.80

3 

1.00

0 
           

(3) SHELF 
0.78

7 

0.91

8 

1.00

0 
          

(4) SEAT 
0.76

3 

0.77

0 

0.75

1 

1.00

0 
         

(5) ASSET x 1000000 
0.19

3 

0.19

6 

0.29

8 

-

0.02

3 

1.00

0 
        

(6) BOOKS 
0.78

9 

0.93

7 

0.96

2 

0.71

0 

0.21

1 

1.00

0 
       

(7) MANUSCRIPT 
0.37

1 

0.33

7 

0.40

6 

0.18

9 

0.36

3 

0.41

3 

1.00

0 
      

(8) PERIODICAL 
0.63

6 

0.81

4 

0.82

4 

0.82

3 

0.01

6 

0.81

3 

0.15

9 

1.00

0 
     

(9) 
OTHER_COLLECTION

S 

0.72

4 

0.92

5 

0.94

8 

0.66

0 

0.24

3 

0.98

7 

0.39

5 

0.81

9 

1.00

0 
    

(10

) 
READERS 

0.67

5 

0.82

9 

0.78

8 

0.82

7 

0.13

7 

0.76

9 

0.22

4 

0.73

1 

0.74

1 

1.00

0 
   

(11

) 
CONSULTED_ITEMS 

0.80

9 

0.52

7 

0.53

9 

0.45

1 

0.16

6 

0.57

8 

0.36

3 

0.30

5 

0.50

6 

0.46

3 

1.00

0 
  

(12

) 
LOAN 

0.64

1 

0.65

5 

0.63

7 

0.79

0 

0.01

2 

0.62

3 

0.11

6 

0.67

0 

0.56

5 

0.82

6 

0.40

6 

1.00

0 
 

                                                        
24 For a numerical example of the trade-off between sample size n and the number of inputs and outputs 

used for consistency of efficiency estimate, see Simar and Wilson (2008, p. 439). 
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(13

) 
INTER_LOAN 

0.48

6 

0.47

9 

0.47

0 

0.54

9 

0.05

0 

0.42

2 

0.10

6 

0.41

2 

0.38

0 

0.63

8 

0.27

0 

0.68

7 

1.00

0 

Source: our elaboration on data provided by MiBACT Statistical office and RGS   

 
 

In Table 4, we report the pairwise correlation matrix of our input-output variables. In 

MOD_2, we exclude the variables that for each group show a correlation higher that 90% 

(namely SHELF and OTHER_COLLECTIONS) whereas in MOD_3 we exclude the variables 

that for each group show a correlation higher that 80% (namely EXP x 1,000, PERIODICAL 

and LOAN). 

 

 

5. Results and discussion 

In this Section we report the technical efficiency scores achieved by the different production 

function specifications, as shown in Table 3, and for different approaches illustrated in Section 

4. More specifically, assuming MOD_1 as a baseline, we first estimate libraries’ efficiency 

using the standard DEA technique. We apply bootstrap techniques to assess the sensitivity of 

measured efficiency scores to the sampling variations and to provide a robustness check of 

scale assumption. In the next Section we will introduce the model of Liang et al. (2008) that 

enables us to assess the overall efficiency as well as the efficiency of each stage. 

 

5.1 Baseline efficiency estimates 

Table 5 shows the descriptive statistics for the technical efficiency estimates of our baseline 

model and – for convenience – also the estimates of models MOD_2 and MOD_3. The results 

reported in Table 5 show, in the model (MOD_1), with constant returns to scale (CRS), an 

average technical efficiency score of 0.761. This indicates that the DMUs in our sample are, 

on average, relatively technically inefficient in the provision of services to users.25 The large 

standard deviation, as well as the large difference between the minimum and maximum 

efficiency scores, indicates that there are considerable differences in the aggregate technical 

efficiency of the DMUs in our sample. Table 5 also shows the efficiency scores of models 

(MOD_2 and MOD_3). Although, as expected, the average levels of efficiency decrease, the 

new efficiency estimates substantially confirm those in MOD_1. In fact, also in these models 

the estimates in Table 5 reveals that large numbers of the DMUs in our sample work at an 

efficiency level far below one (the mean are roughly 0.70 in both cases).  

In order to test the sensitivity of the efficiency estimates relative to the variables used, we 

employ the bias-corrected efficiency scores. In fact, the DEA efficiency estimate measures 

                                                        
25 Table A.1 in the Appendix reports the efficiency estimates for each library in the sample.  
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performance relative to an estimation of the true and unobservable production frontiers and 

thus provides point estimates of performance. Since estimates on the frontier are based on 

finite samples, DEA measures, based on these estimates, are subject to sampling variation on 

the frontier. To address this problem, we implement a bootstrap procedure, with 2,000 

bootstrap draws as described by Simar and Wilson (2000), to correct the bias in DEA 

estimators and obtain their confidence intervals. The results, reported for convenience also in 

Table 5, show that, from the perspective of sensitivity analysis, the efficiency estimate under 

a CRS assumption is robust with respect to sampling variation since there are only slight 

differences due to bootstrapping the efficiency estimates in all models.  

 

 

Table 5 – Statistics of the standard DEA efficiency estimates 

 

Models and estimators Mean St. Dev. Min Max 

MOD_1 
DEA (CRS) 0.7609 0.3064 0.1065 1.0000 

Bias corrected DEA (CRS) estimate 0.7422 0.2992 0.1046 0.9862 

MOD_2 
DEA (CRS) 0.7250 0.3262 0.0788 1.0000 

Bias corrected DEA (CRS) estimate 0.7040 0.3166 0.0771 0.9857 

MOD_3 
DEA (CRS) 0.6731 0.3358 0.0736 1.0000 

Bias corrected DEA (CRS) estimate 0.6530 0.3259 0.0720 0.9766 

 

Source: our elaboration on data provided by MiBACT Statistical office and RGS   

 

 

 
In order to test more thoroughly the efficiency scores before and after the bias correction 

between the models, we used kernel density estimates of the efficiency scores that rely on the 

reflection method (Simar and Wilson, 2008). In this way, we are able to avoid the problems of 

bias and inconsistency at the support boundary. In Figure 2, we report the univariate kernel 

smoothing distribution (Wand and Jones, 1995) and the reflection method used to determine 

densities of the performance estimates, respectively in the MOD_1, MOD_2 and MOD_3.26 

The kernel density functions, reported in Figure 2 allow us to confirm the above-mentioned 

results on the robustness of our efficiency estimate with respect to sampling variation and 

variables selection.  

 

 

 

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

(1991). 
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Figure 2 – Kernel density plots 

 

   

Source: our elaboration on data provided by MiBACT Statistical office and RGS   

Note: Plots show respectively the MOD_1, MOD_2, and the MOD_3 kernel density estimates under CRS 

assumption. DEA (CRS) bias corrected scores estimated with the procedure proposed by Simar and Wilson (2000). 

Univariate kernel smoothing distribution (Wand and Jones, 1995), estimated through reflection method. The 

criterion for bandwidth selection followed the plug-in method proposed by Sheather and Jones (1991). 

 

 

 

Finally, as for the returns to scale assumption, the application of  the test proposed by Simar 

and Wilson (2002) shows that we cannot reject the null hypothesis of CRS at any conventional 

level of significance after conducting 2000 bootstrap replications27. Therefore, CRS should be 

considered as the underlying technology of the libraries under evaluation.28  

 

5.2 Disentangling technical efficiency  

The previous results show a huge variation in the efficiency levels of the DMUs in our sample. 

However, they provide little insight into the sources of inefficiency, and the operational stages 

where inefficiency may arise. As mentioned, this happens because the standard DEA model 

treats efficiency evaluation as a ‘black box’, and fails to identify inefficiencies within the 

internal processes. Thus, in this Section we introduce the model of Liang et al. (2008) that, 

instead, enables us to assess the overall efficiency as well as the efficiency of each stage. 

Table 6 presents the results of the efficiency levels derived from the use of the two-stage 

network DEA model in the analysis of Italian public state libraries. We begin our discussion 

on network DEA two-stage in MOD_1, assumed as a baseline estimate. It is noteworthy that 

                                                        
27 The results are not reported here but are available from the authors upon request. 
28 For purposes of comparison and completeness the results under the VRS assumption in MOD_1 are 

reported in Table A.1 in the appendix. 
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the median values for conservation efficiency (stage 1) are substantially higher than those for 

use efficiency (stage 1) – 0.6825 versus 0.3510, respectively. This indicates that Italian public 

state libraries tend to be more efficient, in comparative terms, in transforming physical and 

economic resources into the conservation and/or improvement of cultural heritage rather than 

in managing heritage to make it available to users. These results are also found in MOD_2 – 

0.5525 versus 0.3370, respectively – and, although smaller (0.3675 versus 0.3430), in MOD_3 

confirming the consistency of our efficiency estimates.  

 

 

Table 6 – Statistics of the two-stage network DEA efficiency estimates 

Models and estimators Mean St. Dev. Median 25_p 75_p 

MOD_1 NDEA 

Overall 0.2825 0.2608 0.2460 0.0890 0.362 

Stage 1 0.6909 0.2452 0.6825 0.4965 0.962 

Stage 2 0.4106 0.3146 0.3510 0.1230 0.585 

MOD_2 NDEA 

Overall 0.1995 0.1836 0.1755 0.0730 0.236 

Stage 1 0.5531 0.2729 0.5525 0.2820 0.759 

Stage2 0.4114 0.3104 0.3370 0.1405 0.594 

MOD_3 NDEA 

Overall 0.1346 0.1023 0.1023 0.1075 0.0555 

Stage 1 0.4303 0.2547 0.2547 0.3675 0.2485 

Stage 2 0.4076 0.4076 0.4076 0.3430 0.1360 

Source: our elaboration on data provided by MiBACT Statistical office and RGS   

 

 

 

However, a caveat applies: the only data we have to describe and estimate conservation are 

those measuring the number and value of heritage items. Hence, we are not evaluating the 

conservation function as such, e.g. restoration activities carried on by specialized staff. Data 

available do not allow us to measure these activities, therefore, we assume that the number 

and value of heritage items are good proxies for conservation activities. Analogously, for the 

use function, we do not consider ‘virtual’ use of libraries and, therefore, we only take into 

account ‘physical’ measures of the use function.  

Confronting the results in Table 6 with those obtained with DEA standard models (see 

Table 5), not surprisingly the standard DEA model overstates the performance of the Italian 

public state libraries. We expect this is because standard DEA models for a given number of 

DMUs employ a larger set of input-output variables, compared to corresponding single stage, 

and this results in higher efficiency. 29  Furthermore, standard DEA fails to identify 

inefficiencies within the internal processes. Thus, it provides little insights on the sources of 

inefficiency and the operational stages where inefficiency may arise. By contrast, with network 

                                                        
29 In fact, for a given number of DMUs, the consistency of DEA estimates depends on the number of 

inputs and outputs in the analysis (Kneip et al., 1998). 
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DEA models, the overall efficiency score is the product of the efficiencies of all the stages of 

the production model. In this case, if either of the two stages of the public state libraries’ 

production model is inefficient, it will affect the overall efficiency score. According to the 

efficiency scores we observed,30 only in MOD_1 there are two libraries that are fully efficient 

in each stage. In the other models (MOD_2 and MOD_3) none of the DMUs achieves an 

overall efficiency score of 1.00 (perfectly efficient) because each DMU has an efficiency score 

smaller than 1 at least in one stage. These results are probably connected to the fact that 

MOD_2 and MOD_3 do not include variables clearly important for public state library 

production. This, indirectly, confirms the robustness of MOD_1.  

 

 

Table 7 – Pairwise correlation matrix between efficiency estimates 

Models and estimators (1) (2) (3) (4) (5) (6) (7) (8) (9) (10) (11) (12) 

(1) 

MOD_1 

DEA_CRS 1.000            

(2) 
NDEA 

Overall 
0.559 1.000           

(3) 
NDEA Stage 

1 
0.114 0.341 1.000          

(4) 
NDEA Stage 

2 
0.617 0.883 -0.017 1.000         

(5) 

MOD_2 

DEA_CRS 0.902 0.616 0.211 0.674 1.000        

(6) 
NDEA 

Overall 
0.491 0.773 0.313 0.669 0.541 1.000       

(7) 
NDEA Stage 

1 
-0.018 -0.063 0.757 -0.333 0.026 0.293 1.000      

(8) Stage 2 0.624 0.874 -0.029 0.996 0.681 0.678 -0.339 1.000     

(9) 

MOD_3 

DEA_CRS 0.786 0.701 0.182 0.757 0.870 0.623 -0.031 0.763 1.000    

(10) 
NDEA 

Overall 
0.558 0.701 0.296 0.621 0.614 0.864 0.250 0.633 0.709 1.000   

(11) 
NDEA Stage 

1 
-0.214 -0.299 0.613 -0.512 -0.173 -0.072 0.767 -0.518 -0.228 0.086 1.000  

(12) 
NDEA Stage 

2 
0.612 0.877 -0.025 0.995 0.668 0.664 -0.336 0.992 0.764 0.629 -0.521 1.000 

Source: our elaboration on data provided by MIBACT Statistical office and RGS   

 

 

Table 8 – Spearman and Kendal rank correlation matrix 

Models and estimators (1) (2) (3) (4) (5) (6) (7) (8) (9) (10) (11) (12) 

(1) 

MOD_1 

DEA_CRS 1.000            

(2) 
NDEA 

Overall 
0.690 1.000           

(3) 
NDEA Stage 

1 
0.061 0.250 1.000          

(4) Stage 2 0.672 0.914 -0.115 1.000         

(5) 

MOD_2 

DEA_CRS 0.902 0.777 0.154 0.739 1.000        

(6) 
NDEA 

Overall 
0.633 0.852 0.266 0.745 0.714 1.000       

(7) 
NDEA Stage 

1 
-0.089 -0.061 0.749 -0.350 -0.044 0.249 1.000      

(8) 
NDEA Stage 

2 
0.672 0.908 -0.128 0.995 0.740 0.749 -0.350 1.000     

(9) 

MOD_3 

DEA_CRS 0.746 0.899 0.140 0.849 0.842 0.842 -0.078 0.844 1.000    

(10) 
NDEA 

Overall 
0.617 0.820 0.254 0.748 0.688 0.910 0.176 0.753 0.836 1.000   

                                                        
30 Table A.1 in the appendix reports the efficiency estimates for each library in the sample.  
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(11) 
NDEA Stage 

1 
-0.231 -0.329 0.600 -0.553 -0.200 -0.041 0.819 -0.557 -0.283 0.014 1.000  

(12) 
NDEA Stage 

2 
0.667 0.905 -0.131 0.991 0.733 0.743 -0.353 0.993 0.852 0.753 -0.562 1.000 

Source: our elaboration on data provided by MIBACT Statistical office and RGS 

 

 

Finally, in Table 7 we report the pairwise correlation between efficiency estimates. Table 

7 presents a clear trade-off between the efficiency levels of conservation and/or improvement 

of cultural heritage on the one side, and, on the other side, of the use function, which makes 

heritage available to users. Overlapping results could be obtained using Spearman and Kendall 

rank correlations between the efficiency estimates reported in Table 8. Consistently with the 

previous evidence, trade-off emerges between conservation and the use functions. That is to 

say: conservation efficiency tends to be higher for smaller levels of use efficiency.  

 

6. Concluding remarks 

This study contributes to the literature on the assessment of the efficiency of cultural 

institutions using a network DEA model to evaluate the efficiency of Italian public state 

libraries. These are complex organizations that use multiple inputs to produce multiple outputs 

providing divisible services to the public and conserving ancient books of great historical 

relevance for future generations. Therefore, they offer an interesting nexus of conservation 

and use functions, which our approach is able to capture.   

In fact, we are able to distinguish different stages of production and to get a closer 

understanding of the (in)efficiencies of Italian public state libraries. We find that their overall 

efficiency is low and that they generally perform better in the first stage of conservation, but 

score poorly in the second stage of use. In face of the widespread complaints about budget 

cuts, the above analysis would suggest that more ‘value for money’ could be obtained using 

more efficiently the existing resources because there is room for improving efficiency.  

The above findings suggest some policy implications. The mission of Italian public state 

libraries is very wide and the objectives are rather vague: the importance of the heritage 

component of their collections is very extensive and, therefore, it inevitably affects their 

functioning. Anyway, the emphasis on conservation is embedded in Italian cultural policy, 

constituting the priority, at least until recent times. Thus, to foster the use function and to 

enlarge the audiences of these libraries clear objectives and a well-defined set of incentives 

for the staff are needed.   

However, for this to work, changes in their organisation are required. In fact, Italian public 

state libraries do not have much autonomy in the management of the inputs; they cannot even 

modify their composition or amount (e.g. they cannot choose the type and the number of staff). 

A change in the organisation of these institutions would, then, be necessary to improve the 
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performance of libraries and/or to guarantee their survival. Unless these changes occur, any 

increase in the amount of resources devoted to these libraries would not guarantee an increase 

in their efficiency.  
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APPENDIX A 
 

Table A.1 – Efficiency estimates 

DMU 

MOD_1 MOD_2 MOD_3 

DEA Network DEA(CRS) 
DEA(CRS) 

Network DEA(CRS) 
DEA(CRS) 

Network DEA(CRS) 

CRS VRS RTS Overall Stage 1 Stage 2 Overall Stage 1 Stage 2 Overall Stage 1 Stage 2 

1 0.735 1.000 0 0.246 0.446 0.551 0.735 0.171 0.305 0.560 0.733 0.156 0.296 0.528 

2 0.334 1.000 0 0.060 1.000 0.060 0.329 0.047 1.000 0.047 0.329 0.047 1.000 0.047 

3 1.000 1.000 0 0.826 0.826 1.000 1.000 0.825 0.825 1.000 1.000 0.519 0.519 1.000 

4 1.000 1.000 0 0.281 0.698 0.402 1.000 0.221 0.513 0.432 1.000 0.210 0.486 0.432 

5 1.000 1.000 0 0.262 0.592 0.443 1.000 0.262 0.592 0.443 1.000 0.148 0.361 0.411 

6 1.000 1.000 0 0.442 0.924 0.479 1.000 0.409 0.877 0.466 1.000 0.386 0.827 0.467 

7 0.651 0.658 -1 0.310 0.692 0.448 0.651 0.310 0.692 0.448 0.614 0.135 0.309 0.436 

8 1.000 1.000 0 0.249 1.000 0.249 1.000 0.244 1.000 0.244 0.992 0.244 1.000 0.244 

9 1.000 1.000 0 0.202 0.602 0.336 1.000 0.202 0.602 0.336 1.000 0.165 0.492 0.336 

10 1.000 1.000 0 0.559 0.906 0.617 1.000 0.386 0.616 0.627 1.000 0.229 0.392 0.583 

11 1.000 1.000 0 0.274 0.565 0.484 1.000 0.139 0.263 0.529 1.000 0.110 0.235 0.469 

12 1.000 1.000 0 0.304 0.533 0.570 1.000 0.205 0.369 0.556 1.000 0.135 0.238 0.567 

13 0.437 0.445 1 0.182 0.707 0.258 0.437 0.182 0.707 0.258 0.428 0.103 0.374 0.276 

14 0.303 0.304 -1 0.105 0.731 0.143 0.303 0.105 0.731 0.143 0.303 0.077 0.573 0.134 

15 0.726 0.726 1 0.271 0.656 0.413 0.726 0.191 0.432 0.442 0.726 0.159 0.359 0.442 

16 0.296 0.461 -1 0.082 1.000 0.082 0.296 0.046 0.702 0.065 0.296 0.044 1.000 0.044 

17 0.875 1.000 0 0.182 1.000 0.182 0.875 0.182 1.000 0.182 0.866 0.182 1.000 0.182 

18 0.107 1.000 0 0.039 0.656 0.059 0.107 0.018 0.278 0.066 0.107 0.014 0.557 0.026 

19 0.972 1.000 0 0.290 1.000 0.290 0.972 0.290 1.000 0.290 0.972 0.142 0.501 0.283 

20 0.360 0.371 -1 0.095 0.759 0.125 0.321 0.083 0.597 0.138 0.320 0.073 0.532 0.138 

21 1.000 1.000 0 1.000 1.000 1.000 1.000 0.705 0.705 1.000 1.000 0.239 0.250 0.956 

22 1.000 1.000 0 0.073 1.000 0.073 1.000 0.063 0.907 0.069 0.192 0.046 0.666 0.069 

23 0.268 1.000 0 0.055 0.286 0.191 0.245 0.055 0.286 0.191 0.242 0.052 0.265 0.195 

24 1.000 1.000 0 0.378 0.564 0.670 1.000 0.286 0.434 0.659 1.000 0.229 0.304 0.753 

25 1.000 1.000 0 0.115 0.497 0.232 0.550 0.111 0.478 0.232 0.541 0.061 0.265 0.230 

26 1.000 1.000 0 0.052 0.661 0.078 1.000 0.052 0.661 0.078 0.264 0.035 0.602 0.058 

27 1.000 1.000 0 0.403 0.673 0.599 1.000 0.180 0.253 0.709 1.000 0.166 0.247 0.673 

28 1.000 1.000 0 0.254 0.422 0.602 1.000 0.143 0.221 0.647 0.598 0.105 0.217 0.484 

29 1.000 1.000 0 0.870 0.870 1.000 1.000 0.216 0.216 1.000 1.000 0.216 0.216 1.000 

30 0.423 1.000 0 0.121 1.000 0.121 0.424 0.116 0.812 0.143 0.412 0.084 0.586 0.143 

31 0.790 1.000 0 0.189 0.496 0.380 0.790 0.189 0.496 0.380 0.706 0.166 0.431 0.386 

32 0.296 0.310 1 0.037 0.358 0.102 0.296 0.028 0.275 0.102 0.296 0.028 0.275 0.102 

33 0.314 1.000 0 0.017 0.221 0.075 0.079 0.013 0.179 0.074 0.074 0.007 0.099 0.074 

34 1.000 1.000 0 0.060 0.497 0.121 0.180 0.060 0.496 0.121 0.180 0.059 0.486 0.121 

35 1.000 1.000 0 1.000 1.000 1.000 1.000 0.156 0.174 0.897 1.000 0.149 0.150 0.994 

36 1.000 1.000 0 0.246 0.447 0.551 1.000 0.246 0.447 0.551 1.000 0.223 0.405 0.551 

37 1.000 1.000 0 0.838 0.838 1.000 1.000 0.787 0.787 1.000 1.000 0.310 0.310 1.000 

38 0.537 0.725 0 0.120 1.000 0.120 0.537 0.120 1.000 0.120 0.511 0.053 0.447 0.119 

39 0.153 1.000 0 0.047 0.846 0.055 0.139 0.047 0.846 0.055 0.102 0.042 0.860 0.049 

40 0.468 0.578 1 0.083 0.281 0.296 0.468 0.049 0.167 0.296 0.391 0.045 0.154 0.294 

41 1.000 1.000 0 0.390 0.390 1.000 1.000 0.127 0.138 0.924 0.984 0.067 0.068 0.984 

42 1.000 1.000 0 0.357 0.357 1.000 1.000 0.186 0.186 1.000 1.000 0.103 0.103 1.000 

43 1.000 1.000 0 0.366 1.000 0.366 1.000 0.228 0.676 0.338 1.000 0.102 0.290 0.350 

44 0.440 0.450 1 0.098 0.403 0.242 0.439 0.096 0.395 0.242 0.439 0.058 0.189 0.307 

Mean 0.761 0.887  0.282 0.691 0.411 0.725 0.199 0.553 0.411 0.673 0.135 0.430 0.408 
 

Source: our elaboration on data provided by MIBACT Statistical office and RGS   


