University

of Glasgow

#!’? 4
=
VIA VERITAS VITA

Kokkinou, Aikaterini (2012) An industry and country analysis of
Technical Efficiency in the European Union, 1980-2005. PhD thesis.

http://theses.gla.ac.uk/3660/

Copyright and moral rights for this thesis are retained by the author

A copy can be downloaded for personal non-commercial research or
study, without prior permission or charge

This thesis cannot be reproduced or quoted extensively from without first
obtaining permission in writing from the Author

The content must not be changed in any way or sold commercially in any
format or medium without the formal permission of the Author

When referring to this work, full bibliographic details including the
author, title, awarding institution and date of the thesis must be given

Glasgow Theses Service
http://theses.gla.ac.uk/
theses@gla.ac.uk



http://theses.gla.ac.uk/
http://theses.gla.ac.uk/3660/

An Industry and Country Analysis of Technical Eidiacy
in the European Union, 1980-2005

by

Aikaterini Kokkinou

Thesis Submitted in Fulfillment of the Requiremefotsthe Degree of
Doctor of Philosophy in Economics

Department of Economics
Business School
College of Social Sciences

The University of Glasgow

Glasgow






To my husband, Dr. George M. Korres

for all those smiles, seen and unseen



Table of contents
Table of contents

List of Tables

List of Figures

Acknowledgements

Author’s Declaration

Abbreviations

Research Background

Thesis aim

Value of Research and Expected Contribution

Thesis structure

Chapter 1. The Productive Efficiency Theory

Abstract

1.1. Introduction

1.2. Inefficiency and frontier determining factors

1.3. Technical Efficiency and Knowledge Creation

1.4. Technical Efficiency and Knowledge Dissemioati

1.5. Reviewing the Productive Efficiency

1.6. Koopmans (1951) and Debreu (1951) approach

1.7. Farrell (1957) approach

1.8. Aigner et al. (1977) and Meeusen and van deedk (1977) approach
1.9. Input-oriented and output-oriented efficiency

1.10. Efficiency Estimation: Parametric and noraergmetric approach
1.11. Efficiency Estimation: Frontier and non-frientapproach

1.12. Concluding Remarks

Chapter 2. Productive Efficiency: Estimation Metkod
Abstract

2.1. Introduction

2.2. Output and Input Distance functions

2.3. Data Envelopment Frontiers (DEA)

2.4. Deterministic Production Frontiers

Xi
Xili
Xiv
XVi

XX

XXV

49
49
51
52
54
64

XXii



2.5. Stochastic Production Frontiers 67

2.6. Estimating Efficiency 72
2.6.1. The Battese and Coelli (1992) specification 73
2.6.2. The Battese and Coelli (1995) specification 76
2.6.3. Time invariant versus time varying efficignc 72
2.6.4. Fixed and Random Effects 89
2.7. Concluding Remarks 98
Chapter 3. Empirical Model Specification and Metblody 101
Abstract 101
3.1. Introduction 102
3.2. Empirical model 103
3.3. Methodology 102
3.3.1. Existence of Technical Efficiency: The paetani 121
3.3.2. Measurement of Technical Efficiency: Theapagtery 122
3.3.3. Measurement of Technical Efficiency: The-LEst parameter 124
3.4. Hypothesis Testing 125
3.5. Concluding remarks 128
Chapter 4. Stochastic Frontier Models:Industriahtest 131
Abstract 131
4.1. Introduction 133
4.2. Heterogeneity and Aggregation 135
4.3. Estimating Efficiency at industrial aggregkseel 136
4.4. Estimating Efficiency at industrial disaggregkevel 169

4.5. Productive Efficiency and Institutional Corttebadustrial and Innovation 192
Policy in European Union

4.6. Industrial Policy and Technical Efficiency 195
4.7. Innovation Policy and Technical Efficiency 200
4.8. Concluding Remarks 206



Chapter 5. Stochastic Frontier Model: Empirical (Riss 212

Abstract 212
5.1. Introduction 213
5.2. Empirical Model Data 215
5.3. Empirical Model Determining Factors 222
5.4. Empirical Model Specification 226
5.5. Empirical Results 235
5.6. Estimation of Technical Efficiency 246
5.7. Policy Implications 254
5.8. Concluding Remarks 261
Chapter 6. Data Envelopment Model: Empirical Result 265
Abstract 265
6.1. Introduction 266
6.2. DEA results analysis 268
6.3. Concluding remarks 287
Chapter 7. Conclusions and Policy Implications 291
Abstract 291
7.1. Concluding remarks 292
7.2. Results 295
7.3. Policy implications 300
7.4. Further research 304
8. References 306

9. Appendix 374

vi



Table 2.1.
Table 2.2.
Table 3.1.
Table 4.1.
Table 4.2.
Table 5.1.
Table 5.2.
Table 5.3.
Table 5.4.
Table 5.5.
Table 5.6.
Table 5.7.
Table 5.8.
Table 5.9.

Table 5.10.
Table 5.11.

models

Table 5.12.
Table 5.13.
Table 5.14.
Table 5.15.
Table 5.16.

List of Tables

The basic DEA models

Fixed Effect and Random Effect models

Models with alternative variables infiilogeency effects
Surveys implementing SFA

Policy Effectiveness Priorities

EU KLEMS industries

Value Added per industry and countryu@cvalues)
Value Added per industry and country9GE100)
Model Variables

Descriptive statistics of the core Valga

Models with alternative variables infiilmgeency effects
Empirical Models Determining Factors

Estimation of input elasticities forretard models
Diagnostic Tests — standard models

Estimation of Inefficiency Effects

Empirical Model [2]: Efficiency Estinna
Empirical Model [2]: Coefficient Estitian
Empirical Model [5]: Efficiency Estinnar
Empirical Model [5]: Coefficient Estitran

inefficiency determinants

Table 5.17

. Inefficiency Analysis per Industry aradintry — With

inefficiency determinants

Table 5.18

Table 5.19. Estimated coefficients in efficiencyetmining variables

Table 6.1.

. Estimated varying production efficiesci

DEA technical efficiency estimation lmuatry

Vii

Estimation of Efficiency Variance Paedens for standard

Inefficiency Analysis per Industry aradintry — Without

53
81
106
150
179
191
192
194
197
198
199
203
206

207

210

211

213

232



Table 6.2. DEA technical efficiency estimation bygustry 234
Table 6.3. Relative Analysis per Industry and count 236
Table 6.4. DEA VRS frontier per Industry and coyntr 237
Table: 6.5. Average slacks 240

viii



List of Figures

Figure 1.1. Production frontiers and Technical &éfincy
Figure 1.2. Innovation and Industrial Growth

Figure 1.3. Efficiency and Productivity

Figure 1.4. The concepts of technical efficiendypcative efficiency and
economic efficiency

Figure 1.5. Farrell efficiency measures

Figure 1.6. Input oriented efficiency

Figure 1.7. Output oriented efficiency

Figure 1.8. Alternative Efficiency Estimation Appiches
Figure 1.9. Production frontiers and Technical &éfincy
Figure 1.10. The frontier and non-frontier TFP gtioweasure
Figure 2.1. Output Distance function

Figure 2.2. Input Distance function

Figure 2.3. Input Efficiency slacks

Figure 2.4. Output Efficiency slacks

Figure 2.5. DEA efficiency values

Figure 2.6. Output — oriented technical and scHieiency
Figure 2.7. The Stochastic Production Frontier

Figure 4.1. Strategic Policies Flows

Figure 4.2. Productive Efficiency and Institutiofamework
Figure 4.3. Action framework of E.U. Policies

Figure 5.1. Kernel Estimators for standard models

Figure Al. Inefficiency Analysis per Industry anabatry — Model 2

Figure A2. Inefficiency Analysis per Industry anabatry — Model 3
Figure A3. Inefficiency Analysis per Industry anabatry — Model 4
Figure A4. Inefficiency Analysis per Industry anabatry — Model 5
Figure A5. Inefficiency Analysis per Industry anabatry — Model 6
Figure A6. Inefficiency Analysis per Industry anabatry — Model 7
Figure A7. Inefficiency Analysis per Industry anabatry — Model 8

18
26

29

34
38
39
41
44
45
53
53
58
58
62
63
68
193
194
205
53 2
375
377
379
381
383
385
387



Figure A8. Inefficiency Analysis per Industry acauntry — Model 9

Figure A9. Inefficiency Analysis per Industry analiotry — Model 10

Figure A10.
Figure Al11.
Figure Al12.
Figure A13.
Figure Al4.
Figure A15.

Inefficiency Analysis per Industry acwuntry — Model 11
Inefficiency Analysis per Industry acountry — Model 12
Inefficiency Analysis per Industry acwuntry — Model 13
Inefficiency Analysis per Industry acwuntry — Model 14
Inefficiency Analysis per Industry acwuntry — Model 15
Inefficiency Analysis per Industry acwuntry — Model 16

389
391
393
395
397
399
401
403



Acknowledgements

During this PhD thesis, as the result of stepwesgrling about the important economic
issue, technical efficiency estimation, | first lread once more the importance of both
technical and academic knowledge. Second, duriigy dkfficult, though challenging,

process of completing my thesis, | have accumulatemrmous intellectual and material

debts to a lot of persons and institutions.

First and foremost, | am highly indebted and deegigteful to my supervisors, Prof.
Richard I. Harris and Prof. Ronald McDonald to whbmould like to express my sincere
gratitude and deep appreciation for their contimuand structured guidance throughout
this thesis. | want to sincerely thank them foritleellaboration, helpful comments and
suggestions and for guidance and consideratiomgafi stages of this dissertation. Their
constructive comments and suggestions, and thetess encouragement helped me to
overcome difficulties and struggles. They have gbvhad a genuine interest in my
research and a belief that | would be able to wihte thesis and make a contribution to
this research area, providing substantial suppitht tiveir motivation for introducing me to
this research field and the empirical methodologyoviding me with a deeper
understanding of the processes involved. Withoeir thenerous support and assistance |
could have not completed this thesis. | also thawykexternal examiner and my internal

conveyaor.

Moreover, | am also grateful to the Hellenic Statholarship Foundation (1.K.Y.) for the
Ph.D. scholarship granted, without which it woulel impossible for me to pursue this
thesis. A great deal of thanks also to Prof. Pe®agageorgiou, who, as my PhD studies
supervisor appointed by I.LK.Y., provided me wittpgart, advice and useful reports and

comments throughout my studies.

Special thanks also to the personnel of the Abr8atiolarships Office of LK.Y.,
particularly to the Director of the Office, Ms. Agiantiadou, as well as the members of the

staff for all the support provided.

Xi



My gratitude extends to the Department of Econoratafie University of Glasgow for all
kinds of support provided, making a friendly anmnstiating research environment. | am
particularly grateful to Dr. R. Paloni, Head of theonomics Department, for his support
in continuing my studies. | am also thankful baththe academic staff at the Economics
Department, University of Glasgow, and Ph.D. stisleim the departmental Ph.D.
workshops for their insights on my work and the amant and valuable methodological
feedback and their helpful comments and suggestdmsh have contributed in improving
this work, as well as the administrative staff la¢ Economics Department. | especially
thank Ms Jane Brittin, Postgraduate Secretary,hfar consideration and support given

throughout.

| would also like to extend my thanks to Prof. \idith Greene, Professor of Economics,
New York University Business School, for his valleabelp, advice and suggestions on

my empirical results, from which | have been paitidy benefited.

| also acknowledge my employer, Public Debt Manag@nAgency (P.D.M.A.), Greece
for the sabbatical leave awarded in order to pumayestudies, the Director General Mr.
Petros Christodoulou, the Deputy Director General Wassilis Mastrocalos and those
colleagues from P.D.M.A. who helped me with theipjort, advice and belief throughout

my studies.

| am also very grateful to my research colleagued eo — authors for all of their
comments, suggestions and criticisms during thedwcinof my thesis. | am also very
grateful to those people, friends and family, wiwagh their moral support and continuous

encouragement, helped me throughout my doctordiestu

Finally, from the bottom of my headt,cannot find words to express my husband, Assoc.
Prof. George M. Korres, my deep gratitude and apatien for his uninterrupted
understanding, encouragement, and support, oveydaes. Without his love, this thesis
would have not been possible. It is George to whiamthesis is dedicated.

Glasgow, 2011

Xii



Author’s Declaration

| declare that the thesis does not include any vi@mking part of a thesis presented
successfully for another degree. | declare thattllesis represents my own work except

where referenced to others.

The copyright of this belongs to the author undex terms of the United Kingdom
Copyright Acts as qualified by the University of agiow regulation. Due
acknowledgement must always be made of the useyofnaterial contained in, or derived

from, this thesis.

Xiii



Abbreviations

AE Allocative Efficiency

AIC Akaike information criterion

BCC Banker, Charnes and Cooper (1984)
BIC Bayesian — Schwarz information criterion
CD Cobb Douglas

CDF Cumulative Density Function

CCR Charnes, Cooper and Rhodes (1978)
CRS Constant Returns to Scale

DEA Data Envelopment Analysis

DFA Deterministic Frontier Approach

DMU Decision Making Unit

DRS Decreasing Returns to Scale

EUI Efficient Unit Isoquant

EU European Union

FE Fixed Effects

FGLS Feasible Generalized Least Squares
GLS Generalized Least Squares

GMM General Methods of Moments

HQIC Hannan — Quinn information criterion
ICT Information and Communication Technologies
IRS Increasing Returns to Scale

Xiv



LM

LSDV

MFP

MLE

NDRS

NIRS

OE

OECD

OLS

PDF

PPF

R&D

RE

SBM

SE

SF

SFA

SPF

TE

TFP

VRS

Lagrange Multiplier

Least Squares with Dummy Variables

Multi — factor productivity

Maximum Likelihood Estimation

Non Decreasing Returns to Scale

Non Increasing Returns to Scale

Overall Efficiency (Technical And Allocative)
Organization of Economic Cooperation and Dewelent
Ordinary Least Squares

Probability Density Function

Production Possibility Frontier

Research and Development

Random Effects

Slack - based Measure

Scale Efficiency

Stochastic Frontier

Stochastic Frontier Analysis

Stochastic Production Frontier

Technical Efficiency

Total Factor Productivity

Variable Returns To Scale

XV



Research Background

One of the most important hypotheses in modern aoan theory is based on the
assumption of optimising behaviour, either fromradoicer or a consumer approach. As
far as producer behaviour is concerned, econonmgiaryhassumes that producers optimise

both from a technical and economic perspective:

= From a technical perspective, producers optimisediywasting productive resources.
= From an economic perspective producers optimisesdlying allocation problems

involving prices.

However, not all producers succeed in solving kggies of this optimisation problem
under all circumstances. In real economic lifejsitunlikely that all (or possibly any)
producers operate at the full efficiency frontieith failure to attain the efficiency frontier
implying the existence of technical or allocativaefficiency (Reifschneider and
Stevenson, 1991).

More precisely, as described in Levitt and Joyc@8{), as well as Worthington (2001),

respectively, for a producer to be efficient, thare three requirements to hold:

1. The first requirement of technical efficiency isatithe maximum possible amount is
produced with the resources used, or in other watdaust be impossible to reduce
the volume of any input without reducing the voluofeoutput. Technical efficiency
may then refer to the physical relationship betwineninputs used (i.e. capital, labour
and equipment) and output. These outcomes mayrelibedefined in terms of
intermediate outputs or final output.

2. The second requirement is that the cost of anyngigeel of output is minimized by
combining inputs in such a way that one input camecsubstituted for another without
raising the total cost. This is allocative effiatgn where an allocatively efficient
producer would produce that output using the lowest combination of inputs.

3. The third requirement is that the mix of outputs different goods and services

produced form the given resources maximizes thefitdn consumers.
XVi



For these reasons, it is important to analyse #ggest to which producers fail to optimise
and the extent of any resulting distances fromftbetier of full technical and economic

efficiency, mainly due to the following reasons:

1. First, only by measuring efficiency, and by separathe associated effects from those
of the operating environment, it is possible to les hypotheses concerning the
sources of efficiency, essential to improve perfange.

2. Second, efficiency measures are success indichyovghich producers are evaluated
and the ability to quantify efficiency provides antrol mechanism with which to
monitor the performance of a production unit.

3. In addition, if policy and planning is to concenself with the performance of a
particular economic unit, it is important to knoswhat level a given producer may be
expected to increase output by simply increasirgiency, without absorbing any

further resources.

Efficiency measures can be defined as relativeymidty over time or space, or both. For
instance, it can be divided into intra- and iniemf efficiency measures. The former
involves measuring the use of the firm's own prdourc potential by computing the

productivity level over time relative to a firm-spic production frontier, which refers to

the set of maximum outputs given the different leak inputs. In contrast, the latter

measures the performance of a particular firm inadab its best counterpart(s) available in
the industry (Lansink et al, 2001).

More specifically, a measure of evaluating the geenfince at producer level is productive
efficiency through production frontier, a concephieh compares the transformation
process of converting input into output. As Reifsaider and Stevenson (1991) declared,
if the occurrence of inefficiency is not totallyndom, then it should be possible to identify
factors that contribute to its existence. In these; estimating these efficiency measures
involves estimating the unknown production frontiéach production process involves a

production frontier. the current state of technglag the industry, representing the
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maximum output attainable from each input leveldalied the efficiency frontier (Coelli et

al., 2005). A producer operating on the efficiefrontier is productively efficient.

As noted by Greene (2007a) the literature on s&igh&ontiers is rapidly growing and a
great number of methodological innovations in tben®metric estimation techniques were
proposed. The main research assumption is thaficiesicy is defined as the extent to
which producers fail to achieve a theoretical idéaleene, 2007a). One important aspect
of the recent empirical literature on efficiencyasarement is the analysis of production
frontiers, the relationship between input and ougnd the adjoining sources of efficiency.
Better understanding of the process of generatifigjeacy requires studying the deeper
determinants and factors which explain the diffeesnin efficiency growth. In response to
this most important research issue, and with tloeease in data availability, economic
literature has shown a resurgence of interestgting and quantifying various theories of
explaining efficiency growth and examining the esponding relationships has attracted a

lot of interest with the main research questiosirag could be summarized into:

1. What are the reasons for diverging efficiency preduction industry?
2. Which factors contribute to production industriéfsceency differences?
3. How the efficiency of a production industry evolveser time, with respect to

technical progress and other related determiniogpfa?

One of the application approaches of stochastiatio analysis is the estimation of
productive efficiency in manufacturing industriemnd specifically medium and high

technology manufacturing industries.

More recently the role of manufacturing industieshe economy is even more important
taking into consideration the slowdown in the woddonomy, and the effects on the
business environment created by the financial<riBhus, medium and high technology
manufacturing industries have a very important iolereating opportunities making an
important contribution to economic growth and depehent (Coviello and McAuley,

1999). Nonetheless, high technology manufactunmaystries have shortages of different

types of resources necessary to develop and impletheir business strategies. These
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shortages may include financial, marketing, tecbgichl and managerial resources, or
skilled personnel (Buckley, 1989). Overcoming thekertages and increasing productive

efficiency has become critical for their long tesorvival and profitability.

However, due to their nature, these industries enaracterized by being very
heterogeneous since they differ in their endowmehtesources as well as on the risks
involved in their productive activities. For thisason, it is of great importance, on the one
hand to analyze their efficiency level and potdnaad on the other hand, to analyze the
factors which determine their efficiency potenti@his analysis is the main aim of this
thesis. As in Baten et al. (2009), it is generbijieved that resources in the manufacturing
industries are being utilized inefficiently. Redgnthere ia a major literature in estimating
stochastic frontier production and consequentlylidgawith technical inefficiency in
manufacturing industries production have been uallen (Samad and Patwary, 2002,
2006; Baten et. al. 2006, 2007). Thus, this thissexpected to provide meaningful insights
into the level of industry-specific technical eféncy along with factors determining and

affecting efficiency.
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Thesis aim

This thesis focuses on the manufacturing industailed seeks to obtain the empirical
results by specifying the translog functional fomnd the model for the technical
inefficiency effects in the stochastic frontierstifhation of technical efficiencies and the
identification of determinants of technical effisgtes for the model are also of interest
(Baten et al., 2009).

The research aim of this research is to identify aramine key resources, a conceptual
framework drawing on the application of stochaftmtier models in obtaining measures
of efficiency that enable a comparison of perforogmcross industries and countries,
explaining why, in the same country, some industrechieve superior efficiency

performance. The important task is to relate adfficy to a number of factors that are likely
to be determinants, and measure the extent to whiep contribute to the presence of

inefficiency.

More specifically, the first step of this thesistcs review the literature concerned with
techniques of efficiency estimation. This will faate an understanding of both the
theoretical and application part of the researdte Jecond step of this thesis is to highlight
the pitfalls of the different relevant models anctthodologies. The third and most
important goal and contribution of this thesisasstiggest a concrete method to estimate
industrial efficiency, avoiding the inherent prable Within this framework, the problem

to be examined in this thesis can be broken dovmtwo major parts:

1. the theoretical part of the study which deals wstiochastic parametric frontier
methodology,

2. the applied part of the study which focus on examgirthe magnitude and impact of
the efficiency in different manufacturing indussie

This thesis considers a European Union perspeefreiency analysis to increase the

information base and derive broader conclusionsutalituropean Union productive
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performance within selected countries. This isssieofi particular research relevance
because empirical evidence shows that even thougbpEan Union industries are widely
analyzed with respect to performance, yet littterstion has been paid to the estimation of
technical efficiency. In particular, the objectied this thesis is to employ Stochastic
Frontier Analysis to examine the industry-speddéchnical efficiency performance for 13
manufacturing industries in 8 selected Europearobmiountries. The countries selected
are: Austria, Denmark, Finland, France, GermamyWestern Germany prior to 1991),
Italy, Netherlands, Spain, and United Kingdom, idey to create a data set including both
countries with strong industrial productive basechs as United Kingdom, Germany,
Netherlands and France, as well as countries withihdustrial productive base, such as
Spain. Within this sample, it is of great importarto examine which determinants are
significant, however, it is also important, to exaenwhether the interactions between
technical progress, ICT investment, ICT investmshare, R&D stock and economy
openness, namely the process of the integratiom ithe world economy, has any
implications for technical efficiency. Special emagis is given to the review of two of the
main heterogeneity determining factors, namely wation investments (as a proxy of

knowledge creation) and economy openness (as § pfdknowledge dissemination).

This thesis tries to fill a gap in the economier#ture by exploring and studying various
dimensions of the interaction between one of thetnmportant economic aspects, namely
technical change and innovation and the integraiiia the world economy, namely
economy openness, and links them to efficiency growm particular, this thesis explores
whether the interactions between these factors aayemplications for efficiency growth,
and whether there are any complementarities betwhem and fostering technical
efficiency growth. More specifically, this thesieng to distinguish between the two main
factors which affect total factor productivity, naiy technical progress and technical
efficiency, as well as what determines the productrontier itself and what determines

the inefficiency term (both theoretically and engatly).
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Value of Research and Expected Contribution

This thesis contributes with an inter-industry aintker-country approach to estimate
production inefficiency using the Battese and Godl92, 1995) model, which allows

technical inefficiency to vary over time, and alk®wnefficiency to depend on a set of
covariates (Yu, 2008) and explore the effects afiowation-related investment on
production, allowing for simultaneous estimation tbe parameters of the stochastic
frontier and the inefficiency model using the omeps maximume-likelihood estimation

method.

This thesis empirically examines the implication tife interrelationship and the
complementarities between value added, capitabulaland technical change and the
contribution of additional determining factors technical efficiency and attempts to
highlight the characteristics of alternative modsggecification and suggest a concrete
method to estimate technical efficiency in indwadtrievel, giving emphasis on the

efficiency convergence among countries.

More specifically, the empirical application of tlieesis estimates the Transcendental
Logarithmic Production Function of manufacturinglustries in these selected European
Union member-states, considering a panel data nfod@efficiency effects in stochastic
production frontiers based on the Battese and C@EN92, 1995) models, providing
translog effects, as well as industry effects. Thiedeling decomposes productivity
growth into two components: technological growtlss@ntially, a shift of production
possibility frontier, set by best-practice prodweand inefficiency changes (deviations of
actual output level from the production possibilifyontier). That is, modeling
accommodates not only heteroscedasticity but dlsas the possibility that a producer

may not always produce the maximum possible outpuen the inputs (Movshuk, 2004).

The thesis main findings suggest the great impoeanf the interaction between the
different determining factors and estimate any iogtion for productive efficiency. The
empirical evidence reported in this thesis suppibishypothesis and shows that technical
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change, ICT investment, ICT investment share, R&&lsand economy openness have a
positive impact on technical efficiency in the edaed industries, playing a significant
role in determining the contribution of innovatian efficiency, productivity and,

consequently, economic growth.

Over all, the major contribution of this thesisthat it provides a better understanding of
the contribution of technical change; ICT investinand economy openness to technical
efficiency taking into account the interrelationshiand the complementarities between
innovation and efficiency. The purpose is to sttltyse countries’ experience in an effort
to determine the potential productive efficiencytedimining factors and to investigate
various aspects of the relationship between progeiefficiency and determining factors
in an attempt to reach a better understanding e@fctntribution of alternative factors to
technical efficiency growth. Especially, this theeaims to:

1. develop a model of efficient producer behaviour ameestigate possible types of
departure from full technical efficiency level

2. emphasize and discuss the empirical applicationh wapecial focus on the
comparability of different structures of models

3. analyze the level and the development of an inggsproductive efficiency along
with the determining factors

4. distinguish between the two main factors which @ffetal factor productivity, namely
technical progress and technical efficiency, ad aglwhat determines the production
frontier itself and what determines the inefficignterm (both theoretically and
empirically)

5. develop an analytical econometric technique fongrang the above

6. demonstrate the obtained results and come to safelusions as far as modelling

producer behaviour (applied production analysi€piscerned.

The findings of this thesis are of value for prtatiers, policy makers and the academic

community:
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1. For industries the purpose of this thesis is to enedkcommendations to firms on
identifying, developing and deploying their resasthat may influence their technical
efficiency, competitiveness and consequently therformance.

2. For policy makers the value of this thesis stems dobetter identification and
understanding of the key resources to the inteynalization of high technology
industries. This will allow government entities farmulate and implement programs,
which will leverage areas of high technology indest which require further
development.

3. Last but not least, the value for the academic camiy mainly lies on an increased
knowledge about the impacts of different deterngniactors on technical efficiency

estimation.

Finally, at policy level, the findings of this thesuggest the need to establish assistance
programs to develop the technology-base, at afll$e\as well as to augment technology-
base, which are more detailed in the thesis aloitly thve limitations and suggestions for

further research.
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Thesis structure

To achieve the research aims, the thesis was abign include six core chapters in
addition to a concluding chapter:

Chapter 1 provides an overview on the definitiod aliernative approaches of efficiency
(technical or productive efficiency, allocative pricing efficiency, scale efficiency, as

well as economic efficiency). Moreover, Chapterehld with the review of measurement
of Efficiency, distinguishing between: technicaladlocative oriented approach, the input-
oriented and output-oriented approach, the Par@ratd non — parametric approach, the

Frontier and non — frontier approach.

Chapter 2 studies the alternative methods for poidei efficiency estimation which

served as research base for the model applicdlore specifically, Chapter 2 analyses
the alternative estimation methods of efficiencamely, the Koopmans and Debreu
methods, the Farrell method, the distance fucntmethod, as well as the Data
Envelopment Analysis method. Moreover, Chapter Rlars the theory of Stochastic
Production Frontiers, and alterantive approaches, ttee Deterministic Production

Frontiers, iinvestigating the alternative variaotshe Stochastic Frontier Models, focusing
on the distinction between time varying and timeaimant efficiency, fixed and random

effects, as well as Battese and Coelli (1992, 189&el specifications.

Chapter 3 examines technical change and it prefiemtmpirical model specification and

methodology, along with the underlying hypotheses.

Chapter 4 deals with the industrial context of Sastic Frontier Models and the main
assumptions on efficiency estimation and analykesefficiency estimation in industrial
aggregate and disaggregate level, the inefficieard/frontier determining factors, as well
as the industrial and innovation policy contextre European Union.
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Chapter 5 deals with the Stochastic Frontier M@&g®llication, estimating the Inefficiency
component. The chapter begins with the model Dgson and the parameter estimation
procedure. In the second part, this chapter desstite data set, the variables included in

the empirical model, as well as the main model mggions.

Chapter 6 estimates the DEA model and compareswibealternative set of results.
Chapter 6 applies the deterministic nonparamepr@ach Data Envelopment Analysis
(DEA), and extensions to capture specific char&ties of the production process.
Chapter 6 reports the main findings, which addtessresearch questions and the stated

specific set of hypotheses, for each research igmest

Based on the obtained results, the concluding ehaptintroduces comparative results,
leading to improvements in efficiency estimatiomeTchapter assesses the significance of
the obtained results and the possible channelsnpfdt and it concludes the thesis,
highlighting the main findings and stating theirademic significance and their policy
implications. Finally, chapter 7 addresses impiaa and contributions for academics,
practitioners and public policy. A presentationtioé study's limitations and suggestions

for further research closes the chapter.

The general overview of the thesis sructure iHsws:
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Chapter 1
The Productive Efficiency Theory

Abstract

A definition of efficiency is that efficiency is éhrelationship between what an
organization produces and what it could feasiblydpce. In other words, efficiency
of a production unit represents a comparison baetvebserved and optimal values of
its output and input. This comparison comes in fatons. The first is the ratio of
observed to maximum potential output obtainablenfr@ given level of input. The
second is defined by considering first the givarelef input, and is measured as the
ratio of minimum potential to observed input regdiproducing the given output. By
the efficiency of a producer, we have in mind a parison between observed and
optimal values of its output and input. The optimisndefined in terms of production
possibilities, and efficiency is technical. Thisapker provides the definition and
characteristics of productive efficiency, a termietthis in the core place of this thesis
analysis. This chapter describes the charactevisind the different aspects of
production efficiency and gives the distinctionveeén them. Finally, this chapter
reviews the main methods of efficiency measuremeligtinguishing between
parametric and non — parametric approaches, asaselietween frontier and non
frontier approaches. More specifically, Chapter rbvwles an overview on the
definition and alternative approaches of efficiefi®chnical or productive efficiency,
allocative or pricing efficiency, scale efficiencgs well as economic efficiency).
Moreover, Chapter 1 deals with the review of measant of efficiency,
distinguishing between: technical or allocativeeated approach, the input-oriented
and output-oriented approach, the Parametric anapacametric approach, the
frontier and non-frontier approach. Moreover, thlsapter also reviews the main
research approaches on stochastic frontier anasaysing Koopmans (1951) and
Debreu (1951), as well as Aigner, Lovell and Schni®77) and Meeusen and van
den Broeck (1977) and Farrell (1957), making alsewaluation of these methods.



1.1. Introduction

Stochastic production frontiers indicate the maximmexpected output for a given set
of inputs. They are derived from production theang are based on the assumption
that output is a function of the level of inputsdahe efficiency of the producer in

using those inputs. This function defines the ougmsociated with the best practice
use of the inputs, while also recognizing the shstic nature of the data arising from

mis- or un-measured determinants of production.

The difference between actual output and the palertput is generally attributed to
a combination of inefficiency and random error .(itbe stochastic element in
production). Methods have been developed to sepamatt the random component
from the efficiency component, so that a more s#ialiassessment of potential output
can be achieved. That is, large levels of outpait iy have occurred through chance
rather than as a consequence of normal practicetloverly influence the estimates.
When one considers productivity comparisons throtiugie, an additional source of
productivity change, called technical change issfds. This involves advances in
technology that may be represented by an upwafdishhe production frontier. This
is presented in the following figure by the movemeithe production frontier from
OF to OR in period 1:

Figure 1.1. Production frontiers and Technical &éincy

A Output y
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Productively
impossible points
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Source:Based on Coelli et al (2005), p. 6



In period 1, all firms can technically produce manetput for each level of input,

relative to what was possible in period 0. When abserve that a producer has
increased productivity from one period to the nélxe improvement need not have
been from efficiency improvements alone, but mayehiaeen due to technical change
or the exploitation of scale economies, or from socombination of these three
factors (Coelli et al., 2005).

This chapter provides the definition of producteféiciency, a term which is in the
core place of this thesis analysis. This chapteinsewith analyzing inefficiency
regarding decomposing productivity into the ProductPossibility Frontier and
(in)efficiency, describing the characteristics atiie different aspects of this
decomposition and providing the distinction betwdbam. Finally, this chapter
reviews the main methods of efficiency measuremelisiinguishing between
parametric and non — parametric approaches, asaselietween frontier and non

frontier approaches.

This chapter also reviews the main research appesa®n stochastic frontier
analysis. The chapter reviews the work by Koopn{a851) and Debreu (1951) who
were the first to technically combine productioputs with production outputs and to
introduce the approach of distance function in ortde estimate the differences
between the actual output levels compared to theirman potential output level.

This chapter focuses also mainly on the stochésiitier methodology developed by
Aigner, Lovell and Schmidt (1977) and Meeusen aan den Broeck (1977), greatly
influenced by Koopmans (1951), Debreu (1951) andeltig1957), who introduced a
method to decompose the overall efficiency of alpobion unit into its technical and
allocative components, providing the main charasties of each approach, making
also an evaluation of each one of these methods.

1.2. Inefficiency and Frontier Determining Factors

In the modern knowledge economy, growth dependsnsitely on the presence or
the formation of a network and environment favoeatal innovation, which is based

on the endogenous development capabilities. Evength the producer-specific



factors are important determinants of innovatiotivag, technological opportunities
and favorable entrepreneurial environment have sitipe effect on innovation
activity, as well. Technological change, innovatiand technology creation and
diffusion are an important factor to economic pesg

Combining the production functions in order to ¢teeand disseminate innovations
leads to improvements in productivity and efficigndowever, at a given moment of
time, when technology and production environmen¢ assentially the same,
producers may exhibit different productivity levethie to differences in their
production efficiency. Within growth process, tHere, efficiency of production
resources becomes a critical element in growthlguiin utilizing the available, yet
scarce, resources more productively. Within thasnework, productivity represents
the estimation of how well a producer uses thelalls resources to produce outputs
from inputs. However, the productivity theory lagure has emphasized factors such
as productive efficiency, mainly through technotagispillovers, increasing returns,
learning by doing, und unobserved inputs (e.g. huepital quality), whereas the
empirical industrial organization literature hasprasized the degree of openness of

countries to imports and industry structure (Ka2@01).

There is a huge literature on factors influencingpdpctive efficiency and
productivity growth. In this literature, it is wileaccepted that decision making units
are not homogeneous producing units and, therefoteall units are operating at the

same level of efficiency (Caves, 1989).

Bos et al. (2010) investigate the sources of outgudwth for a panel of
manufacturing industries. They propose a flexibledei beyond the division of
output growth applied in the conventional growthcamting and cross-country
growth regression literature, as well as the strasgumptions they typically rely
upon (efficient use of resources, constant rettorecale). Bos et al. (2010) focus on

the use of technology, the sources of output grpteithnology spillovers and catch-

! This topic has been broadly examined in: Kokkiou2010b) Economic Growth, Innovation and
Collaborative Research and Development Activitisinagement & Marketingyol. 5, No. 1, pp.
111-126.



up, as well as policy implications. To decreasedbgregation bias that may occur
when these issues are considered at the county{Bernard and Jones, 1996 a,b),
Bos et al. (2010) focus on manufacturing industri€saditionally, the growth
accounting literature has referred to the unexplhipart of output growth as the
‘productivity residual’ or ‘technical change’ (Selp 1957). This interpretation,
however, depends, among other things, on the stiesgmption that economic units
(countries or industries) are always efficientreality, however, economic units may
well use the best-practice (frontier) technologyhwiarying degrees of efficiency. If
this is the case, part of what is measured as ieghchange is in fact an improved
use of the best-practice technology. Put diffeggnthefficient industries increase
output by becoming more efficient in the use of ltlest-practice technology, whereas
efficient industries increase output through techhichange. In addition, not
controlling for possible inefficient use of inputgy also result in underestimating the
productivity of outputs for the best-practice teslugy. Bos et al. (2010) account for
inefficiency and estimate a stochastic productioontier, which is the empirical
analog of the theoretical production possibilitgrftier. This modelling strategy adds
structure to the unexplained residual. Under realsienassumptions, it disentangles
the residual into inefficiency and measurementreffechnical change is modelled as
a shift of the stochastic frontier, whereas efficig change is a movement towards or
away from the frontier. This framework decomposetpot changes into three types
of change: technical, efficiency and input chanBepirical literature carries out
efficiency analyses along lines similar to Bos let(2010), although using different
modelling approaches, considering that output charsy also decomposed into
technical, efficiency, and input change. Even thotlge attention has largely been at
decomposing aggregate (country-level) output, abmrmof studies have investigated
the role of efficiency in explaining growth differals for a panel of manufacturing
industries in the OECD countries (Bos et al., 2010)

As in Consoli (2008), research agrees that: fgsgipng emphasis is placed on the
sources and the effects of technological changmrgk great attention is paid to the
dynamics generated by the interaction between bssifirms and their environment,
including other firms and key institutional playefidlalerba and Orsenigo, 1996;
Antonelli, 2003; Metcalfe, 2001).



The heterogeneity in the inefficiency model can éogressed by a shift in the
underlying mean ot or heteroscedasticity. Battese and Coelli (1998 bdéished a
model where producer-specific attributes are incafed in the inefficiency
distribution. Heterogeneity is expressed in thealmn parameter, the mean, of the

underlying distribution of inefficiency.

This model specification became popular to expleiiiciency differences across
producers. Reifschneider and Stevenson (1991) andr&t al. (1994) established a
SFA model incorporating heterogeneity in the varearof u; or v;, allowing for
heteroscedasticity. Applications of the heterossede&SFA model can be found in
Hadri (1999), Hadri et al. (2003 a,b) and Caudithle (1995).

Unobserved heterogeneity means that heterogereityoi reflected in measured
variables but expressed in the form of effects €@eg 2007a). Several models
attempt to separate unobserved heterogeneity fnaffigiency and it became more
important to model both heterogeneity in the stetihapart and producer-specific

heterogeneity in the production or cost functioth& underlying production process.

Kumbhakar (1991), Polachek and Yoon (1996) and 1&x€2005b) have suggested to
extend the original stochastic frontier model byliad an individual time-invariant
random or fixed effect. These models are callede’trmodels because they include
two stochastic terms for unobserved heterogeneitg for the time-variant factors
and one for the producer-specific constant charatts (Farsi et al., 2003). The
basic assumption is the existence of producer-8peuid time-invariant factors that
cannot be captured by efficiency explanatory vdestmue to the variation of the

latter over time and/or omitted variables.

Unobservable individual effects also play an imaottrole in the estimation of panel
stochastic frontier models. In contrast to the emiwonal panel data literature,
however, studies using stochastic frontier modéksnanterpret individual effects as
inefficiency (Schmidt and Sickles, 1984), suchexhnical inefficiency in a stochastic

production frontier model.



Time-invariant inefficiency assumption has beeraxetl, as in Kumbhakar (1990)
and Battese and Coelli (1992). These studies spa@fficiency (i) as a product of
two components. One of the components is a funatiohme and the other is an
individual specific effect so that; = f(t)ui. In these models, however, the time-
varying pattern of inefficiency is the same for aibividuals, so the problem of
inseparable inefficiency and individual heteroggne2mains. In all these models, the
inability to separate inefficiency and individuattarogeneity is likely to limit their
applicability in empirical studies (Greene, 200&jjo argues that the (in)efficiency
effect and the time-invariant country-specific effeare different and should be
accounted for separately in the estimation. If, éxample, the country-specific
heterogeneity is not adequately controlled fornttiee estimated inefficiency may be
picking up country-specific heterogeneity in aduiti to or even instead of
inefficiency. In this way, the inability of a mod&b estimate individual effects in
addition to the inefficiency effect poses a probliemempirical research (Wang and
Ho, 2010).

As a management tool, stochastic frontier analiggiases on the variables which are
under the decision-makers’ control. However, edincy may be influenced by factors
beyond the control of the managers. In stochasbatier model analysis it is

acknowledged that the estimation of production fioms must respect the fact that

actual production cannot exceed maximum possildduymtion given input quantities.

Consequently, one of the main questions is to tya&® the relationship between
inefficiency and a number of factors which are ljki® be determinants, and measure
the extent to which they contribute to the presesfcmefficiency. These factors are
neither inputs to the production process nor ostmitit but nonetheless exert an
influence on producer performance. Such factorsaadely referred to as efficiency

explanatory variablés

% In many cases, the distinction between decisiokemeontrolled and efficiency explanatory variables
is not always distinct. As itMcMillan and Chan (2006)efficiency explanatory variables include
purely exogenous variables as well as producerifapgariables representing production methods and

output characteristics.



In this context, the term ‘efficiency explanatorgraables’ is used to describe factors
that could influence the efficiency of a produaghere such factors are not traditional
inputs and are not under the control of the prodi(Eeed et al., 1999). However,

they may influence productive efficiency. In pautar, in order to investigate the

determinants of the productive efficiency we digtish between producers or
industry -specific and efficiency explanatory fast¢Caves and Barton, 1990)

Efficiency explanatory factors are not under diremttrol of the producer, at least in
the short-run, and they may be industry-affiliatesijch as producer location
characteristics, managerial restrictions, slow &dopto changes of the market
environment and/or to technological developmentgsymmetric information in the
labour market, social aspects, geographical or atlonconditions, as well as
regulatory and institutional constraints, ownersHifferences (public/private), and
government regulations (Coelli et al, 1998, Stepbhtial. 2008). Producer-specific
factors, on the other hand, refer to charactesstiat can be influenced by the

producer in the short-run, as producer size, R&Prisity and degree of outsourcing.

This section connects the discussion of theoryhim thesis to the empirics. The
empirical analysis focuses on productive efficienay industries and national
economies. In line with the empirical framework éd®n stochastic frontier analyses
(SFA) and data envelopment analyses (DEA), proditgtis decomposed into the
production possibility frontier and technical (iefficiency. For this reason, the
discussion on theory clearly indicates what shaldtermine the frontier and what

affects efficiency.

% Caves and Barton (1990) and Caves (1992) suggtsiedeveral studies have developed a strategy
for identifying the determinants of efficiency, whican be grouped into three categories (Stephan et
al. 2008):

1. factors external to the industry ;
2. factors internal to the industry; and

3. Ownership structures (e.g. public versus private).



Specifically, in line with the empirical frameworlhased on stochastic frontier
analyses (SFA) and data envelopment analyses (DtAjluctivity is decomposed
into the production possibility frontier and tectwi (in) efficiency. For this reason,
there should be a distinction on what should deteerthe frontier and what affects
efficiency. This cannot be satisfactorily achievag drawing only on theories of
exogenous and endogenous growth. Both of thesee redaproduction technology,
which lies in the domain of the frontier. On théethand, technical efficiency relates
to neo-Schumpeterian ideas of catching-up withehders (technology diffusion and
absorption) and forge-ahead through investment®R&D (innovation creation).
However, this cannot be satisfactorily achieved dsgwing only on theories of
exogenous and endogenous growth, both of whichierétaproduction technology,
which lies in the domain of the frontier. Also, ief€éncy depends on the effectiveness
of the institutional environment, which is closetglated to evolutionary and
institutional approaches. Recent contributionshi literature clearly emphasize the
connection with theory, of empirical models for r@duction possibility frontier (or
production function) and efficiency and they arsoaéxamined. More specifically,
contributions to the literature (Kneller and Stes,eP006, Bhattacharjee et al., 2009,
and Eberhardt and Teal, 2011) clearly emphasizectmnection with theory, of
empirical models for the production possibility riteer (production function) and

efficiency.

As stated in Bhattacharjee et al. (2009), the @oglimodels and inference methods
can be categorized into two key methodologies: tfee OLS regression based
approach and the associated interpretation of th@nSresidual as a measure of total
factor productivity (TFP), and (b) frontier prodiget function estimation where the
distance from the highest achievable levels of petidity is interpreted as a measure
of productive efficiency. The OLS approach suppdhs neoclassical concept of
exogenous technology and the resulting view thaiatiens from the production
frontier, either positive or negative, reflect omljosyncratic productivity shocks. By
contrast, negative skewness of the distribution T6P is consistent with the
combination of neo-Schumpeterian and neoclassipproaches, where frontier

technology is viewed as a pool of knowledge accated through the innovative



action of leaders and available to any producting. iHowever the capacity to use
such technology depends on a costly and time coingueiffort to catch up with the
leaders (Bhattacharjee et al., 2009). In orderrésgnt these issues, Bhattacharjee et

al. (2009) examine the following approaches:

1. Neoclassical growth theory (Bhattacharjee et 8092

Neoclassical growth models attempt to explain loimgeconomic growth by looking

at productivity, capital accumulation, populatiomogth and technological progress.
The neoclassical model of exogenous growth (Sol®B61 1957; Swan 1956)

considers the accumulation of physical capitalpaissed with a permanent flow of

technical progress, as the driver of economic dgnoweoclassical growth model

assumes the Cobb-Douglas production function. Grasvtonsidered to be either an
exogenous process or either achieved through ewogetechnical innovations,

embodied in capital goods (Solow, 1960). (Solows@)9argued that countries that
differ in terms of initial productivity levels buhot in terms of other aspects
(population growth and saving propensities) tenddoverge towards the same level
and the same rate of growth of productivity. Thesthe result of a theoretical

perspective in which technology is considered gmilalic good, freely available to

everyone, and its dynamics is largely unexplained.

Neoclassical growth consider that capital is an ohile factor accumulated through
an endogenous investment process, while technatogither completely mobile or
totally endogenous [Temple (2003), Keller (2008¢oclassical growth models also
assume diminishing returns to capital, constaningavrate and constant growth of
labour, assumptions which imply a steady state tiroate depending only on the rate
of exogenous technical progress. Inputs such asahuapital or R&D investment
imply that TFP depends on these factors, which aemn line with endogenous
growth theory (Romer, 1986, 1990). Technology isuased to be a private good
which is produced by dedicated inputs and accumedlaty economic systems as a
stock of ideas. If the accumulation of ideas isnestricted by the law of diminishing
returns, a steady state growth process can beedenmder which TFP increases at a
rate depending on the growth of labour force dddatdo innovation and on the

extent to which labour is used efficiently.
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Limitations of the model include its failure to &akccount of entrepreneurship (which
may be a catalyst behind economic growth) and gthef institutions (which
facilitate economic growth). In addition, it doest explain how or why technological
progress occurs. This failing has led to the dgwalent of endogenous growth theory,

which endogenizes technological progress and/owladge accumulation.

Alternative models developed by Lucas (1988) asstimeexistence of a pool of
exogenous technology combined with different endogs capacities, dependent on
the average level of human capital, accumulatdieeithrough formal learning or
through learning-by-doing. On the other hand, tistircttion between an exogenous
technological frontier, at global level, and effiocy, at local level, measured as a
TFP gap in relation to the frontier is not cleamade, unless by neo-Schumpeterian

theory of growth.

2. Neo-Schumpeterian theory of growth (Bhattacharjed.£2009)

Even though endogenous growth theory may be usemtder to describe diverse
development processes according distinct divergdewels, the assumption of
immobile technology in Romer (1986, 1990) and #uk lof clear distinction between
technological frontier and efficiency in Lucas (8)8revent the consideration of
technological catching-up through diffusion meckams (Keller 2004). On the other
hand, according to Aghion and Howitt (2006), endmges growth theory is not
suitable to derive inferences and policy regardiaghnical progress, leading to

growth and convergence attainment.

According to the neo- Schumpeterian approach, enangrowth is mainly the
outcome of a permanent attempt to forge aheaderdttan being driven by factor
accumulation. This idea is directly related to #encept of an upward moving
technological frontier, combining the most advantechnical knowledge with best
practice. However, the assumption of a productioasbility frontier which every
productive unit seeks to achieve (in other wordsceding frontier production
function) is only valid for public good technologiMeo-Schumpeterian theory of
growth focuses on creative destruction as the baicess leading to the upward

movement of the technological frontier (Aghion aHdwitt, 1992). International
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flows of technology arise from the attempt to catghwith the best practices
(Grossman and Helpman, 1991), a process which dspen the technology and
innovation absorptive capacity (Abramovitz, 198&g€rberg, 1988).

According to Bhattacharjee et al. (2009), the etéon between forging ahead and
catching up process defines the upward movemettieofechnological frontier and
the national, regional or firm heterogeneity, respely, with respect to the capacity
to reach the frontier. This interaction dependstan factors: (i) the levels of
investment in human capital and R&D activities (fAghand Howitt, 2006), and (ii)
the relative importance of codified technology healogy embodied in capital goods
and tacit knowledge embodied either in individualsin organizations (Nelson,
1980).

3. Technology diffusion (Bhattacharjee et al., 2009)

Technology diffusion involves the disseminationt@thnical information and know-
how and the subsequent adoption of new technologmes techniques. Diffused
technologies can be embodied in products and pseseélthough classic models of
technological development suggest a inear reldtigmsfrom basic research and
development to technology commercialization andp#ida, in practice technology
diffusion is a complex process. Technology canud#f in multiple ways and with
significant variations, depending on the partictésohnology, across time, over space,
and between different industries. Moreover, theaive use of diffused technologies
frequently requires organizational and technicanges. Technology also diffuses
through the internal "catch-up" efforts of firm$&ettransfer and mobility of skilled
labor, the activities of professional societies #meltrade and scientific press, varied
forms of informal knowledge trading, and such prss as reverse engineering.
Import of technology embodied in capital goods (8011960; Caselli and Wilson,
2004), as well as disembodied technological spaitevare the two main channels
through which technology diffuses. In both casdw efficiency of technology
diffusion depends on the availability of human tapand on the investment in
specific forms of R&D which enhance the absorptapacity of productive system
(Aghion and Howitt, 2006). Coe and Helpman (199%asure the effect of R&D
spending of trade partners on the TFP of developmthtries, while Funke and
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Niebuhr (2005) use a model of R&D workforce to maasknowledge spillovers
across regions. These models are based on theciimgsisumption of a constant
absorptive capacity, informing about how embodigad anobile disembodied
technology contribute to form a global benchmadafier. An alternative procedure
is to assume an invariant capacity to access exogetechnology and measure

different absorptive capacities.

4. Evolutionary and institutional approaches (Bhattajde et al., 2009)

The evolutionary approach developed by Nelson anmctad/(1982) and Dosi et al.
(1988) considers that innovation creates mainliitetogical paradigms, rather than a
universal benchmark, defining a technological fiemt Technological paradigms
combine a set of established routines with a shiamedledge base, which determines
the opportunities of future technical advances {P9897). Dosi (1997) defines a
technological paradigm as a set of procedures defiaition of the relevant problems
and of the specific knowledge related to their 8otu Such paradigms are shared by
all productive units and provide the basis for tevelopment of specific learning
processes (Nelson and Winter, 2002). Technologieeihdigms promote learning
processes at industrial level, generating industregectories which are both driven
by specific capacities to absorb, enhance and apglgntific and technical
knowledge, as well as by changes in demand. Insatd industry, specific firms
compete with each other, trying to perform betteant the common benchmark

determined by the floor technological standardgifog ahead through innovation.

Evolutionary approach asserts that technology hastreng tacit, private good
component, it is more reasonable to assume a berkHavel of productivity given

by a technological floor. Over this base level, hre@coductive unit builds its own
comparative advantage using proprietary technigaed tacit knowledge. The
dominance of the public-good or private-good congmdndefines the sign of
skewness in the distribution of TFP, and thus deitezs whether the ceiling or the

floor representation of technology is more apprateri

Productivity and innovation performance depends tloa availability of skilled

workforce and on the synergies arising from inteoas between firms and
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supporting organizations. On the other hand, ergregurial behavior is shaped by the
combination of social and political factors strekbg the new institutional economics
(Furobotn and Richter, 1992), such as legal systeemsure property and intellectual
rights, and the existence of a cultural and instihal framework which lowers

transaction costs (Williamson, 1996).

Within this framework, based on Wang (2007), siR&D is one of the most crucial
elements in promoting growth, it is argued that @ngyduction unit that uses R&D
resources inefficiently may be subjected to a ghopénalty in the form of a much
smaller benefit from R&D investment. If R&D resoascare not used effectively,
additional investment may be of little help in stilating economic growth. Literature
has already been devoted to investigating the enanaspects and effects of R&D
investment. It has been considered that R&D cowsult in better production
technology and also raise the productivity as aslthe rates of return on investment
at both the producer and industry levels. Grilicl{#886) and Griliches (1990),
Mansfield (1988), Goto and Suzuki (1989), MelicigB@D00), Timmer (2003) and
Gonzalez and Gascon (2004) have provided theokedoguments as well as
empirical evidence from various industries in maowuntries. The positive effects of
R&D investment on productivity as well as on rabéseturn are clearly identified. In
addition, there are many other issues related t® Rch as patenting, patent quality
and business strategies that have been discusskd @conomic literature. Griliches
(1990), Ginarte and Park (1997) and Penin (200&jrexed the economic aspects of
patents. Patent quality and examination procedwese also discussed in King
(2003). The relationship between the protectiopaiénts and product standardization

strategies was explored by Blind and Thumm (2004)

* However, the existing literature has focused prilpan efforts to engage in new investment and
comparatively little attention has been paid to #fiective use of R&D resources once they are in
place. This is a potentially important omissiomcs the very conditions responsible for economic
backwardness may operate through the poor manageaiethe means of engaging in R&D.
Therefore, knowing the nature of R&D performance éxamining its relative efficiency across
production units is the first required step for igegg policies that intend to improve resource

allocation.
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Technology and innovation play an important role esonomic growth and
technology has become one of the most importartorfmen the models of growth
(Geroski and Machin, 1993, Barro and Sala-i-Mariii®95, 1997, Freeman and Soete,
1997, and Sternberg, 2080Yhe role of innovation is multiple: as motive derit
directs the producers to ambitious and long-terfeatives, it leads to the renewal of
methods of production, supply and distribution, amanagement and marketing, as
well as industrial structures and the appearancenes¥ industries of economic
activity, achieving a wider spectrum of productg aservices, as well as relative
markets. Inputs affect the intermediate inputs,cwiionsequently affect and define
the productivity and competitiveness level. Tecbgalal change, innovation and
technology creation and diffusion are an imporfantor to economic progress. While
innovation may lead to divergence between produoensations, imitation through
diffusion and dissemination tends to erode diffeesnin technological competencies,
and hence lead to convergence (Fagerberg and \¢genspa002). On the other hand,
combining the production functions in order to teeand disseminate innovations
leads to improvements in productivity and economévelopment (Malecki and
Varaia 1986; Malecki 1991, Fagerberg and Verspa2@d2§.

1.3. Technical Efficiency and knowledge creation

Technological change refers to the creation andessful market implementation of

a new or improved product or production processhielogical change is a term

> Arrow (1962) was the first to systematically appate the importance of innovation and
technological change in the capital formation asdnemic growth. He observed that increases in
income per capita couldn’t be explained by incredsecapital to labour ratio, and concluded that th
power behind the increase in productivity is theuasition of knowledge and learning experience

created and acquired during the production proedur
® This topic has been broadly examined in: Kokkifau2008) Innovation Policy, Competitiveness,

and Growth: A Strategy towards Convergence of EeampRegions48th European Congress of the
Regional Science Association, Liverpool, U.K.
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which includes the search for, discovery, develammémprovement, adoption,
commercialization of new processes, new producis,rew organizational structures
and procedures and it is a process that involvesrtainty, risk taking, probing, re-

probing, experimenting, and testing (Jorde and &g£@89).

In economic theory, technology is usually represéras a set of factor combinations
which relate to a certain output level; technolagichange simply shifts the
production possibility curve to a higher outputdegiven the same quantity level in
input factors. The endogenous element of this shiftalled innovative activity, an
activity which we patrtially attribute to some ecamo incentive when referring to the
“market pull” approach, and partially ascribe toe tfftechnology push”, an
autonomous factor in technology itself. Dosi (1982fines technology as a set of
pieces of knowledge, both directly ‘practical’ @tdd to concrete problems and
devices) and ‘theoretical’ (but practically, applite although not necessarily already
applied), know-how, methods, procedures, experiaicguccesses and failures and

also, of course, physical devices and equipmensi([1982).

According to Mansfield (1968), the main sourceg@nomic growth are:

1. Increase in the productive base in order to in@g#se productive possibilities of
the economy within a time period (as, for examplaugh increases in total work

force or Gross Fixed Capital formation)
2. Economies of scale that are related with increaska factors of production

3. Technological progress

However, despite these significant contributiort®e systematic analysis and the
theoretical framework of the effects of innovatian economic efficiency,
productivity and growth is based on endogenous tirdleory developed by Solow
(1957) and extended by Arrow (1962), Romer (198&] 4990), Lucas (1990 and
1993). Endogenous growth theory claimed that ndg tre accumulation of capital,
but mainly the development and accumulation of Kedge and technological
change leads to sustainable growth.

The main contribution of endogenous growth theomryswhe incorporation of a

general concept of technology by broadening theception of capital or explicitly
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introducing technology as a production factor, ®sfipg that there is a three-way

complementarity between physical capital, humaritag@and technical progress.

More specifically, according to Solow (1957) thesea close correlation between
technological development and productivity, sineehnhological change affects the
use of inputs engaged in the production processviive capacity is one of the
main factors which determine the production leWderberg et al. (1997), Freeman
& Soete (1997)] and technological variables are dblexplain a significant part of
the diverging trends in the economic growth [Fagegb& Verspagen (1996)] and
productivity [Abramovitz (1986), Fagerberg (1988 1994)].

Endogenous growth theory takes innovation as amgerbus variable which can
explain the different growth rates. The reason hiat tthe long-run productivity
decrease is avoided, due to capital accumulaticoug/n the qualitative-technological
improvements of natural and human capital. Accaydioc Romer (1986, 1990),
technological progress is the main engine of ecoaaynamism and the economy
grows endogenously through the accumulation anitbger of knowledge. Industry
growth rate depends on the amount of technologic&bity within the economy and
on the ability to exploit external technologicahsvements (Martin and Ottaviano,
1999, Grossman and Helpman, 1994, Coe and Helpt885). Increasing returns and
technical change are incorporated within the pradocfunction as determinants of
the endogenous growth rate (Romer 1986, Lucas 19&&sman and Helpman 1994,
Barro and Sala-i-Martin, 1997) and economic grovwghsustained because of the
continuous creation and diffusion of technologmdvances.

Developments in the theory of economic growth havewed the interest for the role
of innovation in the development process, undergnihe interaction between the
investment in innovative activities, technologiocghange and economic growth.
Technological change, innovation and technologyattwa and diffusion are an

important factor to economic progress, as illustitah the figure that follows:
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Figure 1.2. Innovation and Industrial Growth

Invention

Innovation

Diffusion

New Product / New Process

Source: Own elaboration

The economic processes that create and diffuse kmewvledge are critical in the

development process and there are powerful contaetween the investment in
human capital, technological change and produatiffieiency (Acs, Anselin and

Varga, 2002)’. The reason is that the new technologies leadntwease of

productivity of factors of production, contributing the long-term improvement of
efficiency (Griliches, 1980). For example, new guueéent invested in requires a well-
trained workforce for efficient operation. Whilerhan capital in the form of general
education is a key factor for developing countribs, effect of this is expected to be
less strong for more developed countries, as thhegdy have relatively high levels of
general education and the marginal productivitprofadditional year of primary-level
schooling is quite low. For developed economiesnému capital is made more
productive through better skills and in-companyniray. An increase in the quality of

workers would allow increased efficiency in capitesle and in turn increase output

" Under this approach, Fagerberg (1987, 1988a,lateniea model of endogenous technological change,
focusing on the importance of innovation on ecomomiowth. According to Fagerberg (1987,
1988a,b) economic growth is explained as the coetbiesult of three factors, namely the potential fo

innovation creation, the potential for innovatiaffusion and the exploitation of these potentials.
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growth. Another issue is that some types of capitaly matter more than others.
Some studies have suggested that investment inineaghand equipment is more
important than investment in buildings and struesumwhile others have argued that
investment in infrastructure is an important preisige for productivity growth and

have attributed high payoffs to investment in scapital stock

1.4. Technical Efficiency and knowledge
dissemination

As broadly described in Gallié and Poux (2010),the last two decades, R&D
cooperation has attracted a considerable amouettaition. Many empirical studies,
in economics or in management, have investigatedntiotives for and potential
benefits of cooperation as compared to internal R&Doperation enables firms to
internalize knowledge spillovers, facilitates knedde transfers between them (in
particular between firms and universities), helpsm gain access to complementary
knowledge and technologies, generates scale ecesarhiresearch, enables firms to
speed the commercialization of new products orrteldgies, to avoid duplicative
R&D efforts, to share costs and risk, to gain asdesforeign or new markets. Since
R&D collaboration, cooperation was most often cegdiuas a homogenous object (i.e.

R&D cooperation vs. internal R&D)

At a given moment of time, when technology and pmiidn environment are

essentially the same, producers may exhibit diffieneroductivity levels due to

8 This topic has been broadly examined in: Kokkioy2011a) Innovation Policy, Competitiveness,
and Growth: Towards Convergence or DivergencePatricia Ordonez de Pablos, W.B. Lee and
Jingyuan Zhao (editorsRegional Innovation Systems and Sustainable Dpredat: Emerging

Technologiesinformation Science Reference, Hershey, New Yppk,187 — 201.

° This topic has been broadly examined in: Kokki#o{2009b) Economic Growth, Innovation and
Collaborative Research and Development Activities,ICBE 2009 4" edition.
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differences in their production efficie®y Within economic growth process,
therefore, efficiency of productivity of resourcégcomes a critical element in
economic growth, through utilizing the availableet yscarce, resources more
productively.

Within this framework, productivity represents #&imation of how well a producer
uses the available resources to produce outputsn froputs. However, the
productivity theory literature has emphasized fexctsuch as productive efficiency,
mainly through technological spillovers, increasmgurns, learning by doing, und
unobserved inputs (e.g. human capital quality), rede the empirical industrial
organization literature has emphasized the degrepanness of countries to imports
and industry structure (Koop, 2061)

Innovation and technology is an important sourcmaifistry competitiveness through
facilitating cooperation. In particular, they camprove collective processes of
learning and the creation, transfer and diffusibRrmwledge, critical for innovation.

Such cooperation and the networks that are fornedgl to translate knowledge into
economic opportunity, while at the same time buaidithe relationships between

organizations which can act as a catalyst for iation.

Following the main findings from literature surveliere are two complimentary sets
of conditions need to be satisfied for industresustain productivity and efficiency
in competitive environment. The first is that theyst have suitable levels of both
physical infrastructure and human capital. The sddse that, in the new knowledge-
based economy, they must have the capacity to ateand to use both existing and
new technologies effectively. Industrial and inniima policy is aimed at

strengthening the competitiveness of producers rbynpting competition, ensuring

access to markets and establishing an environmbithws conducive to R&D. As

19 variation in productivity, either across producess through time is thus a residual which

Abramovitz (1956) characterized as ‘a residualwfignorance’.
1 This topic has been broadly examined in: Kokkimou2009a) Strategy for Entrepreneurship and

Innovation Activities in the knowledge Economy\iWomen Participation and Innovation Activities:

Knowledge Based Economiyomen’s Press, New Delhi, India.
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recognized, lack of innovative capacity stems noly drom deficiencies in the
research base and low levels of R&D expendituredistd from weaknesses in the
links between research centers and businessesl@andake-up of information and
communication technologies. Knowledge and access has become the driving
force of productivity, much more than natural reses or the ability to exploit
abundant low-cost labor, have become the major r@tants of economic
competitiveness since it is through these thatstréks can increase their productive
efficiency. Innovation, therefore, holds the key rmintaining and strengthening
efficiency which in turn inessential for achievisgstained economic development.
These environmental factors are spatially confiagtgbrnalities with different scales
of influence. Some factors, such as the legal aftdiral framework or large research
institutes, operate mainly at national level, gatiag national systems of innovation
(Lundvall, 1992), other factors, such as skilledolar supply and networks linking
firms and support institutions have a more limiteditorial span, and are the basis of

regional systems of innovation (Braczyk et al.,8099

As far as empirical modelling is regarded, estioratdf production functions using
OLS methods correspond closely with the neoclaksajaroach. Here, all producers
use the best purpose technology, and any deviatiotheir output, positive or
negative, is attributed solely to idiosyncratic guotivity shocks. This leads to the
interpretation of the Solow residual as a meastfE=® (Solow, 1957). By contrast,
neo-Schumpeterian theory has generated a richtyaoie empirical studies that
attempt to identify both the evolution of the friemtand the catching up capacity of
different countries and regions. These studied treg@stment in physical capital as
an exogenous process and thus, rather than loakinthe dynamics of capital
accumulation, they are centred on comparative apalyof TFP levels. Neo-
Schumpeterian empirical studies can be divided twto main approaches, according
to the econometric techniques used: The first agugras inspired by the work of Féare
et al. (1994), who applied Data Envelopment Analy8IEA) to a sample of OECD
countries over a 10-year period. Kumar and Rusgi02) develop a related
methodology, where the evolution of labour produttiis decomposed into physical
capital accumulation (movement along the frontae)l increase of TFP; rise in TFP
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results from a combination of technical progregss@ard movement of the frontier)

and catching up (movement towards the frontier).

The second approach is Stochastic Frontier Anal§&#A), which decomposes the
residuals of an estimated production function irdn efficiency component,
corresponding to a negative valued random effeeinigaa skewed distribution, and
an idiosyncratic zero mean zero skewness randoon. €FA is relatively robust to
random noise arising from measurement errors aradi@variations in the level of
TFP, and can accommodate idiosyncratic productisfitgcks. Further, by explicitly
modeling departures from the frontier as a comimnatof inefficiency and

idiosyncratic shocks, SFA offers unique and usgftdrpretation combining the neo-

Schumpeterian and neoclassical approaches.

Because of these advantages, as in Bhattacharpde (8009), SFA has emerged as
the most popular methodology to study TFP at tha fevel, either for crosssection
comparison of efficiencies (Green and Mayes 19%i),analysis of efficiency
dynamics using panel data (Tsionas, 2006), or fiatyaing spatial influences on the
efficiency of firms in specific industries (Coelit al., 1999). SFA has also been
applied to study TFP at the macroeconomic levehoalgh less frequently. For
example, Kneller and Stevens (2006), using partel aia manufacturing industries of
OECD countries, analyzed the skewed componenteotttor term, representing the
distance to the technological frontier, as a fuorcof the levels of investment in R&D
and human capital, which in turn are related to #fsorptive capacity of the
economic system. Neo-Schumpeterian theory apple®RA implies a negative
skewness in the distribution of TFP (Carree, 200&)ile standard OLS assumes a
symmetrical distribution. Therefore, the empiricliservation in several studies that
the cross-sectional distribution of TFP is posiinvekewed (Green and Mayes, 1991,
Fritsch and Stephan, 2004) casts serious doubtst alhe validity of the theoretical

approaches adopted and the consistency of theatitimmethod¥.

2 These seemingly contradictory results have begimed as arising either from weakness of the
frontier methodology, mainly concerning the lackrobustness with respect to violation of normality
and measurement of skewness (Simar and Wilson,)2060%rom a notion of superefficiency (Green

and Mayes,1991).
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Bhattacharjee et al. (2009) explore the idea thatproductivity enhancing positive

component captures innovative activity raising aertindustries above common

productivity standards at specific times. In addiifithere may be an omitted variables
problem (Temple, 1999) where common shocks, likegliobal business cycle or new
technology developed by the leaders, can drivéosgils across countries or regions.
In so far as technology transfer depends on teclgyafjap with the leaders (Lucas,
2000 and Hultberg et al., 2004) which is in turivein by technological progress in

leading regions, technology transfer can be charaetd by time-specific common

factors. Moreover, according to Bhattacharjee et28109), more explicit modeling of

innovation, particularly investment in R&D, humanapdtal, international

technological spillovers and spatial diffusion al®o to be considered.

Even though the vast majority of empirical appraschlimit cross-country
heterogeneity in production technology to the dpeation of total factor productivity
(TFP), Eberhardt and Teal (2011) present two génempirical frameworks for
cross-country growth and productivity analysis alednonstrate that they encompass
the various approaches in the growth empiricsditee of the past two decades.
Solow (1956, 1970) makes clear that the stylizextsfdor which this model was
developed were not interpreted as universal priggefor every country in the world.
In contrast, the current literature imposes vergrgl homogeneity assumptions on the
cross-country growth process as each country isnass$ to have an identical
aggregate production function. (Durlaat al, 2001). Eberhardt and Teal (2011)
argue that there are a number of important reasdnysthe standard cross-country
growth regression framework needs to be reconsidéntuitively, the heterogeneity
in production technology could be taken to mearnt t@untries can choose an
‘appropriate’ production technology from a menufeésible options. Further, the
cross-country heterogeneity in TFP relates to whfiees both in the underlying

processes that make up TFP and in the impact eéthmcesses on output.
Following Mankiw et al(1992) most empirical studies put this down toftikire to

account for forms of intangible capital (human talpsocial capital) in the regression

model. This belief has led to a growth empiricerture that for the most part
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neglects technology-parameter heterogeneity acrossgntries and simplifies

dynamics. The mainstreariiterature favours ever more sophisticated staasti

devices (Sala-i-Martin et al2004; Moral-Benito, 2009) and ‘general-to-spe&tifi

automatic model selection algorithms (Hendry andl&g, 2004; Ciccone and

Jarocinski, 2008) — to pick out the ‘relevant’ adnies in an augmented Solow
regression model with time-averaged variables,aled ‘Barro regressions’. At the
last count no fewer than 145 variables have beegastigated in their impact on
growth (Durlauf et al., 2005) and most were fouadratterin at least some studies.
A number of papers, however, question this paradignd have integrated
considerations of parameter heterogeneity intor tkepss-country empirics, also
considering the time-series properties of the data,ssue largely ignored in the
standard cross-country growth regression framewdHeir regression results and
diagnostic tests for variable non-stationarity gratameter heterogeneity confirm
their importance in the empirical analysis (Pedrd007; Canning and Pedroni,
2008).

Martin and Mitra (2002) estimate industrial prodastfunctions for agriculture and
manufacturing using Crego et 4l998) data for 1967 to 1992. Martin and Mitra
(2002) allow for differential TFP levels armgtowth rates across countries, modelled
via country-specific intercepts and linear trentd® in a pooled panel estimation
using annual datéor around 50 countries. TFP growth is capturedthsy country
trends and thus assumed to be constant over tich@eterogeneous across countries
(and industries). Martin and Mitra (2002) resultslicate considerable variation in
TFP growth rates between industries and acrosstresinwith TFP growth rates in

agriculture commonly in exces$ those in manufacturing.

Martin and Mitra (2002) address the issue of hefeneity in TFP levels and growth
rates in a static pooled fixed effects model, whigtposes common technology
parameters across countries. However, the estimauations for agriculture and
manufacturing are static and no investigation @brecorrelation is undertaken to

justify this choice.
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Keeping production technology constant across cmstmay be seen as a less
restrictive assumption when investigating more hgem@ous sets of economies, such
as the group of OECD countries. Arnold et(@007) empirically compare two rival
growth models, the human-capital-augmented Soloweainwith two industries, using
annual panel data from 21 OECD countries over tB&142004 period. Their
empirical specification allows for flexibility inhe short-run dynamics across
countries, while imposing common long-run producti@chnology. The latter is
consistent with the idea that the OECD countriagelaccess to common technologies
and have intensive intra-industry trade and foralgect investment (Arnold et al.,
2007). Using annual data for 20 Italian regionsmrd970 to 2003, Pedroni (2007)
and Canning and Pedroni (2008) estimate their ecapirmodel by industry,
comparing results for the heterogeneous paramebepgnean. However, given the
relatively recent emergence of cross-section caticel issues in macro panels only a
small number of empirical papers combine crossaectorrelation in macro panel
data with heterogeneous production technologyutinoly work by Bhattacharjee et
al. (2009) and Fleisher et.al2010) on production in Danish regions and Chinese
provinces, respectively, as well as work by Cawaicet al.(2009) investigating the
‘natural resource curse’ in a panel of 53 countrsreover, Eberhardt and Teal
(2009a, b) analysed cross-country macro data ferntianufacturing (48 countries,
1970-2002; UNIDO, 2004) and agricultural (128 coest 1961-2002; FAO, 2007)

industries, respectively.

1.5. Reviewing the productive efficiency

A definition of efficiency is that efficiency is éhrelationship between what an
organization produces and what it could feasiblydprce. In other words, efficiency
of a production unit represents a comparison betvebserved and optimal values of
its output and input. This comparison comes in fatons. The first is the ratio of
observed to maximum potential output obtainablenfr@ given level of input. The
second is defined by considering first the givarelef input, and is measured as the
ratio of minimum potential to observed input regdiproducing the given output. By
the efficiency of a producer, we have in mind a panson between observed and
optimal values of its output and input.
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The optimum is defined in terms of production pb#isies, and efficiency is

technical. It is also possible to define the optimun terms of the behavioral goal of
the producer. As in Wang et al. (2002), produgtiand efficiency are the two most
important concepts in measuring performance. Howehe terms productivity and
efficiency have been used frequently interchangeadlen though they are not
precisely the same things (Coelli et al, 2005). @Hterence between efficiency and
productivity can be simply illustrated, as showrthe following figure. As in Coelli

et al. (2005), to illustrate the distinction betwethese two terms, it is useful to
consider a simple production process in which glsimput (x) is used to produce a
single output (y). Points A, B and C refer to thrdd#ferent producers. The
productivity of point A can be measured by the aablA/OD according to the

definition of productivity where the x-axis represe inputs and the y-axis denotes

Outputs'
Figure 1.3. Efficiency and Productivity
y
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Source: Wang et al. (2002), p.4 and Coelli et2006), p. 5

In this figure we use a ray through the origin teasure productivity at a particular
data point. The slope of this ray is y/x and hepcvides a measure of productivity.
If the firm operating at point A were to move tettechnically efficient point B, the
slope of the ray would be greater, implying highsyductivity at point B. However,
by moving to the point C, the ray from the orig;mat a tangent to the production
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frontier and hence defines the point of maximumspgae productivity (exploiting
scale economies). The point C is at the techniaaptymal scale. Operation in any
other point of the production frontier results aaver productivity.

Given the same input, it is quite clear that prdigity can be further improved by
moving from point A to point B. The new level ofqgauctivity is then given by
BD/OD. Clearly, productivity can be representedréiiore, by the slope of the ray
through the origin which joins the specific poimtder study. The efficiency of point
A, on the other hand, can be measured by the ohtibe productivity of point A to

that of point B, i.e.,ADﬂ.
BD/0D

The above efficiency is normally term@echnical Efficiencyand includes output-
and input-oriented technical efficiencies, i.eg ffroducer can either improve output
given the same input (output-oriented, point A fodB reduce the input given the
same output (input-oriented, point A to E) by impng technology. The curve OF in
the figure is the so-called production frontierl thle points on the production frontier
are technically efficient, whilst all the pointsite or lying to the right of the

efficient frontier are technically inefficient (Waret al., 2002).

Central to frontier productivity analysis is the tefenination of the efficient
production technology, identification of those e#nt decision-making producers on
the technological frontier and of those inefficigmbducers not on the frontier and,
for the latter, determination of the degree andcesiof their inefficiency. Estimation
and quantification of efficiency measures is usdful several reasons: Relative
measures of efficiency facilitate comparisons amilar production units (Lovell,
1993)*3

13 A wide range of efficiency approaches and framéwaxist in the literature (see Jamasb and Pollitt,
2001, ; Farsi et al., 2003).
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As rigorously described in Kumbhakar and Lovell QJ) productive efficiency
represents the degree of success producers adhiatcating the inputs at their
disposal and the outputs they produce, in an effonneet specific set productive
objectives. Thus, in order to measure productiiciency it is first necessary to

specify producers’ objectives and then to quaritibir degrees of success.

Efficiency performance is conventionally judgedlisiing the concept of economic
efficiency, which is generally assumed to be madeftwo components: technical
efficiency and allocative efficiency. The former defined as the capacity and
willingness of an economic unit to produce the maxn possible output from a
given bundle of inputs and technology level. Thieelaconcept is defined as the
ability and willingness of an economic unit to etgudts specific marginal value

product with its marginal cost.

Allocative efficiency reflects the ability of an ganization to use these inputs in
optimal proportions, given their respective prieggl the production technology. In

other words, allocative efficiency is concernedhwthoosing between the different

technically efficient combinations of inputs usedproduce the maximum possible

outputs. Since different combinations of inputs laeang used, the choice is based on
the relative costs of these different inputs (asegroutputs are held constant).

Allocative inefficiency is input-oriented and oceuwhen the mixture of inputs used is

not the mixture with the lowest possible cost fayducing a given amount of outputs.

As analytically described in Kalirajan and Shan®9@), while the concept of
technical efficiency is as old as neoclassical enuns, interest in its measurement is
not. This is probably explained by the fact thabalassical production theory
presupposes full technical efficiency. Then, thegjion raises as to why should one
measure technical efficiency. There are two prialcgrguments for its measurement
(Bauer, 199G.5 Kalirajan and Shand, 1992). Technical efficiebegomes central to
the achievement of high levels of economic perfarceaat the producer level, as does
its measurement. The basic concept underpinningnteasurement of technical

efficiency starts with the description of produatiotechnology. Production
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technologies can be represented using isoquantslugtiion functions, and cost
functions or profit functions. These four modelypde four different tools for
measuring technical efficiency. Although analysasda on these models appear to be
distinct, they constitute the same basic approauh ideally their results should

converge.

Figure 1.4. The concepts of technical efficiendpcative efficiency and economic

efficiency
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Source: Kalirajan and Shand (1999), p. 151

In neoclassical theory, all producers are assuroedperate at potential technical
efficiency at points along the fronti€F’. Any inefficiency will be solely allocative.
Thus, if a producer is operating on its frontié¥’, its point of economic efficiency
may be at B, the point of tangency with its price! If it operates aB, with inputsly
and outputQ; there will be maximum profits; and no allocative or economic
inefficiency. It should be noted that, provided gwoers are operating on their
technical frontiers, allocative (in) efficiency Wwibe the same as economic (in)
efficiency (they are used synonymously in the éitere) because of the theoretical
assumption of potential technical efficiency. Tlifus producer is operating at poiat
on its frontier, usingd, inputs and producin@. output, its profits may be,, and its
allocative / economic inefficiency will be measur&siz,/ 1. In practice, with a new

technology, producers operate at less than poteteithnical efficiency owing to
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incomplete knowledge of best technical practicesooother organisational factors
that prevent it from operating on its technicalnfier. Thus, a producer will operate
on an actual or perceived production function whglbelow the potential frontier,
e.g. onAA’. At I, inputs, it operates at poif@, producesQs; output and earnss
profits. On this actual production function, poi@tis allocatively inefficient. To
maximise its profits#,) it would have to operate at poidt usels inputs and produce
Q4 output. AtD, however, it would not achieve potential econosfitciency, for by
definition, potential economic efficiency can otlg achieved with potential technical
efficiency.

To be consistent with neoclassical production the@fficiency should only be
measured in relation to the frontier productiondiion FF'. Thus if a producer is
operating atC on its actual or perceived production functions gconomic
inefficiency would be measured in profit terms hg ratioz3/ 71, or in output terms
by the ratioQs/Q;. Now, it can easily be seen that this economidficiency
comprises two components, technical and allocatigkiciencies. In profit terms, the
total loss in economic inefficiency in operatingpaint C ism; - z3. Of this, the loss
from technical inefficiency igs - 7, and the loss due to allocative inefficiencytis
7. In output terms, the losses & - Q3 and Q; - Q respectively. The various

models for measurement that follow are based upigrconceptual framework.

If the analyzed industry exhibits variable retutasscale, then another component of
economic efficiency, scale efficiency, is presehhe scale efficiency measure,
determines how close an observed production urirbia the most productive scale
size (Fersund and Hjalmarsson, 1979; Banker andllTH1992). A production unit

may be scale inefficient if it exceeds the mostdpaiive scale size (therefore
experiencing decreasing returns-to-scale) or i gmaller than the most productive

scale size (therefore failing to take full advaetad increasing returns-to-scale).

Scale inefficiency of a production unit is defineith respect to those production
units in the sample which operate where averagenaaudjinal products are equal
(Farsund et al., 1980). The analyzed industry madgd exhibit scope efficiency. This
measure relates to the benefits which are real®egdroduction units that produce

several products compared to specialized ones @hawvd Aliber, 1993).
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Finally, when taken together, allocative efficieranyd technical efficiency determine
the degree of “economic efficiency’ (also knownt@al economic efficiency). Thus,
if an organization uses its resources completelpcalively and technically

efficiently, then it can be said to have achievadlteconomic efficiency.

Alternatively, to the extent that either allocatioe technical inefficiency is present,

then the organization will be operating at lessttedal economic efficiency.

1.6. Koopmans (1951) and Debreu (1951) approach

Koopmans (1951) defined a feasible input — outater to be technically efficient if
it is technologically impossible to increase anypo and /or to reduce any input
without simultaneously reducing at least one othéput and / or increasing at least
one other input. While Koopmans offered a defimtiand characterization of
technical efficiency, it was Debreu who first prd®d a measure or an index of the
degree of technical efficiency with his coefficiaftresource utilization. When there
is no such feasible reduction, the production isisaid to be technically efficient
with score one. In any other case, production isngharacterized as inefficient and
has a technical efficiency score lower than one.

Debreu (1951) introduced distance functions intonemics. Distance functions
introduce the distance from some observed inpuitput combination to the frontier
of technology (Fried et al, 2008). Distance funtsioallow one to describe a
production technology without the need to specifgehavioural objective (such as
cost — minimisation or profit — maximisation). CEate functions describe technology
in a way that makes it possible to measure effayreand productivity. The concept of
a distance function is closely related to productifsontiers. The basic idea
underlying distance functions involves radial cantions and expansions in defining
these functions. Distance functions are functioearesentations of multiple-output,
multiple-input technology that require only quayntitata of those inputs and outputs.
Thus, distance functions allow modelling the prddurcfrontier as well as deviations
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from it. Those deviations represent technical iogfhcy while shifts in the frontier

represent technological change (Grosskopf, 1993).

Debreu (1951) and Koopmans (1951) were concernedlynaith the measurement
of efficiency and although they produced carefuhswements of some, or all, of the
inputs and outputs used in the production procéss decision-making unit, they
failed to combine these measurements into anyfaetilsy estimate of efficiency.

In the following years, applications using distafaections [Shephard (1970)] have
begun to be very usual [Féare et al. (1993), Sinha.g1994), Coelli and Perelman
(1996) or Grosskopf et al. (1997)]. In turn, itisly required to assume that technical
efficiency be time invariant (Schmidt and Sicklek984). On the other hand,
Cornwell, Schmidt and Sickles (1990), Kumbhakaro@)9 Battese and Coelli (1992)
and Lee and Schmidt (1993) have proposed time+varigchnical efficiency panel
data models. The first of these models allows foydpcer specific patterns of
temporal change in technical efficiency and it medechnical efficiency through the
intercept of the production frontier. The rest bkede models adopt a different
approach in that they model technical efficiencyotiyh an error component but

assume that efficiency change is the same foratlycers.

The advantages of these quantity-based functioas \@lue-based functions are that
they do not require either input prices or outputgs in their construction, and they
do not rely on assumptions regarding economic hebgv such as revenue

maximization or cost minimization (Zofio and Lovel001)

1.7. Farrell (1957) approach

Farrell (1957) extended the work initiated by Ko@ms (1951) and Debreu (1951) by
noting that production efficiency has a second comept reflecting the ability of
producers to select the right technically efficiemput- output vector in light of
prevailing input and output prices. This led Far{&957) to define overall productive
efficiency as the product of technical and allocagfficiency.
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Farrell (1957) first obtained a partial decompasitof efficiency into technical and
allocative components and he also proposed indekdagchnical, allocative and
overall efficiency”. However, Farrell (1957) reminds of the empiricakcessity of
treating Koopmans definition of technical efficignas a relative notion, relative to
the best observed practice in the reference sebmiparison group. This provides a
way of differentiating efficient from inefficientrpduction states, but it offers no
guidance concerning either the degree of ineffyeaf an efficient vector or the
identification of an efficient vector or combinatiof efficient vectors with which to
compare an efficient vector. If the theoreticaluengnts as to the relative efficiency
of different economic systems are to be subjeaezhipirical testing, it is essential to
be able to make some actual measurements of efficieEqually, if economic
planning is to concern itself with particular inthies, it is important to know how far
a given industry can be expected to increase itpublby simply increasing its

efficiency, without absorbing further resources.

Farrell (1957) proposed that the economic efficjent a producer consists of two
components:technical or productive efficiency(which reflects the ability of a
producer to produce maximum output from a giveno$ehputs), andallocative or
pricing efficiency(which reflects the ability of a producer to use thputs in optimal
proportions, given their respective prices and petion technologyy. When a
producer is technically efficient, thmaximum outpuis generated from a given level
of inputs. An allocatively efficient producer woujgroduce that output using the
lowest cost combination of inputs. Therefore, techin efficiency illustrates a
comparison of actual output and the maximum outpiile allocative efficiency
deals with the relationship between the minimumt @®l actual cost bundles of
inputs. Together they help to identify the potdriba reducing the costs of producing
a given level of output.

4 However, Farrell (1957) confined his attentionateingle — output production technology having
strong scale, monotonicity and curvature properiga®l these properties rule out the possibility of
structural inefficiency.

15 A detailed treatment on efficiency measurementthadelated concepts is provided by Fare,
Grosskopf and Lovell, 1985, 1994 and Lovell, 1993.
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Moreover, Farrell (1957) was the first to measuredpctive efficiency empirically.
In measuring technical efficiency, Farrell (195&samed inputs to be strongly
(freely) disposable and that the technology exiltbnstant returns to scale.
Moreover, his use of linear programming techniguisienced the development of
data envelopment analysis (DEA) by Charnes, CoapdrRhodes (1978). The basic
ideas underlying the Farrell (1957) approach t@ieficy measurement are illustrated
in Figure (1.5):
Figure 1.5. Farrell Efficiency Measures

X2 I

S EUI

Source: Farrell (1957), p. 254

This diagram shows the efficient unit isoqudg&tJl) for a group of producers
constructed from the input bundles of produckrd, and K which use the least
amounts of inputs to produce a unit of output. Ehg@soducers constitute the
technically efficient subset in this group and teenaining producerd_(andP) are

deemed technically inefficient. Farrell proposedttBUI should provide a set of

standards for measuring both allocative and tedheiticiency.
The technical efficiency (TE) standard for produes that point orEUI which uses

inputs in the same proportions Bsand the measured TE &f is OQ/OP. Given

relative input prices, the isocost line AB indiGathe minimum cost of producing one
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unit of output and this suggests that overall eannaefficiency is highest at poir@

on EUI. Note that poinR has the same level of costsSas

Farrell proposed that overall economic efficienOf] be measured &R/OP. These
measures are input-based in so far as they med#terences in input use between
producers for standardised (unit) output. Thisrefithe TE standard as a point on
EUI having identical input proportions to the produednose efficiency is being
measured and allows a simplified cost interpretatibthe AE measure. Farrell also
proposed an output-based measure which focusesfferedces in output between

producers when input levels are standardised.

Farrell (1957) argued that the measurement of mtbdriefficiency is of theoretical
and practical importance, a satisfactory efficiemogasure allows both empirical
testing of theoretical arguments and economic prento improve the productivity of
particular industries. He first developed a bettemded theoretical method for
measuring efficiency, the so-called efficiency tiers, which have been widely used
in applied studies. In this approach, it is necgsgacreate a standard or benchmark
for the measurement of efficiency. Defining thens&d against which to measure
efficiency is at the core of every study relatednteasuring productive efficiency.
Farrell (1957) focused this discussion by definengimple or partial measure of

producer efficiency that could be readily extenttechultiple inputs.

From the description of Farrell's method it shob&lclear that the technique involves
constructing a frontier from the observed best iracin the sample. Thus the
efficient unit isoquant will only depend on a sutskthe full sample of observations.
In this sense the technique may be described &tciapt because it does not make
full use of all the information available, the maonsequence of this being that it will

be sensitive to measurement errors and extremeaiisems.

Of greater significance in the present contexhes influence Farrell's work exerted
on Aigner and Chu (1968), Seitz (1970), Timmer (M9Afriat (1972) and Richmond
(2974), for it was the work of these writes thad Idirectly to the development of
Stochastic Frontier Analysis models (Kumbhakar amekll, 2000).
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The pioneering work of Farrell (1957) focused ditenon the concept of productive
efficiency and the consequences of its recognitmnthe modelling of production
processes. Moreover, a considerable volume of egpphiork has been undertaken
since the original studies by Farrell (1957), Hhapd Fieldhouse (1962), Aigner and
Chu (1968) and Afriat (1972) pioneered the workfamtier production functions,

while Seitz (1970) and Timmer (1970) are exampfespecific efficiency studies.

Aigner, Lovell, and Schmidt (1977); Schmidt and eby1979); Meeusen and van
den Broeck (1977); and Greene (1980) introducedhaefents of the frontier
approach and the modelling of production processeslicitly recognizing the

existence of productive inefficiency.

1.8. Aigner et al. (1977) and Meeusen and van den
Broeck (1977) approach

Aigner et al. (1977) and Meeusen and van den Br¢E2K7) developed a statistically
and theoretically sound method for measuring efficiy, known as stochastic frontier
analysis. In this case, a stochastic frontier ifindd as the production of best
performing agents within a data set. The other gatats of the other producers are
located "below" this estimated frontier. The relatdistance measured between this
best performance and the other data points ispireerd as inefficiendy. Following
Farrell (1957), researchers applying frontier eation techniques represent
technology by a bounding function that reflectstypgactice production, defined in
terms of the maximum real output technologicallggble to produce given available
inputs (Farsund, Lovell, and Schmidt, 1980; Varie®85; Bauer, 1998b).

The stochastic frontier model pioneered by Aigneell and Schmidt (1977) and
Meeusen and van den Broeck (1977) has attractecat deal of attention in the
literature since its introduction (Bera and Sharri899), Fgrsund, Lovell and
Schmidt (1980), Schmidt (1986), Bauer (1296, and Greene (1993). Within this
framework, several models for estimating technicgfficiency have been

18 This is true if random noise is ignored. The inmidxeness of the Stochastic Frontier Analysis és th

separation of noise from inefficiency.
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progressively developed, extending the stochasiitier methodology to account for
different theoretical and empirical issues (Coetlial., 1998; and Kumbhakar and
Lovell, 2000), who suggested the basic frontiertisiaal models, based on an

econometric specification of a production frontier.

If the frontier has a functional form, that isaifparametric model for the frontier can
be formulated, then several parametric approactss® lbeen developed in the
literature for obtaining measurement of efficienthe type of parametric technique
employed will depend on whether the frontier madaleterministic (no random error
in the model) or stochastic (random error in thedatp However, it has been clearly
established that stochastic frontier models areersoip to deterministic frontier
models (Aigner, Lovell and Schmidt, 1977, Friecaktl993; Kumbhakar and Lovell,
2000; Jacobs, Smith and Street, 2006).

Following Aigner, Lovell and Schmidt (1977), a dtastic frontier model can be
formulated in terms of a general production functior the ith production unit. This
function defines a production relationship betwew®uts,x, and an outpuy, where,

for any givenx, the observed value gf must be less or equal fix).The basic model
includes a composite error term that sums a tweesidrror term, measuring all
effects outside the producer's control, and a @afeds non-negative error term,
measuring technical inefficiency. A producer candn or within the frontier, and the
distance between actual output and the frontierpudutrepresents technical

inefficiency.

According to Battese and Coelli (1995), the stotibasontier production function
postulates the existence of technical inefficiemdresolved in producing a particular
output. The stochastic production frontier modébwvas: technical inefficiency and
input elasticities to vary over time in order totef# changes in the production
structure; and inefficiency effects to be a functad a set of explanatory variables the
parameters of which are estimated simultaneoustli thie stochastic frontier. The
approach is stochastic and producers may be offfrigtier because they are
inefficient or because of random shocks or measenénerrors. Efficiency is

measured by separating the efficiency component tree overall error term.
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1.9. Input-oriented and output-oriented efficiency

Measures of efficiency can be input-oriented or patibriented. When input
guantities are fixed so that output varies acrasslyrers, the efficiency measure is
output-orientedbecause the objective of producers is to maximiagpui. When
output quantities are fixed so that inputs varyasiproducers, the efficiency measure
is input-orientecbecause the objective of producers is to bestakomput quantities

and minimize input usage.

As analytically described in Herrero and Pascoe0220these concepts can be
illustrated graphically using a simple example dfva input &;, xo)-two output ¥,

y») production process. Efficiency can be considemedterms of the optimal
combination of inputs to achieve a given level ofput (an input-orientation), or the

optimal output that could be produced given a $etputs (an output-orientation).

Figure 1.6. Input oriented efficiency

ISO(y1*, y2*)

X1

Source: Herrero and Pascoe (2002), p. 3

In the above figure, the producer is producing\emilevel of outputy} , y» ) using
an input combination defined by poiAt The same level of output could have been
produced by radially contracting the use of botbuis back to poinB, which lies on
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the isoquant associated with the minimum levelngfuis required to produce.(,
y> ). The input-oriented level of technical efficien@E(y,x)) is defined byDB/OA

However, the least-cost combination of inputs thatduces \,, y» ) is given by

point C.

To achieve the same level of cost (i.e. expendiburénputs), the inputs would need
to be further contracted to poili. The cost efficiency (CE(y,x,w)) is therefore
defined byOD/OA. The input allocative efficiency (AB,w,w)) is subsequently given
by CE(y,x,w)/TE(y,x), orOD/OB (Kumbhakar and Lovell 2000).

The production possibility frontier for a given s#tinputs is illustrated in the above

figure (i.e. an output-orientation):

Figure 1.7. Output oriented efficiency

y2 D

P E—— e

v

y1* Y1

Source: Herrero and Pascoe (2002), p. 3

If the inputs employed by the producer were usdttiently, the output of the
producer, producing at point A, can be expandethligdo pointB. Hence, the output
oriented measure of technical efficiency 6(¥x)), can be given b@A/OB This is
only equivalent to the input-oriented measure ohtecal efficiency under conditions
of constant returns to scale. While pdiis technically efficient, in the sense that it
lies on the production possibility frontier, a heghrevenue could be achieved by

producing at poinC. In this case, more ofi should be produced and lessygfin
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order to maximise revenue. To achieve the samé tdwvevenue as at poirf@t while
maintaining the same input and output combinatmrtput of the producer would
need to be expanded to poitHence, the revenue efficiency (RE(y,x,p)) is gy
OA/OD. Output allocative efficiency (Agty,w,w)) is given by RE(y,x,w)/TEy,x), or
0B/0Din the above figure (Kumbhakar and Lovell 2000).

1.10. Efficiency Estimation: Parametric and non —
parametric approach

Approaches to efficiency measurement are broadlydeld between: parametric
analysis, which involves econometric analysis, aodparametric analysis, which
employs mathematical programming methddan alternative distinction is that by
Grosskopf (1993) who divided productivity measuramapproaches into two
primary different categories: a) non-frontier andftontier'®. The flowchart in the

following figure shows the main efficiency measgrimethods under these two

approaches.

" For a broad overview, see del Hoyo et al. (2004 léortelainen (2008).

18 Even though the measurement of productivity groautid of the various efficiency types can be
implemented with various approaches: non-frontiad drontier, econometric and nonparametric,
frontier approaches strictly dominate non-frontees due to their ability to differentiate techrgtal

change from producer’s inefficiency.
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Figure 1.8. Alternative Efficiency Estimation Apjiches

Assessment
of Efficiency

Parametric
Approact
Non — Frontier Frontier
Methods Methods
Simple Stochastic
—| Regression Frontier il
Non —
Parametric
Approach
Non — Frontier Frontier Methods
methods
Index
Numbers Data

Envelopmen

Source: Own elaboration, based on Mahadevan (2p08)and Sarafidis (2002), p. 3.

Non-parametric models (regarding Data Envelopmemalysis), initially developed

by Farrell (1957) and Charnes et al. (1978) whioh @bust with respect to the
particular functional form and distribution assumps. This method does not posit
any explicit functional form for the frontier andrestructs it from the observed input-
output ratios using linear programming technig@s.the other hand, nonparametric
approaches do not impose parametric restrictiontherunderlying technology. The

level of optimal producer performance is determitgdconstructing an efficiency
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frontier, which consists of the best performing darcers®. Therefore, random
fluctuation in production, for example due to climaconditions, may lead one to
underestimate the technical efficieAty

Parametric models (regarding Deterministic Fronfiealysis and Stochastic Frontier
Analysis), initially developed by Aigner et al. (I® and Meeusen and van den
Broeck (1977), which are analytical functions weh a priori fixed number of
parameters. In this case, the frontier is represketitrough a functional form (i.e. a
Cobb-Douglas or a Translog function), derived vettonometric techniques (Greene,
1993). The first approach examined was the constiuthe deterministic statistical
frontier (Barrow, 1991; Cubbin & Zamani, 1996). higistatistical techniques, a
deterministic frontier is derived such that all @&wns from this frontier are assumed
to be the result of inefficiency. That is, no alkowe is made for noise or
measurement error. Parametric approaches, asstumetenal approximation to the
underlying technology. By this assumption, theyideparameters for the model
The parametric approach relies on a parametricifsg@®n of the production
function that fits to the data (i.e. Fagrsund et @#B80; Bauer, 1990a). Parametric
specification of the production function is mostherformed by the Stochastic

Frontier Analysis (SFA), which accounts for botrefiiciency and random noise

¥ Thus, no (direct) accommodation is made for tip@syof bias resulting from producer heterogeneity,
external shocks, measurement error, and omitta@dblas. Consequently, the entire deviation from the
frontier is assessed as being the result of ineffiy. This may lead to either an understatemeianor
overstatement of the level of inefficiency andaasn-stochastic technique, there is no possibieimva
which probability statements of the shape and phece of this frontier can be made (Battese and
Coelli, 1992; Coelli and Battese, 1996).

 Thus, it is essential to use a time series or lpdata that contains observations for a few numbérs
years, in order to eliminate annual random effestd to estimate actual producer efficiency and
productivity (Fraser and Hone, 2001).

2L For a survey on the theoretical literature see @apper et al. (2004) for the nonparametric and

Kumbhakar and Lovell (2000) for the parametric agghes. For the theoretical background for
production, cost and distance function derivatiea €hambers (1988).
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effects. Parametric frontier models are particalaalytical functions with an a priori

fixed number of parameters.

1.11. Efficiency Estimation: Frontier and non-frontier
approach

A quite important distinction between these appneadies in the definition of the
‘frontier’. A frontier refers to a bounding functip or more appropriately, a set of
best obtainable positions.

Thus, a production frontier traces the set of maxmoutputs obtainable from a
given set of inputs and technology, and a costtieontraces the minimum
achievable cost given input prices and output. Pphheduction frontier is an
unobservable function that is said to representhist practice’ function as it is a

function bounding or enveloping the sample data.

According to frontier approach, observed output potential output might differ
due to the presence of technical inefficiency iodoictive processes. This implies
the adoption of a new perspective with respeciio-fnontier methodologies, since
estimated TFP will now explicitly result from a d&eposition of productivity
growth in technological change and efficiency cleang

Figure (1.9) represents a simple production procassingle input(x) is used to
produce a single outpyy). The production frontier i©F showing the relationship
between input and output, namely the maximum ougttatinable from each input

level, regarding the state of technology.
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Figure 1.9. Production frontiers and Technical &éfincy
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Source:Based on Coelli et al (2005), p. 4

The feasible production set is the set of all inpuitput combinations which are
feasible. It consists of all points between produrcfrontier OF and the x-axis. The
production frontier is a graph of maximum feasibl&put producible given fixed

resources. Hence a production frontier envelopesiymer outputs from above. If
what a producer actually produces is less than wieatuld feasibly produce than it
will lie below the frontier. The distance by whialproducer lies below its production
frontier or above its cost frontier is a measuréhefproducer’s inefficiency (Bera and
Sharma, 1999). The further below the productiomties a producer lies, the more
inefficient it is. The points along the productitsantier define the efficient sub-set of
this feasible production set and they show thertieelly efficient combinations of

input and output. On the other hand, the pointeatdnthe production frontier show
the non-technically efficient combinations, respesy. In this figure, e.g. poir() is

inefficient; points(B) and(C) are efficient points.

The type of efficiency that can be measured usipgoauction frontier is technical
efficiency. The level of technical efficiency ofparticular producer is characterized
by the relationship between observed production anthe ideal or potential
production (Greene 1993). The measurement of peydspecific technical efficiency
is based upon deviations of observed output froenlbst production or efficient
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production frontier. If a producer's actual prodorctpoint lies on the frontier it is
perfectly efficient. If it lies below the fronti¢ghen it is technically inefficient, with the
ratio of the actual to potential production defopithe level of efficiency of the
individual producer (Herrero and Pascoe, 2002).

Technological progress is assumed to push theiéromf potential production
upward, while efficiency change will change the aaipty of productive units to
improve production with available inputs and tedbgg. The following figure (1.10)

illustrates this idea:

Figure 1.10. The frontier and non-frontier TFP gtioweasure
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Source: Mahadevan (2002), p. 7

As illustrated in the above figuré; andF, are production frontiers in periods 1 and
2, respectively. Technical efficiency, which is regented by a movement towards the
frontier from A to B, refers to the efficient use of inputs and techggldue to the
accumulation of knowledge in the learning-by-doipgocess, diffusion of new
technology, improved managerial practices, etc.sEBishows technical inefficiency
in period 1. The absence of technical inefficiemeythe non-frontier approach is
related to the implicit assumption of long-term iéQuum behavior whereby
producers are said to be fully efficient as theyenhad time to learn and adjust their

input and technology use appropriately. Thus thefnentier TFP growth measure is
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only made up of the movement frddto C, which represents technical progress due
to technological improvements incorporated in ispuience technical progress and
TFP growth are used synonymously when the nonipaipproach is used. Unlike
the non-frontier approach, the frontier approachbke to decompose output growth
not just into input growth and TFP growth; it gaestep further to decompose TFP
growth into various efficiency components such eshhical progress and gains in
technical efficiency.

The frontier TFP growth measure, on the other haadsists of outward shifts of the
production function resulting from technical proggeas well as technical efficiency
related to movements toward the production fronfidre frontier approach to total
factor productivity (TFP) measurement makes it fmdsgo distinguish between shifts
in technology from movements towards the best-pradtontier. By estimating the
best-practice production function (an unobservélhetion) this approach calculates
technical efficiency as the distance between tloatier and the observed output.
However, a different technique has also been usetidasure technical efficiency
under the frontier approach that differs in theuagstions imposed on the data:

nonparametric linear programming technique or [Bateelopment Analysis (DEA).

The main disadvantage of the non-frontier approictthat all deviations in the

observed ratio of inputs / outputs of an agent frima production frontier are

exclusively due to inefficiency assuming that bk errors in the measurement of the
variables or random fluctuates in the luck of ageate captured as part of the
inefficiency term. This assumption can produce upwaiased estimations of the
inefficiency. However, this is not to say that then-frontier TFP growth measure
would always be lower than the frontier TFP growikasure as gains in technical
efficiency may well be negative and cause the feonftFP growth measure to be

lower (Mahadevan and Kalirajan, 2000).

One feature shared by the frontier and non-frorgggroach is that they can both be
estimated using either the parametric or the noarpatric method. The parametric
technique is an econometric estimation of a spemfvdel and since it is based on the

statistical properties of the error terms, it akovor statistical testing and hence
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validation of the chosen model. However, the choicthe functional form is crucial
to model the data as different model specificatioas give rise to very different
results. The non-parametric technique, on the otlerd, does not impose any
functional form on the model but has the drawbdzt ho direct statistical tests can
be carried out for validation. The main weaknestheffirst class of techniques is due
to the fact that they are solely based on inputaridut data and to their deterministic
nature, which implies that any discrepancy betwaetual and potential output is
attributed to inefficiency. Any other feasible soes of technical inefficiency, i.e.,
omitted variables; unobserved measurement errarstchastic noise are neglected,

resulting in a possible upward bias of inefficierscpres (Farsund et al., 1980).

Last, but not least, it may be helpful to broadltidguish between the different types
of efficiency measures. Measures of efficiency d®n input-oriented or output-
oriented. When input quantities are fixed so thapot varies across producers, the
efficiency measure is output-oriented because thgctve of producers is to
maximize output. When output quantities are fixem that inputs vary across
producers, the efficiency measure is input-oriefitechuse the objective of producers

is to best allocate input quantities and minimigeuit usage.

1.12. Concluding Remarks

This chapter defines the two main approaches owchwthis thesis analysis is based,
namely efficiency and productivity. More specifigal this chapter provides the
definitions of these two terms, the main categomewhich they are divided, along
with the main distinctions between them. Moreovkis chapter reviews the main
methods of efficiency measurement, distinguishiegwieen parametric and non —
parametric approaches, as well as between froatidrnon-frontier approaches. The
selection of any particular approach is likely te $ubject to both theoretical and
empirical considerations. The emphasis here ionaelecting a superior theoretical
approach, since different approaches provide differmathematical programming
and econometric approaches, which address diffegaigistions, serve different

purposes, and have different informational requeets. If the frontier has a
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functional form, then several parametric approachage been developed in the
literature for obtaining measurements of efficientlge type of parametric technique
employed will depend on whether the frontier madaleterministic (no random error
in the model) or stochast{candom error in the model). Data Envelopment Asialy
(DEA) as a nonparametric approach and Stochastiatier Analysis (SFA) as a
parametric framework are the most commonly use@ fdnparametric method of
Data Envelopment Analysis determines the referéeckenology by means of linear
programming methods whereas the parametric methStbchastic Frontier Analysis
assumes a functional relationship for the produactpwocess and determines the
reference technology based on econometric methbldsse methods are broadly
analysed in the next chapter.
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Chapter 2

Productive Efficiency: Estimation Methods

Abstract

The empirical estimation of production functionglhsegun arguably with Cobb and Douglas (1928).
However, until the 1950s, production functions wiargely used as devices for studying the functiona
distribution of income between capital and laborttee macroeconomic level. Consequently, until
1950s, efforts were made to measure efficiencyritgrpreting the average productivity of inputs.
However, this method suffered from no allowancerordom noise in measurement and little or no
knowledge about the functional form of productiom dhe values of the parameters of the underlying
technology. In the 1950s, economists found thas tmethod of measuring efficiency was
unsatisfactory as it ignored other inputs usedhi fgrocess of production. The historical discussion
concerning the measurement of productivity andciefficy in the economic literature started with
contemporaneous papers by Debreu (1951) and Koapifi®tb1l). Koopmans (1951) and Debreu
(1951) made the first systematic efforts in theestigation of efficiency and its measurement.
However, the standard efficiency measurement tileeawas started by Farrell (1957), built upon
Debreu (1951) and Koopmans (1951). Farrell (195®)ppsed to measure the efficiency of a
productive unit in terms of the realized deviatidrem an idealized frontier isoquant. The empirical
identification of such a benchmark is the main ésstithe literature on efficiency measurement. &lhrr
(1957) extended this work in an attempt to operdligze the measurement of productivity and
efficiency. From Farrell's work, we define the puctivity of an economic agent as the scalar ratio o
outputs to inputs used by the agent in its prodacprocess. Finally in the 1970's, with the seminal
papers of Aigner et al. (1977) and Meeusen anddesnBroeck (1977), econometricians developed a
statistically and theoretically sound method foraswing efficiency, a method now known as
stochastic frontiers. In this case, a stochastintier is defined as the locus of best performiggras
within a data set. The other data points of thesioffroducers are located "below" this estimated
frontier. The relative distance measured betweén libst performance and the other data points is

interpreted as inefficiency.

Chapter 2 studies the alternative methods for bty estimation which served as research base fo
the application of stochastic frontier analysisisT¢hapter reviews these main research approaches o
stochastic frontier analysis and introduces ther@guogh of distance function in order to estimate the
differences between the actual output levels coeghao the maximum potential output level. The
analysis of distance functions was the basis of[Eatvelopment Analysis, as a major approach of

efficiency measurement, which is also analysednTtie chapter provides the main characteristics of
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Deterministic and Stochastic Frontier Analysis.dHiyy Chapter 2 provides a detailed analysis of the
main approaches in estimating efficiency in fronténalysis making also an evaluation of these
approaches — methods. This chapter analyses teardristic and the stochastic frontier approach and
explains the reasons for which the stochastic ieorapproach is the most comprehensive analytical

and estimation method, providing the main featwbih characterise this method, as well as the main
hypotheses related.
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2.1. Introduction

The empirical estimation of production functionglleegun arguably with Cobb and
Douglas (1928). However, until the 1950s, productionctions were largely used
mainly as devices for studying the functional dogttion of income between capital
and labor at the macroeconomic level. Consequentlil 1950s, efforts were made
to measure efficiency by interpreting the averagedpctivity of inputs. However,

this method suffered from no allowance for randais@ in measurement and little or
no knowledge about the functional form of productiand the values of the
parameters of the underlying technology. In the0k9%conomists found that this
method of measuring efficiency was unsatisfact@yt agnored other inputs used in

the process of production.

The historical discussion concerning the measurémieproductivity and efficiency
in the economic literature started with contempeoars papers by Debreu (1951) and
Koopmans (1951). Koopmans (1951) and Debreu (19%dde the first systematic
efforts in the investigation of efficiency and iteasuremeft. However, the standard
efficiency measurement literature was started byefa(1957), built upon Debreu
(1951) and Koopmans (1951).

Farrell (1957) proposed to measure the efficierfcg productive unit in terms of the
realized deviations from an idealized frontier isaqt. The empirical identification of
such a benchmark is the main issue of the liteeatur efficiency measuremént
Farrell (1957) extended this work in an attempoperationalize the measurement of
productivity and efficiency. From Farrell's work.ewlefine the productivity of an
economic agent as the scalar ratio of outputs putsr used by the agent in its

production process.

22 Both only studied technical inefficiency.

% Introductions to this literature are provided bieH, Lovell and Schmidt (1993) and Coelli, Rao and
Battese (1998).
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Finally in the 1970's, with the seminal papers @n&r et al. (1977) and Meeusen and
van den Brock (1977), econometricians developedatisscally and theoretically
sound method for measuring efficiency, a method konawn as stochastic frontiers.
In this case, a stochastic frontier is defined res lbocus of best performing agents
within a data set. The other data points of themgmoducers are located "below" this
estimated frontier. The relative distance measbetdieen this best performance and

the other data points is interpreted as inefficyenc

2.2. Output and Input Distance functions

Output Distance Functions characterize a produdimhnology by looking at the
maximum proportional expansion of outputs givenitipat vector. An input distance
function characterises the production technologjob&ing at a minimal proportional
contraction of the input vector, given an outputtee An output distance function
considers a maximal proportional expansion of thépat vector, given an input
vector (Coelli et al, 2005).

The Input Distance Functiocharacterizes a production technology by lookinthat
maximum proportional contraction of the input vectiven the output vector. An
output distance function takes an output — expandpproach to the measurement of
the distance from a producer to the boundary oflypcbon possibilities. It gives the
minimum amount by which an output vector can belated and still remain

producible with a given input vector (Kumbhakar dmdell, 2000).

The following figure illustrates the input and outglistance functions. On the left
side, the output distance function is presentece Pphoduction possibility set is
bounded from above by the production possibilignfrer and the; andy, axis. The
value of the output distance function of produies estimated by the ratii=0A/0B.
In the case of producd3, the value of the output distance function is éqoane.
The output distance function is the inverse offttwor by which the production of all

output quantities could be increased while stilmaiming within the feasible
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production possibility set of a given input I¥%elOn the right hand side of the figure,
the input distance function is represented. Theiutirget is the area bounded from
below by the frontier of {y). The value of the input distance function for proghA,

is 0 = 04/0B, while produceB, has a value of input distance function equalne. o

Figure 2. 1. Output Distance function

A
Y2

Yoa

P()

v

Via

Dt(x,y)=inf[o |6 > 0, y/ oPt(X)]

Properties:

1. Non-increasing in y and increasing in x; Linearbnogeneous in y;

2. Ify belongs to the input set &f(i.e. ye P' (x)), thenD', (x, y)< 1

3. Distance is equal to uniy.e. Dy (x, y) = 1)if y belongs to the ‘frontier’ of the output seCdelli
et al., 1998)

Figure 2.2. Input Distance function
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v

Dt(x,y) =sup |0 > 0,x/Lt(y)]

% This factor is actually the measure of the Faoatput-oriented technical efficiency.
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Properties:

1. Non-increasing in x and increasing in y; Linearbniogeneous in X;

2. If x belongs to the input set gf(i.e. xc L' (y)), thenD'; (x, y)> 1;

3. Distance is equal to unitj.e. Dj (x, y) =1)if x belongs to the ‘frontier’ of the input seCdgelli et
al., 1998)

Source: Own elaboration, based on Coelli et al0$20p. 48 and 50

The input distance function is the inverse of thetdr by which all input quantities
could be decreased while still remaining within feasible input set for the given
output level”. Additionally, if technology exhibits global comsit returns to scale,

then the input distance function is the reciprafahe output distance function.

2.3. Data Envelopment Frontiers (DEA)

As described in Coelli et al. (2005), the pieceisew linear convex hull approach to
frontier estimation, proposed by Farrell (1957)efard (1970) and Afriat (1972)
who suggested mathematical programming methods ¢batd achieve frontier
estimation, but the method did not receive widerdibn until the paper by Charnes,
Cooper and Rhodes (CCR) (1978), in which the terBADwas first presented.
Charnes, Cooper and Rhodes (1978) proposed a riwtehad an input orientation
and assumed constant returns to scale (CRS). Sudsbg Fare and Logan (1983)
and Banker, Charnes and Cooper (BCC) (1984) prabwadable returns to scale
(VRS). The term DEA and the CCR model were firstdduced in 1978 (Charnes et
al, 1978) and were followed by a phenomenal expansif DEA in terms of its
theory, methodology and application over the lasiv fdecades (Fersund and
Sarafoglou, 2003, Seiford (1996), Charnes et 84).9

As in Wang et al. (2002), DEA can be roughly dedimes a nonparametric method of
measuring the efficiency of a Decision Making U@MU) with multiple inputs
and/or multiple outputs. DEA is concerned with #feéciency of the individual unit,
which can be defined as tiecision Making Unif{DMU) (Charnes et al, 1978) that

% This factor is actually the measure of the Fainglt-oriented technical efficiency.
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is responsible for controlling the process of piigin and making decisions at
various levels including daily operation, shortrtetactics and long-term strategy.
DEA is used to measure the relative productivityaoDMU by comparing it with

other homogeneous units transforming the same gobupeasurable positive inputs

into the same types of measurable positive outputs.

Apart from the DEA CCR model and BCC model aredtiesr two DEA models that
are widely studied and applied. The main differelbetveen these two models is that
the former allow variable returns-to-scale to beuased, while the latter is limited
solely to a constant returns-to-scale assumptiaeoAlingly, the production frontiers
in these models are different. The basic infornmatierived from the above three
DEA models, i.e. the CCR model, the BCC model, ieether or not a DMU can
improve its performance relative to the set of DMUOswhich it is being compared.
The different set of DMUs is likely to provide diffent efficiency results because of

the possible movement of the production frontier.

Charnes et al. (1978) and Banker et al. (1984)nebet@ Farrell’'s ideas by imposing
returns to scale properties. The nonparametricagmbrrelies on a production frontier
defined as the geometrical locus of optimal produciplans (Simar and Wilson,
1998, 2007). The production frontier can be estmaton parametrically from a set
of observed production units, based on differenetpment techniques. A Common
nonparametric measure is the Data Envelopment AisafDEAY®. Nonparametric
DEA shows how one can apply simulation methodsptoluct statistical inference to
obtain more reliable and robust results.

In DEA the inefficiency is defined as the distarfoem the frontier of a convex
envelope of the data; therefore, due to the cotyassumption, a company might be
compared to an unobservable and fictitious lineamlmnation of efficient

observations (Coelli et al., 2005). Thus, the éficy score is the point on the frontier

% All nonparametric calculations in this dissertatire presented using an input orientation assuming

that the outputs are fixed and the inputs must inénmzed to be efficient.
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characterized by the level of inputs that shoulddaehed to be efficient (Simar and
Wilson, 1998, Simar and Wilson, 2007).

Many studies have further developed the DEA metloapo including those by Fare,
Grosskopf and Lovell (1985). Data Envelopment Asaly(DEA) is, in fact, a
mathematical programming approach for the constmaif production frontiers and
the measurement of efficiency relative to the caaséd frontiers. The basic idea of
this approach consists of enveloping the data (tieserved input-output
combinations) in order to obtain an approximatidrthe production frontier (best-
practice frontier) and using this to identify thentribution of technological change,
technological catch-up, and inputs accumulatioprémuctivity growth.

DEA can be used to measure efficiency when thezemarltiple inputs and outputs,
but there are no generally acceptable weights dgremating inputs and aggregating
outputs. DEA permits the use of multiple inputs antputs, but does not impose any
functional form on the data, nor does it make dhational assumptions for the
inefficiency term DEA overcomes some of the specifieaknesses of the other
methods, such as a particular functional form é&mhhology, particular assumptions
on market structure, and the hypothesis that mawrked perfect. DEA is usually
handled with linear programming techniques. Thelyam assumes that there is a
frontier technology (in the same spirit as the s&stic frontier production model) that
can be described by a piecewise linear hull thaklepes the observed outcomes.
Some (efficient) observations will be on the frentiwhile other (inefficient)
individuals will be inside. The technique producesieterministic frontier that is

generated by the observed data, so by construstione individuals are efficient.

On the other hand, DEA is based on a concept afieficy very similar to the
microeconomic one; the main difference is that €A production frontier is not
determined by some specific functional form, busigenerated from the actual data
for the evaluated producers. As a consequenceDt& efficiency score for a
specific productive unit is not defined by an ahs®lstandard, but it is defined
relative to the other units in the specific data wader consideration. This feature

differentiates DEA from the parametric approachekich require a specific pre-
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specified functional form of the modelled produntior cost function (Charnes,
Cooper, Lewin & Seiford 1994, Cooper, Seiford & €R000, Cooper, Seiford &
Zhu 2004). This could be a limitation in some catgedbecause it is possible that all
producers in a sample may be technically inefficiensome extent when compared
with a conceptual frontier, and even the best pragiroducers in a sample may still

be some distance from being ‘fully efficient’.

It should be noted, however, that DEA identifie® tar more producers that represent
the best practice of a set of entities. This mehasit will always choose a couple or
more producers as being 100 per cent technicdilgiezit. This could be a limitation
in some contexts because it is possible that adywers in a sample may be
technically inefficient to some extent when companeth a conceptual frontier, and
even the best practice producers in a sample niapetsome distance from being
‘fully efficient’. With DEA, the best practice proders are defined only relative to
other producers in the given dataset, and do noéssarily produce output at the
potential production frontiéf.

One important feature related to DEA, is slack alasles. DEA method, projects the
points of inefficient production units to the pration frontiers and by doing so, it
suggests a combination of inputs that maximizeebknical efficiency of the specific

producer.

The problem of slack variables arises from the thett a part of the production
frontier is parallel to the axis. Because the DEAtmod calculates the distance of a
producer from the production frontier supposing ipopportional decrease of all
inputs, it is possible that a production unit megy upon the part of the production
frontier that is parallel to the axis. In this casiee production unit is technically
efficient according to Farrell, but not Pareto @ént. The latter, demands that,
keeping output level constant, there is no feagibtkiction of any input without the

increase of at least one other input.

2" DEA (Farrell, 1957; Charnes et al., 1978) candensas an attempt to overcome some of the specific
weaknesses of the growth accounting approach:tecylar functional form for technology, particular

assumptions on market structure, and the hypotkiesisnarkets are perfect.
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Looking at the following figures, producét, can decrease inpug keeping output

level constant:

X1

Figure 2.3. Input Efficiency Slacks

X2

Source: Based on Coelli et al. (2005), p. 165

Y2

Figure 2.4. Output Efficiency slacks

Y1

Source: Based on Coelli et al. (2005), p. 181

ProducersA andC, could equiproportionately decrease their inputsl uhey reach

points A’ and C’ respectively. But again, it is possible to reducpuis X and %

respectively, keeping output level constant. Sdy ¢ime equiproportionate reduction

of producer B inputs (reaching poiBt) is enough to satisfy both the Farrell and

Pareto criteria. Equiproportionate reduction ofutpin the case of producefs C
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andF can satisfy only the Farrell criterion. In thoseses, slack variables are called

input slacks.

DEA is used to obtain efficiency measures basedhenaggregated, or ‘virtual’,
inputs and outputs. As described in McMillan anda€h2006), let there ba
producers using varying amounts of inputs to predmatputs. There aseinputsxi (i
=1, ...,s) andmoutputsyr (r = 1, ...,m). For each producer, such as producgr=

1, ...,k ...,n), the problem is to:

max

u,v
Z urj yrj
r

h = —»- 2.1
J 2 Vi X &4

subject to

D Uy Yy

<1 for j=1,..,n

Z Vi X (2.2)

,v. 2 0

whereu,; is the weight assigned each unit of outpdtom producer andvy; is the
weight assigned each unit of inpuised by producgrThat is, solutions are sought to
maximize the ratio of weighted output to weightagut for each producer (the ratio
of virtual output to virtual input). By normalizat, the efficiency scores range from
zero to one. The same weights (virtual multiplighg)t maximizeh; for producer are
applied to the inputs and outputs of all produderghe solution to the problem for
producer;. This solution process is repeated for each predudence, because the
weights can vary for each solution, the efficiescpres determined are those most
favourable to each producer.
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As far as the DEA characteristics are concernedA D&n be specified as either an
output-maximizing problem or an input-minimizingoptem. Input models measure
efficiency in terms of the potential (proportionadduction in input use while output
models measure efficiency in term of the potenfmbportional) output increase.
While the efficient and inefficient units do notasige, the efficiency scores can differ

between the two orientations in the variable retumscale caé&

Table 2.1.The basic DEA models

Orientation Constant Returns to Scale Variable Restto Scale
Input Oriented  mind,vi0 minéA, 6
st.—yi+Y1>0 St.—yi+YA>0
xi— XA,v=0 Xi— XA >0,
A2>20 Ni'A=1
A2>0
Output Oriented maxgAa, ¢ maxgA, ¢
St.—gyi+YA >0 St.—gyi+YA >0
Xi— XA,v >0, Xi— XA >0,
A2>20 Ni'A=1
A20

Source: Own elaboration

The input based measure considers how inputs magdeed relative to a desired
output level. The output-based measure indicatasdutput could be expanded given
the input levels. There is also a non-orienting DiE&asure in which the frontier
output and various concepts of technical and ecamefficiency may be determined

without being conditional on input or output levbksing held constant.

The variable returns to scale (VRS) approach assuha scale inefficiencies in the
industry are present (Banker et al., 1984 firsbwallfor VRS). Within the VRS

% McMillan and Datta (1998) comparisons of input-otel and output-oriented DEA analyses

suggested that the results were not sensitivei¢ntation.
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assumption we can distinguish between decreastoghseto scale (DRS), increasing
returns to scale (IRS), non-increasing returnscdales (NIRS), and non-decreasing
returns to scale (NDRS), modifying the restrictiamshe linear optimization problem
(see Cooper et al., 2006, for a summary of assemgti All calculations can also be

done using an output-orientation (Simar and Wil20Q7¥°.

Before assessing each industry’'s efficiency, DEMpares the relative efficiency
among industries. Since efficiency evaluation inADES based on the concept of
Pareto optima, there may be more than one indygtiged as efficient. In DEA,
efficiency is computed on the basis of the envelmpefficient frontier, formed by all

values near the original poi@t

% |n empirical application it is necessary to inigate the statistical properties of the DEA estinsit
First it can be shown that both are biased by coosbn (Simar and Wilson, 2007). Considering the
consistency of the estimators we note that in tgparametric framework it is often difficult to pe
convergence and derive the rate of convergenceafSand Wilson, 2002, 2007). Korostelev et al.
(1995) provide the first systematic analysis of ti@vergence properties of DEA estimators for one
input and multiple outputs. They find that incoratimg the convexity constraint improves the rate of
convergence if the true set is convex; otherwiseDEA-VRS estimator is inconsistent. They also find
that the rates of convergence depend heavily ordimensionality of the problem (the number of
outputs in his analysis). It can be shown thahéf humber of outputs increases, a much larger gampl
size is required to obtain precise results; othegvthe imprecision arises in large bias, largeavags

and large confidence intervals for the individuficency scores (Simar and Wilson, 2007).
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Figure 2.5. DEA efficiency values

Source: Chen (2011)

DEA involves the use of linear programming methtmlsonstruct a non — parametric
piece — wise frontier over the data, so as to e tabcalculate efficiencies relative to

this surface. The two principal model options are:

1. Standard CRS and VRS DEA model which involve thieutation of technical
and scale efficiencies (where applicable) (Faia.ef1994).

2. Panel data DEA model which refers to calculatingigas of TFP change:
technological change, technical efficiency chang®e] scale efficiency change
(Fare, Grosskopf, Norris and Zhang, 1994).

DEA is based on either constant returns to scaiRS)Calso called CCR for Charnes,
Cooper, and Rhodes (1978), or variable returnsaétegVRS), also called BCC for
Banker, Charnes, and Cooper (1984). Charnes, CampeRhodes (1978) proposed a
model which had an input orientation and assume8.@&&nker, Charnes and Cooper
proposed a VRS model. In each case a linear pragnagnproblem is solved to
envelop the data in a convex area bounded by Btréiiges. Under CRS, only as
many DMUs as outputs can be efficient. Under VRE&nynDMUSs can be efficient.
Under VRS, scale efficiency refers to operatinthatscale of operation, or linear sum
of outputs, which maximizes the ratio the lineamsof outputs to the linear sum of

inputs. An economically efficient business is ba#thnically efficient and scale
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efficient. Under CRS, output-oriented technical icédihcy and input-oriented
technical efficiency are the same, but under VR®ytare different, because the
efficient frontier is not just one line (or hypesipke) emanating from the origin.

Figure 2.6. Output — oriented technical and scHieiency

Output
o C
SE
/
_.----.---"‘ ....... NIRS
*04.3)
Jd VRS
SE .
2 (xiy)
CRS g
Input
Notes:

CRS: Constant returns to scale
NIRS: Nonincreasing returns to scale
VRS: Variable returns to scale

SE: Scale efficiency

Source: Springerimages (2011)

The above figure presents hypothetical one-inpw-autput production processes
with three different technologies: Constant retumscale (CRS), Variable returns to
scale (VRS) and Nonincreasing returns to scale 8)lIRhe vertical distance from an
observation (either (xy;) or (% ,y) to the CRS/VRS/NIRS best-practice frontier
stands for output-oriented technical efficiency en€RS/VRS/NIRS assumptions,

respectively. Scale efficiency in DEA is calculatad in Banker et al. (1984):
TE(CRS/TE(VRS.

The methods are available in either an input ooaiput orientation. Efficiency in

DEA is generally defined as the weighted sum opotg divided by the weighted
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sum of inputs. The set of weights for a DMU is categl in DEA with the objective
to give the highest possible relative efficiencgrecfor the DMU, while keeping the
efficiency scores of other DMUs in the range ob@tunder the same set of weights.
Efficient DMUs have the score of 1; the other DMWhkich score less than 1 are
considered as inefficient. Graphically, efficienisyobtained from the ratio between
the distance from the original point to the relatigpoint of the envelope and the

distance from the original point to the observapomt (optimal value=1).

Coelli et al. (2005) declare that input and outpuented DEA models estimate
exactly the same frontier and identify the sameogptoducers as being efficient. It is
only the efficiency measures associated with tle#fizient producers that many differ
between the two methods. In applied research, ti@ce of input or output
orientation has both theoretical and practical iogtions. Generally, input-orientated
DEA models are commonly used. This is because npaoglucers have particular
orders to fill, so it seems that the input quagsitare of main importance. However, a
producer’s objective may be the maximization ofpoitsubject to a fixed level of
inputs. In such cases, output-orientated DEA modeasild be more appropriate.
Essentially, one should select the orientation @ting to which quantities (inputs or
outputs) the managers have most control over. Asortant point to mention is that
the output- and input-orientated models will estenaxactly the same frontier and
therefore by definition, will identify the same s#tproducers as efficient. It is only
the efficiency measures associated with the inefiic producers that may differ

between those two methods.

2.4. Deterministic Production Frontiers

In deterministic frontiers analysis, it is assuntbdt each oN producers faces the
same production technology represented by the esioveof a vectoX of inputs into

a single outpuy. For simplicity, and following Aigner and Chu (186 assume that
efficient production can be represented by a Colauglas production function with

two inputs:
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y = Ax x22 (2.3)

This production function, showing the maximum outfsam given input usage, will
serve as the basis for efficiency measurement.wAdlg inefficiency, production

function becomes:

y = AX*X52U (2.4)

where u <1represents inefficiency. Models that seek to esema are considered

deterministic because measurement error and otiestal noise are assumed away.

In addition, it is generally regarded as a disathge that the distribution of the
technical inefficiency has to be specified (i.alffmormal, normal, exponential, log-
normal, etc.). Ideally, this would be based on kieolge of the economic forces that

generate such inefficiency, although in practige thay not be feasible.

One method for estimating a production frontietoignvelop the data points using a
function. Aigner and Chu (1968) considered a Cololoxdas production frontier at
the forn?t®:

Inyi=xpg—-ui,i=12..l (2.5)

wherey, is the output of thdth producer,x; is a (kx1l) vector containing the
logarithms of inputsf is a vector of unknown parameters, ang a non — negative
random variable associated with technical inefficie Technical efficiency of thie
th observational unit is the ratio of observed autp maximum feasible output:

_Y
e =Y {(x.5) @6

30 Deterministic frontiers fall into two categories either non-parametric (e.g., Farrell 1957) or
parametric, and in the latter case, either nonssiz! (e.g., Aigner and Chu 1968, and Timmer 1970
or statistical (e.g., Afriat 1972, and Richmond 4p7
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If the observed outputi reaches its maximum obtainable vaf¢e, f) thenTEi = 1.
That is, the producer is operating at the frontieproduction and is 100% efficient.
Values of TEi < 1 measure the shortfall of observed output fromimam feasible

output. Note that this model dgeterministio(contains no statistical noise). Letting:

TE =exp{-u, ju >0 (2.7)

will ensure that < TEi < 1 and that observed outpyitfor thei-th producer will lie
below the frontief(xi, 8) that isyi < f(xi, ).

Equationlnyi = xf —ui,i = 12..1 can then be rewritten as:

yi = f (xf)expl-u, },u, >0 (2.8)

whereui represents the shortfall of output from the fronfigr each observational
unit. If productive technology takes a log-lineayt®- Douglas form.

This production frontier is deterministic insofes ya is bounded from above by the
non —stochastic (deterministic) quantyp(x f). Therefore, any shortfall in outpyt
from maximum feasible outpdifxi, fi) is solely attributable to the inefficiency of the
producer. The goal is to estimate the unknown peters of the mod&|.

Nevertheless, in this case, no account is takeangf measurement errors and any
statistical noise (all deviations from the frontiere assumed to be the result of
technical inefficiency. Introducing a random vatelepresenting statistical noise, the

resulting frontier is a stochastic production fient

In a deterministic production frontier model, outps bounded from above by a
deterministic production function. Any deviationofn the best performance is

imputed to inefficiency, which means random nogsaadt accounted for.

3L Aigner and Chu (1968) used linear programming stineating the unknown parameters of the
model.
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However, the possible influence of measurementreramd other statistical noise
upon the shape and positioning of the estimatedtiéois not accounted for. More
specifically, deterministic models assume that @ewyiation from the frontier is solely
due to inefficiency, since they do not accommodfde stochastic shocks to

production.

2.5. Stochastic Production Frontiers

Stochastic production frontier may be seen as aswan to the deterministic
parametric frontier models, where deviations of radpcer from the theoretical
maximum are allocated exclusively to inefficiende type of efficiency that can be
measured using a production frontier is technidttiency. At this stage, the main
advantage of the stochastic frontier is that it danompose the deviation from the
frontier into stochastic noise and technical ireéincy in production. The maximum
output which producers can obtain is determinetiwyparts: the production function
as well as random external factors. Thus, deviatifsom the production frontier

might not be completely under the control of praatu&Greene, 2007a).

The following figure presents the inputs and owtpoit two producer& andB. The
deterministic component of the frontier model hasrbdrawn to reflect the existence
of diminishing returns to scale. Values to the ingte measured along the horizontal
axis and outputs are measured on the vertical BxeglucerA uses the input levedy

to produce the outpuia, while ProduceB uses the input levets to produce the
outputgg. if there where no inefficiency effects (i = 0 andug = 0), then the so-

called frontier outputs for producers A and B wolbéd

g* a=exp(fo+ S1In Xa+ va) (2.9)

g* s = exp(fo+ S1In Xz + vs) (2.10)
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Figure 2.7. The stochastic production frontier

y |4 Deterministic
/ frontier
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Source: Coelli et al (2005), p. 244.

It is clear that the frontier output for produceiies above the deterministic part of
the production frontier only because the noisecefie positive(va > 0), while the
frontier output for produceB lies below the deterministic part of the frontiercause

the noise effect is negaties < 0). It can also been seen that the observed output of
producerA lies below the deterministic part of the frontlecause the sum of the
noise and inefficiency effects is negativg — ux < 0)*2.

As it has already reviewed, the original model fjetion involves a production
function with an error term incorporating two compats, one to account for random
effects ;) and one to capture the unobservable inefficifactor (;)*%. This model

can also be expressed in the following form:

32 These features of the frontier model generalishéacase of several inputs. Specifically, unobeerv
frontier outputs tend to be evenly distributed abawnd below the deterministic part of the frontier.
However, observed outputs tend to lie below thereinistic part of the frontier. Indeed, they can
only lie above the deterministic part of the frentivhen the noise effect is positive and largen i
inefficiency effect §*; > exp;’'g) iff & = vi — y >0). Much of stochastic frontier analysis is directed
towards the prediction of the inefficiency effects.

% |n this model specification, there are two waysestimate technical efficiency (Kumbhakar and

Lovell, 2000). The first is to hypothesize that0 and estimate a non-stochastic parametric productio
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Yo =X B+ —Uy) (2.11)

where:

= i=1,...., N, t=1,...,T
= Y is (the logarithm of) the production of tH&producer in he'ttime period
= X is a kx1 vector of input quantities of tiegroducer in thet period

= B is avector of unknown parameters

= V; are the random variables which are assumed toiceN(0,c2) and
independent of the), = (U, ex—7(t - T)))

= U; are non — negative random variables which are asduta account for

technical inefficiency in production, and assumedb¢ iid. as truncations at zero

of the N(u,02).

The prediction of the technical efficiencies is déxhon its conditional expectation,
given the observable value of{Uj), as in Jondrow et al. (1982) and Battese and
Coelli (1988). Technical efficiency index is equal one if the producer has an
inefficiency effect equal to zero and it is lesarttone otherwise. The errausare

assumed to be negative and are due to truncatitimeaformal distribution with zero

mean and positive variance> represents a producer’s technical efficiency of

production. Errors vi are assumed to have normstridution with zero mean and

positive variances?, representing measurement error associated withntrollable

factors related to the production process. Thus@umstry that operates on the frontier
is said to produce its potential or maximum outputfollowing the best practice
techniques, given the technology. In the stochdstiotier model, the error term,
which is composed of two party; and u;, allows the statistical noise to be
distinguished from inefficiently. The random erspiis associated with measurement

errors, other statistical noise and random fadwesather, industrial actions, etc.) not

function through maximum likelihood estimation math The second is to allow tha#0 and estimate

a stochastic production function, using the maxintilkelihood estimation method.
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under the control of industry, whereas, captures technical inefficiency and is

associated with industry — specific factors.

Statistical noise arises from the unintended omissif relevant variables from the
vector x;, as well as from measurement errors and approxdmagirors associated
with the choice of functional form. The model idled stochastic frontier production
function because the output values are bounded fanove by the stochastic
(random) variable exfx; # + vi). The random errov; can be positive or negative and
so the stochastic frontier outputs vary about #temninistic part of the modedxpé;

p). The componenfv) is a symmetric normally distributed error termtthepresents
factors that cannot be controlled by productiortgyrmeasurement errors, and left-out
explanatory variables. On the other hand, the compib(u) is a one-sided non-
negative error term representing the stochastictfalioof produceri’s output from
the production frontier due to technical ineffiadgnIn the stochastic frontier model,
the error term, composed wf andui, allows the statistical noise to be distinguished
from inefficiency. The random errati is associated with measurement errors, other
statistical noise and random factors (whither, stdal actions, etc.) not under the
control of industry, whereaslj captures technical inefficiency and is associatgd

industry-specific factors.

In this context, technical efficiency reveals theximum amount by which output can
be increased using the same level of inputs anthtdogical conditions. The most
common output — oriented measure of technical iefiy is the ratio of observed
output to the corresponding stochastic frontiepatit

Vi _expp +vi—ui)

TE= expxp+v)  expxp+wv) expu) (2.12)

where g are the production function parameters and TEethriical efficiency

(O<TE(y;,x)<1). Technical efficiency is defined as:

B yi B eXp(Xi,B-f-Vi—Ui))

CexpxB+vi) expkf+wv) (2.13)
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and is measured using the conditional expectation o
explu) (2.14)

given the composed error term.

The parameter &0 is a measure of technical inefficiency, thus,
u, =—InTE ~1-TE, where TE, =e ™. The Jondrow et al. (1982) estimator of

E[u]v-u] is the standard estimator. This is:

_ ol ¢(Zi)
E[u |&]= L+ 7 }{zi + (D(;J (2.15)
where:
7 = Z&i (2.16)
o
and
e=vtu (2.17)

This is an indirect estimator of as it is not possible to estimatedirectly from any

observed sample information.

This measure of technical efficiency takes a vdlewgveen zero and one. It measures
the output of théth producer relative to the output that could be poad by a fully —
efficient producer using the same input vector. Tinst step in predicting the
technical efficiencyTE, is to estimate the parameters of the stochastduation

frontier model.

Estimation of uis the central focus of the analysis. With the nicgigimated in

logarithms, uwould correspond td-TE. Individual specific efficiency is typically
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estimated witlexpU, ) Alternatively, U, provides an estimate of proportional

inefficiency.

Inefficiency, as a measure of the magnitude of @otiomal performance, is
represented by the asymmetric error term in thehststic frontier model. The model
assumes that each ig distributed independently of eaghand that both errors are

uncorrelated with the explanatory variables;iin addition, it is assumed that:

E(v%) = 0 (zero mean)

= E(v%) = 0,2 (homoskedastic)

= E(vv) =0, foralli=j (uncorrelated)
»  E(u4? = constant

= E(uy) =0, for all i= j (uncorrelated)

A large number of variants of the stochastic frentmodel with regard to the
distributional specifications of the inefficiencgraponent ui have been proposed: the
truncated-normal (Stevenson, 1980), the exponeatidithe gamma (Greene, 1990).
An extensive survey of the different models appe@aksumbhakar and Lovell (2000)
who also provide the likelihood functions for estiion purposes. The main purpose
of the stochastic frontiers is the analysis of techl inefficiency. It is an essential
result that the inefficiency component is obsemnvlirectly (Greene, 2007a) since the
data and estimates only deliver estimates of thmbawed error term = v; — u;.
Jondrow et al. (1982) establishes a conditional rmestimator to disentangle the
inefficiency component from the combined error tenwvhich is largely used to
determine the (in) efficiency levels (Kim and Scdm000).

2.6. Estimating Efficiency

The stochastic frontier model postulates that threretermeg; is made up of two
independent components= v; - u, whereu; measures technical inefficiency in the
sense that it measures the shortfall of oupurom its maximal possible value.

However, when a model of this form is estimatede @aadily obtains residuals
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& =Y —g(xi —,B) which may be regarded as estimates of the eeonse;

(Jondrow et al.,, 1982). The average technical icieficy (the mean of the
distribution of theu) is easily calculated. Average technical ineffiagncan be

estimated by the average of theBut it is also clearly desirable to be able ttneste

the technical inefficiencyy for each observation. Indeed this was Farrell’'s57)9

original motivation for introducing production frbaers and the ability to compare
levels of efficiency across observations remains mhost compelling reason for
estimating frontiers. Intuitively, this should begsible becausg = v; - u can be

estimated and it obviously contains informationuprHowever, Jondrow et al. (1982)
proceeded by considering the conditional distrdnutof u; giveneg; . In other words,

E[uk] is the mean productive efficiency. Under each tioé assumed possible
distributional forms for the inefficiency term in model, this mean that this
distribution contains whatever informatienyields about u This section describes
the stochastic frontier production functions of tBaé and Coelli (1992, 1995) and

notes the cases of these formulations which castimated (and tested for).

2.6.1. The Battese and Coelli (1992) specification

Even though, stochastic frontier approach origihatéth the pioneer papers by
Meeusen and van den Broeck (1977) and Aigner, Lawed Schmidt (1977), the
stochastic frontier production model methodologyswieveloped by Battese and
Coelli (1992). They defined a stochastic frontienduction function model for panel
data, in which technical efficiencies of produceray vary over time, with a simple
exponential specification of time — varying produedfects*. The model may be

expressed as:

3 Alternative time-varying models for producer effebave been proposed by Cornwell, Schmidt and
Sickles (1990) and Kumbhakar (1990). Cornwell, Siclinand Sickles (1990) assumed that the
producer effects were a quadratic function of timewhich the coefficients varied over producers
according to the specifications of a multivariaistribution. Kumbhakar (1990) assumed that the non-
negative producer effectt);, were the product of a deterministic function whe, t) and non-
negative time-invariant producer effedts, Lothgren (1997) extend the stochastic frontiealysis by

introducing a stochastic ray frontier model to anowdate the case of multiple outputs.
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Yo =X B+ —Uy) (2.18)

Yo = f (X B)expl, —U,) (2.19)
and

U, =nU; ={exp[-n(t-TJ}U, (2.20)
where:

i=1, ..., N, t=1,...,T

Y. is (the logarithm of) the production of tHeproducer in he"ttime period

Xit is a kx1 vector of input quantities of tﬁ'éproducer in the't period

B is a vector of unknown parameters, whgrstands for the output elasticity with
respect to th&-th input

V. are the random variables which are assumed toidb&l(0, s ,* ), and
distributed independently of thd; which are non — negative random variables,
accounting for technical inefficiency in producti@mnd has the specification:
U :(Ui exd‘ 77(t _T)))

U; is a non-negative random variable which is assutoetccount for technical
inefficiency in production and are assumed to Heas truncations at zero of the
N(u,0,7%) distribution

n is a parameter to be estimated and

the panel of data need not be complete (i.e. unbathpanel data).
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The model utilised the parameterization of Battesd Corra (1977) who replaced

o, and o with ¢*=02 +0), and y =0 /(a\f +aj). This is done with the
calculation of the maximum likelihood estimatesheTparameter;, must lie between

0 and °.

The predictions of individual producer technicafiaéncies from the estimated

stochastic production frontiers are defined as:

TE= exp(-U)= Elexp(-Uy)/E]

1- o —(u 107)] ex{_ L1 0} (2.21)
e Mt +, 11,0,

where E; represents theT{x 1) vector ofE; ‘s associated with the time periods

observed for theth producer, wherg;; = Vj; - U.

If the producer effects are time invariant, thea téchnical efficiency is obtained by
replacingz: = 1 andn = 0. This model is such that the non-negative ptedeffects,
Uit, decrease, remain constant or increase asreéases, iff > 0,1 = 0 orn < 0,
respectivel§’. If # >0, the inefficiency termy, is always decreasing with time,
whereas; <0 implies thatJ;; is always increasing with time. #f = 0, then the level of
inefficiency remain constant. That could be on¢hef main problems when using this

model, technical efficiency is forced to be a momaus function of tim&. In order

% The log-likelihood function of this model is presed in the appendix in Battese and Coelli (1992).

% The model assumed for the producer effects, Us, ovaginally proposed by Stevenson (1980) and is

a generalization of the half-normal distributionigéhhas been frequently applied in empirical stadie

37 As described in Coelli (1995), the imposition ofecor more restrictions upon this model formulation
can provide a number of the special cases of thisicolar model which have appeared in the
literature. Setting, to be zero provides the time — invariant modelosgtin Battese, Coelli and Colby
(1989). Furthermore, restricting the formulatioratéull (balanced) panel of data gives the produrcti
function assumed in Batesse and Coelli (1988).adutional restriction ofi equal to zero reduces the
model to model One in Pitt and Lee (1981).
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to permit greater flexibility in the nature of tetbal efficiency, a two-parameter
specification would be required. An alternative tparameter specification, which is
being investigated, is defined by:

it :1+771(t_T)+772(t_T)2 (2.22)

wherey, andn, are unknown parameters. This model permits prodeffects to be
convex or concave, but the time-invariant modé¢hesspecial case in whieh = 7, =
0. In the Battese and Coelli (1992) model, the lastiqn ¢=T;) for produceri
contains the base level of inefficiency for thaagucer Ui = U;) and the efficiencies
are measured relative to a frontier that may beessing over time.

2.6.2. The Battese and Coelli (1995) specification

Battese and Coelli (1995) propose a model whichqgsivalent to the Kumbhakar,
Ghosh and McGukin (1991) specification, with theceptions that allocative
efficiency is imposed, the first-order profit maxamg conditions removed, and panel
data is permitted. The Battese and Coelli (199pr@ach models both the stochastic
and the technical inefficiency effects in the fientin terms of observable variables,
and estimating all parameters by the method of mam likelihood, in a one-step
analysig®.

One may add a forth restriction of T = 1 to rettonthe original cross sectional, half - normal
formulation of Aigner, Lovell and Schmidt (1977)b@ously, a large number of permutations exist.
For example, if all these restrictions excepting 0 are imposed, the model suggested by Stevenson
(1980) results. Furthermore, if the cost functioptian is selected, we can estimate the model

specification in Schmidt and Lovell (1979) spedifion, which assumed allocative efficiency.

These latter two specifications are the cost femcinalogues of the production functions in Battese

and Coelli (1988) and Aigner, Lovell and Schmid®{Z), respectively.

% Battese and Coelli (1995) suggested that undeassamption of truncated normal one-sided error
term, the mean of the truncated normal distributtmuld be expressed as a function of certain
covariates, a closed form likelihood function canderived, and the method of maximum likelihood

may be used to obtain parameter estimates, andderimefficiency measures.
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According to Battese and Coelli (1995), the explana variables can include
intercept terms or any variables in both the freméind the model for the inefficiency
effects, provided the inefficiency effects are btastic. Battese and Coelli (1995) also
suggested that under the assumption of truncateshaicone-sided error term, the
mean of the truncated normal distribution couldekpressed as a function of certain
covariates, a closed form likelihood function cam derived, and the method of
maximum likelihood may be used to obtain paramedstimates, and provide
inefficiency measuré® The Battese and Coelli (1995) model also oversoithe
contradiction of the ‘two — step’ models and allaiws simultaneous estimation of the

parameters of the stochastic frontier and the iicieficy model (Puig-Junoy, 200%)

The original Battese and Coelli’'s (1995) specifmatinvolved a production function
with an error term incorporating two componentse ém account for random effects
(v) and one to capture the unobservable inefficidacior ().

The model consists of two equations, one to reptethe production frontier and a

second to measure technical inefficiency:
Y, =exp(x, B +V,; —Uy) (2.23)

and

(2.24)

% As in Movshuk (2004), while early stochastic fientmodels were devised form cross — sectional
data, Battese and Coelli (1995) model is formuldtegpanel data, which may also be unbalanced. The
model not only estimates inefficiency levels oftgarar industries, but also explains their inaffiicy

in terms of potentially important explanatory vates, decomposing TFP growth into two
components: technological growth: a shift of prdiahrc possibility frontier set by best — practice
industries, and inefficiency changes: deviationaatial output level form the production possibilit

frontier.
0 The two-stage analysis of explaining levels ohtecal efficiency (or inefficiency) was criticizey

Battese and Coelli (1995) as being contradictaryhe assumptions made in the separate stagee of th

analysis.
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where:

= i=1,...,Nt=1,....,T

= Y, is (the logarithm of) the production of tH&producer in thé" time period.

= X is a kx1 vector of input quantities of tieproducer in the't period

= fis avector of unknown parameters

=V, are random variables which are assumed to b&\{i@.s *) and independent
of theU; which are non — negative random variables whichaaseimed to account

for technical inefficiency in production, and as®&drto be iid. as truncations at

zero of theN(y, o v*) distributionm, = zi,6 where:

= 7 is a px1 vector of variables which may influenke efficiency of a producer,
and
= Jis a lxp vector of parameters to be estimated.

The parameterisation used in this model form isaihe by Battese and Corra (1977)

who replaced; ando with o® = + o/ andy = o /(av2 +o) )

In the first equationy; represents output of theh producer at timé. Xj; is a vector
of productive inputs and indicator variables fag ithh producer at time

Following Battese and Coelli (1995), théis are assumed non-negative random
variables that represent the stochastic shortfalbuiputs from the most efficient
production. It is assumed thdk; is defined by truncation of the normal distributio

with mean:

J
Hit =00 + _2151' Zijit (2.25)
j=

and variances®, whereZ;; is value of thg-th explanatory variable associated with
the technical inefficiency effect of countryin yeart; and 6,and 6; are unknown

parameters to be estimated.
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The output-based measure of technical efficiency beaestimated &%

_ (%0 8)exply)

TE
E, yi

=expcU,) = exptz,6 —W,) (2.26)

To obtain an observation — specific estimate ofinezal inefficiency (u), we use the
Jondrow et al. (1982) result; that is, estimateomfd = E(u|v—u) in which (v—u)

is replaced by the residuals of the production tionc Because estimation procedures
yield merely the residuaksrather than the inefficiency term u, this ternthe model
must be observed indirectly (Greene, 1993, Culknand Song, 2003). Jondrow et al.
(1982) suggest the conditional expectation ofagfditioned on the realized value of
the error terms; = (Vi-Uy) as an estimator of uit and, in other wordsy:[Ef] is the
conditional mean productive inefficiency for thh inhdustry at any time t. Measures

of technical efficiencyTE) for each producer can be calculatetf:as

TE = exfE(u | )] (2.27)
so that
0<TE <1 (2.28)

Here, Z; is a vector of demographic and socioeconomic ctariatics that might be

correlated with inefficiency and which might varyen time. The inefficiency model's

1 Jondrow et al. (1982) provided an initial soluttonderiving the conditional distribution pi;| (v —
u)] which contains all the informatiow;(— u) contains abouty;. This enabled to derive the expected

value of this conditional distribution, from whithey proposed to estimate the technical efficienicy

~ ~ -1
each producer:TEO(Xi ¥i) = explE[- 0, (v - )i 21, which is a function of the MLE

parameter estimates. Later, Batesse and Coelli8j1i9®posed to estimate the technical efficiency of

A

_ e _ -1
each producer from:TEO(Xi’yi) _{E[eXp{ ui}l(vi U )]} 21, which is slightly different

function of the same MLE parameter estimates.

2 The Batesse and Coelli model (1992, 1995) is findehe time varying inefficiency in which time

trend is specified to inefficiency term writtenwgt)=exp(eta(t-T)| u(i)|.
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random componenty, is not identically distributed nor is it required be non-
negative (Battese and Coelli, 199%)*.

A crucial issue concerning the model being estich&éevhat comprises the vector z.
The results obtained suggest that efficiency lewelslifferent industries were not
always the result of homogeneous influences. Fathat influence efficiency include
scale effects, foreign — ownership, plant age, gheportion of workers in non —
manual occupations, capital intensity and popufatiiensity. The emphasis is on
modelling inter-industry differences in (relativeificiency. Typically, variables are
included to reflect competitive factors in the istly such as market share and
profitability (Caves, 1990, Hay and Liu, 1997), @s¢ment in new technology,
industry dynamics and product differentiation, asllvas the importance of scale
economics (Harris, 1993). The distribution in a@#fftcy across time is considered, as

is the question of whether efficiency levels wevawerging over time.

Battese and Coelli (1995) model has become pophkanks to its computational
simplicity as well as its ability to examine thdeets of various producer-specific
variables on technical efficiency in an economathycconsistent manner, as opposed
to a traditional two-step procedure, which is ingistent with the assumption of
independently and identically distributed technidakfficiency effects in the

stochastic frontier.

*3 As referred to Coelli (1996), this model specifioa also encompasses a number of other model
specifications as special cases. If we set T =dlzagontains the value one and no other variables (i.e
only a constant term), then the model reduces ¢ottbncated normal specification in Stevenson
(1980), whered, (the only element ir5) will have the same interpretation as thearameter in

Stevenson (1980). It should be noted, however, tttatwo above mentioned models are not special
case one to each other. Thus these two model Bzihs are non — nested and hence no set of

restrictions can be defined to permit a test of gpecification versus the other.
*4 This model specification also encompasses a numibether model specifications as special cases.

Particularly, the model of Stevenson (1980) is di@d#ar case of the Battese and Coelli (1995) rhode

that can be obtained for the cases in wHiés equal to 1 (for cross-sectional data).
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The main advantage of this technique over the ta&ges technique is that it
incorporates producer specific factors in the estiom of the production frontier
because these factors may have a direct impadfioieecy.

2.6.3. Time invariant versus time varying efficieng

Early panel data models were based on the assumgitiome — invariant efficiency.
Eventually this assumption was relaxed (Cornwelthr8idt, Sickles (1990),
Kumbhakar (1991) and Battese and Coelli (1992)).efficiency varies across
producers or through time, it is natural to sedieeinants of efficiency variation, in
order to estimate stochastic frontiers and preproducer-level efficiencies using
these estimated functions, and then regress tlikcped efficiencies upon producer -
specific variables (such as managerial experiemeagrship characteristics, etc) in an
attempt to identify some of the reasons for diffees in predicted efficiencies
between producers. Studies adopted a two — stggeah, in which efficiencies are
estimated in the first stage and estimated eff@esare regressed against a vector of
explanatory variables in a second stage.

Kumbhakar et al (1991), Reifschneider and Stever($881), Huang and Liu (1994)
and Battese and Coelli (1995) have adopted a ssigge approach in which
explanatory variables are incorporated directly ithte inefficiency error component.
In this approach, either the mean or the variaridaeinefficiency error component
is hypothesised to be a function of the explanatanjables.

The most early panel data models related to effcyianeasurement were based on
the assumption of time — invariant efficiency (Pattd Lee, 1981; Schmidt and
Sickles, 1984; Kumbhakar, 1987, 1988; Battese ayelliC1988). These papers adopt
a two-stage approach, in which the first stage lwes the specification and
estimation of the stochastic frontier productiomdion and the prediction of
technical inefficiency effects, under the assumptiwat these inefficiency effects are
identically distributed. The second stage invol#les specification of a regression
model for the predicted technical inefficiency etfe which contradicts the
assumption of identically distributed inefficienejfects in the stochastic frontier.

However, the two-stage estimation procedure iskahlito provide estimates which
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are as efficient as those that could be obtaineadgua single-stage estimation
procedure (Coelli, 1996). A problem with the twagg procedure is the
inconsistency in the assumptions about the digtohuof the inefficiencies. In the
first stage, the inefficiencies are assumed to meependently and identically
distributed (iid) in order to estimate their valuékwever, in the second stage, the
estimated inefficiencies are assumed to be a fomcif a number of producer specific
factors, and hence are not identically distributediess all the coefficients of the

factors are simultaneously equal to zero (Coebilgt1998).

Several SFA models for panel data have been prdpogée literature. Early models
define the random or fixed effect as the inefficiercomponent, meaning that the
models deduce the efficiency estimates from théviddal producer-specific effects.
Schmidt and Sickles (1984) propose a fixed eff&ts model that does not require
the assumption that the producer-specific effeces uncorrelated with the input
variables. If the assumption of independence illad, then a random effects SFA
model is preferred for precision and efficiencytloé estimates. Pitt and Lee (1981)
established the model framework for the randomcesf&SFA widely applied in the
literature. In contrast to the fixed effects SFAdw®bit allows time invariant producer-
specific attributes entering in the econometric elodA fundamental question
concerns the modeling of inefficiency over time.the first models the individual
inefficiency effects were modeled time-invarianktéhsions have been proposed by
Lee and Schmidt (1993), Battese and Coelli (199%) Kumbhakar (1990) that
incorporate the variation of efficiency over time a deterministic function that is
similar across producers. However, the random compois still time-invariant,

which remains a substantive restriction.
As broadly described in Wang and Schmidt (2002is widely agreed that the first
step of the two-step procedure is biasea &nd z are correlated (Kumbhakar and

Lovell, 2000, Caudill and Ford, 1993).

Basically, the first-step regression that ignozesuffers from an omitted variables
problem, sincde(y | X, z)depends oz but the first-step regression does not allow for
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this. Standard econometric theory for least squag®ssion says that the estimate of

S will be biased by the omission grfif zaffectsy and ifzandx are correlatel.

We now proceed to calculate the usual estimatg ohmelyu* = E(u| e =e€), as in
Jondrow et al. (1982) or Battese and Coelli (1988js is a “shrinkage” estimator,
where shrinkage is toward the mean, and this igtimtly reasonable because large
positivee will on average contain positive noigeand should be shrunk downward
toward the mean, while large (in absolute valueyatige ¢ on average contain
negative nois®, and should be shrunk upward toward the meanpidse nature of
the shrinkage depends on the distributioru,chnd more importantly on the relative

variances ofr andu.

Once again this is a shrinkage estimator, and iggahe dependence af’ onz

leads to estimates that are under dispersed. Sec@nd-step regression of some
function ofr* on z will suffer from the same downward bias as wasuised in the
previous paragraph. This bias in the second-s@gession, due to under dispersion in
the estimates af that do not take into account the effeczain u, does not seem to

be systematically discussed in the literature (Khaiar and Lovell, 2008}

Two-step procedures to estimate the determinantiedfnical inefficiency suffer
from a fundamental contradiction. In the first #a@ deterministic or a stochastic

> As pointed out by Caudill and Ford (1993), thediion of the bias depends on the direction of the
effect ofzonu, and on the sign of the correlation betwéén §) andx. For example, iz is positively
related tou (inefficiency), and ifh(z, ) is positively correlated witly, then neglecting will cause the
coefficient ofx to be biased downward. Largewill, other things equal, be associated with lower
and higherx, and thus the effect ofony, not controlling forz, will appear smaller (less positive, or
more negative) than it would if we controlled forA second and less widely recognized problem is
that the first-step technical efficiency measureslékely to be seriously under dispersed, so that
results of the second-step regression are likelpeobiased downward. This is true regardless of
whetherx and z are correlated.). To explore this point more pmgissuppose thax and z are
independent, so that the first-step regressiomisased. Thus, loosely speaking, the residual an

unbiased estimate of the ergor v—u.

“® This discussion, as broadly described in Wang $etumidt (2002), regarding the bias of the two-
step estimator is described in Wang and SchmidiZR0
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frontier is estimated and then, in the second stpgeducer technical efficiency
elements are regressed on the relevant exogenciesstaThe two-stage formulation
presumes that the elements of Zi are uncorrelatighl the elements of the input
vector for this procedure to be consistent in sisuanption that the inefficiency effects
are independent in the two stages. The second stagkves the specification of a
regression model for the predicted technical inedficy effects which contradicts the
identical distribution assumption of the first stadgn the first step, one estimates the
stochastic frontier model and the producers’ efficy levels, ignoringz. In the
second step, one tries to see how efficiency lexaatg withz, perhaps by regressing a
measure of efficiency orz. However, such a two — step procedure is both
econometrically inefficient and is known to coniddhe assumption of identically
distributed technical inefficiency effects thatréguired to obtain predictions for their
unknown values (Harris, 1999), assuming a common technology/fesnti
encompassing every sample observation. This magappropriate in the sense that
the estimated technology is not likely to represtmd “true” technology for all
observations. Thus, the estimate of the underlygaghnology may be biased. In
addition, as unobserved heterogeneity was not atedufor in the econometric
models, parameter estimates also may have beeedbibdoreover, since all time
invariant heterogeneity was covered by the inedficy part, these models show a
tendency to underestimate a producer’s performéfaesi et al., 2003; Filippini et
al., 2008). Hence, the modeling of heterogeneittathastic frontier function models

has become increasingly important.

Eventually this assumption was also relaxed with ¢bntribution of the papers by
Cornwell, Schmidt, Sickles (1990), Kumbhakar (19843l Battese and Coelli (1992),
who were the first to propose a stochastic prodadtiontier model with time varying
technical efficiency. Finally, technical efficienof production has been modeled by
applying a time varying stochastic error componeqproach (Kumbhakar et al.
1991, Reifschneider and Stevenson 1991, BatteseCaeti 1995, Kumbhakar and

Lovell 2000) using the flexible functional form aftranslog production function.

For this reason, subsequent researchers allowetgthaical efficiency to vary over

time, but they model efficiency as a systematiccfiom of time (Kumbhakar, 1990;
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Cornwell, Schmidt and Sickles, 1990; Battese aneéllCd992; Lee and Schmidt,
1993). The assumption maintained in time — invargnchastic efficiency models
(Fried et al. 1993, Greene 1993) that efficiencgasstant through time is a relatively
unrealistic modeling restriction with respect toampetitive production environment.
None of these models is formulated in a dynamiméaork thereby meaning that an
inefficient producer is not allowed to correct itgefficiency from the past. The
problem with this approach is that, in most econmimenodels using time series data,
technical change is also specified as an explicittion of time. As a result, in these
models, one cannot distinguish between technicahgé and efficiency change. A
number of studies have also attempted to estimabe-varying inefficiency.
Cornwell, Schmidt and Sickles (1990) replaced tha £ffect by a squared function
of time with parameters that vary over time. Kunidra(1990) allowed a time-
varying inefficiency measure assuming that it wae product of the specific firm
inefficiency effect and an exponential function tohe (Coelli, Rao and Battese
1998). We used a time-varying inefficiency effenteasure assuming truncated at
zero of normal distribution by Battese and Codl992).

More specifically, Cornwell, Schmidt and Sickle®99D) were the first to propose a
generalization of the Schmidt and Sickles (1984fehd@o account for time-varying
inefficiency effects within a stochastic frontieargel data framework. The model used

in their paper can be specified as:

N N
Yi = Bo +Z/gnxnit +Vy Uy = By +Zﬁnxnit + Vit (2.29)
n=1 n=1

where Bo; indicates the common production frontier interceptall cross sectional
productive units in period and fii = fot - U IS the intercept of unit in periodt.
Cornwell, Schmidt and Sickles (1990) model the rirgpt parameters for different
cross-section productive units at different timeqgus as a quadratic function of time
in which the time variables are associated to preki specific parameters. This
yields the following specification for the techrliazefficiency error term:

Uy =SBy + Pt +ﬂ3it2 (2.30)
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where thefs represent cross-section producer specific paramédWoreover, several
estimation strategies, including a fixed-effectr@eh and a random-effects approach
are described in Cornwell, Schmidt and Sickles ()@hd again the jump from fixed
effects approaches to random-effects approachasde on the basis of allowing for

the inclusion of time-invariant regressors.

On the other hand, if independence and distribatia@ssumptions are available,
Maximum Likelihood techniques can also be appliedhe estimation of stochastic
frontier panel data models where technical inedficly depends on time. Kumbhakar
(1990) suggests a model in which the technicaficiehcy effects assumed to have a
half-normal distribution vary systematically witime according to the following

expression:

u, =s(tu, = [1+ exdyt + ptz)]flui (2.31)
where y andp are unknown parameters to be estimated.

According to Kumbhakar (1991) efficiency measurementhe panel data models
often fails to distinguish technical inefficiencyom producer specific effects,
especially when technical inefficiency is assumedeé time — invariant. Most of
these models also ignore time — specific effectmisge from exogenous progress.
Consequently, determinants of technical inefficiemace introduced by allowing its

mean to be a function of exogenous variables @waexplain technical inefficiency.

The model of Kumbhakar (1991) considers estimatadnproduction function
parameters and technical inefficiency for each peced using panel data. The

distinguishing features of the model are:

1. technical inefficiency is separated from produgagesfic and time-specific effects
2. determinants of technical inefficiency is introdddey allowing its mean to be a
function of exogenous variables that explain théeministic components of

technical inefficiency, and
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3. estimation methods are developed to accommodateerefixed or random

treatment of producer — and time — specific effects

This issue was addressed mainly by Kumbhakar €1881) and Reifschneider and
Stevenson (1991) who propose stochastic frontiedatsoin which the inefficiency
effects (i) are expressed as an explicit function of a vedfoproducer-specific
variables and a random error. Kumbhakar et al (J, 9R&ifschneider and Stevenson
(1991), Huang and Liu (1994) and Battese and C(EY95) have adopted a single-
stage approach in which explanatory variables ap®rporated directly into the
inefficiency error component. In this approachheitthe mean or the variance of the
inefficiency error component is hypothesised toaéunction of the explanatory
variables. The parameters of the stochastic fromtiel the inefficiency model are
estimated simultaneously, given appropriate digtiiimal assumptions associated
with cross-sectional data on the sample producersne-step model specifies both
the stochastic frontier and the way in whicdepends om, and can be estimated in a
single step. This is in contrast to a two-step pdoce, where the first step is to
estimate a standard stochastic frontier model aedsecond step is to estimate the
relationship between (estimatadandz (Wang and Schmidt, 2002).

Specifically, Kumbhakar et al. (1991) proposed aleitdor the technical inefficiency
effects where the parameters of the stochastidiétoand technical inefficiencies are
estimated simultaneously given the appropriate ridigional assumptions.
Kumbhakaret al. (1991) first raised concerns about the two-stagegss in the
stochastic frontier context. Instead, they incogper the estimation of the
determinants of inefficiency with estimation of tlpeoduction frontier. In their
composed error ternek= uk + vk), they make the one-sided inefficiency component
a function ofz andw such thauk(z,w) = z6 + wkwherez is a vector of determinants
of producer efficiencyp is the vector of parameters to be estimated, vansl the
random error of the inefficiency componentAs beforey is the random error of the

composed error terth

*” Wang and Schmidt (2002) compare one-step and te{srocedures for a stochastic model and

found the two-step procedure led to biased resautid therefore recommend against that approach.
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To avoid the estimation problem, the stochastiaties and inefficiency effects may
be estimated simultaneously in a one-step proce(MMang and Schmidt, 2002),
namely, all of the parameters are estimated instep. Model used simultaneously
determines the causes of inefficiency, rather thaimg a second-step procedure
whereby efficiency estimates (obtained from step}are then regressed on a set of
determinant®. As a result, the two stage approach has beerigfisthas inconsistent
when technical inefficiencies are used as a depgndiable in the second stage
analysié®. This is in favour of the one stage approach wlieeeparameters of the
stochastic frontier and technical inefficiencie® astimated simultaneously. The
inefficiency effects are defined as a functionha producer specific factors (as in the
two-stage approach) but they are then incorporditedtly into the MLE®.

Lee and Schmidt (1993) propose an alternative ftatiwn, in which the technical
inefficiency effects for each productive unit atliéferent time period are defined by
the product of individual technical inefficiencydatime effects:

Uy = o, (2.32)

where thedts are the time effects represented by time dummanesthe ui can be

either fixed or random producer-specific effects.

8 Wang and Schmidt (2002) then provide a lengthyument why conventional estimators of the
production parameters and the JLMS estimatesi afill be seriously biased. The same arguments

apply to estimates of TEi = exp(-ui).

9 However, using the estimated technical inefficiescand parameters of the model to compute a
measure of efficiency and then using it as dependamable in the second stage analysis as used by
Reinhardet al.(1999) is consistent.

% Although it is widely recognized that two-step pedures are biased, there seems to be little
evidence on the severity of this bias. For exam@kydill and Ford (1993) provide evidence on the
bias of the estimated technological parameters,nbtiton the efficiency levels themselves or their

relationship to the explanatory variabies
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This is possible following the maximum likelihoodtienation methodology proposed
by Coelliet al (1998). When the explanatory variables for trehmecal inefficiency
effects model are producer-specific variables otilis results to Battese and Coelli
(1995) production frontier model, but when both utg and producer-specific
variables are included as explanatory variablegHhertechnical inefficiency effects
model, this results to production frontier modegorally proposed by Huang and Liu
(1994).

2.6.4. Fixed and Random Effects

The central feature of the Battese and Coelli edomis a fixed effects linear
regression model. It is argued that this approacigb gains in statistical efficiency

while obviating assumptions about the distributddechnical inefficiency.

However, heterogeneous production environments,clwhare not under the
producer’s control, may influence the productiongass and incurred costs. These
differences when observed or measured by obsemaedep, can be incorporated in
the estimation methods. One of the most impor&mias in stochastic frontier models
is adjusting for the unobserved heterogeneity ampngducers functioning in
different production environments. Individual predus face different external factors
that could influence their production costs but mo¢ under their control. Some of
these factors are observed and can be controlted tbhe analysis. However, in many
cases the data are not available for all thesabi@s. Moreover, the relevant factors
are often too complex to be quantified by simpldigators. In panel data where an
individual producer is observed several times, pneducer-specific unobserved

variations can also betaken into account througgdfior random effects

The first use of panel data models in stochastintfer models goes back to Pitt and
Lee (1981) who interpreted the panel data randdectsf as inefficiency rather than
heterogeneity. This tradition continued with Schinadd Sickles (1984) who used a

*1 panel data may have group effects, time effeatdoth. These effects are either fixed effect or
random effect. Consequently, panel data are amlyzevestigate group and time effects using fixed

effect and random effect models.
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similar interpretation applied to a panel data mhedth fixed effects. The basic panel
data formulation, introduced by Schmidt and SicKE384), is a model in which the
producer-specific stochastic term is interpretediresficiency. This term can be
alternatively identified as a fixed intercept facé producer (FE model) or as iah
random term (RE model). In case where the unobdéeneterogeneity is correlated
with some of the explanatory variables, while taadom effects estimators can be
biased the fixed effects model may overestimatkianrency scores.

A main shortcoming of these models is that any seoled, time-invariant, producer-
specific heterogeneity is considered as inefficgedo more recent papers random
effects model has been extended to include timewarnnefficiency (Cornwell,

Schmidt and Sickles, 1990, Battese and Coelli, 1998wever, in both these models
producer-specific effects are considered as ineffiy. Another problem arises when
the producer-specific effects are correlated vhth éxplanatory variables. A common
feature of all these models is that they do notyfideparate the sources of
heterogeneity and inefficiency at the producer lled@ alternative approach is to
consider two separate stochastic terms for effayierand producer-specific

heterogeneity.

Basically, there are two methods of estimation he titerature. In the first, the
estimation of the parameters of the productiontfesris done conditionally on fixed
values of the (s which leads to the fixed effects model and h#hnin estimator of
the frontier coefficients. In the second, the eation is carried out marginally on the
producer specific effectsi's which leads to the random effects model andeeithe
Generalised Least Squares (GLS) or the LM estimatib the parameters (Puig-
Junoy, 200},

%2 As described in Coelli (1996), the imposition ofecor more restrictions upon this model formulation
can provide a number of the special cases of thisicolar model which have appeared in the
literature. Setting, to be zero provides the time — invariant modelosgtin Battese, Coelli and Colby

(1989). Furthermore, restricting the formulatioratéull (balanced) panel of data gives the produrcti

function assumed in Batesse and Coelli (1988).ddutional restriction ofi equal to zero reduces the
model to model One in Pitt and Lee (1981). One awdy a forth restriction of T = 1 to return to the
original cross sectional, half - normal formulatiohAigner, Lovell and Schmidt (1977). Obviously, a

large number of permutations exist. For examplallithese restrictions exceptipg= 0 are imposed,
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A fixed effect modelSchmidt and Sickles, 1984) examines if intercejaty across
groups or time periods, whereas a random effectei(®utt and Lee, 1981) explores
differences in error varianc¥s The fixed effect model asks how group and/or time
affect the intercept, while the random effect maoalehlyzes error variance structures
affected by group and/or time. Slopes are assumekamnged in both fixed effect and
random effect models. The following table compaittes fixed effect and random

effect models:

Table 2.2. Fixed Effect and Random Effect Models

Fixed Effect Model Random Effect Model
Functional form —y, - — (o + 1)+ Xi B+, Yo =a+ Xy B+(u +V,)
Intercepts Varying across groups and/or times Goist
Error variances Constant Varying across groupsoariiies
Slopes Constant Constant
Estimation LSDV, within effect method GLS, FGLS
Hypothesis test Incremental F test Breusch-Pagartest

Notes:

1. The parameter estimate of a dummy variable is agbdhe intercept in a fixed effect model and a
component of error in the random effect model. 8opemain the same across groups or time

periods.

the model suggested by Stevenson (1980) resultthdfmore, if the cost function option is selected,
we can estimate the model specification in Schrait Lovell (1979) specification, which assumed
allocative efficiency. These latter two specificat$ are the cost function analogues of the proolucti
functions in Battese and Coelli (1988) and Aighevell and Schmidt (1977), respectively.

%3 In both cases, inefficiency effects are assumédzkttme invariant.
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2.V, ~iid (O, O'VZ) indicates that errors are independent identictifigributed

Source: Park (2009), p. 2

Group effect models create dummies using groupiagiakles (e.g., country,
producer, and race). dne-way moddhcludes only one set of dummy variables (e.g.,
producer), while awo — way modetonsiders two sets of dummy variables (e.qg.,
producer and year). If one grouping variable issiered, it is called a one-way fixed
or random group effects model. Two-way group effewidels have two sets of

dummy variables, one for a grouping variable amddthner for a time variable.

This variation has two important restrictions. i@y time invariant heterogeneity

will be pushed intoe, and ultimately inta@;. Second, the model assumes that

inefficiency is time invariant. For short time intals, this may be a reasonable
assumption. But, this is to be questionable. Bdtthese restrictions can be relaxed
by placing country specific constant terms in ttacisastic frontier model — we call

this a ‘true’ fixed effects model:

Ye =a+ )gltﬁ-i-vit — U (2-33)

where y has the stochastic specifications noted earliertlier stochastic frontier

model.

In the fixed effects, the production function isxdeed:
Y =a+ X% S +V, — U (2.34)

wherey, is the (log of the) output of the systery,is (logs of) the set of inputs, is

the random component representing stochastic elsnaanwell as any country (and

time) specific heterogeneity is the inefficiency in the system, amdndt denote

country and year, respectively.

Assuming thati > 0, the equation is rewritten:

92



Yit :(a_ui)+xi‘tﬂ+vit =0 +Xi'tﬂ+vit (2.35)

Assuming that yhas the familiar stochastic properties of a regoesmodel and is

uncorrelated with other components of the model,phrameters can be estimated by
least squares, using the “within,” or dummy varabttimator. The country specific
constants embody the technical inefficiency. Theffioiencies are estimated in turn
by shifting the function upward so that each camstarm is measured as a deviation

from the benchmark level:
G, =max(a;,)—a, 20 (2.36)

The narrow assumption of half normality is viewed significant drawback in this
model. This feature leads to the extension of tleelehto a truncated normal model

by allowing the mean dfl. to be nonzero (Stevenson, 1980). The major shortgpm

here is that the strict assumption suppressesitdill heterogeneity in inefficiency

that is allowed, for example, by the fixed effefcisnulation.

Superficially, this amounts simply to adding a fedit of country dummy variables to
the stochastic frontier model. The model is stilbly maximum likelihood, not least

squares.

The true fixed effects model places the unmeashetdrogeneity in the production
function: with a loglinear model, it produces a malshift of the function, specific to
each country. One might, instead, have the hetemgereside in the inefficiency
distribution. This could be accomplished with tbenfulation:

M =0g + h'é‘ (2.37)

that is, by placing the country specific dummy =hles in the mean of the truncated
normal distribution, rather than in the productfanction. Once again, in a moderate

sized sample, this is a minor reformulation of fdmiliar model.
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Although the fixed effects models have the advamtad following correlation

between the inefficiency term and the independemtables, and of allowing no
distributional assumption on efficiency, the reswhould be interpreted carefully.
The possibility that the producer — specific eféeetould include the influence of
variables that vary across producers but are iamover time may be not ruled out.
Simar (1992) has shown that the fixed effects majglears to provide a poor
estimation of the intercepts and of the slope doefits of frontier production

functions and consequently unreasonable measutestofical efficiency.

On the other hand, as referred in Greene (2003 thb)random effects model is

obtained by assuming thatisi time invariant and also uncorrelated with theluded

variables in the model:

Yo =+ X B+ (1 +Vy) (2.38)

In the linear regression case, the parameters seimaged by two step generalized
least squares (Greene, 2003 a,b). Random effeadelrhas a significant drawback:

there is no implied estimator of inefficiency ingmodel, that is, no estimator 6

as in the fixed effects case.

Pitt and Lee (1981) showed how the time invariarhposed error model could be
extended to a panel data version of the stochfietitier model. The direct extension
would be of limited usefulness here, first because the assumption of

uncorrelatedness ef andx, and, because of the assumption of time invariafi¢tkeeo

inefficiency. The first of these can be remediedthe same fashion as suggested

earlier. Estimation of the random effects modelhwiteterogeneity in E[U is

straightforward.

The heterogeneity may also enter the distributibm ovhich can, as before, have
mean, or, in principle, evem, with time variation in the covariates. Country sfiec

estimates of inefficiency are computed using theddow et al. (1982) formulation,
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though simulation methods are needed to integratettbe unmeasured random

effects.

In the random effects model, the stochastic nattithe efficiency effects is explicitly
taken into account in the estimation process. Th8 &stimation provides consistent
and unbiased estimates of the parameters, if tjressors xit are not correlated with
the technical efficiency effects uit. A relative joraadvantage of the GLS estimator
relative to the within estimator is its flexibilityo include the time — invariant
regressors. In the fixed effects model, the coieffits of time — invariant regressors,
even though they may vary across producers, cémmestimated because these time
— invariant regressors will be eliminated in théhw transformation, as shown in the

equation:
(Y =¥) =B (% — %) +V; (2.39)

In this case, the producer — specific technicaicieificy effects will include the
influence of all variables that are time — invatiah the producer level within the
sample. This would make technical efficiency congmars difficult unless the
excluded fixed regressors influence all producerthe sample equally (Kumbhakar,
1987).

Summarising, with fixed effects models, all statistinference can only be made on
the cross — section unit used for estimation. lrebtvords, the findings from a fixed
effects model cannot be generalised. An alternatvihe random effects model, in
which the error components are assumed to be randaables drawn from a normal
distribution and independently and identically disited, with the assumption that

these error components are uncorrelated with thaeatory variables.

In the RE framework, it is assumed that the prodspecific effects are uncorrelated
with the explanatory variables in the model. Theref all the extensions of the RE
model are prone to heterogeneity bias due to sumhelation. However, the

refinement of the model to separate different sesiaf heterogeneity may improve

the performance of the model, especially regarthiegnefficiency estimates.
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The core difference between fixed and random effeotels lies in the role of

dummy variables. If dummies are considered as tagbdhe intercept, this is a fixed

effect model. In a random effect model, the dumnaiesas an error term. A fixed

group effect model examines group differences ieraepts, assuming the same
slopes and constant variance across entities gecsb Since a group (individual

specific) effect is time invariant and considergub# of the intercepty; is allowed to

be correlated to other regressors.

A random effect model, by contrast, estimates waeacomponents for groups (or
times) and errors, assuming the same intercepskpes.u i is a part of the errors

and thus should not be correlated to any regrestioerwise, a core OLS assumption
is violated. The difference among groups (or tireaqals) lies in their variance of the

error term, not in their intercepts.

A random effect model is estimated by generalizast squares (GLS) when tfe
matrix, a variance structure among groups, is knolire feasible generalized least
squares (FGLS) method is used to estimate the naigtructure whe® is not
known. A typical example is the groupwise heterdaséic regression model (Greene
2003 a,b). There are various estimation method$-€@kS including the maximum
likelihood method and simulation (Baltagi and Cha8§4).

Fixed effects models are not without their drawlsadkhe fixed effects models may
frequently have too many cross-sectional units lmdeovations requiring too many
dummy variables for their specification. Too manynuny variables may sap the
model of sufficient number of degrees of freedomddequately powerful statistical

tests.

Moreover, a model with many such variables may lagyed with multicollinearity,

which increases the standard errors and therebysdilae model of statistical power
to test parameters. If these models contain vasalihat do not vary within the
groups, parameter estimation may be precluded.oAgh the model residuals are
assumed to be normally distributed and homogendbese could easily be country-
specific (groupwise) heteroskedasticity or autoglation over time that would further

plague estimation (Yaffee, 2003).
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The one big advantage of the fixed effects modeh& the error terms may be
correlated with the individual effects. If groudesfts are uncorrelated with the group
means of the regressors, it would probably be baitemploy a more parsimonious

parameterization of the panel model.

Conventional panel data models such as fixed-eff@ctandom-effectmodels can be
employed to account for unobserved heterogerfity and Lee, 1981; Schmidt and
Sickles, 1984). A major limitatioaf these models is the treatment of the inefficyenc
term astime-invariant, which raises a fundamental idea#ifion problemNot only
must the model distinguish noise from the inefficg effects, but also the
unobserved, time-invariant, producer-specifieterogeneity becomes difficult to
distinguish from the inefficiencgomponent (Greene, 2005). Some authors have
extended the random-effeatsodel to include time-variant inefficiency (Cornivel
et al, 1990;Battese and Coelli, 1992, 1995). However, a drawlrathesanodels is
that the producer-specific effects are still coasgdlas inefficiency, which may result
in biased estimates (Greene, 200@preover, when producer-specific effects are
correlated with thexplanatory variables, the random-effects estinsatoe affected
by heterogeneity bias. As pointed out by Greene0ZB) while fixed-effects
estimators are still consistent with regard ttee production frontier slopes,
inefficiency variations ar@verestimated. Thus, an obvious drawback of alsehe
modelsis their inability to separate fully the sourcesheterogeneitgnd inefficiency

at the producer level.

In a recent development, Greene (2005) demonsthateda stochastitontier model
can be extended to panel data models by incluglirapdom effect in the model. He
refers to this extension #e ‘true’ random-effects model.

The ‘true’random-effects model is basically a random-condtantier model that is
obtained by combining a conventional random-effeidel with a skewed stochastic

term representing inefficiency.

However, since most of the unobserved factors, amtiqular those relating to

efficiency explanatory conditions, are most likedybe correlated with the output and
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some of the explanatoryariables, the ‘true’ random-effect estimators tbe

production function coefficients could still be beal.

2.7. Concluding Remarks

The discussion concerning the measurement of ptiw@tycand efficiency in the
economic literature started with contemporaneougersa by Debreu (1951) and
Koopmans (1951). Koopmans (1951) and Debreu (19%de the first systematic
efforts in the investigation of efficiency and rreeasurement. However, the standard
efficiency measurement literature was started byeHa(1957), built upon Debreu
(1951) and Koopmans (1951). Farrell (1957) propdeetieasure the efficiency of a
productive unit in terms of the realized deviatidresn an idealized frontier isoquant.
The empirical identification of such a benchmarkhis main issue of the literature on
efficiency measurement. Farrell (1957) extendeds thiork in an attempt to
operationalize the measurement of productivity affetiency. From Farrell's work,
we define the productivity of an economic agenth&sscalar ratio of outputs to inputs
used by the agent in its production process. HBinallthe 1970's, with the seminal
papers of Aigner et al. (1977) and Meeusen and dan Brock (1977),
econometricians developed a statistically and #temally sound method for
measuring efficiency, a method now known as stdahd&ontiers. In this case, a
stochastic frontier is defined as the locus of Ipesforming agents within a data set.
The other data points of the other producers acatéa "below" this estimated
frontier. The relative distance measured betweenhst performance and the other

data points is interpreted as inefficiency.

The approach to frontier estimation, proposed hydia1957), was also considered
by Shephard (1970) and Afriat (1972) who suggestedhematical programming
methods that could achieve frontier estimation, thet method did not receive wide
attention until the paper by Charnes, Cooper anadB$ (CCR) (1978), in which the
term DEA was first presented. Charnes, Cooper dratl®s (1978) proposed a model
that had an input orientation and assumed constantrns to scale (CRS).
Subsequently, Fare and Logan (1983) and Bankern€sand Cooper (BCC) (1984)
proposed variable returns to scale (VRS). The A and the CCR model were

98



first introduced in 1978 (Charnes et al, 1978) amte followed by a phenomenal
expansion of DEA in terms of its theory, methodgl@nd application over the last
few decades (Fgrsund and Sarafoglou, 2003, Sdif®@b), Charnes et al (1994).

Charnes et al. (1978) and Banker et al. (1984)netet@ Farrell’'s ideas by imposing
returns to scale properties. The nonparametricoggbrrelies on a production frontier
defined as the geometrical locus of optimal produciplans (Simar and Wilson,
1998, 2007). The production frontier can be estmaton parametrically from a set
of observed production units, based on differenetpment techniques. A Common
nonparametric measure is the Data Envelopment AisalfDEA). Nonparametric
DEA shows how one can apply simulation methodsptoluct statistical inference to
obtain more reliable and robust results. In DEA iefficiency is defined as the
distance from the frontier of a convex envelopetted data; therefore, due to the
convexity assumption, a company might be comparedart unobservable and
fictitious linear combination of efficient obseraits (Coelli et al., 2005). Thus, the
efficiency score is the point on the frontier cltaeaized by the level of inputs that
should be reached to be efficient (Simar and Wild®@98, Simar and Wilson, 2007).
Then the analysis proceeds on deterministic, wHewations of a producer from the
theoretical maximum are allocated exclusively tcefficiency, and stochastic
production frontiers, where the deviation from threntier is decomposed into
stochastic noise and technical inefficiency in pitbn. Chapter 2 analyses the
Deterministic and Stochastic Production Frontierd explains the reasons for which
the stochastic frontier approach is the most cohgnsive analytical and estimation
method, providing the main features which charagethis method, as well as the
main hypotheses related. Then, Chapter 2 deals thi¢h literature survey on
Stochastic Frontier Models and the main assumptan®fficiency estimation and
analyses the Battese and Coelli (1992) specifinati® opposed to the Battese and
Coelli (1995) specification. More specifically, &8 as the stochastic frontier models
are concerned, this chapter focuses on the Batta$seCoelli (1992) and Battese and
Coelli (1995) models, providing a detailed analyafithe specifications of these two
approaches. Then, this chapter analyses the chastics and differences between
time invariant and time varying efficiency, as wa$l the related fixed and random

effects analysis.
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Chapter 3

Empirical Model Specification and Methodology

Abstract

In stochastic frontier analysis, early models wéased on the assumption of time — invariant
efficiency. Eventually this assumption was relaX@brnwell, Schmidt, Sickles (1990), Kumbhakar
(1991) and Battese and Coelli (1992)). If efficigna@ries across producers or through time, it is
natural to seek determinants of efficiency variatiom order to estimate stochastic frontiers aretijot
producer-level efficiencies using these estimatetttions, and then regress the predicted efficénci
upon producer-specific variables (such as mandgex@erience, ownership characteristics, etc) in an
attempt to identify some of the reasons for diffees in predicted efficiencies between producers.
Studies adopted a two-stage approach, in whicltiefities are estimated in the first stage and
estimated efficiencies are regressed against aweé€texplanatory variables in a second stage. The
assumption maintained in time-invariant stochastiiciency models (Fried et al. 1993, Greene 1993)
that efficiency is constant through time is a ligkly unrealistic modeling restriction with respeata
competitive production environment. A number oftdéés have also attempted to estimate time-varying
inefficiency. Cornwell, Schmidt and Sickles (199@placed the firm effect by a squared function of
time with parameters that vary over time. Kumbhake®90) allowed a time-varying inefficiency
measure assuming that it was the product of theifspéirm inefficiency effect and an exponential
function of time (Coelli, Rao and Battese 1998)tetgapers adopted a two-stage approach, in which
the first stage involves the specification andnaation of the stochastic frontier production fuoanti
and the prediction of technical inefficiency deteramts, under the assumption that these ineffigienc
effects are identically distributed. The secondstmvolves the specification of a regression mdaiel
the predicted technical inefficiency effects, whantradicts the assumption of identically disttéwl
inefficiency effects in the stochastic frontier. Wkver, the two-stage estimation procedure is ulylike
to provide estimates which are as efficient as éhtist could be obtained using a single-stage
estimation procedure (Coelli, 1996).

Chapter 3 provides an overview of alternative eiopirmodel specifications and different sets of
methodologies and instruments available allowirjgstification to the chosen methodology. Then it
conducts a comparison between the one-step vessustép estimation procedure and concludes with
the main Hypotheses tests and the case of parelvdttin the Stochastic Frontier Models. Finally,

Chapter 3 analyses the empirical model and therlyiohg assumptions, it describes the econometric

analysis methofdology and the related hypothestmte
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3.1. Introduction

In stochastic frontier models, output is assumeddobounded from above by a
stochastic production function. Therefore, the reteom in stochastic frontier models
has two parts: the first representing randomnesstadistical noise, and the second
representing technical inefficiency. In this casach producer faces a production
frontier which is randomly due to stochastic shooksside the producer's control.
Moreover, this method enables to distinguish betwskifts in technology from
movements towards the best-practice frontier. @natiner hand, frontier approaches
provide a technology frontier constructed by thetiperforming producers of the
industry. The performance of all producers is tltempared against that frontier,
which enables the analyst to evaluate each produbehavior. A frontier function
represents a best-practice technology, againsthwthie efficiency of the producers
within the industry can be measured (Coelli, 1996)a producer belongs to the
frontier, it is efficient. If a producer is beneathe efficiency frontier, then it is
inefficient and further analysis identifies the sms and extent of the inefficiency.
There are different alternative methods, in ordeedtimate this frontier function, as
well as to estimate any deviations from it. Literatdistinguishes between parametric
and nonparametric efficiency measurement and cerssithe characteristics of each
method. Parametric estimation concepts involve ngtr@assumptions about the
functional forms describing the production procesthe distribution functions of the
stochastic part in the model. Nonparametric apgrescassume no parametric
restrictions for any features of the probabilitydeband the frontier is not described
by a specific analytical function (Simar and Wilso2007). One of the main
approaches of parametric econometric approach bfiesfcy measurement is
stochastic production frontier. Then, this chaptems to employ a translog
production frontier model following Battese and @io€1992, 1995) stochastic
production frontier model, by including a time \adrie in the deterministic kernel of
the stochastic production frontier to capture tifeceé of technical progress, as the
translog function is a flexible function, presegtibhoth linear and quandratic terms
with the ability of using more than two factor inpuThe translog model assumes that
there are no technical inefficiencies hence exduglédrom the regression equation,

estimating the level of output of a technicallyi@ént industry, also imposing the
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symmetry restriction is imposed a priori to be afoladentify the coefficientsf( =

Bii)-

Provided the inefficiency effects are stochastie model permits the estimation of
both technical change in the stochastic frontied amme-varying technical
inefficiencies. A base model is estimated, using ttaditional input and output
variables, and then variations are added to thidetnd@he base models include labor,
capital and time (as the proxy for technical charag inputs, and value added as
output. In the extended models, additional inputialdes are introduced: ICT
investment, ICT investment share, R&D stock ancheony openness.

3.2. Empirical model

This chapter considers a panel data stochastic Imodeinefficiency effects in
stochastic production frontier based on the Battexk Coelli (1992, 1995) models,
providing translog effects, as well as industreet§”.

The estimated model accommodates not only hetetastieity but also allows the
possibility that an industry may not always prodalce maximum possible output,
given the inputs available.

We estimate efficiencies as industry specific fixefflects. Technical inefficient

component is treated as time — varying hence a timerying decay model is

estimated. Our model is a stochastic frontier madedne output (value added) and
three inputs (capital, labour, time). Following st and Coelli (1992, 1995), a
stochastic frontier production function is defintm panel data on industries, in
which the non-negative technical inefficiency eféeare assumed to be a function of
producer-specific variables and time.

> In our analysis we will use a panel-data approaetause we have a small number of countries
available and by pooling industry and country data multi-country panel our data have a sufficient

size of observations.
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The inefficiency effects are assumed to be indepethyl distributed as truncations of
normal distributions with constant variance, buthwmeans which are a linear
function of observable variables. We model both shechastic and the technical
inefficiency effects in the frontier, in terms dbservable variables, and estimating all
parameters by the method of maximum likelihood,ainone-step analysis as
developed by Battese and Coelli (1992, 1895)

A range of functional forms for the production ftina frontier are available, with the
most frequently used being a translog function,clwhis a second order (all cross-
terms included) log-linear forth We use a translog function, which is a seconeérord

% Battese and Coelli (1995) suggested that undeassamption of truncated normal one-sided error
term, the mean of the truncated normal distributtmuld be expressed as a function of certain
covariates, a closed form likelihood function canderived, and the method of maximum likelihood

may be used to obtain parameter estimates, andderimefficiency measures.

% When employing regression analysis in the secaep ® explain the variation of the efficiency
scores, it is likely that the included explanategriables fail to explain the entire variation imet
calculated efficiencies and the unexplained vamatnixes with the regression residuals, adversely
affecting statistical inference. The use of a sastie frontier regression model allows for the
decomposition of the variation of the calculateficefncies into a systematic component and a random

component.

" Some literature focused on stochastic frontier ehaslith distributional assumptions by which
efficiency effects can be separated from stochaslenent in the model and for this reason a
distributional assumption has to be made. Amongrsthan exponential distribution (Meeusen and van
den Broeck 1977); a normal distribution truncatedexo (Aigner, Lovell and Schmidt 1977); a half-
normal distribution truncated at zero (Jondretval. 1982) and a two-parameter Gamma or Normal
distribution (Greene 1990). However, these are adatpnally more complex, there are no priori
reasons for choosing one distributional form over dther, and all have advantages and disadvantages
(Coelli, Rao and Battese 1998). There are no aipBasons for choosing one distributional formrove
the other, and all have advantages and disadven{@gelli, Rao and Battese, 1998). For example, the
exponential and half-normal distributions have ademat zero, implying that a high proportion of the
producers being examined are perfectly efficierite Truncated normal and two-parameter gamma
distribution both allow for a wider range of disttional shapes, including non-zero modes. However,
these are computationally more complex (Coelli, Rad Battese, 1998). Empirical analyses suggest

that the use of the gamma distribution may be ictpral and undesirable in most cases. Ritter and
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(all cross-terms included) log-linear form. This asrelatively flexible functional
form>®, as it does not impose assumptions about consi@sticities of production nor
elasticities of substitution between inputs. Itsfallows the data to indicate the actual

curvature of the function, rather than imposingriori assumption?s.

We adopt the standard flexible translog functiofam to represent technology,
including the time variablémein orderto account for technical change effé€issed
as a regressor along with the input variables, nielo to capture evolution and
differences in technical progress (Oh et al. 200®)do so the model is extended by
adding the termpr, wherefr denotes an industry specific parameter and ttima
trend,t = 1, ...Ti allowing for industry — specific (linear) changes productive
efficiency over time (Kumbhakar, Heshmati and Hjateson, 1999). The parameter
Bt indicates whether a producer’s efficiency increggk >0) or decreaseffr <0)
with timet. All of the variables are as defined before exdeptime andtime?, which
controls for the linear and quadratic time tren@spectively. Technical change may

be biased towards a particular input. A positivegative) value off implies that

Simar (1997) found that the requirement for thénestion of two parameters in the distribution may
result in identification problems, and several haald of observations would be required before such
parameters could be determined. Further, a maxiratitine log-likelihood function may not exist
under some circumstances. Bhattacharyya et al5j19@wever, offer one approach for selecting the

distribution to reflect technical inefficiency; theuggest the use of a data generating process.
%8 As broadly described in Khalil (2005), the tramskoinction is an attractive flexible function. This
function has both linear and quadratic terms withability of using more than two factor inputs.

* In terms of output y and inputs X, this can be expressed as:

1 :
Iny, =2, +Z,6’i In X, +§Z Zk:ﬁik In X In X, —U, +V; wherey, is the output
I I

the industryj in periodt andX;;; andXy; are the variable and fixed inputsk) to the production
process. As noted above, the error term is sephnate two components, whexg; is the stochastic

error term andj;; is an estimate of technical inefficiency.

0 The translog function has become more prevalestulse the Cobb-Douglas functional form
imposes severe restrictions on the technology biriceing the production elasticities to be constan

and the elasticities of input substitution to béywn
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technical change is relativelf iinput — using (saving). A zero value pfindicates
that technical change is not biased towards antycpéar input, i.e. technical change
is neutral (Kumbhakar and Hjalmarsson, 1995, Kurkbhand Hesmati, 1996, and
Oh et al., 2009).

Our analysis is based on industry §ategarding estimating productive efficiency at

industry level of selected countries within Eurapé&mion, during 1980 — 2005.

Our model is a stochastic frontier model of onepativalue addednva) and three
inputs (capital:.cap, labour:lab, time: time). We model both the stochastic and the
technical inefficiency effects in the frontier, tarms of observable variables, and
estimating all parameters by the method of maxiniika@lihood, in a one - step

analysis, as developed by Battese and Coelli (189%5)°*

Inva=a, + 3 Incapr 4. Inlab+ﬂrtimer}/2,6’KK Incap +}/2,6’LL Inlaly +}/2ﬂthimé +

(3.1)
m-1
B« Incapnlab+ 4, Incaptimef, ; InIabtimeZaj *Ind *inpuyt +v, —u,)
j=1

where:

= input; equals either capital, labor or time
= aplis the intercept of the constant term

= Sk, pu, pr are first derivatives

= fSkk, fLL, BT are own second derivatives

= Sk, BT, LT @re cross second derivati¥s

®1 Industry level data are today more easily availgbke reviews by Caves, 1998, Harris, 1999, 2001,
2005).

®2 This topic has been broadly examined in: Kokkiau(2010e) A note on Theory of Productive
Efficiency and Stochastic Frontier ModeBuropean Research Studies Journddl. Xlll, Issue 4,

2010.

8 Alternative specifications of the production fuinctcan be examined by testing various restrictions

on the parameters of the general translog fundtiaforullah and Whiteman, 1999). The translog is
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For this analysis, the output is the dependentbéiwhile the explanatory variables
are the factors of production which are inputs itite production process. We also

impose symmetry restriction on parameters:

Bl =Pk
B = P (3.2)
pri= AT

For constant returns to scale, we impose the fatigwestriction:
K+L+T=1

Pk + P+ pre=0

Pt it pr=0

Pt pirt prr=0

(3.3)

And for weak separability, we check whether thedinseparability restrictions are

satisfied:

,BLT = ,BTK= 0 (34)

Technical efficiencyTE; of the i industry in yeart equals the ratio of observed
output level to estimated frontier output:

Y,

it

~exp(f (X, 8))

TE, = exp(u,,) (35)

homogeneous itBLL +Pu =0 and Bk + P = O. If in addition,ﬂ'- + By = 1, the translog is

linearly homogeneous. Alternatively, the productimmction is a (homogeneous) Cobb — Douglas

function if A = Pk = P :O.
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To obtain an observation — specific estimate ofinemal inefficiency (@), we use the
Jondrow et al. (1982) result; that is, estimateomfd = E(u|v—u) in which (v—u)

is replaced by the residuals of the production tioné*:

TE = exfE(u | )] (3.6)
so that
0<TE <1 (3.7)

The information on the technical inefficiency (eféincy) of production units
(contained in the compound disturbance term) camhiained using the predictor
developed by Jondrow et al. (1982) which is basethe conditional distribution af

given ¢°. We estimate efficiencies as producer-specifiedieffects as proposed by
Schmidt and Sickles (1982) Following Movshuk (2004), the model not only
estimates inefficiency levels of particular prodigcebut also explains their

inefficiency in terms of potentially important egplatory variables.

% The model can be estimated using standard ML tquba. Maximum likelihood estimation (MLE)

is a popular statistical method used for fittingpathematical model to real world data. The conoépt
maximum likelihood (ML) estimation is underpinned/ lthe idea that a particular sample of
observations is more likely to have been generfi@th some distributions than from others. The
maximum likelihood estimate of an unknown paramitetefined to be the value of the parameter that
maximizes the probability (or likelihood) of randndrawing a particular sample of observations. ML
approach requires distributional assumptions atlmutlisturbances v and u. to assess the sensitivity
our estimates to the choice of distributional agstions; we consider two alternative specificatifors

the one — sided variable u:

1. aone - parameter exponential distribution

2. a half — normal distribution

The random term v is unbounded, so we assume ttigtniormally distributed with zero mean and
constant variance. The industry-specific estimaiégechnical efficiency are estimated from the
conditional mean of u, given v — u, as in Jondroale(1982).

% However, several studies focus either on indusiigracteristics (e.g. Roudaut, 2006) or size effect
(e.g. Oczkowski and Sharma, 2005; SéderbomandTaat] 2004).
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Because estimation procedures vyield merely theduweais & rather than the
inefficiency termu, this term in the model must be observed indiye@reene, 1993,
Cullinane and Song, 2003). Jondrow et al. (1988psest the conditional expectation
of ui, conditioned on the realized value of the erromtef = (vi-Ui) as an estimator
of ui and, in other word<s[ui|&:] is the conditional mean productive inefficiency fo
thei™ industry at any timé Measures of technical efficiency (JEor each producer

can be calculated ¥s

TE =exdE(u, | )] (3.8)
so that
0<TE <1 (3.9)

The estimated coefficients of a translog productionction can be more readily
interpreted in the form of output elasticities fodividual inputs calculated from the
frontier production function coefficients estimatid\Nevertheless, the estimates of the
first order coefficients of the variables in thartslog function cannot be directly
interpreted as elasticiti® Thus, we may build a system of equations from

% The Batesse and Coelli model (1992, 1995) is filiadehe time varying inefficiency in which time

trend is specified to inefficiency term writtenwgt)=exp(eta(t-T)| u(i)|.

®"In a translog frontier model, output elasticitm be calculated from the translog estimates using

oln :
the formula: &; = Yy _ Lo+ Py InX + Z,Bij InX; . These estimates can also be expressed
olnx, »r
as: &, = A; 8 where f3 is the full vector of the ML estimators of the pareters andi; is a row

vector of the same dimension, which has zero entieerywhere except when corresponding to the

elements of 4 involving 4 and B, The reported standard errors of the elasticities: a
\7(/11/5’)2/1]\7(,[3)&']- : where\?(/?) is the estimated covariance matrix for The sum of the

elasticities of output with respect to the threpuits generates an estimated scale elasticity which
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differentiating the translog production functionthvirespect to capital and labour

factor inputs, as well as time, as follows:

dlnva/dincap= p, + P Incap+ B, Inlab+ S, time+ Z,Bij In X (3.10)
i#]

and

dlnva/dlnlab= g, + S, Inlab+ g, Incap+ S, time (3.11)

and

dlnva/dIntime= B, + B, Inlab+ B, Incap+ S,time (3.12)

Under perfect competition assumption, output etdgtivith respect to input equals to
the cost share of that input, so:

» fkrepresents the average cost share of capital

» S represents the average cost share of labour

= fkk, Pk, Pkt represent constant capital share elasticity veipect to capital

» B, Bk, it represent constant labour share elasticity vesipect to labour, and

» A Bt T represent constant elasticity with respect tatahpabour, and time.
Output elasticities are estimated by substitutifigirgout values at their variable

sample meari& More specifically, as far as the time variablec@cerned, output

indicates the presence of increasing or decreasingns to scale at all output deciles. The elagtaf

scale (returns to scale) is defined ks= z (& (X 1).

% Boisvert (1982) shows that for non-homogeneoustfans such as the translog, the function
coefficient is not invariant with respect to initiaput levels. The function coefficient, is the sum of

J H

the elasticitiesg = Zej = Zﬂj + i Zﬂjh In X
i i

j=1 j=1 h=1
calculated at the mean, from the MLEs and use@&gbfor returns to scale. The function coefficient

may also be expressed as:

&= Zl:zié:ﬂ,é where =3

i1

110



elasticity with respect to time indicates technigedgress. Moreover, as in Becchetti
et al. (2003), since any industry may have in ppieca different production function
we add to the specificatian-1intercept dummies for the industries aggregateateM
specifically, the model is extended in order tolude industry specific effects (by
employing industry composite dummies), so as tarema differences in efficiency
level among different industries. For this reasmur, model is estimated including the

industry — specific composite dummies, as creabedex

m-1
Y, =a,+ Z“i *Ind, + gcap, + Blab, + Btime +v, —u, (3.13)

=1

We therefore estimate the model including the petglof industry dummies, as well
as the first input products with the industry duraspimultiplying the first products by
the industry dummié& However, this solution is not completely satisfag as

industry production functions may also differ irput marginal productivities. We
therefore estimate the model including the crosxlyets of industry dummies, as

well as the first input products with the industitynmies. So the model becomes:

m-1 m-1
Y, =ay+ Y a;*Ind, Y aj* Ind* input+ Scap, + Slab, + Atime, +v, —u,  (3.14)
=1 =

We multiply the first and the cross — products g industry dummies. In order to
allow for industry — specific effects in the comatibn of the output elasticity for
inputs, we have provided for the industry dummmsnteract with the first — order
terms. There are two goals, first to account fdiedent industry production function

(ind; — indy2), and second to account for different marginaliinproductivities (cross

Then ¢ minus unity, is divided by the square root of tbevariance, which is calculated as

V(g)=AV(0)A" in order to give S= &€=

JV(¢)

significantly smaller than unity, then there aremasing returns to scale (DRS) and if significantl

which has a t distribution. If this value is

greater, there are increasing returns to scale)(IRS

% In order to allow for industry — specific effedtsthe computation of the output elasticity for g,

we have provided for the industry dummies to inteweith the first — order terms.
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— products with industry dummies). Tlhed; — indi, dummies actually enter the
equation by multiplyingincap to time by these variables and then entering these
composite dummies to investigate whether factorutepdiffer by industry.
Furthermore, in order to analyze the determinah{gr@ductive efficiency, we relate

the estimated productive efficiency to a numbesxflanatory variablé8

As described in Coelli et al. (2005), the abilitiyaoproducer to convert inputs into
outputs is often influenced by exogenous variabieksich characterize the

environment in which production takes place. Whetoanting for these variables, it
is useful to distinguish between non stochasticabées that are observable at the
time key production decisions are made, and unéeresstochastic variables which

can be regarded as sources of production risk.

Furthermore, one of the underlying objectives is ewamine how efficiency
explanatory performance of the industries has gpagnon the industry’s technical
efficiency. It is therefore important to explore atlhappens to the estimated model in
the presence of efficiency explanatory performadaenmy variables. In order to
analyze the determinants of productive efficiengg,relate the estimated productive
efficiency to a number of explanatory variables #imd is achieved when efficiency
explanatory performance dummy variables are indudethe estimation. Under this
model specification, we estimate different variaip so to investigate alternative

model specifications.

Moreover, as in Becchetti et al. (2003), since mgustry may have in principle a
different production function we add to the speefionm-1 intercept dummies for
the industries aggregated. More specifically thalehas extended in order to include
industry specific effects (by employing industryngoosite dummies), so as to
examine differences in efficiency level among df& industries. For this reason,
our model is estimated including the industry —cdjpe composite dummies. We

therefore estimate the model including the prodott®idustry dummies, as well as

" This topic has been broadly examined in: Kokkirfau(forthcoming) Productive Efficiency: An

Industry Approach through Stochastic Frontiaternational Journal of Economic Research.
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the first input products with the industry dummiagjltiplying the first products by
the industry dummiés The two goals, first to account for different ustry
production functioniid; — ind;2), and second to account for different marginauinp
productivities (theind; — indi; dummies actually enter the equation by multiplying
Incapto timeby these variables). Furthermore, in order toyaeathe determinants of
productive efficiency, we relate the estimated piive efficiency to a number of
explanatory variablé$

Under these model specifications, we estimate ttiéerent model variations, so to

investigate alternative model specificatibhs

1. Time-invariant technical efficiency

2. Time-variant technical efficiency (Battese and @pdl992), with only time as
efficiency explaining variable

3. Time-variant technical efficiency (Battese and @pel995), with alternative

factors as efficiency explaining variables

Time invariant inefficiency models are restrictiggce we would expect industries to
learn from experience and for their technical &fficy levels to change
systematically over time and would expect thesangba to become more noticeable
as time gets larger. For these reasons, we need to impos® structure on the
inefficiency effects and consider time — varyinghteical efficiencies, incorporating
‘learning-by doing’ behaviour (e.g. Pitt and Le®81, Schmidt and Sickles, 1984,

™ In order to allow for industry — specific effedtsthe computation of the output elasticity for g,

we have provided for the industry dummies to inteweith the first — order terms.

2 This topic has been broadly examined in: Kokkimau(forthcoming) Productive Efficiency: An

Industry Approach through Stochastic Frontiaternational Journal of Economic Research.
3 A relevant topic has been broadly examined in: kimu A. (2009f) Stochastic frontier analysis:

empirical evidence on Greek productivity, 4th Heite Observatory PhD Symposium on

Contemporary Greece & Cyprus, LSE, London.
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Kumbhakar, 1987, Battese and Coelli, 1988, Cornvwthmidt and Sickles, 1990,
Kumbhakar, 1990, Lee and Schmidt, 1993, BatteseCaredli, 1992)*.

a. A first method (standard model) for dealing wothservable efficiency explanatory
variables is to allow them to directly influencelypthe stochastic component of the
production frontier (Kumbhakar, Ghosh and McGuckia91):

Yi =X S +Vy — Uy (3.15)
and
u, ~N(z.7,6?) (3.16)

b. A second method (extended model) to accountnfmm-stochastic efficiency
explanatory variables is to incorporate them diyeanto the non-stochastic
component of the production frontier:

Yo =X B+ Zyy +Vy — Uy (3.17)
and
u, ~N(z,7.6?) (3.18)

where z is a vector of efficiency explanatory variablesl aris a vector of unknown

parameters.

To conclude, these two primary model specificatiarensidered are an error
components specification with time-varying efficbees permitted (Battese and
Coelli, 1992), and a model specification in whid¢te tproducer effects are directly

influenced by a number of variables (Battese andllCd995). Furthermore, we

™ This topic has been broadly examined in: Kokkiou2010f) Productive efficiency differentials:
An empirical approach across industriekuropean Network on Industrial Policy Internatibna
Conference (EUNIP), 2010, Spain.
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distinguish between two variable groups used iretteometric analysis, following a
value added approach: a) core input variables, gbpral efficiency determining
variableg®, as explained in the methodology analysis whitlodvs.

3.3. Methodology

In order to take the efficiency determining varebinto consideration, we have to
accommodate them into the stochastic frontier modeére are several methods for
this. One method suggests the efficiency comparisbra producer with those
producers in the sample that have equal or lesseval the efficiency explanatory
variable. In order to be able to apply this methbée, efficiency explanatory variable
should be ordered from the least to the most detriai effect upon efficiency
(categorical variable) (Coelli et al., 1998). Ateahative method can also be used to
include the efficiency explanatory variables, dieato the stochastic frontier model
formulation. The efficiency explanatory variablesyrbe included either as inputs,
outputs or neutral variables and they may be asdumée discretionary (under the
control of the manager) or not (see Coelli et &98, pps. 168-170, for further
discussion). Finally, the two-stage method can fiy@ied. This method involves the
computation of a stochastic frontier problem in fin&t-stage analysis, involving only
the traditional inputs and outputs. In the secdiades analysis the efficiency scores
from the first-stage are regressed upon the effagieexplanatory variables. The sign
of the coefficients of the efficiency explanatomgriables indicate the direction of the
influence, and standard hypothesis tests can be ts@ssess the strength of the
relationship (Coelli et al., 1998). One disadvastafjthe two stage method is that if
the variables used in the first-stage are highlyredated with the second-stage
variables, then the results are likely to be biaded to multicollinearity. Another
disadvantage is that it is only considers radieffiniency and ignores the slaéks

> This topic has been broadly examined in: Kokkifou2010g)Inside to the Productive Efficiency:
Theory and ModelsEuropean Asian Economics, Finance, Econometrick Arcounting Science

Association, 2010, Beijing.

" Despite of these disadvantages, Coelli et al. §L.9@commend the two-stage method in most cases,
because:

(a) It can accommodate more than one variable;
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Analyzing the sign and magnitude of technical cleaisgparametrically accomplished
by including a time indicator in the time varyingomtier model. By linking the
stochastic approach to a time trend specificatienave able to disentangle the effect
of technical change from that of technical efficdgnchange (Kumbhakar 1990,
Battese and Coelli 1992). In the literature a Hiaksutral technical change
specification is differentiated from a non — neubmbiased technical change model

specification.

The latter allows for the specification investigatiof the assumption that technical
change is biased in favor of certain input(s) wébpect to a single output production
framework. By following this non — neutral modelisgecification we consequently
include beside first and second order time relaeethstime and timé® also terms
involving the interactions of the variable inputsdaime. As in Helvoigt and Adams
(2009), the inclusion ofime and time’ in the production function is intended to
measure the rate of neutral technical change treedata.

Likewise, the coefficients on the interaction tertrestween time and each of the
inputs in the frontier production function are imed to measure the rate of biased
technical change. Helvoigt and Adams (2009) alsserasthat,whereas, the time
variable in the frontier production function cagsitechnical change over time (i.e.,
shifting of the production frontier), in the inafiency equation the time variable is
intended to capture inefficiency change (i.e., gesnin the distance from the industry
production frontier). The negative (positive) sign the coefficient of the time
variable in the inefficiency equation indicates tththe distance of the typical

production unit from the technical frontier decredgincreased).

(b) It can accommodate both continuous and categjorariables;

(c) It does not make prior assumptions regardiegrtiuence direction of the categorical variable;

(d) Hypothesis tests may be applied to see if theables have a significant influence upon
efficiencies;

(e) It is simple and therefore transparent.
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Nevertheless, there are other competing specibicati with respect to the
measurement of technical change and total factmymtivity available (Baltagi et al.
1995, Kumbhakar and Heshmati 1996, Kumbhakar e2@00, Baltagi and Rich,
2003, Baltagi et al., 2005, Kumbhakar 2004), wrach based on Baltagi and Griffin
(1988).

Later, Kumbhakar (2004) extended this general ingeecification by adding the
definition of TFP growth as an additional equationbe simultaneously estimated
with the production system. Kumbhakar (2004) exiiiéncluded the square term of
the index o(time?) corresponding to the second order approximativtereaof the

translog production function.

In the parametric specification of technology usmmgduction/cost/profit functions, a
widely used practice has been to use quadratictibmof time trend to represent
technical change. Baltagi and Griffin (1988) hasveh that if a panel data set is
available, we could estimate a time specific patameeferring to the state of
technology (general index of technical change)eiadtof using time trend.

The popularity of time trend model comes from thet that it is adequate in revealing
long-run trends in technical change (which may laeised by economy wide,
industry-specific or producer -specific productpoocess innovations and demand or
supply shocks). In both approaches technical ch@geodeled entirely in terms of
time and they fail to account for determinants ethnological change and
productivity growth. If two producers have the samputs then their technical
change will also be the same. In a general inderdaindeterminants of technical
change are not directly used in the model. Theseised in a second stage regression,
therefore fails to take into account their direct ioteractive effects with the
traditional inputs. In an attempt to remedy the \@bdimitations, our model is
concerned with specification and estimation of techl efficiency.

The results obtained suggest that efficiency lewelslifferent industries were not

always the result of homogeneous influences. Th#ildution in efficiency across
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time is considered, as is the question of whetlffeziency levels were converging

over time.

Thus, our approach undertakes a (one-step) estimatithe stochastic frontier model
in conjunction with the parameters of the variableduded to explain efficiency,

allowing for balanced panel data, as developed atgeBe and Coelli (1993, 1995),
which is the only model allowing for one-step asisy.

The inefficiency effects are defined as a functidrihe producer specific factors (as
in the two-stage approach) but they are then iraratpd directly into the MLE.

Consequently, in this approach, either the meathervariance of the inefficiency
error component is hypothesised to be a functiothefexplanatory variables. More
specifically, the model decomposes TFP growth tato components: technological
growth (essentially, a shift of production possibilfrontier, set by best-practice
enterprises) and inefficiency changes (i.e., deanatof actual output level from the
production possibility frontier). That is, the mbddaccommodates not only
heteroscedasticity but also allows the possibilitat a producer may not always

produce the maximum possible output, given thetsipu

In our model, factors that influence efficiencyluae ICT capital effects, ICT capital
share effects, as well as economy openness, RhsaadcDevelopment stock, and

capital intensity effects. To analyze these effeats assume a standard stochastic

" Bhattacharyya et al. (1997) pointed out that wéeploying regression analysis in the second step to
explain the variation of the efficiency scoressitikely that the included explanatory variabled fo
explain the entire variation in the calculated @éfncies and the unexplained variation mixes with t
regression residuals, adversely affecting statikticference. They propose the use of a stochastic
frontier regression model, which allows for the a®position of the variation of the calculated

efficiencies into a systematic component and agandomponent.

8 However, several studies focus either on industiaracteristics (e.g. Roudaut, 2006), or size &ffec
(e.g. Oczkowski and Sharma, 2005; Sdoderbomand aad, 2004). However, using the stochastic
possibility frontier approach at an industry legales a better understanding of inefficiencies eyimer

from inefficiencies in using factor inputs.
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frontier model in which the distribution of techaicinefficiency may depend on

exogenous variabl&s examining the following alternative variatifis

Table 3.1. Models with alternative variables infilegency effects

Model Efficiency determinants Model

a. Time invariant

none (1]

b. Battese and Coelli (1992)

time [2]
c. Battese and Coelli (1995)

ICT capital [3]
Economy Openness [4]
Capital Intensity [5]
R&D stock [6]
time, ICT capital [7]
time, Economy Openness [8]
time, Capital Intensity [9]
time, R&D stock [10]

¥ Regarding panel data, in contrast to other staithftentier frameworks, the major advantage o$thi
approach is that it does not require anyriori assumption regarding the distribution of efficiency
across decision making units, as in the approattbwied by Stephan et al. (2008) Unlike most
studies, we estimate efficiencies as producer-fpdiied effects as proposed by Schmidt and Skkle
(1984).

8 Empirical evidence shows that accounting for egeneity has substantial impacts on the measured
efficiency levels. The traditional models tend todarestimate the efficiency as the time-invariant
unobserved factors are pushed into the inefficiesmyiponent of the model. However, later models
treat most of the time-invariant factors as unobsgheterogeneity in the producer-specific random o
fixed effect. Greene (2007a) notes that the trigth $omewhere between the two extremes. Farsi et al
(2006) note that the specification of inefficieranyd heterogeneity relies on non-testable assungption
In summary, there is no conclusive evidence in faxfoeither specification leading to the conclusion
that alternative panel data models (the traditioaatl the more recent models accounting for
heterogeneity) can be used to obtain approximaterland upper bounds for producers’ efficiency

scores (Farsi et al., 2006).
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ICT capital and Economy Openness [11]

ICT capital, Economy Openness, and Capital Intgnsit  [12]

time, ICT capital, and Capital Intensity [13]
ICT capital, Economy Openness [14]
Capital Intensity, ICT capital [15]
Economy Openness, R&D Stock [16]

Source: Own elaboration

In Battese and Coelli (1992) time - varying ineffrecy model, a monotonic time
trend is specified to inefficiency term. In Battemsd Coelli (1995) model considers
the possible impact of producer — specific factorghe variances of inefficiency
(heteroskedasticity). The translog production fiemtused in this study follows
Battese and Coelli (1995) stochastic productiomties model by including a time
variable in the deterministic kernel of the stodltagroduction frontier to capture the
effect of technical progress. According to Battasd Coelli (1995), the explanatory
variables can include intercept terms or any vémlin both the frontier and the
model for the inefficiency effects, provided thefiiciency effects are stochastic
According to Coelli et al. (2005) it is convenidot estimation purposes, a problem
with assumingu; are independently distributed. However, for mangustries the
independence assumption is unrealistic — all othieigs being equal, it is expected
that efficient producers to remain reasonably &ffitfrom period to period and it is
suggested that inefficient producers improve tbéiciency levels over time. On the
other hand, time invariant inefficiency models ammewhat restrictive, we would
expect managers to learn from experience and #r thchnical efficiency levels to
change systematically over time and would expeesehchanges to become more
noticeable asimegets larger. For these reasons, we need to ingmrse structure on
the inefficiency effects and consider time - vagyitechnical efficiencies
(incorporating fearning — by doing behaviour). Consequently, the stochastic
production frontier model is extended to allow dat®e modeled over time with time

81 Battese (1998) further notes that the non-nentiadels have important bearing upon the estimation
of the elasticity of the mean output with respectah input variable, which is also an explanatory

variable for the inefficiency effects.
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— invariant technical efficiency (e.g. Pitt and 881, Schmidt and Sickles, 1984,
Kumbhakar, 1987, Battese and Coelli, 1988) or thnearying technical efficiency

(e.g. Cornwell, Schmidt and Sickles, 1990, Kumbhak®90, Lee and Schmidt,

1993, Battese and Coelli, 1982)

The parameters of the stochastic frontier modelthadnefficiency effects model are
estimated using maximum likelihood estimation (MLEyhich is the preferred
estimation technique whenever possible (Coelli, Bad Battese 1998, Battese and

Coelli, 1993§°. The parameters estimated inclygler and ¢ where 1 = (o, /o, )

andazz(af +3) Moreover, the model estimation results provide tjoint

probability density function (pdf) also known asethikelihood function. The
likelihood function expresses the likelihood of ebhsng the sample observations as a
function of the unknown parametefs and ¢°. The maximum likelihood (ML)
estimator of f is obtained by maximizing this function with respeo p**
Specifically, the maximum likelihood estimator cha shown to be consistent and
asymptotically normally distributed with varianceéisat are no larger than the
variances of any other consistent and asymptogicadrmally distributed estimator

(i.e. the ML estimator is asymptotically efficient)

3.3.1. Existence of Technical Efficiency: The paraseter A

A main instrument to measure the inefficiency congu of the model is the

parametet:

8 Coelli et al.(2005) classify different structumsscording to whether they are time — invariantimet
— varying and provide a broad analysis of time variant inefficiency models, as well as time —

varying inefficiency models.
8 According to Battese and Coelli (1995), the exatary variables can include intercept terms or any
variables in both the frontier and the model foe thefficiency effects, provided the inefficiency

effects are stochastic.

8 Thus, in the special case of the classical linegression model with normally distributed errahne

ML estimator forf is identical to the OLS estimator.
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J=u (3.19)

N

The statistical significance of obtained from the ML estimates indicates the
existence of a stochastic frontier function (Schméahd Lin, 1984F. If A is
statistically different from zero, it implies th#te difference between the observed
and the frontier production is dominated by techhimefficiency®. If 1 is not
statistically significant from zero, it implies thany difference in the production is
attributed solely to symmetric random errors. lheotwords, industries operating on
the frontier are accepted to be technically effitieand except for random
disturbances, are receiving maximum output respdosehe combinations of the

inputs used.

In addition to testing hypotheses concerning theabée parameters, stochastic
frontier analysis is interested in testing for #iesence of inefficiency effects (Coelli
et al., 2005). If the model has been estimatedguie method of ML, we can test
such a hypothesis using a simple z — test (becansenstrained ML estimators are

asymptotically normally distributed).

3.3.2. Measurement of Technical Efficiency: The pametery

Technical efficiency can be measured using a vegiaatio parameter denoted jpgs

follows (Battese and Corra, 1977):

y=2u (3.20)

% |f the parameter! is significant, this indicates that the use of frentier production function is

appropriate.
8 The parametef is an indication that the one sided error ternomihates the symmetric error v, so

variation in actual production comes from differeadn industries management practice rather than

random variability.
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wherec? = 6} + o O':(O'uz+0'3)}/2 and0< y <1.

v !

Using the composed error terms of the stochastistier model,y defines the total
variation in output from the frontier level of outpattributed to technical efficienty
indicating the ratio of the unexplained error ahe total error of the regression
(Aigner, Lovell, Schmidt, 1977). The variance paedeny captures the total output
effect of technical efficiency, suggesting the petage (%) of the residual which is
due to inefficiency. Considering the variance pagtary lies on the interval [0,1], if
the estimate is close to 1 and significant, thdidates that most of the total variation
in output is attributable to technical efficiendy.case ofy, there are two alternative

hypotheses tested:

= Under the null hypotheses the inefficiency effeate not presentHp: »=0)
implying that industries are fully efficient. Theoatel is equivalent to the
traditional average response function without teehnical inefficiency effects
term,u (Coelli at el., 1998).

= The alternative hypothesigi{: »>0), implies that inefficiency effects are present

and hencea is included in the estimation.

The parameters of the stochastic frontier modehamly estimated using maximum
likelihood estimation (MLE) and is the preferredtimstion technique whenever
possible (Coelli, Rao and Battese 1998). Using dbmposed error terms of the
stochastic frontier model (1), the total variationoutput from the frontier level of

output attributed to technical efficiency is definay:

=i o) .21

In the truncated and half-normal distribution, th&o of industry specific variability
to total variability, y, is positive and significant, implying that indiystspecific

8" The value of e.g.y = 0.12 implies that 12% of the discrepancies betwiee observed and frontier

values of output is due to technical inefficiencies
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technical efficiency is important in explaining ttogal variability of output produced.
This is done with the calculation of the maximurkelihood estimates for the
parameters of the stochastic frontier model.

3.3.3. Measurement of Technical Efficiency: The LR- test parameter

Before proceeding with the estimation of the SF et®dit is important to ascertain
statistically whether technical inefficiency effecire indeed present in the model.
The model for inefficiency effects can only be estied if the inefficiency effects are
stochastic and have a particular distributionakgmation. Hence, there is growing
interest to test the null hypotheses that the icieficy effects are not stochastic; the
inefficiency effects are not present and the cofits of the variables in the model
for the inefficiency effects are zero. These nujfipdtheses are tested through
imposing restrictions on the model and using usheg generalized likelihood ratio
statistic (LR - test) to determine the significaeeeh of the restrictions (Greene, 2003
a,b, Coelli, 1998).

A series of formal hypothesis tests are conduatedetermine the distribution of the
random variables associated with the existenceecofinical inefficiency and the
residual error term. These are tested through impagstrictions on the model and
using the generalized likelihood-ratio statisticdetermine the significance of the

restriction.

The generalized likelihood ratio statistic (LR stjeis given b§?:

LR—test=—2{In[L(H,)]-In[L(H)]} = —2In{%} (3.22)

8 vVarious tests of null hypotheses for the paramseierthe frontier production functions and in the

inefficiency models are performed using the gersadllikelihood-ratio test statistic.

124



where In[L(H,)]and In[L(H,)]are the values of the log-likelihood function ftret

frontier model under the null and alternative hyygsies. The LR - test indicates the
ratio of standard deviation attributable to ine#ficy relative to the standard
deviation due to random noise. A straightforwarglication of LR - test>0 is that
either o” goes to zero ots? goes to infinity. Hence, no inefficiency existsdaall
deviations are due to random noise. Likewise, fBr-Ltest—>o we note that either
o> — or 67 —0, which implies that all deviation are explained ibgfficiency.
Then, inefficiency is deterministic and resemblggpraaches excluding random
nois€®, such as DEA (Koetter, 2006).

The LR - test statistic is non-negative, and fokow?’ distribution under the null

hypothesis, where denotes the number of restrictions. However, & thull
hypothesis is true, the LR - test has approximathly— square (or mixed square)
distribution with degrees of freedom equal to tlifeecknce between the parameters
estimated under Hand H, respectively. If the null hypothesis involves0, namely
the inefficiency effects are absent from the modsispecified by the null hypothesis
Ho: =&%=4=0, then LR - test is approximately distributed adoog to a mixed chi-
square distribution witlit+1 degrees of freedom, the number of degrees of dreed
given by the number of restrictions imposed (Cp&li95) because=0 is a value on
the boundary of the parameter spaceyfadere the log-likelihood ratio of the half-
normal model is that of the null hypothesis, whiie log-likelihood ratio of truncated
normal model is that of the alternative hypothekighis case, critical values for the
generalized likelihood-ratio test are obtained fibable 1 of Kodde and Palm (1986).

3.4. Hypothesis Testing

To test the general hypotheses that inefficientgces are either absent or present, or
have a simpler distribution than we have assumeduse one — sided generalized

likelihood — ratio tests. Results from these t@stsvide evidence to reject/accept the

8 An insignificant estimate of LR - test means thatinefficiency prevails and all of the error isedio

random noise and specification of a stochasticti@omodel is inappropriate.
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hypotheses: that inefficiency effects are absdrat, observed inefficiencies have no
random component and that the efficiency explagatqsocioeconomic)
characteristics of industries are not jointly sfg@int in explaining observed patterns
of inefficiency. If we reject, it means that inefencies are present, that these
inefficiencies have a stochastic component, antlittteanon — stochastic component
of these inefficiencies is systematically related dertain characteristics of the
observed industries. We also estimate the infoonatriteria for each estimated
model, namely, the Akaike information criteriongtBayesian Schwarz information
criterion and the Hannan — Quinn criterion (mod#kstion criteria). These criteria
attempt to answer the question regrading the dveradlel fit. The criteria differ in
how each of these aspects is measured and weighted.
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~2InL(M ) +2k
- .

The Akaike information criterion (AIC) is estimatad:

The Bayesian Schwarz information criterion (BIC) igstimated as:

~2InL(M ) +In(nk
. .

The Hannan - Quinn criterion (HQIC) is estimated : as

HOIC = n|n(RTSSj + 2kInIn(n),

wherek is the number of parameters amis the sample siZ& Information criteria
are often used as a guide in model selection (A@masa 1989). Information criteria
are often used as a guide in model selection. Biemof aninformation criterionis
to provide a metric that strikes a balance betwgmrdness of fit and a small number
of parameters. The most accurate models in stdchesttier estimation present the

lowest value of each of these criteria (i.e. mizienihe criteria).

As far as the inefficiency effects presence, ims testimation, we use the -

parameterization of Aigner, Lovell and Schmidt (IQH,:1=0 andH,: 41> 0.

The test statistic is:z=%,N(0,l) , where 1 is the ML estimator of. and
S

sg1)is the estimator for its standard error.

The statistical significance ok obtained from the ML estimates indicates the
existence of a stochastic frontier function (Schraiad Lin, 1984). IfA is statistically
different from zero, it implies that the differenbetween the observed and the
frontier production is dominated by technical im@éncy. If L is not statistically

significant from zero, this implies that any dié@ce in the production is attributed

% In general, the more variables included in thergssjon, the smaller will be thRSS But if a

variable only contributes marginally to the redontof theRSSit should not be included.
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solely to symmetric random errors. In other woridslustries are operating on the
frontier, are technically efficient and except fiandom disturbances, are receiving
maximum output response for the combinations obti&dle of inputs used.

The ratio of industry specific variability to totahriability, y, shows the degree in
which industry specific technical efficiency is ionpant in explaining the total
variability of output produced. The value ¢f estimates the percentage of the
discrepancies between the observed and the maxinomtrer values of output is due
to the shortfall of realized output from the framtis primarily due to factors that are
within the control of the industry. In other worganeasures total variations in output

from the frontier attributable to technical effioi/™.

One can also test whether any form of stochasbatigr production function is

required at all by testing the significance of thearametef? If the null hypothesis,
that ¥ equals zero, is accepted, this would indicate #taiis zero and hence that the

Ui term should be removed from the model, leavingeciication with parameters

that can be consistently estimated using ordireagtlsquares.

3.5. Concluding Remarks

The objective of this chapter is to estimate theanScendental Logarithmic
Production Function of manufacturing industries selected E.U. economies,
considering a panel data model for inefficiencyeef§ in stochastic production
frontiers based on the Battese and Coelli (199351 9nodels, providing translog
effects, as well as industry effects.

1 One can also test whether any form of stochastiatier production function is required at all by

testing the significance of theparametef® If the null hypothesis, thatequals zero, is accepted, this
would indicate thabf is zero and hence that thig term should be removed from the model, leaving

a specification with parameters that can be caarsiilst estimated using ordinary least squares.

9t should be noted that any likelihood ratio testistic involving a null hypothesis which includi
restriction thaty is zero does not have a chi-square distributiczabge the restriction defines a point
on the boundary of the parameter space. In thie tlae likelihood ratio statistic has been shown to

have a mixed chi-square distribution. For moreghis point see Lee (1993).
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More specifically, this chapter estimates stoclegssirametric frontiers for which the
producer effects are first an exponential functdrime, followed by the estimation
of producer effects as an exponential functiorimoétand related exogenous variables
(efficiency explanatory factors). The model decosgsotechnical efficiency into two
components: technological growth (essentially, &t sbf production possibility
frontier, set by best-practice industries) and finefncy changes (i.e., deviations of
actual output level from the production possibilitpntier). The estimated model
accommodates not only heteroscedasticity but alova the possibility that an
industry may not always produce the maximum possditput, given the inputs

available.

Our analysis presents different alternative motteisechnical efficiency estimations,
as well as their empirical results. The alternativedels are being compared
according to their results regarding the evolutidrtechnical change during 1980 -
2005, the estimation of technical efficiency, adlwas the distribution of technical
efficiency. The chapter begins with a descriptidthe model specifications, the data
set, and the definition of the variables, alonchwiteir descriptive statistics. Then the
empirical model is formed with estimation results different alternative model
specifications, providing the industry -level esties of technical efficiency using the
time-varying inefficiency model within a composgaeor framework. Further, factors
that determine variations of technical efficieneg astablished and a comparison of
technical efficiency is made, both before and aftercounting for different
explanatory variables in the inefficiency term. §lmcludes reporting the estimated
technical efficiency of an industry, the discussafrtauses of variations in efficiency

explanatory efficiency and discussion of the caoddl efficiency.

More specifically the model is extended in ordeirtdude industry specific effects

(by employing industry composite dummies), so asekamine differences in

efficiency level among different industries. Forstimeason, our model is estimated
including the industry — specific composite dummi&ke results include reporting
the estimated technical efficiency and the relagulanatory variables.
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Chapter 4

Stochastic Frontier Models: Industrial Context

Abstract

In stochastic frontier model analysis it is acknedged that the estimation of production functions
must respect the fact that actual production caeroeed maximum possible production given input
guantities. Consequently, one of the main questimngo investigate the relationship between
inefficiency and a number of factors which are lijkeo be determinants, and measure the extent to
which they contribute to the presence of inefficignOverall, these determining factors characterize
the process of technological change. Stochastittiiio models assume that producers operate under
the same production technology and that the irieffity distribution across individuals and time are
homogeneous. Estimation of technical efficiency basn the subject of research in many empirical
studies on industrial productivity, contributingttee theoretical development and empirical appboat

of SFA at both the firm and industry levels, wittetpurpose of screening out the external effeats an
statistical noise from the producer’'s performannd achieving a more accurate efficiency measure
(Wang, 2000). Following these fundamental approsctieere has been a rapid increase in the volume
of research on analysis of efficiency in productibath in theoretical and empirical research. Mifst
the literature focused mainly on stochastic frantiodel with distributional assumptions by which
efficiency effects can be separated from stochaslznent in the model and for this reason a
distributional assumption has to be made. Unobsésviadividual effects also play an important role
in the estimation of panel stochastic frontier miedén contrast to the conventional panel data
literature, however, studies using stochastic fesntmodels often interpret individual effects as
inefficiency (Schmidt and Sickles, 1984), such ashnical inefficiency in a stochastic production

frontier model.

Chapter 4 focuses on reviewing the stochastic iEonanalysis literature regarding estimating
inefficiency it industrial level, as well as explaig producer heterogeneity along with the relatiops

with productive efficiency level. The chapter begiwith a general overview of the main research
papers on estimating productive efficiency in diéf& industries, both in aggregate and disaggregate
level, providing the main hypotheses and resultsea¢h case. Then, the chapter continues with
explaining producer heterogeneity, as well as thainndetermining factors towards efficiency

differentiations.

Moreover, this chapter analyses the institutiorahtext of the thesis, which lies within European
industry and science and technology, where an itapbifocus of policy and research interest has a
significant role of innovation creation and diffasiand trade openness. Since all of these issees ar

important for the thesis, this chapter discussesirhktitutional context regarding the thesis resear
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More specifically, this chapter also presents @udision of the environment, institutions and policy
issues, to adequately place the thesis researdicatmm within this institutional context, focugjron
the institutional setting, namely European coustréad industries, as well as literature relating to

innovation and industrial policy and practice inr&ean Union.

This chapter also provides an overview of the deainovation policies that are implemented at
European level, highlighting, where possible, tbarections between these policies and productive
efficiency. More specifically, Chapter 4 describthe main kinds of policy interventions that are
implemented, providing at the same time some usdérhents in order to understand the assumptions
and theories which underpin them. This chapter pfesents a brief survey of the choices concerning
industrial and innovation policy regarding techhicefficiency enhancement, describing the
instruments, the actors involved in their prepargtithe actions undertaken — both those explicitly
identified as ‘industrial’ and ‘innovation policdnd those that, although promoted in the context of

other policies, affect the same channels or pusgugar aims.
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4.1. Introduction

As analysed in the previous two chapters, in thaddrd stochastic frontier model it
is acknowledged that the estimation of productiomcfions must respect the fact that
actual production cannot exceed maximum possilddymtion given input quantities.
The central question of the efficiency methodol@gthe following: first one has to fit
the data to a specific frontier and from it compute producer’'s efficiency
measurements comparing the observed values withpaum values defined by the
estimated frontier. A question of interest is wleetimefficiency occurs randomly
across producers, or whether some producers hasdicfably higher levels of
inefficiency than others. If the occurrence of fr@éncy is not totally random, then it
should be possible to identify factors that conit@to the existence of inefficiency
(Reifschneider and Stevenson, 1991). The impottakt is to relate inefficiency to a
number of factors that are likely to be determisaanhd measure the extent to which

they contribute to the presence of inefficiency.

Estimation of technical efficiency has been thejexttiof research in many empirical
studies on industrial productivity (Hesmati and Kalrakar, 2010). Aigner, Lovell,
and Schmidt (1977), Battese and Coelli (1992, 1986glli (1995), Kumbhakar and
Lovell (2000), and Ahn, Lee, and Schmidt (2001) tdbated to the theoretical
development and empirical application of SFA athbtite producer and industry
levels. Moreover, Fried, Schmidt, and Yaisawarr@9@) and Fried, Lovell, Schmidt,
and Yaisawarng (2002) have proposed various metheldgh involve the use of
SFA for the purpose of screening out the exterfiates and statistical noise from the
producer’s performance and achieving a more acewticiency measure (Wang,
2000). Following these foundamental approachesethas been a rapid increase in
the volume of research on analysis of efficiencprioduction, both in theoretical and

empirical research.
Empirical attention to production functions at aatjgregated level is a literature that

began to emerge in the 1960s, i.e. Hildebrand aind (1965) and Zellner and

Revankar (1969). Since early, stochastic frontiedpction analysis was employed
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by researchers in order to estimate industry awmdlymer efficiency and stochastic
frontier models have been applied and modifiechotustrial research (e.g. Bagi and
Huang, 1983; Battese and Corra, 1977; Kaliraja®119yler and Lung-Fei (1979);
Waldman, 1984; Fare et al., 1985; Kirkley et 8995; Coelli et al., 1998). Cornwell
et al. (1990) and Kumbhakar (1991) were among its¢ fo propose a stochastic
production frontier model with time varying techalieefficiency. Stochastic frontier
approach has found wide acceptance within the tndusettings (Battese and Coelli,
1992; Coelli and Battese, 1996), because of thaisistency with theory, versatility
and relative ease of estimation and there have beererous studies of the frontiers
literature including Fgrsund et al. (1980), Gre€h893, 1997), Bauer (1994b),
Battese (1992), Schmidt (1985), Cornwell and Schrfli@96), Kalirajan and Shand
(1999), Murillo-Zamurano (2004), Baten et al. (2p@@umbhakar and Lovell (2000),
Coelli, Rao and Battese (1998) and Fried et al0820

Most of the literature focused mainly on stochastotier model with distributional
assumptions by which efficiency effects can be s#pd from stochastic element in
the model and for this reason a distributional agstion has to be made (Bauer 1990
a,b), i.e.: exponential distribution (Meeusen and \@en Broeck 1977); normal
distribution truncated at zero (Aigner, Lovell asthmidt 1977); a half-normal
distribution truncated at zero (Jondrow et EH82) and two-parameter Gamma or
Normal distribution (Greene 1990). However, these aomputationally more
complex, there are no priori reasons for choosing distributional form over the

other, and all have advantages and disadvantagedlii@ao and Battese 1998).

This chapter focuses on reviewing the stochasbictier analysis literature regarding
estimating inefficiency it industrial level, as Wwa explaining producer heterogeneity
along with the relationships with productive eféiocy level. The chapter begins with
a general overview of the main research papersoma&ting productive efficiency in
different industries, providing the main hypotheagd results of each case. Then, the
chapter continues with explaining producer hetemegg, as well as the main

deterring factors.
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4.2. Heterogeneity and Aggregation

The empirical methods of frontier and non-frontigroduction functions were
primarily developed to be used for analyses ofcedfficy mainly across different
producers, and not across industries and countisg®y aggregate data. Such an
aggregation across industries and countries magtecignificant problems because
of heterogeneity within the industry or the countfgr example, while the production
technology can perhaps be assumed to be similar avgiven industry, this is not the
case when data for different regions, and partibuladustries, are pooled. What it is
important is to acknowledge the potential problemhsch it generates and attempt to
address these through the empirical methiods amdework. Recent contributions
include Eberhardt and Teal (2011) and Oh (2012)p wiemonstrate the serious
implications of such aggregation for estimationhbot the frontier and efficiency.
Empirical estimation should take into considerattbat there is likely to be some
form of aggregation bias. As also becomes appdremt the analysis by Oh (2012),
if SFA approach is used for the same industries emghtries, but in one case
aggregate industry-level data is used, and in &ndittm-level data is used, the results
will be different. This is meant to show the immaof aggregation bias, on the basis,
that firm-level data adds up to the industry-lev®it smooths out firm-level

heterogeneity.

Eberhardt and Teal (2011) present two general érapiframeworks for cross-

country growth and productivity analysis and dent@te that they encompass the
various approaches in the growth empirics liteeatwf the past two decades.
Eberhardt and Teal (2011) argue that there arardauof important reasons why the
standard cross-country growth regression framewoekds to be reconsidered.
Intuitively, the heterogeneity in production teclogy could be taken to mean that
countries can choose an appropriate productiomtdoby from a menu of feasible

options. Further, the cross-country heterogeneityRP relates to differences both in
the underlying processes that make up TFP andeinntipact of those processes on

output.
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4.3. Estimating Efficiency at industrial aggregatdevel

Estimation of technical efficiency has been thejexttiof research in many empirical
studies on industrial productivity, contributing the theoretical development and
empirical application of SFA at industry levelstlwthe purpose of screening out the
external effects and statistical noise from thedpoer's performance and achieving a
more accurate efficiency measure. Empirical litgnatbased on aggregate data, uses
empirical models that are very similar to the warkhis thesis, and are concerned
with efficiency measurement for countries or regiam the European Union. Since
the specific context of this thesis is on aggregateluction functions and efficiency
of industries/countries, relevant literature is tthef western economies using
aggregate rather than firm-level data, drawingregfee to a recent literature that has
spawned from Kumar and Russell (2002) using DEA leneller and Stevens (2006)
using SFA. Other recent empirical contributionsdaben aggregate cross-country or
cross-region data include: Koop (2001), Angerialet(2006), Halkos and Tzeremes
(2009), Ezcurra et al. (2009) and Bos et al. (2000)st of which focus on EU
regions and countries. In addition, there are stfliased on aggregate data focusing
on specific EU countries: the UK (Driffield and Mdmy, 2001), Spain (Alvarez,
2007; Puig-Junoy and Pinilla, 2008) and DenmarkatBitharjee et al., 2009). All of
these articles are based on aggregate data, usecammodels that are very similar
to the work in this thesis, and are concerned wetficiency measurement for
countries in the EU. This chapter, exploring theotty of Stochastic Production
Frontiers, especially discusses thoroughly therditee on aggregate data and
efficiency measurement for countries, drawing lirtkks the theory used in later
chapters to discuss how the results in the thesisnaw or different, and thereby

highlight where the contribution of the thesis yrliés.

.The process of output growth-either within courstrier within industries within
countries is still imperfectly understood. Standambnomic models imply that the
level of output by an economic entity should depenky on the inputs used. The new
growth theory literature has emphasized factorsh sag technological spillovers,
increasing returns, learning by doing, and unoleskmwputs (e.g., human capital),
whereas the empirical industrial organization &tare (e.g., Caves and Barton 1990)
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has emphasized the degree of openness of coutttrilegports and industry structure.

Another aspect of efficiency measurement literafaoeises on estimating productive
efficiency at aggregate data level. Since thisishéscuses on aggregate data level,
this literature is rather important, both for esdtrans using Data Envelopment

Analysis (DEA) and Stochastic Frontier Analysis ASF

An enormous body of research has attempted to iexgplay some countries or
industries produce more with their inputs than dieecs. The empirical economic
growth literature [Levine and Renelt (1992), andsBen and Tabellini (1994)]
typically carried out cross-country regressionst thiempt to explain economic
growth using different sets of explanatory varigbleoth usimg DEA and SFA

analysis.

The seminal paper that applied DEA to the aggreged@omy was Fare et al. (1994).
Fare et al. (1994) use data envelopment analy$t\][o examine country-specific
inefficiency in a subset of the OECD countries.this paper, the aforementioned
decomposition into the two components, noted abigvesed to examine productivity
growth in 17 Organization of Economic Cooperatiamd eDevelopment (OECD)
countries in the post-war period. What is more,eFét al. (1994) first applied
production-frontier methods to empirical internaabeconomic growth.

Koop, Osiewalski, and Steel (1999) carry out a lsinefficiency analysis. However,
neither article includes data on different indestrwithin a country, and thus they are
unable to approach the issues raised by this artalrthermore, these articles assume
a common world production frontier for real GDPvé&h the large differences in the
composition of GDP across countries, this assumptis at best a crude
approximation. Caves and Barton (1990) use indasulata for manufacturing
industries within the United States, but do nobwalfor ties between industries or for
cross-country comparisons. Bernard and Jones (1e86)ndustrial data for OECD
countries that are similar to those used in thésith The focus of Bernard and Jones
(1996) article is on convergence of productivitgldinis worth noting that the authors
find striking differences across industries. Theuasption of a common frontier is, in
principle, testable (Durlauf and Johnson, 1995} ddven the paucity of data and the
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flexible specification adopted, such tests wouldehbttle power in the present case.
From an economic point of view, the frontier isatatinistic. However, factors such
as measurement error exist and hence add an emortd the model. The addition of
this error term makes the frontier stochastic, #redlatter terminology is adopted to
distinguish such models from those which assume rtteasurement error does not

exist.

Empirical contributions based on aggregate crossHty or cross-region data, most
of which focus on EU regions and countries, inclik@op (2001) who relates to
aggregate production functions and efficiency afusstries/ countries. Koop (2001)
uses data from 11 countries for 19 years to ingatdi the forces driving output
change in 6 manufacturing industries. A flexibledebis adopted that allows for the
decomposition of output changes into three typeshahge: technical, efficiency, and

input. This framework allows, among other things,the investigation of:

= the relative roles of the three components of dugpowth in each industry,
= the manner in which efficiency change moves ovetttsiness cycle, and

= potential technical spillovers from one industryatwther.

The use of industrial data implies that Koop (20&icle has a different focus. Koop
(2001) develops a modeling strategy and presengsrieal evidence that sheds light
on some of the points raised in both these liteegtuA structural methodology is
adopted that allows for the decomposition of outghange into efficiency, technical,
and input change using data on 6 manufacturingsinigs for 11 OECD countries.
All these countries reasonably can be assumedvie &ecess to the same technology
in each industry, so for each industry, each cqucén be thought of as fac-ing the
same production frontier. Koop (2001) considersaaleh that assumes independence
across industries, but the general modeling styatadvocated allows for the
possibility that production frontiers in the 6 irgies move together. For the latter
case, the degree to which technical change in ndastry spills over to another
industry can be measured. Data from 1970-1988\aéable and examine patterns of

efficiency change and technical change over time.
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Koop (2001) aims to shed light on issues such awergence and catch up and
answer important questions such as, "What is dyiaatput growth in an industry?"
"What happens to efficiency over the business &clés openness to trade an
important factor in forcing economic efficiencyEmpirical results indicate: (1) non
constant returns to scale seem to be presenté2nairginal product of capital tends
to be lower than the marginal product of labor,t€hnological change involves the
marginal products of capital and labor changingrotmme, and (4) the various
industries exhibit completely different productitechnologies. With regard to the
decomposition, on average, positive technical chaegound to play a key role in
explaining output growth in all industries. Negatimput change plays an important
part in the stagnation of textiles and metals itdes On average, efficiency change
has little role to play. However, these cross-couawverages hide many interesting

special cases that are discussed in detail.

Koop (2001) article begins with a stochastic prduunc frontier model where
industrial output Y is a function of capital K atabor L and then seeks to determine
what insights can be gained through the use offdastatistical techniques. In
statistical terms, interest in this article centers the conditional distribution of
industrial Y given K and L, and economic theory dgs the construction of the
distribution. In other words, Koop (2001) imposesmomic regularity conditions and
assume inefficiency to have a one-sided distriloutibhe decomposition of output
growth into components due to input, technical, afftciency growth provides a
convenient way of thinking about model extensiof®r any new possible
explanatory variable, one can ask whether it shaiffiect: (1) the input component
and thus should enter as an input, (2) the techalmnge component and thus should
affect the frontier parameters directly, or (3) #ficiency component, in which case
it should enter the efficiency distribution. Thippaoach is in contrast to the cross-
sectional regression articles that consider a rdyofapossible additional explanatory
variables. Statistically, this translates into ddestion of the distribution of Y
conditional on K, L, and many other variables. He®re the investigation of such a
complicated distribution typically involves selenty only a few out of a potentially
enormous number of conditioning variables. Giver testrictiveness of such a

statistical model and the lack of robustness irs&@untry growth regressions (see
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Levine and Renelt 1992), Koop (2001) argues thaptiesent approach is, at the very
least, a reasonable alternative. It is worth notimgt the present approach can be
thought of as using economic theory to move one st®ay from reduced-form
regression approaches. The existence of a bestigeratechnology that is non
decreasing in inputs is the only economic theorgdussome theories of industrial
organization (see Caves and Barton 1990), for el@mmply that increased
openness to imports should increase efficiencyninnaustry. This means that the
openness variable should enter the efficiency idigion and not the production

frontier itself.

However, much of the empirical economic growthrétare assumes constant returns
to scale. For instance, the growth accountingditee typically imposes constant
returns to scale and sets the marginal productsbmr and capital equal to their
shares in total income (Barro and Sala-1-Martir93)9 Econometric approaches with
constant returns to scale (Romer, 1994) also eXisaugh summary of the findings
of both these approaches is that they impose aunstéurns to scale and find the
marginal product of capital to be around 0.4, astdor the OECD countries (Barro
and Sala-I-Martin, 1995). Furthermore, Koop, Osiekia and Steel (1999, 2000),
using different data sets and models, find resthitéd are consistent with those of
Koop (2001).

Koop (2001) is related to the growth accountingréiture (Maddison 1987), which
decomposes output growth into two parts: one empthiby input changes and the
other the unexplained residual, or "technical cleah@rowth accounting techniques
have been used in a wide variety of empirical stsidand many of these articles have
increased the understanding of economic growth. évew the interpretation of the
unexplained residual as technical change is unnads® unless it is assumed that all
industries in all countries are producing on tHeantiers. In contrast, by making
some reasonable assumptions, the model of thideadtiiows me to give a structural
interpretation to the unexplained residual. KooPOL) interprets this residual as a
combination of inefficiency and measurement erfi@chnical change is associated

with the movement of the best-practice productiontier.
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To conclude, Koop (2001) article is intended to e empirical study of
manufacturing output growth in OECD countries. Hoere it is also intended to
develop and motivate new models and econometriontques for working with
industrial data. However, it is relevant to digrdstefly to discuss more general

modeling issues that might be relevant in othea dats.

Koop (2001) explores the driving forces of outpubwgth in six manufacturing
industries during the 1970s and 1980s, while Knelled Stevens (2006) investigate
the sources of inefficiency in nine industries owke same period. With the
exception of Koop (2001), who estimates six framsti®r six industries, these studies
all benchmark industries (countries) against a comproduction frontier. However,
it may well be the case that not all industriesrslaasingle common frontier. Recent
theoretical and empirical contributions (Basu aneil\\1998; Los and Timmer, 2005)
have stressed the ‘appropriateness’ of technolsgypdustries (countries) choose the
best technology available to them, given their tnmix. Industries are members of
the same technology club if their marginal produtti of labor and capital (the
technology parameters that characterize the effiggeoduction frontier) are the same
for a given level of inputs. In other words, theiput/output combinations can be
described by the same production frontier (Jon@952 With the exception of a
handful of studies that accommodate these techyatbdps, therefore, allowing for
parameter heterogeneity when estimating frontier conventional production

functions, the empirical (frontier) literature Hasgely ignored this issue.

Bos et al. (2010) investigate the forces drivingtpati growth in a panel of
manufacturing industries over the period 1980-1%®3levant past studies typically
assume that: (i) industries use resources effigiemtd (i) the underlying production
technology is the same for all industries. Techibange is a crucial component for
growth for industries, while input (capital, in paular) growth plays an important
role. Policy makers generally agree that higher R&i2nding is desirable and are
willing to subsidize and/or give tax credits to ustties that engage in R&D.
According to results, the effects of an increas&DFReffort depend on the allocation
of R&D tax credits/subsidies. Bos et al. (20103odind some evidence of a positive

relationship between R&D and efficiency. Theref@ereliminary conclusion can be
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that increasing the R&D effort facilitates the atmimn of existing technologies.

However, increases in R&D effort do not always leéathcreased technical growth.

Bos et al. (2010) allow for different productiorci@ologies, differing from past
attempts, which mainly relied on ex ante divisitmglassify industries into different
technology clubs, by endogenizing the technologip chllocation, augmenting the
stochastic frontier production model with a latefdss structure. A logit model is
used to condition group membership probabilitieseminological effort as measured
by R&D. As a result, technology parameters depanthe effect of the technological
effort on club membership probabilities. Productfonction parameters differ across
clubs and are estimated simultaneously with merhgerprobabilities. Based on
club-specific production parameters, Bos et al.1@0dentify technical, efficiency
and input growth for endogenously determined teldgyoclubs, introducing further
flexibility to the model by permitting industries switch between technology clubs
overtime. The efficiency of industries in differetéchnology clubs is estimated
simultaneously, but relative to each club’s speciffontier. Thus, the latent class
stochastic frontier model avoids the imposed assiompmpf a common production
function for all industries, while still yieldingesults that are comparable across

industries at a given point in time.

Kumar and Russell (2002) suggest that economic tfrogonvergence can be
considered as the movements of countries towardodwproduction frontier. In
Kumar and Russell (2002palysis, the world production frontier is constedacusing
deterministic methods requiring no specification fanctional form for the
technology, nor any assumption about market stractu the absence of market
imperfections. Then, using DEA analysis, they amalthe evolution of the cross-
country distribution of labor productivity, decongmeg labor-productivity growth.
More specifically, Kumar and Russell (2002) useddpiction-frontier methods to
analyze the evolution of the distribution of labgroductivity in terms of
decomposition into three components; technologibainge, technological catch-up,
and capital accumulation. Labour-productivity grbwtis decomposed into
technological change, technical efficiency changeé a capital accumulation effect,

and then they analyse the contribution of thesepmomants to convergence.
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This approach originally employed by Kumar and RUs42002) enables
decomposing the growth of labor productivity growtiito some components to
empirically analyze economic growth, namely intGcgncy change, technological

change and capital deepening (Yamamura and In\&9y,):

= technological catch-up (movements toward or awagmfrthe frontier):
technological catch-up does not seem to have befenca for convergence as
relatively rich as well as poor countries have Ifiged from catch-up.

= technological change (shifts in the world productifsontier): Technological
change has not been neutral, apparently benefithgcountries more than poor.

= capital accumulation (movement along the frontidt):is primarily capital
deepening, as opposed to technological changetdn-o@, that has contributed

the most to both growth and bipolar internatiorisécyence of economies.

Kumar and Russell (2002) conducted not only regrasanalysis but also distribution
hypothesis tests for examining the relative contidn of components of productivity
changes to changes in the distribution of labordpetivity. Through regression
analysis, they examined how the initial output merker has an effect upon these
components. By using Penn World data, Kumar ands&u$2002) decomposed
labor-productivity growth into the three componemds construct a cross section
dataset. They conduct a very simple regression modehich independent variables
are the output per worker in 1965 and the dependanables are the percentage
change between 1965 and 1990 in output per wot&ehnology change, efficiency
index, and the capital accumulation index. In smfetheir long term analysis
covering over 25-year period, the analysis of Kuenad Russell (2002) conducted a
very simple regression model devoid of internatiotimme specific, countries’
specific, and any socioeconomic variables. Sineddhk of these variables results in
the omission of variable bias, they are generaliljiuded or controlled for in the
micro economic analysis to reduce the bias. Kumad &ussell (2002) also
recognized that there are caveats; potentially niapt variables (e.g., human capital
and natural resources) are omitted, and long-rualyais has not taken short-run

economic fluctuations into account. Kumar and Rilis€2002) concluded that
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technological change is decidedly non neutral dmat both growth and bipolar
international divergence are driven primarily bypital deepening. However, the
major contribution of Kumar and Russell (2002) whzat they built a bridge between
the two streams of literature: macroeconomic coyerece and technology frontier
estimation. One of the main conclusions of thaidgtwas that: It is primarily capital
deepening, as opposed to technological catch-aphts contributed the most to both
growth and bipolar international divergence of ewoies”.

A major drawback of the Kumar and Russell (2002)knis that the results of their
estimations are biased because they omitted coapagific variables such as human
capital, natural resources and the year specifi@bi@s capturing international time
trends. The empirical results through a fixed @éff@egression model show that the
initial level of productivity has a negative effemt the contribution of efficiency to
productivity growth, which implies that technologiccatch-up has done much to
cause economic convergence among countries. Mareavey ignored the
unobservable individual or time effects and did p&y attention to the possibility that
their estimators suffered from an omission biastHear, Badunenkoy and Zelenyukz
(2004) found that, if year dummy variables are rpooated, the relation between the
initial level of productivity and the change in dapaccumulation is not negative but
positive. These results are contrary to the asseaf Kumar and Russell (2002).

Using data envelopment analysis, Angeriz et al0§2@alculate indices of total factor
productivity (TFP), efficiency and technological acige for the manufacturing
industries of 68 European NUTS1 regions over tleeiod 1986-2002. They

subsequently examine these indices using explgrafmtial data analysis techniques,
before considering tendencies towards convergencéoth TFP and technical
efficiency levels. While the analysis reveals digant spatial autocorrelation, the
convergence analysis uncovers no tendency for megnath initially lower TFP to

% During the period Kumar and Russell (20G2jidied, between 1965 to 1990, fast growing coesitr

(e.g. Asian Tigers) which have undergone heavy tahmccumulation (Mankiw et al., 1992).

Noteworthy, the effect of computers on economioaghoduring that time was found to be negligible,
but quite considerable during the 90's (Brynjolfsand Hitt, 2000).
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catch up with regions with initially higher TFP. Wever, convergence is found in

levels of technical efficiency, although towardektively lower average level.

Stochastic frontier studies often employ aggregate tb analyse the productivity and
technical efficiency of region#ccording to Oh (2012)a stochastic frontier model is
run on plant-level data and region-level aggreghitta. Comparisons of estimated
coefficients and characteristics of regional praducbased on estimation outcomes
suggest that an empirical model employing regidena! data can provide misleading

results concerning the production function facedbgpresentative plant in a region.

Stochastic Frontier Analysis (SFA) is in most oé thterature based on the micro
concept of production function representing the imaxn output attainable at a given
guantity of inputs for a representative plant. Tinplies that the use of plant-level
data instead of aggregate data can be adequatesvdovempirical studies assessing
aggregate production function often employ aggeegdata to track changes in
productivity and efficiency of the macro unit. SBAthe regional production function

employing regional statistics of income and prodactounts, aiming at analysing
productivity growth at the regional level, can bamples of this (Beeson and Husted,
1989; Chandra, 2002). Researchers were conceraedrtiploying an inadequate data
set can introduce a potentially serious problemaggregation bias. Figueiredo et al.
(2009) investigated the relation between localoratiand establishment size in
Portugal with a random utility model and reportécttthe estimated coefficients
using aggregate data were significantly differeatrf those using plant-level data. In
an attempt to bridge the micro and macro approatthédomanian regional output
growth, Altomonte and Colantone (2008) found thggragations across industries
(e.g. within a region) were problematic. More sfieally, the existence of

aggregation bias has been reported in SFA. For pbeanPuig-Junoy (2001)

empirically measured the size of the contributioh public capital to private

performance and found that results varied acrogsdeof aggregation. The existing
literature provides possible explanations for haygragation bias can occur in non
micro level SFA: a production model is susceptitieaggregation bias when the
estimation model is specified by a loglinear fuoctiand correlations between log-

inputs are not ignorable (Lewbel, 1992), and/or gimal rates of substitution and
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marginal rates of transformation are inconsistetrioss micro unit observations
within the macro unit (ten-Raa, 2005). Opposinglerce also exists. With caution
concerning aggregation bias, Tyler and Lee (19tphpared the estimates of a
Columbian aggregated production function with thosea plant-level one but found
few differences between the twOh (2012)empirically examine aggregation bias in
SFA on six manufacturing sectors distributed acfossteen regions in Korea and
demonstrates the presence of aggregation biasiatesbevith employing regional-
level data. The empirical exercise is carried outerms of estimating a production
frontier function for the two different levels oath sets: plant-level data and regional-
level data. Aggregation bias is defined as dispsritn parameter estimates, input
elasticity and Returns to Scale (RTS) in each magtufing sector, using region-unit
data as opposed to plant-unit data. Empirical tesadlicate that the estimated SFA is
sensitive to the chosen unit of observation, andestimation of SFA employing
regional-level data can provide misleading restitiscerning the production function
faced by a representative plant in a regfoh.(2012)test the existence of aggregation
bias in the parameter estimates of the SFA empipyagional-level data and the
characteristics of production frontier within a g computed by the estimation
outcomes and regional-level data. The empiricafr@se is carried out in terms of
estimating a production frontier function for twdferent level data sets: plant level
versus regional levels (regional sum and region@ehm Empirical results indicate
that characterizing production function faced bgpresentative plant in a region with

regional-level data can misrepresent its actualfea.

The estimation of aggregate production functionsasimon in regional economics.
Regional production functions have been used tdystlifferent topics including,
among others, the existence of agglomeration ecmsymthe evolution of
productivity, the effect of knowledge spilloversdathe existence of catching-up to
the technological frontier. One methodological esstnat has not been widely
discussed in this literature is whether it is b&stestimate average production
functions (where the random term has zero mearfjontier production functions
(where the random term follows a one-sided distidm). De la Fuente (1998) has
guestioned the use of stochastic frontiers. Deukenke (1998) contends that by using

the frontier method we are assuming that differ@gions use the same kind of

146



technology in each time period. The most commoaeréitive in the literature is to
use the opposite assumption, namely that the efibgi differences are small and
uncorrelated with the other explanatory variablesnd( can therefore be
accommodated in the error term), as well as allgwor level differences between
the regional production functions which are intetpd as indicators of the level of

technological development of each economy.

Therefore, the point is whether there could be gsmply) identified two
unobservable phenomena for each region: “techwcltatacteristics” and “productive
efficiency”. Under a given set of assumptions, beffects can be identified. In
particular, assuming that the technical charadtesisire time invariant and hence can
be modelled as a fixed effect, efficiency can bedetied, following the stochastic
frontier tradition, as a one-sided error componéritis model, which was first
suggested by Kumbhakar and Hjalmarsson (1993)nbabeen applied much in the
empirical literature, most likely because the eation by generalized least squares in
its original formulation was very complicated. Howee, Greene (2002) has

developed a maximum likelihood estimator which gyesimplifies its estimation.

Alvarez (2007) implement a new model which combirtee two parametric
approaches most commonly used in the productivigrature: fixed effects and
stochastic frontiers, discussing whether it isdyelth useaverageor frontier functions
to estimate regional productivity. Alvarez (200%)imated total factor productivity
change for 17 Spanish regions between 1980 and P@#&rez (2007) calculated and
decomposed total factor productivity growth for 8ganish regions. The results show
that TFP has increased in all regions during tmepéa period. The decomposition of
TFP growth suggests that technical change is thet nmportant component of
productivity change. The model implemented in Aézai(2007) incorporates time-
invariant individual effects jointly with a compaberror specification (fixed-effects
stochastic frontier). The model allows splittingobserved heterogeneity into two
components: “technical characteristics” and “prdohacefficiency”. Alvarez (2007)
found that both are important elements in expl@rime economic performance of
Spanish regions, with the higher flexibility of $hmodel over the classical fixed-

effects or the standard stochastic frontier mode#kes it a good candidate for

147



empirical applications in regional economics givéte considerable amount of

unobserved heterogeneity that generally existssaargions.

Green and Mayes (1991) examined technical ineffyeof manufacturing industry
in the United Kingdom, based on data for 19,02a#isthments in 151 industries, to
estimate technical inefficiency in each industryfit§ng translog stochastic frontier
production functions and decomposing the residuale two components: one
measuring inefficiency and the other unobservabledom factors. The need for
comparability among countries and the confideniatif the data meant that cases
where there were problems with the quality of empteon could not be pursued. As a
result it has not been possible to estimate fudltysgactory measures of inefficiency
for all 151 industries. Nevertheless, this uniqueeas to data at the establishment
level across the whole of manufacturing industrly aelp fill part of the gap between
the aggregate analysis of Caves and Davies (19&bDalton and O'Mahoney (1990)
on the one hand and the detailed interplant corspasion the other.

Differences in productivity growth rates are seetely as a function of how far a
region is from its own steady state. The furthe@dpictivity is below the steady-state
level, the faster the growth of the capital-labcatio and hence the faster
productivity growth. But to emphasize again, ttsswanes that all regions have access
to the same blueprint of technology and all areaéiguefficient (Mankiw et al,
1992).

The related neoclassical growth-accounting appreaphicitly includes the growth of

capital and hence the growth of total factor praiity (TFP) reflects, apart from

measurement errors, the rate of technological ahanigus, disparities in TFP levels
can be interpreted as due to regions being on rdiffe production functions.

Nevertheless, the approach still requires regionbe technically efficient (Hulten

and Schwab, 1984; Melachroinos and Spence, 2001).

One advantage of this approach is that it enabteEscamposition of TFP growth into

changes in technical efficiency and changes inneldyy. A second important

benefit of the method is that it allows for teclatimefficiency and does not assume a
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specific underlying functional form for technolo@yareet al, 1994a). The technique
has been widely used in microeconomic studies afdyoctivity change and in
estimating TFP growth in agriculture (see Coellil &ao, 2003).

Henderson and Zelenyuk (2004), meanwhile, extemsl gtrategy by dividing the
sample into two groups (developed and developingt@s) and analysing catch-up
effects not only for the whole sample, but alschwitand between these two groups.
They also analyse the consistency in the DEA dirteal efficiency scores obtained
both by dividing and not dividing the sample andapplying bootstrap techniques to
combat the criticism that DEA methods are overlysg@ve to outliers.

The same as Kumar and Russell (2002), BadunenkdyZatenyukz (2004) take

Jones's (1997) suggestion that GDP per worker wioellchost appropriate definition
of welfare, and hence income, once developing cmsare included into analysis.
Badunenkoy and Zelenyukz (2004) research is amsixie to study of Kumar and

Russell (2002), which they complement in two wdlgy considering a more recent
period (the 90's instead of 1965-90) and, as dtrdbay include data on transitional
economies. In contrast to study by Kumar and Rug2e02), which concluded that
the capital deepening was the major force of groatlkd of changing the world

income distribution over 1965-1990, Badunenkoy &wallenyukz (2004) analysis

shows that, during the 90's, this major force weashnological change, whereas
capital accumulation played the minor role. Badlognand Zelenyukz (2004)

investigate the same sources of labor productigitywth and evolution of world

distribution as in Kumar and Russell (2002), ugingir methodology, but now with

data for 90's. More specifically, Badunenkoy andedgukz (2004) investigate three
sources of economic growth and evolution of wordldome distribution during the

90's™:

= technological change,

= efficiency change (the catching-up) and

= capital deepening

% Badunenkoy and Zelenyukz (2004) apply this estm&t sample of 73 countries over the period
1992-2000.
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As in Kumar and Russell (2002), Badunenkoy and alkz (2004) identified
further divergence in GDP per worker among coustinethe sense that the richer the
countries, the greater was the growth. Second, nmogortantly and opposite to
period of 1965-90, Badunenkoy and Zelenyukz (2G0dnd that the technological
change was the largest driving force of growth ah@&hanging the distribution of
income per worker in the world, causing furtheredgence. Both the poor and the
rich countries have benefited from the technoldgibange, but the richer the country
the more was the benefit, again suggesting abeutitrergence, now driven by the
technological change. Finally, the capital accurtnotaand efficiency change effects,
on average, were a negligible source of changeambrld distribution of income per

worker.

To obtain unbiased estimators, first based on #grenPRNorld data, Yamamura and
Shin (2007) use the same method as Kumar and R({286R) to construct a panel
dataset consisted of 57 countries from 1965 to 1®¥rond, using this dataset
Yamamura and Shin (2007) conduct re-estimationsutiit a fixed effects model to
reduce the omitted variable bias caused by timeariamt countries’ features.

Yamamura and Shin (2007) also incorporate the geanmies into this model to

capture the time specific effect that is individyahvariant.

Kumbhakar and Wang (2005) used a stochastic primstudtontier approach to
estimate the world production frontier. Hendersod &ussell (2004) have applied
similar methodology as Kumar and Russell (2002}itoilar data but with human
capital and found that part of the effect identifity Kumar and Russell (2002) is in

fact due to human capital accumulation.

Griffith et al. (2004) find that both R&D and humaapital affect the rate of
convergence in a model of total factor productiitfFP) growth, whereas Kneller
(2005) also for a sample of OECD industries, fitit® the effect of human capital is
guantitatively more important than that of R&D dosarptive capacity, and that the
latter matters only for the smaller OECD countrig&®op, Osiewalski and Steel
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(1999, 2000) has previously questioned the redudt® the use of this two-stage
modelling approach from a statistical perspective.

Using SFA, Kneller and Stevens (2006) examine kieet facets of technology: its
creation, dispersion and absorpfionThey investigate whether differences in
absorptive capacity help to explain cross-countiifetnces in the level of
productivity. They utilize stochastic frontier aysis to investigate two potential
sources of this inefficiency — differences in humaapital and R&D — for nine
industries in 12 Organization for Economic Co-ofieraand Development (OECD)
countries over the period 1973-91. Kneller and &te2006) find that inefficiency
in production does indeed exist and it depends upenevel of human capital of the
country’s workforce. Evidence that the amount oflR&n industry undertakes is also

important is less robu%t

Kneller and Stevens (2006) investigate whether rgitise capacity helps to explain
cross country differences in the level of technefliciency. These differences have
been identified as key to understanding the evarubif the world income distribution

(Prescott, 1998). Absorptive capacity, as discussedlirrow (1969), captures the idea
that the implementation of new technologies depamdthe ability and effort applied

to this task (Griffith, Redding and Van Reenen, 208004; Xu, 2000). Two factors
have been suggested which determine the capacigbsorb and implement new
technology: human capital (Abromovitz, 1986; Cohemmd Levinthal, 1989) and

domestic innovation (Fagerberg, 1994; Verspage®l1)19

% Although Koop (2001) has used SFA in the decontjpwsiof growth rates for a similar sample,
Kneller and Stevens (2006) stress the mechanismelviigechnical inefficiency occurs and use a less

restrictive set of efficiency determinants.

% Kneller and Stevens (2006) complement Griffithaét (2004) and Kneller (2005). Griffith et al.

(2004) find that both R&D and human capital affdet rate of convergence in a model of total factor
productivity (TFP) growth, whereas Kneller (2008cafor a sample of OECD industries, finds that the
effect of human capital is quantitatively more impaot than that of R&D on absorptive capacity, and
that the latter matters only for the smaller OEGIDrdries. Koop, Osiewalski and Steel (1999, 2000)
has previously questioned the results from the afs¢his two-stage modelling approach from a

statistical perspective.
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A country that has a lower ability or applies le$fort to absorbing new technology
will produce less output than the one operatinghwite best available technical
know-how, ceteris paribus. This deficiency, evidentthe distance of the country
from the production frontier, is technical ineféaicy. Kneller and Stevens (2006)
examine the effect of human capital and researah @svelopment (absorptive
capacity) on efficiency for a panel of nine mantdaag industries in 12
Organization for Economic Co-operation and DeveleptfWOECD) countries over
the period 1972-91 using stochastic frontier analfSFA). SFA allows the study of
absorptive capacity in a framework that closely ahas the idea of a technical
frontier found in growth theory. In their framewogrkach industry faces the same
production frontier — the maximum output for a givievel of inputs. Kneller and
Stevens (2006) consider three assumptions regatti@egnternational transfer of

technology:

= First, they remain consistent with the existingritture on absorptive capacity and
follow early models of economic growth in assumihgt technology is global
(Solow, 1956).

= To place this in perspective, they then adopt tteeroextreme position of no
cross-border flows of knowledge, before taking there realistic position that
technology transfer is incomplete.

= Following Keller (2001, 2002) they investigate thepact of knowledge
dissemination via the effect of physical distanngooductivity.

The model outlined is estimated for a sample oémmanufacturing industries in 12
countries over the period 1973-91. The total nundfeavailable observations is
1,731. The output (value added), capital stockengdloyment data are all taken from
the OECD ISDB database. The sample countries amgada, Belgium, Denmark,
France, Germany, Japan, Norway, Sweden, UK, U§, dlad the Netherlands. The
absorptive capacity effect of R&D is measured udimg flow of R&D investment

made in each period from the OECD EBRD data settlier period 1973-92.

Estimates of the stock of R&D in each country, seey for the construction of the

stock of frontier knowledge in each industry, aengrated by accumulating R&D
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expenditures. The estimated efficiency scores gisivide evidence on whether
national factors or industry—country factors arerenamportant for determining
efficiency scores. There is evidence for both. $@mme countries there is considerable
variation in the ranking of countries across indast For example, the UK has the
lowest average efficiency score in the basis metasstry and other manufacturing
but the highest in the food industry. Similarly,r@any is ranked as high as second
(chemicals, machinery and equipment, other marurfiacf) and as low as eighth
(basis metals, food and textiles). There are howalg® some countries that suggest
that national factors are important: some countrége consistently near the top of
the efficiency rankings and some consistently riearbottom. For example, France
and the Netherlands never have an efficiency rankivat is lower than fourth,
whereas Japan never has an efficiency rankingriteeie seventh. Finally, a number
of countries experience steady increases in tiveirage efficiency across industries.
Most notably, Italy and Finland experience risesfiitiency from around the 70% up
to almost 90%. Sweden and the UK have fairly stdaudgls of technical efficiency
until the early 1980s when both begin a periodt@&dgily increasing efficiency.

Kneller and Stevens (2006) have found that theonatf absorptive capacity provides
a useful explanation of differences in productiviljhere is strong evidence that
countries differ in the efficiency with which thesxge frontier technology. They have
investigated two mechanisms which might determimewntry’s absorptive capacity
and hence its technical efficiency: human capitad aesearch and development.
Kneller and Stevens (2006) have found that humanitataplays a significant and
guantitatively important role in explaining theséfetences in efficiency. Moreover,
there is clear evidence that human capital affeciduction both directly and through
its indirect effect on technical efficiency. This in direct contrast to Benhabib and
Spiegel’s (1994) conclusion that human capital dua#senter the production function
directly. R&D is found to have only an insignifidagffect on inefficiency. The results
in the paper also conclude that rather than asranug through which a country can
absorb new knowledge, the effect of R&D on produrctis primarily through its
contribution to the stock of frontier knowledgeeifsn each industry.
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A regional application is Karadag et al. (2005),ommse the technique to examine
changes in manufacturing TFP in the Turkish privatel public industries. In
particular, using data for the period 1986-2002¢g&iz et al. (2006) analyses TFP
change and its components for the manufacturingsines of 68 European NUTS1
regions. Angeriz et al. (2006) chose manufactutoegause, while it now only
accounts, on average, for around 20 per cent admaboutput, its role is still seen as
crucial in explaining regional economic growth.rémains a large component of
inter-regional exports and the competitivenessh(fppice and nonprice) of a region’s
exports is crucial to its overall prosperity (McClomand Thirlwall, 1994). Following
a description of the data, the paper then analysesesults of the DEA. Specifically,
the results are tested for evidence of spatial cautelation at both the global and
local levels, which is akin to testing for geogrimah clustering at both levels.
Following this, the paper looks at the questioncadss-regional convergence with

respect to levels of TFP and technical efficiency.

The above analysis, however, does not indicatehamytas regards systematic
tendencies towards convergence between the NUT@anse However, especially
for the EU, the issue of cross-sectional convergeimc income per capita and
productivity levels has been one of the most wideBearched in the last two decades

of spatial economics.

Last decades have seen the publication of a gesdtadl studies on spatial disparities
in the European Union (EU) using a variety of difet approaches (e.g. Barro &
Sala-i-Martin, 1991; Neven & Gouyette, 1995; Quaf96; Rodriguez-Pose, 1999;
Le Gallo, 2004; Corrado et al., 2005; Ezcurra et20l05a). Among them, it is worth
mentioning the major advances in economic growom coinciding with the

introduction of endogenous growth models in the -&880s. The assumptions
underlying these models ultimately allow for thevawsal of the neo-classical
prediction of convergence, and lead to the conatughat the faster growth of rich
economies causes territorial imbalances to increasetime (Barro & Sala-i-Martin,

1995). In fact, the self-sustained and spatiallg&ere nature of economic growth has
been stressed by the models of the “new econonagrgphy” (Ottaviano & Puga,

1998). According to these theories, the increasetgrns and the agglomeration
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economies would explain the accumulation of agtivaind income in the more

dynamic areas, which would lead in the final instato spatial divergence.

On the other hand, the increasing relevance ofttpg& in the EU has much to do
with the strong emphasis placed on achieving ecam@md social cohesion in the
context of the current economic integration procespecially since the signing of the
Single Act and the Maastricht agreements. Thisctiyreaises the need to reduce the
differences in terms of development across the f[@an regions (European
Commission, 2001, 2004)Thus, important contributions to the EU convergenc
literature have been made byter alia, Armstrong (1995), Canova and Marcet
(1995), Fingleton and McCombie (1998) and Barro &wala-i-Martin (2004).

However, with the exception of Fingleton and McCaenf{d998), the focus in all of

these studies has been on convergence at thedetled aggregate economy rather
than within the manufacturing industry. Furthermom®ne of these studies has
examined tendencies towards convergence in sepaegsures of TFP and technical
efficiency. That is, none has applied convergeecéariques to the results of a DEA

exercise.

The literature on regional disparities within thé&) Bhas mainly focused on the
possible presence of convergence in per capitasgiosnestic product (GDP) or
labour productivity, ignoring the degree of effioay with which the various regions
use their resources in the productive process. fiaig be particularly relevant since,
as pointed out by Grosskopf (1993) and Taskin amich41997), the omission of the
phenomenon of inefficiency may cause convergenedysis to offer biased results.
However, despite its potentially important implioats, as far as we are aware this
issue only has been examined to date in the EU lzasengeriz et al. (2006) and
Enflo and Hjertstrand (2006). Thus, Angeriz et (@006) use the Malmquist total
factor productivity change index to calculate th#icency scores for the
manufacturing industries of 68 NUTS-1 regions ire tBU. Nevertheless, when
assessing the findings obtained by these authaes,sbould not lose sight of the
substantial reduction experienced by industrialva@s in the EU during the last
decades (Rodriguez-Pose, 1998), to the point thaufacturing nowadays accounts

only for around 23% of regional output. In turn flérand Hjertstrand (2006) estimate
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the aggregate efficiency levels of 69 NUTS-1 andTiSt2 regions by combining a
non-parametric frontier approach with bootstraphteégues. However, the sample
used in this study covers only five EU member statéermany, Spain, France,

Ireland and lItaly.

The estimation of aggregate production functionsasimon in regional economics.
Regional production functions have been used tdysseveral different topics, such
as the evolution of productivity, the role of irdteuctures or human capital on
income, or the existence of catching-up to the neldyical frontier, among many

others. While initial studies used to estimate &lizDouglas aggregate production
function with productive capital and labor as expl@ry variables, other inputs such
as human capital (e.g., de la Fuente, 1995) oripuhbbital (e.g., Aschauer, 1989;
Munnell, 1990; Puig-Junoy, 2001) are commonly cdased. Other variables have
also been used in order to control for regionatitgeneity: Evans and Karras (1994)
use the composition of public capital, Garcia- Mittd McGuire (1992) and Munnel

(1990) use the business cycle, Alvarez, Arias anea@2006) use a specialization
index. In fact, the list of potential sources ajimnal heterogeneity can be fairly long,
ranging from those already mentioned to differennedimate, and natural resources
and even within-country differences in culture amgstitutions, as recently

documented by Acemoglu and Dell (2009). Some o haterogeneity embedded in
regional data is unobservable for the analyst,thadailure to take it into account can
lead to biased estimates, hence the importancectwat for it. There are mainly two

different approaches to this problem, (i) modellingterogeneity as an individual
effect or (ii) letting the model estimate differet@chnologies in the sample (i.e.,

random parameters models, latent class models anamgtric estimation).

Most empirical situations present differences axmisservations not reflected in the
data. This information is referred to as unobservederogeneity. When that
information is not important or is not correlatedthwthe explanatory variables, it
accommodates in the error term. However, if unokeskheterogeneity is relevant
and correlated with the explanatory variables,ati@mated parameters will be biased
(Griliches, 1957). A frequent case occurs whenitiiermation not included in the

model can be considered time-invariant, e.g., lonabr orography. If panel data are
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available, the problem is solved modeling hetereggras an individual effect (see
Mundlak, 1961). Several papers have used the ‘“Withor “random” effects
estimators in order to estimate aggregate produdtioctions using regional data. For
instance, Garcia-Mila, McGuire and Porter (1996)&is and Karras (1994) or Holtz-
Eakin (1994) used data from the U.S. states. Mat €1996) or Moreno et al. (1997)
used data from Spanish regions.

However, although traditional panel data technicagsume that individual effects are
time invariant, Schmidt and Sickles (1984) suggleat this assumption is less valid
as the panel becomes longer. For instance, sonenatgharacteristics, such as its
economic structure, abundance of natural resouscgsroductive efficiency, may
vary over time. In this situation, it is preferalite use models that can account for
time varying unobserved heterogeneity. Cornwellhr&idt and Sickles (1990)
developed an extension to the traditional fixece@¥ model in which individual
effects are allowed to vary over time. Wu (1996dighis model to study total factor
productivity growth, technological progress andhtacal efficiency change in post
reform China. The stochastic frontier models (Aigrevell and Schmidt, 1977) are
another approach capable of modelling time-varyingbserved heterogeneity. The
main characteristic of these models is their coragosrror term. Specifically, an
asymmetric error term is added to the traditionehmetric error term, the former
representing technical inefficiency while the latie supposed to engage random
shocks and measurement errors. Several authorsusadestochastic frontier models
to estimate aggregate production functions. Fdamse, Puig-Junoy (2001) estimated
technical efficiency indexes for the 48 contiguousS. states. More recently,
Mastromarco and Woitek (2006) studied the link kestw public infrastructure
investment and efficiency in the Italian regiondile Delgado and Alvarez (2004)
and Arias and Rodriguez- Valez (2004) estimates nhddel using Spanish datasets.
Recently, Greene (2005) proposed a “true fixedcéffenodel” which is able to
estimate not only individual effects but also aefiiciency term. This model was
recently used by Alvarez et al. (2007) in ordedézompose the productivity growth
of Spanish regions.
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Ezcurra et al. (2009pim to investigate further existing disparities technical

efficiency levels, paying particular attention toetrole played in this context by
spatial interactions and geographical locatercurra et al. (2009)se aggregate data
for the whole range of economic activities corregpog to 196 NUTS-2 regions in
15 EU countries (EU-15) over the period 1986—-20@2thermore, this is the first
time that the role played by different factorsxaumined in explaining the changes in

technical efficiency experienced by the EU regionsr the sample period.

Ezcurra et al. (2009)eed to estimate first the levels of technicalcegficy of the
European regions. To do so, as Angeriz et al. (RG06é technical efficiency indices
are computed by Data Envelopment Analysis (DEA)s Thethodology offers major
advantages in the present context, since the n@edric nature of the technique
avoids the need to specify beforehand any partic@lactional form for the
technology. Furthermore, this approach does natire@ny assumption about market
structure or about the absence of market impediesti Additionally, in order to
investigate the geographical dynamics of regioffadiency, this paper employs a set
of methods commonly used in the literature on spatonometrics (Haining, 1990;
Anselin, 2001). These techniques provide informmaibout the possible presence in
this context of spatial autocorrelation and/or spabeterogeneity, and allow the
researcher to identify regional clusters charaoteriby similar efficiency levels

distinguishing them from the rest of the sample.

Ezcurra et al. (2009xamine the regional distribution of technical @éncy levels
within the EU, putting particular emphasis on thiéfedent patterns of spatial
association observed. In turn, the econometrienedéis performed inform about the
impact of a set of factors on the changes in tecthrefficiency experienced by the

EU regions throughout the study period.

Ezcurra et al. (2009nvestigated the spatial distribution of technietiiciency in the
EU, using data on 196 NUTS-2 regions over the peti®86-2002. To this end, the
level of technical efficiency of the various regsothroughout the study period has
been estimated by applying DEA methods. The reseltsal that inefficiency in the

use of productive factors to produce regional ouipuclearly present in the EU,
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which suggests that this factor should be borneiimd when it comes to explaining
the patterns of economic growth observed acros&thmepean regions. Furthermore,
it needs to be said that spatial disparities in léwels of technical efficiency are
relatively important in the EU. Taking into accouhte major advances that have
taken place over the last two decades in the ecmnoegration process currently
underway in Europeizcurra et al. (200%xamined the role played in this context by
spatial interactions and geographical location.this respect, the different tests
performed show the presence of spatial autocomwalatnd spatial heterogeneity in
the distribution under consideration. This implibat technical efficiency levels are
not randomly distributed across space. On the apntphysically adjacent regions
tend on the whole to register similar efficiencdices. IndeedEzcurra et al. (2009)
detected the existence of several spatial clutbensed by regions with similar values
of the study variable distinguishing them from tieghbouring zones. Specifically,
the groupings of regions characterized by signifilga high levels of technical
efficiency are located mainly in central and nomth&urope. In turn, the clusters
made up by the worst-practice regions tend to fomatsid in the southern periphery of
the Union. It is worth noting that this spatial teah is consistent with the traditional

North—South divide identified in the literature agional disparities in the EU.

In order to complete these resulEzcurra et al. (2009nalysed the role played by
different factors in explaining regional efficienaghanges throughout the study
period. To this end, and taking into consideratibat the presence of spatial
autocorrelation affects negatively the results ioleih from standard regression
analysis,Ezcurra et al. (2009ave estimated an econometric model incorporating a
spatial autoregressive structure in the error tétaturra et al. (200%9how that the
less efficient regions in 1986 have experiencedatgreefficiency improvements
during the ensuing years. Accordingly, a processegional convergence in terms of
technical efficiency has taken place in the EU dwer sample period. Additionally,
Ezcurra et al. (2009) founthat the initial level of capital per worker andeth
employment share in market services are positigetyelated with efficiency growth
rates. Likewise, they have detected a negativdioakhip between the employment
share in non-market regional efficiency in the B@an Union 1137 services and

efficiency improvements. Finally, the conclusions Bzcurra et al. (2009pre
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potentially interesting from the perspective of Etdjional policy. In particular, the
estimates raise the possibility of improving thiatige situation of the less efficient
regions by means of policies aimed at increasimy tbapital stocks or modifying
their industry mix. In any event, the relevancepdtial effects observed suggests that
policy-makers should not consider the various negi@as isolated units when

designing any public intervention in this context.

Concluding, Ezcurra et al. (2008xamine existing disparities in technical efficignc
levels across the European regions over the p&886—-2002. The results reveal that
technical efficiency is not randomly distributed@ss space in the European setting.
On the contrary, the different tests performed I the presence of positive spatial
autocorrelation and spatial heterogeneity in tharithution under consideration. In
fact, Ezcurra et al. (2009ave detected several regional clusters charaeteitig
similar efficiency levels distinguishing them frorthe rest of the sample.
Nevertheless, the estimates carried out show tieteexxe of a process of regional
convergence in terms of technical efficiency durthg study periodEzcurra et al.
(2009) reveal that factors such as the regional stockapital per worker or the
patterns of productive specialization are relevantexplaining the changes in

technical efficiency experienced by the Europegiores between 1986 and 2002.

Another regional aspect is that of Halkos and Trmex® (2009) who deal with the
effects of EMU enlargement (European Economic andnéfiary Union) by
evaluating the economic efficiency of growth paiof the 25 member countries. By
using Data Envelopment Analysis, Halkos and Tzese(8809) measure the policies
adopted initiating economic growth of the 25 EU rbens for the time period of
1995-2005. Different factors reflecting countries’estment policies have been used
in order to measure chronically countries’ econoefficiency. The results reveal that
the old 15 EU members have faced problems reforrthieg economic policies in
order to cope with the EU enlargement which in toad an impact on their economic
efficiencies. Halkos and Tzeremes (2009) examirtexl d@ffects of the European
Economic and Monetary Union (EMU) enlargement byleating the economic
efficiency of growth policies of the 25 member etatfor the period 1995-2005, using

DEA analysis. More specifically, they incorporatepalicy evaluation approach
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regarding European Integration, examining investnpaticies in order to measure
country economic efficiency, putting emphasis oa #dtonomic advantages and the
risks associated with the EMU enlargement. In otdemeasure the effect of EMU
enlargement on the economic efficiency and to gelaextent to the development of
the EMU member states, Halkos and Tzeremes (2088) one output (real GDP
growth rate) and five inputs (public investmentehnational Price Competitiveness,
R&D expenditure, public expenditure on educationg @otal employment rate by
highest level of education) which represent key neatic and development
investment policies (in terms of resource alloaggtidHalkos and Tzeremes (2009)
concluded that national externalities may lead rtefficient outcomes and that a
coordination of fiscal policies is needed in ortlerreduce countries’ externalities or

macroeconomic spillovers.

In addition, there are studies based on aggregdtefdcusing on specific European
Union countries. One of the most representativelistuis by Bhattacharjee et al.
(2009), developing a model of labor productivityaasombination of capital-labour
ratio, vintage of capital stock, regional extertiedi, and total factor productivity
(TFP) for Denmark. Bhattacharjee et al. (2009) pppéir empirical model to study
regional and industrial variation in productivity the Danish economy. The model is
applied to annual data from the Danish Local Authes Research Institute (AKF)
covering the period 1979-1993. For each year, #&peipconsiders 12 Danish regions
and 9 industries. The skewness of TFP distributgomelated to different growth
theories. While negative skewness is consistertt thié neo-Schumpeterian idea of
catching up with leaders, zero skewness suppagtaebclassical view that deviations
from the frontier reflect only idiosyncratic prodiwity shocks. Bhattacharjee et al.
(2009) argue that positive skewness is consistéht am economy where exogenous
technology is combined with non-transferable knalgke accumulated in specific
industries and regions. This argument providedrdmaework for an empirical model
based on stochastic frontier analysis. The modalsisd to analyse regional and
industrial inequalities in Denmark. Understandinge tmechanisms underlying
economic growth and the explanation of persistenggaphical inequalities in levels
of productivity are issues of key research interest
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Bhattacharjee et al. (2009) make three main cartidbs to literature. First, they
propose a modeling approach based on stochastitefr@nalysis, which draws on a
combination of neoclassical, neo-Schumpeteriantitimi®nalist and evolutionary

ideas and is consistent with a positively skewedsisectional distribution of TFP.

Second, Bhattacharjee et al. (2009) develop a metdeih describes an economy,
with various regional units and different indussti@volving over time. The model
enables decomposition of labour productivity iniwef components: (a) capital
accumulation, (b) technology embodied in capitaddg (c) public good technology
available to all industries and regions, (d) techhicapabilities arising from region
specific externalities, and (e) technological forgkeead through innovations in
specific industries. The above five components ratated to different theoretical
approaches. Components (c) to (e) represent disdistbdechnology and are the
determinants of TFP, while (a) to (d) are composenit a production function

describing the base level of labour productivithheTcapital labour ratio (a) and
vintage of capital stock (b) represent the effe€t capital accumulation and

technology embodied in capital goods respectiviegion specific externalities (d),
stressed by institutionalist approaches, represstinical capabilities shared by all
productive units located in a given region. Theeblasel of productivity, components
(a) to (d), is either the ceiling of the neo-Schetepian approaches or the floor
implied by evolutionary theories. Component (e) responds to the view of

technological progress as a permanent attemptdocome the standard productivity
conditions. This component can be further dividetd two elements. The first is the
time contingent performance of each industry. insasured either as inefficiency in
relation to the technological frontier or as thgawty of each industry to enhance
productivity, moving ahead of the pattern deterrdibg the floor, which corresponds
to the evolutionary concept of industry specifichtieological trajectories. The second
component is an idiosyncratic random element whmbves each particular

combination of region, industry and time, abovebelow the average conditions of

each industry.

Third, Bhattacharjee et al. (2009) conduct an eicgdianalysis of productivity in the

Danish economy, using panel data for 15 years (187993), on 9 industries and the
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12 regions of the country. Underlying the study thieecomputations of capital stock,
as well as the estimation of the average age (tage) of capital stock. Homogeneity
within Denmark enhances the validity of assumingilsir production functions

across different industries and regions of the tgun

Bhattacharjee et al. (2009) empirical results idgnseveral new findings.
Bhattacharjee et al. (2009) find that positive skess in the TFP distribution applies
to the Danish case. Further, Bhattacharjee e28D9) detect an important role for
vintage of capital, while the estimated region oegispecific externalities are
consistent with previous literature. Probably, Bhetarjee et al. (2009) most
important new findings are in the patterns in textbgical trajectories across different
industries. These findings inform substantially atbihe magnitude and evolution of
disembodied technology in Danish industry. Furtlaalyses of the drivers of
technological trajectories and inferences for pulgolicy is an object for future
research. More explicit modeling of innovation, tgardarly investment in R&D,
human capital, international technological spilleveand spatial diffusion are also
future directions of research. Further, a key featof Bhattacharjee et al. (2009)
methodology that offers useful extensions is noapetric modeling of technological
trajectories in different industries. While Bhattagee et al. (2009) observe several
interesting patterns in the dynamics of innovatapacity, representing these features
in terms of appropriate order restrictions will hechallenging research question.
Finally, developing Bayesian inference, with a primeliefs on different theoretical
positions reflected in suitable prior distributioné skewness, will be an exciting
direction of further work.

The distribution of productivity implied by they tesated production function for
Danish regions and industries shows evidence oftipesskewness, which is
consistent with the assumption of the floor. Furthiee estimates of the production
function reflect the importance of vintage of cap#nd region-specific capabilities,
often omitted in empirical studies. The effect afttb the capital labour ratio and
vintage of capital stock show heterogeneity actbssindustries. The productivity
enhancing component shows substantial variatiom ionkistry and time, which has

important institutional explanations.
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Overall, the base level of productivity, descrilimdcapital accumulation, technology
embodied in capital goods and region-specific extities, explain half of the total
variation in labour productivity across industriesgions and time in Denmark. The
remaining 50% is explained by industry specific htemlogical trajectories and
idiosyncratic technology shocks. The skewed erroariamce representing
technological trajectories explains 11% of the Itotariation while productivity
shocks account for the remaining 39%. Understantiegrelative contribution of
externalities affecting performance of regional remnies, and industry specific
effects of capital accumulation (K/L ratio) and tage of capital, is a bit more
complicated. This is because these explanatorgraetre correlated with each other.
However, relative importance of these factors campproximately judged by first
estimating a production function where only regspecific fixed effects are
included, and then expanding the model to inclingecapital-labour ratio and vintage
of capital. These estimates indicate that regiatciic externalities explain about
11% of the variation in labour productivity, whilecluding industry specific effects
of capital accumulation into the model increasepla&red variation to about 48%.
The estimated effects of capital accumulation sisolstantial variation across the
industries, ranging from 0.21 and 0.25 for chensi@ald food industry respectively to
about 0.39 for the metals and engineering and paperpublishing industries. The
effects of technology embodied in capital goodatge of capital) also varies widely
across the industries, and is significant at 1%ellen the chemicals (0.048), food
(0.042) and textile (0.019) industries, as welbtger manufacturing (0.012).

Bhattacharjee et al. (2009) develop a methodology rodeling alternative

theoretical views on economic growth and inequabised on the skewness of TFP.
The framework is extended to include positive skesenpatterns which are often
observed in empirical studies. Second, based oynthesis of neoclassical, neo-
Schumpeterian, evolutionary and institutionalistas, Bhattacharjee et al. (2009)
develop a stochastic frontier model that is comsistith both positive and negative
skewness. Positive skewness was discussed byanitiears (Green and Mayes 1991,
Fritsch and Stephan 2004) in similar contexts,ibwontrast with this paper, they did

not provide any adequate explanation. The modaidadly based on the neoclassical
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tradition of using a Cobb- Douglas production fumetin intensive form. The model
defines, for each spatial unit, a benchmark le¥@roductivity generated by the stock
of capital, technology embodied in capital goodsl aagion-specific externalities,
which determine different capacities to create abslorb disembodied technologies.
The standard level of productivity assumed as anogical frontier ceiling or a
technological floor provides the competitive basith each industry attempting to
forge ahead through quality enhancing innovatidfisally, each individual unit is

also faced with idiosyncratic movements above dowéehe standard.

Driffield and Munday (2001) examine how far foreigranufacturing investment in
UK industries, together with the spatial agglomeratof those industries, affects
technical efficiency. The paper links research tme testimation of technical
efficiency, with those literatures demonstrating #tonomies associated with foreign
direct investment and spatial agglomeration. Théhodology involves estimation of
a stochastic production frontier with random comgrde associated with industry
technical inefficiency, and a standard error. Deltf and Munday (2001) also explore
whether the degree of foreign involvement has aatgreimpact on technical
efficiency where the domestic industry industryclsaracterized by comparatively
high productivity and spatial agglomeration. Thdigyoimplications of the analysis
are discussed. Driffield and Munday (2001) useedhdeit industry data from the
United Kingdom. Alvarez et al. (2007) and Puig-Jyand Pinilla (2008) investigate
production efficiency in Spain. Alvarez et al. (ZQ0Q@eview the different approaches
the literature has used to deal with this probleah, &n doing so, they address a recent
puzzle in growth accounting studies for the Spamisbnomy, the fact that recent

observed TFP growth appears to be negative.

Bos et al. (2010) empirical analysis is based orsample that consists of
manufacturing industries that are twice as disaggyel as those used in related
studies (Koop, 2001; Kneller and Stevens, 2006)s Bb al. (2010) apply their
modelling approach to 21 EU manufacturing industrie six countries over the
period 1980-1997, with two key questions in mingl:do industries use different
technologies? (ii) Eventually, what drives outpubwth? The use of a latent class

structure in the specification of the stochastimfrer model results in identifying two
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technology clubs (regimes). One technology clubeappto be technologically more
advanced, as industries in that club are charaefy a high R&D spending and a
high marginal productivity of labor. Bos et al. (&) find that industries in that club
exhibit constant returns to scale. In contrast, ugtdes in the other, less
technologically advanced club exhibit decreasirtgrres to scale. The driving forces
of growth are also different across the two clubschnical change is a crucial
component for growth for the technologically adweshcclub, while input (in
particular capital) growth plays an important rmidoth technology clubs. Since Bos
et al. (2010) permit switching from one club to ey and condition membership on
the technological effort (R&D), Bos et al. (201(ncinvestigate the existence of
technological spillovers and catch-up behavior. &#émg the former, they find some
support within the technologically advanced clulegRrding the latter, they find that
the distance between the clubs has increased iover Finally, within the advanced
club, they also find some evidence of cross-coutgchnological catch-up. Overall,
Bos et al. (2010) model reveals significant hetermity in the growth behavior of the
manufacturing industries in the sample. Many of fihdings could not be obtained
using traditional approaches (imposing constanturmst to scale, ignoring
inefficiency, assuming a common production functidrheir findings are in line with
other studies that have also adopted flexible niodehpproaches. More specifically,
some evidence of technological catch-up is alsad@nted by Koop (2001), while
the importance of input growth is also the mairdiiitg in Koop et al. (1999), Koop
(2001) and Kumar and Russell (2002). Bos et al1@20 results shed light on
important policy questions, in particular for the) Eas the Lisbon Strategy sets R&D
targets for the member states). For instance, tagser R&D spending result in
better use of the existing best-practice technolagg/or the invention of new
technology? The results corroborate that it matidreh industries are ‘targeted’ by
R&D investment tax credits/subsidies. For industirethe advanced technology club,
higher R&D spending can both increase the effigrenith which industries absorb
the best-practice technology and lead to technodd@nprovements. Industries in the
other, less advanced, club can improve their claptdecoming a member of the

more advanced club by spending more on R&D

% To identify different technologies, many industigssifications rely on clustering industries aofiri

on the basis of observed R&D expenditure and estinheest-practice frontiers for each cluster
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According to Bos et al. (2010), R&D can affect glhrameters in the frontier
production function, namely the marginal produdteputs, technical and efficiency
change (Griffith et al., 2004; Kneller and Stevef606). Moreover, it includes
another element which may determine the parameterthe frontier production
function, namely the evidence of leader—followethdngour. Bos et al. (2010)
decomposition results, and in particular the ddferes with respect to technical
growth and efficiency, may shed some light on |ledokower models of technical
growth. A body of research has examined whethenniglogy spills over across
countries, via R&D and trade. In these modelscallntries have access to the same
technology and the leader country, ie., the couwitly the highest TFP growth in an
industry, develops a new technology while the odsthe countries (followers) can
imitate the technology (Scarpetta and Tressel, 2Q0&fith et al., 2004; Kneller and
Stevens, 2006).

Another parameter taken into consideration is ttememy openness, which may also
increase efficiency. It is often argued in both theernational economics (Melitz,
2003) and the industrial organization literaturea€ and Barton, 1990) that
increased openness to trade should be positivieietewith increases in productivity
and/or efficiency. Higher exposure to trade faaiBs the imitation of an advanced
foreign technology and/or places greater pressuré¢he industries to adopt best-
practice technologies and improve efficiency inesrtb cope with competition. Bos
et al. (2010) and Koop (2001) state that openness dhot correlate well with
efficiency. Apparently, openness to trade doesmpé out inefficient industries. This
result may merely corroborate findings in new in&tional economic theory that
emphasize the positive effects of openness onl&kral productivity of the very few

firms that actually account for the major sharé¢rafle flows (Helpman, 2006).

Puig-Junoy and Pinilla (2008) investigated the msaurces of heterogeneity in

regional efficiency in developed countries withapplication to the Spanish regions,

separately (Hatzichronoglou, 1997). However, sudfivésion is to some degree arbitrary since the

appropriate cut-off levels of R&D remain unclear.
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given the potential for economic growth by reducihg distance from the best
practice, estimating a translog stochastic-fronpierduction function in the analysis
of Spanish regions in the period 1964-96, to attatmpneasure and explain changes
in technical efficiency. Their results confirm thagional inefficiency is significantly

and positively correlated with the ratio of puld&pital to private capital.

According to Puig-Junoy and Pinilla (2008), regiomzonomic growth can be
decomposed into two main components: increases aictorf inputs (capital
accumulation) and improvements in total factor pitvity. The first component
attributes differences among regions to differencephysical resources, physical
capital, and labour. Productivity differences, #gond component, may also play a
determinant role in economic growth. Increasesotaltfactor productivity may be
achieved through technical change (shifts in thedpction frontier) and through

reductions in inefficiency in production (movemetaward the frontier).

In the long run, it can be hypothesized that tetdmo transfers allow relatively
homogeneous or similar regions, such as thosedievaloped country, to grow at a
common rate. Then, not all differences in totaltdacproductivity need to be
persistent. That is, regional technology gaps mayekpected among regions in
developed countries to close over time as techiyothffuses. If this is the case,
persistent differences in total factor productivitgay be attributed mainly to

inefficiency in the use of input factors to produegional output.

On the other hand, the traditional regional promumetunction approach omits the
influence of the level and evolution of technicakfficiency on the production
function, and it precludes measurement of techniezficiencies by assuming them
away. Measuring regional inefficiency in productimakes it possible to distinguish
between shifts in technology and movements tow#ndsbest-practice production
frontier. In this context, given regional input faxs, differences in economic

performance could be greatly reduced by improvauiphical efficiency.

A frontier approach to inefficiency measurement eskt possible to separate

efficiency change from technical change, rathernthamply calculating the
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contribution of productivity as a residual, as sually done in growth-accounting
literature (Puig-Junoy and Pinilla, 2008; Murrif@morano, 2004).

Puig-Junoy and Pinilla (2008) focus on explainingss-regional differences in output
inefficiency levels and on how and why efficiencgries among regions, with a

specific application to Spanish regions.

There are also a number of papers reporting ineffcy heterogeneity for

decentralized regions or states in developed cesnsuch as the United States
(Domazlicky and Weber, 1997), or Italy (Percocop£0and Spain (Maudos et al,
1998) in the European Union.

Despite the critical importance for regional growthreducing the distance from the
best practice, the empirical literature has pditelattention to the sources of regional
differences in technical efficiency, as a disaggted component of total factor
productivity, in decentralized and developed caestr

Boisso et al (2000) used a nonparametric fronp@r@ach and a two-step approach to
explore factors that may lead to changes in theieffcy index calculated for US
states, using a panel of forty-eight states oveptriod 1970-86.

Puig-Junoy (2001) investigated the effects of pubépital level and composition on
the efficiency of the forty-eight contiguous UStetain the period 1970-83 using a
parametric frontier approach.

4.4. Estimating Efficiency at industrial disaggregée
level

Measurements of inefficiency in industry were firsbnstructed by estimating
deterministic frontiers and subsequently by usilogtsastic frontiers. Aigner and Chu
(1968) were the first researchers to estimate armhnistic frontier using Cobb-

Douglas production function through linear and gaéd programming techniques.
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They argued that for a given industry producershindiffer from each other in their

production processes.

The distinguishing features among producers coaltepresented by:

1. attained values for certain technical parameteesimdustry production function,
2. differences in scales of operation, and

3. various structures in their organization

As far as the efficiency analysis at industrialcencerned, the stochastic frontier
model is used in a large literature of studies rafdpction, cost, revenue, profit and
other models of goal attainment. A summary of thainmSFA applications are

presented in the following table:

Table 4.1.Surveys implementing SFA

Application

Paper Application

Paper

Wheat Production

Fishing

Forestry

Agricultural and Light
Manufacturing

Airports

World Health

Organisation

Ahmad et al. (2002)

Kolawole and Ojo (2007)

Chiang et al. (2004)
Herrero (2005)

Martinez — Gordero and
Leung (2004)

Kompas and Che (2007)

Labour markets

Otsuki et al. (2002)
Bi (2004)

Hof et al. (2004) Macroeconomics

Liu and Yin (2004)
Piesse and Thirtle (2000)

Oum and Yu (2004)

Sarkis and Talluri (2004)

insurance
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Hollingsworth and
Wildman (2002)
Richardson et al.
(2003)
Greene (2004b)
Lauer et al. (2004)
Sheldon (2003)

Ibourk et al.
(2004)
Lang (2005)
Millimet (2005)
Cherchye et al.
(2004)
Despotis (2005)
Ravallion (2005)

Yoruk and Zaim
(2005)

Inequality and poverty Deutsch and Silber

(2005)



Air Transport

Banking

Bankruptcy Prediction

Health Care

Credit Risk Evaluation

Electricity Distribution

Yoshiba and Fujimoto
(2004)
Yu (2004)

Coelli et al. (2002)

Sickles et al. (2002)

Scheraga (2004)

Duke and Torres (2005)
Davis and Albright (2004)

Tax administration

Stocks, mutuaids
and hedge funds
Camanho and Dyson
(2005)

Huang and Wang (2002)
Kumbhakar and Tsionas
(2002)

Tsionas and Greene (2003)

analysis

Financial statement

Porembski et al. (2005)

Silva Portela and

Thanassoulis (2005)
Wheelock and Wilson

(2000)

Becchetti and Sierra

(2003)

Cielen et al. (2004)

Mergers

Elections

Birman et al. (2003)
Dervaux et al. (2003)

Libraries

Jimenez et al. (2003)
Kirigia et al. (2004)

Military

Emel et al. (2003)
Paradi et al. (2004)
Agrell et al. (2005)
Delmas and Tokat (2005)
Pollitt (2005)

Sports
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Greene and Segal
(2004)
Cummins et al.
(2005)

Jeng and Lai
(2005)

Tone and Sahoo
(2005)

Serra (2003)

Basso and Funari
(2003)
Troutt et al. (2005)

Chang (2004)
Abad et al. (2004)

Chen and zhu
(2003)

Feroz et al. (2003)
Ferrier and
Valdmanis (2004)
Bogetoft and
Wang (2005)
Obata and Ishii
(2003)

Foroughi et al.
(2005)

ShimQ2p

Kao and Lin

(2004)

Brockett et al.
(2004)
Sun @00
Haas (2003)
Linst al. (2003)
Fried et al. (2004)
Amos et al. (2005)



Electricity Generation

Gas Distribution

Oil And Gas

Aggregate R&D

Activities

Rail Transport

Edvardsen et al. (2006)
applications
Filippini et al. (2004)

Giannakis et al., 2005 for Environment: micro

UK; applications

Hjalmarson and

Veiderpass, 1992 for

Sweden;

Fgrsund and Kittelsen,

1998 for Norway
Arocena and Waddams

Price (2003)

Korhonen and Luptacik

(2004)

Atkinson and Halabi

(2005)

Cook and Green (2005)
Rossi (2001)

Internet commerce

Carrington et al. (2002) Museums
Hammond et al. (2002)

Hawdon (2003)

Managi et al. (2006) Health

Wang (2007)

Dhawan and Gerdes
(1997)
Kennedy and Smith (2004)

Loizides and Tsionas
(2004)
Farsi et al. (2004)

Nursing homes
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Environment: macro Jeon and Sickles

(2004)
Zaim (2004)

Henderson and
Millimet (2005)
Gang and
Felmingham
(2004)

Wagner (2005)

Shadbegian and
Gray (2005)
Banhaf (2005)

Wen et al (2003)

Barua et al. (2004)

Chen et al. (2004)
Serrano — Cinca et
al. (2005)

Bishop and Brand
(2003)
Basso and Funari
(2005)
Evanslet a
2000a, 2000b
Greene, 2004b;

Gravelle et al.,
2002a, 2002b;
Hollingstivand
Wildman, 2002).
Farsi and Filippini
(2003)

Hougaard et al.



Public Infrastructure

Telecommunications

Urban Transit

Water Distribution

Refuse Collection And

Recycling

Gathon and
Perelman (1992)
Mamtzakis (2003)

Dentistry

Paul et al. (2004)

Salinas — Jiminez (2004) Physician practices
Guedes de Avellar et al.
(2002)

Education

Education: primary and
secondary
Resende and Facanha
(2004)
De Borger et al. (2002)

Dalen and Gomez — Lobo
(2003)

Odeck (2006) Education: tertiary
Corton (2003)

Tupper and Resende

(2004)

Aubert and Reynaud

(2005)

Cubbin (2005)
auditing and law

Bosch et al. (2000)

Worthington and Dolllery

(2001)
Lozano et al. (2004)
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(2004)
Laine et al. (2005)
Buck (2000)

Grytten and
Rongen (2000)
Linna et al. (2003)

Widstrom et al.
(2004)

Wiaghal.
(2003)
Rosenman and
Friesner (2004)

McMillan and
Chan (2006)
Dolton et al.
(2003)

Mayston (2003)

Ammar et al.
(2004)
Dodson (2004)

Bonaccorsi and
Daraio (2003)
Mensah and
Werner (2003)
Guan and Wang
(2004)
Warning (2004)

Accounting, advertisingBanker et al.

(2005)
Wang (2000)

Dopuch et al.
(2003)

Luo and Donthu
(2005)



Ports Clark et al. (2004) Hospitals Chang et al.

(2004)
Lawrence and Richards Gao et al. (2006)
(2004)
Park and De (2004)
Cullinane et el. (2003) Stanford (2004)
Real Estate Investments  Lewis et al. (2003) Hotels Hwang and Chang
(2003)
Anderson et al. (2004) Chiang et al.
(2004)
Fabrics Battese, Rao, and Barros (2005)

Walujadi (2001)
Sigala et al. (2005)
Postal services Pimenta et al.
(2000)
Maruyama and
Nakajima (2002)

Borenstein et al.
(2004)

Source: Own elaboration, based on Fried et al.§g00 16-19

As far as the research implementing technical iefiicy analysis is concerned, there
is a great number of papers examining technicaieffcy through stochastic Frontier

Approach or Data Envelopment Analysis.

Regarding primary sector, Ahmad et al. (2002) andatole and Ojo (2007)
examined wheat production. Most specifically, Ahmetdal. (2002) incorporated
stochastic production frontier analysis in order #&stimate efficiency and
sustainability in wheat production in Pakistan with production function
incorporating inefficiency effects, such as: usdesfilizer nutrients, access to more
reliable irrigation system, proportionate farm adewoted to crop, farm size, access
to credit, closeness to markets, irrigation andcafural extension facilities and
education. The results of efficiency analysis shbwkat the average technical
efficiency is about 68 percent and thus an avefageer is producing 32 percent less
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than the achievable potential output. Kolawole @d (2007) examined the overall
efficiency of small holder croppers in Nigeria iogiing that presence of technical
inefficiency and allocative inefficiency had effedn the food crop production as
depicted by the significant estimated gamma cdefii¢ the generalized likelihood
ratio test and the predicted technical and alleeaéfficiencies within the farmers.
The mean technical, allocative and economic efiicyeof 0.733, 0.872 and 0.684
respectively, indicating that the sample farmergeweelatively very efficient in

allocating their limited resources.

Fishing is one of the most common case studidsdrefficiency estimation literature.
Herrero (2005) compared data envelopment analggishastic production frontiers,
panel data and distance functions. These diffexpptoaches have been applied to the
Spanish Trawl fishery that operated in Moroccanengtconcluding that, in most
cases, the multi- versus single-output feature @terthinant in producing higher
differences in the efficiency estimates. Martinearéro and Leung (2004) examined
the shrimp industry at a global level and in Mexibased on an unbalanced panel of
semi-intensive shrimp farms containing primary-seuinformation at pond level for
the period 1994, 1996-1998 in northwest Mexicongsan input distance function
approach, total factor productivity (TFP) and tdchh efficiency (TE) using both
traditional (T) and environmentally adjusted (EAdlicators. Kompas and Che (2007)
investigated efficiency gains associated with ¢eductions from increases in traded
guota estimated with a stochastic cost frontiertha Australian South East Trawl
Fishery (SETF). Estimation of this frontier alscoyides key information on the
relative importance of input costs in the SETF)mes to scale, variations in costs as a
result of trade in quota and the economic perfomaasf each fishing vessel, year to
year. Final estimations indicate that increasesha volume of quota traded have
resulted in considerable efficiency gains and cesuctions in the SETF, ranging
from 1.8 to 3.5 cents per kilogram for surveyedsets for every 1% increase in the
volume of quota traded, or 1-2.4% of total variatsts, with considerable gains also
accruing to crew and skipper in the form of larghare payments. Mean vessel
efficiency is relatively high in the SETF, estimaiat over 90%, and increases further

to 92% over the sample period with increased tradgsota.
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In forestry, Otsuki et al. (2002) examined the efeof the Brazilian governments’
title granting policies on the efficiency of agrtual and timber production in the
Brazilian Amazon. A two-stage procedure is used tlmanbines Data Envelopment
Analysis (DEA) and a Tobit regression, finding thhe main determinants of
increasing technical efficiency seemed to be: thevipion of private land titles,
governmental expenditures, expenditures to seawgepty rights, and land-granting
policies. Furthermore, Hof et al. (2004) reporteel inethodology and results of a data
envelopment analysis (DEA) that attempts to idgrdieas in the country where there
is maximum potential for improving the forest amshgeland condition, based on 12
indicator variables. The primary variables are meas of human activity and
indicators of forest and rangeland condition ircplaf the traditional economic inputs
(costs) and outputs. It is concluded that, basethisranalysis, there are opportunities
to improve the forest and rangeland condition with@ducing the amount of human
activity, but not over large areas, only for somdigators, and typically not for a
large number of indicators in the same place. Tieans that large-scale
improvements in environmental condition across madicators may often not come

about without a reduction in human activity.

Moreover, in agricultural and light manufacturingjesse and Thirtle (2000)
incorporated translog stochastic frontiers withffioency effects to a panel of
producer level data for 117 agricultural producarsl 43 producers in the light
manufacturing industry that technological regresstiominates, giving negative
productivity change. The inefficiencies are exptgirby overcapitalization, subsidies
and excessive management costs, while producdrkdbaestablished export markets

were more efficient.

Stochastic frontier approach has also found widetance within industrial settings
(Battese and Coelli, 1992; Coelli and Battese, )98enhumber of studies examined
the technical efficiency of manufacturing industrien developing countries
(Nishimizu and Page, 1982; Abdulkhadiri and Pickl#890; and Chuang, 1996,
Harris 1993, Sheehan 1997) and steel production3996). Efficiency analysis has

also played a crucial role in defining regulatonfiges in industries. Examples are
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telecommunication (Uri, 2001), energy (Jamasb awititt? 2001), schooling (Mizala
et al., 2002) and hospitals (Steinmann and Zwe2@03). Efficiency analysis is also
increasingly applied to other industry-specific lgass, banking (Fare et al., 2004), or
the cement industry (Tsekouras and Skuras, 200%)thé electricity industry,
technical efficiency analysis has played a paréidyl important role in the
liberalization process towards a competitive industructure and market-orientated
regulation, both in electricity transmission anda#licity distribution. Many authors
concentrate on scale effects, and the optimalasizierelative efficiency of producers,
following a benchmarking approach. Jamasb and tP¢BD01) give an extensive
comparison of international efficiency studies tiog electricity industry, stressing the
importance of the proper variable choice. In a sghsnt paper, Jamasb and Pollitt
(2003) perform an international benchmarking stafi§3 utilities from six European

countries comparing several SFA and DEA specificeti

Mahmood et al. (2007) examine the efficiency of thege scale manufacturing
industry of Pakistan using the stochastic producfrontier approach. A stochastic
production frontier is estimated for two period99%-96 and 2000-01, for 101
industries. The results show that there has besme smprovement in the efficiency
of the large scale manufacturing industry, thougé magnitude of improvement

remains small.

Taymaz and Saatci (1997) analyse the extent andritanqe of technical progress
and efficiency in Turkish manufacturing industri&ése rate and direction of technical
change in three industries (textiles, cement, amdomvehicles) are estimated by
using panel data on plants for the period 198748#h)g Cobb-Douglas, and translog
stochastic frontier production functions. In aduitito traditional inputs like labour,

raw materials, energy and capital inputs etc., roflaetors like sub-contracting,

advertising intensity, ownership type are alsoudeld in the analysis. The results
show that there are significant inter-industriaifedtences in the rates of technical

change and the factors influencing technical edficly at the plant level.

Ikhsan-Modjo (2006) examines the patterns of tédator productivity growth and

technical efficiency changes in Indonesia’s manuf@cg industries over the period
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1988-2000. The study uses the data incorporatitly the liberalisation years and the
crisis/post crisis years sourced from an annualelpaurvey of manufacturing
establishments. Gross output is regressed on iriketshe cost of capital, wages,
intermediate inputs and energy, and the study fihdstechnical progress is the most

important factor in explaining TFP growth in theltmesian manufacturing industry.

Tripathy (2006) examines efficiency gap betweereifpjt and domestic firms in
eleven manufacturing industries of India during @-2®900. Two different techniques,
i.e. stochastic frontier and data envelopment aimlgre used to measure efficiency
of the firms. The study assumes a Cobb-Douglastdogy and estimates stochastic
production and cost frontier in each industry teasge technical efficiency and cost

efficiency of each firm as well as to obtain somielience on allocative efficiency.

Alvarez and Crespi (2003) explore differences iohtecal efficiency in Chilean

manufacturing firms. The authors use plant survatadand apply nonparametric
frontier Data Envelopment Analysis. A stratifiechdam sample is employed and
firms are classified according to ISIC (3-digitdagsification. It is found that the
average efficiency of the sample is 65 percent witharge heterogeneity among
industries, and that the professional and sciengfjuipment industry exhibits 91
percent efficiency, while agro-industries and testihave much lower efficiency

levels at 49 percent and 34 percent respectively.

Pandya (2011) aims at estimating the Determinisincd Stochastic Production
Frontiers toanalyze the Technical Efficiency of iamd Plastic Industry. The study
includes estimation of Deterministic and Stochaflroduction Frontiers for the

Plastic Industry. The Cobb-Douglas Production FHencis used for this purpose
since it has been found to be the most appropfaata for Indian Industries from

several research studies. Productive Capacity Bd¢@mlih Ratios have been obtained
using the Frontier Estimates and thereby the efiicy levels in the PVC Plastic

Industry are evaluated.

Njikam (2003) assesses the effects of trade reform firm-specific technical

efficiencies in Cameroon manufacturing using fiewdl balanced panel data for the
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period from 1988-89 to 1997-98. A Cobb-Douglas lséstic production frontier is
estimated for each industrial industry. Resultsdat that relative average technical
efficiency increased in six of eight industries andotal manufacturing. The study
concludes that the trade reform provided an engldinvironment for improving firm-

level technical efficiency.

Parameswaran (2002) analyses the performance ohdémeifacturing firms in some
selected industries in terms of their technicakeffhcy against the background of the
industrial and trade policy reforms introduced mdih since 1991. A stochastic
frontier production function and an associatedfiogincy model are used to measure
time varying firm specific technical efficiency. Waefine technical change as the
shift of the best practice production frontier @adhnical inefficiency change as the
movement within the best practice technology. Tésilts show that all the industries
considered registered a higher rate of technicagness in the post reform period
along with a decline in the level of technical effncy. The effect of change in the
policy environment on technical efficiency variemang industries. The study also
found that firms’ involvement in the internatiortedde through export and import of
raw materials and technology has a positive effadiechnical efficiency. To measure
the technical efficiency of firms over time andtéest for the effect of firm's import
and export activities on their technical efficiendyarameswaran (2002) uses a
stochastic frontier production function, along wéth inefficiency model as proposed
by Battese and Coelli (1995). Parameswaran (20@3umaes that the frontier
production function is of translog form. For theabsis Parameswaran (2002) uses
firm level panel data of four industries, namelgattical machinery, electronics, non-
electrical machinery and transport equipment. Thiedestries belong to the segment
of capital goods industries that faced greater cgdu in trade protection in 1990s
along with industrial policy reform. Hence, an &ms#& of these four industries
assumes significance. The use of panel data allovasve not only more number of
observations, but also enables to look into theepatof distribution of technical

efficiency among firms and its change over time.

Regarding aviation industry, Oum and Yu (2004) stigated the effects of different

forms of price regulation on airport efficiencykitag into account the interaction
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between concession profits and price regulatiomgirTresults showed that while
regulation may lead to over-investment in capagtyce-cap regulation is prone to
under-investment, concluding that dual-till regidatwould be better than the single-
till regulation in terms of economic efficiency,pegially for large and busy airports.
Sarkis and Talluri (2004) investigated performanegaluation and process
improvement of airlines and air carriers. Their dstuevaluated the operational
efficiencies of 44 major US airports across 5 yeeing multi-criteria non-parametric
models. These efficiency scores are treated byustering method in identifying
benchmarks for improving poorly performing airpoiEficiency measures are based
on four resource input measures including airppdrational costs, number of airport
employees, gates and runways, and five output memsucluding operational
revenue, passenger flow, commercial and generatiamimovement, and total cargo
transportation. Yoshiba and Fujimoto (2004) examhieéficient public investment,
especially in the transportation infrastructurguamg that some of the small regional
airports are indeed suffering the issue of ovestwent. This paper attempted to
verify the validity of such criticism by statistiba measuring the efficiency of
Japanese airports and conducting comparative asnalar this objective, the paper
employed two distinct methods namely data-envelograealysis and endogenous-
weight TFP methods. The results from these metlcodsistently indicates that the
efficiency of regional airports in mainland Japae Bwer than others, and that those
airports constructed in the 1990s are relativelgffioient. Oum and Yu (2004)
compared the performance of productivity and edficiy of airport management and
operation, as well as the relationships betweeowsarperformance measures and
airport characteristics in order to better undedtdne observed differences in airport
performance. This paper extracted from the benckimgrreport focuses on
measuring and comparing operating efficiency pemtorce of the world’ s major
airports, after removing the effects of the varsbbeyond managerial control. Coelli
et al. (2002) also examined aviation industry, Bweg on the measurement of the
contribution of unused capacity, along with measwte technical inefficiency, and
allocative inefficiency. The paper concludes withempirical illustration, involving
data on 28 international airline companies. The igogb results indicate that these
airline companies achieve profit levels which areaverage 70% below potential
levels, and that gap may be attributed to unusemhaty. Sickles et al. (2002)
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examined the productive performance of a groufhide East European carriers and
compare it to thirteen of their West European carmgs during the period 1977-
1990 with a stochastic distance frontier using médgedeveloped semi-parametric
efficient methods. Both semi- and nonparametricho@s indicate significant slack in
resource utilization in the East European carrieetative to their Western
counterparts, and limited convergence in efficiemeytechnical change between
them. Scheraga (2004) examined a sample of 3&esrlfrom North America,
Europe, Asia and the Middle East to investigate tivwe relative operational
efficiency implied superior financial mobility. Daenvelopment analysis was utilized
to derive efficiency scores for individual airlines was found that the traditional
framework developed in the literature still provddeasonable explanatory power for
realized relative operational efficiency. Howevtre second stage of the analysis
found that relative operational efficiency did moherently imply superior financial
mobility. As such, airlines that had chosen reklipvefficient operational strategies
found themselves in positions of vulnerability witgard to financial mobility. A
similar approach has been also followed by Duke Eaordes (2005), who highlighted

the importance of controlling costs in the industnyd enhancing productivity.

Using a sample of 44 Indian pharmaceutical comgafaue the period 1992 to 2000,
Saranga and Phani (2004) attempt to investigatehshenternal efficiencies have
any role to play in the growth of companies in anstantly changing dynamic
environmental context. Companies are grouped acwpii three different criteria
including the type of ownership, type business, famd size. The purpose is to see
how the companies in different categories fareemms of efficiency ratings. Inputs
selected are cost of production and selling, coshaterial, and cost of manpower
whereas outputs are profit margin, net sales, apdrés. The results show that size of
a company does not dictate the internal efficieratings; however indigenous firms,
which are in the business of both bulk and formaret, have an edge over MNCs and

over firms with only formulations business.
Jajri and Rahmah (2006) analyse trend of techmffadiency, technological change

and TFP growth in the Malaysian manufacturing itdusThe authors use Data

Envelopment Analysis (DEA) to calculate output-oteed Malmquist indices of Total
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Factor Productivity growth, technological changed dechnical efficiency change.
Technical efficiency change (catch-up) measurescttange in efficiency between
current (t) and next (t+1) periods, while the teambgical change (innovation)
captures the shift in frontier technology. Sevedustries are chosen viz. food,
beverages and tobacco; textile, wearing appareleatder; wood and wood products;
paper and paper products; chemicals, petroleum, ogaber and plastic products;
non-metallic mineral and iron and steel producthistries. Input variables are capital
and labour whereas value added is used as outpid. found that Total Factor
Productivity Growth is mainly driven by technicaffieiency. The industries that
experienced high technical efficiency are food, @ochemical and iron products.
Analysis by industry shows that there is no positrelationship between capital

intensity and efficiency, technological change aothl Factor Productivity growth.

Lee and Kim (2006) analyze the effects of researchdevelopment (R&D) on Total
Factor Productivity growth in manufacturing indiessy using a sample of 14 OECD
(Organisation for Economic Cooperation and Develeptn countries for the years
1982-1993. With the assumption of constant retutmsscale technology, the
Malmquist Productivity Index and its components esenputed using two traditional
inputs i.e. labour and capital; then the exercsseepeated with the stock of R&D
capital as an additional input. Inclusion of R&Dpital is found to be statistically
significant and the introduction of R&D capital @s additional input reduces the TFP
measures on average by 10 percent. It is also fthadit is technological progress
rather than efficiency catch up that is driven hg faccumulation of R&D capital.
Spillovers of R&D capital are tested using regr@ssanalysis. Two types of
spillovers are considered viz. domestic R&D sp#is/ across industries and
international spillovers within a single industiyomestic R&D capital stocks and
foreign R&D capital stocks for different industriese used for this purpose. It is
found that productivity gains in manufacturing isthies depend significantly on

R&D spillovers, especially for an economy that isreiopen to international trade.
Kim et al. (2005) examine the technical efficienafy firms in the iron and steel

industry and try to identify the factors contrimgi to the industry’s efficiency

growth, using a time-varying stochastic frontierdab A firm’s technical efficiency
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also tends to be positively related to its productevel as measured by a share of the
total world production of crude steel. Another impat source of efficiency growth
identified by our empirical findings is adoption méw technologies and equipment.
Our findings clearly indicate that continued eféorto update technologies and
equipment are critical to the pursuit of efficienioythe iron and steel industry. As
described in Kim et al. (2005), several studieestigated the efficiency of the iron
and steel industry. They include among others: &a/Kim (1995) for the U.S. steel
industry; Jefferson (1990), Kalirajan and Cao (199%u (1996), and Ma et al. (2002)
for Chinese iron and steel firms. In this studyeythconsider time-varying
inefficiency, and base our analysis on the modekldped by Battesse and Coelli
(1995).

Camanho and Dyson (2005) eenhanced cost efficienegsurement methods to
account for different scenarios relating to inpritg information in banking industry.
These consist of situations where prices are knexactly at each decision making
unit (DMU) and situations with incomplete priceandation. The assessments under
price uncertainty are based on extensions to tha Bavelopment Analysis (DEA)
model that incorporate weight restrictions of therf of input cone assurance regions.
Huang and Wang (2002) estimated economic efficiemz/economies of scale, using
panel data of 22 Taiwanese commercial banks owepéhniod 1982-97, employing a
wide range of parametric and non—parametric casitiers’ efficiency estimation
methods to estimate economic efficiency and ecoesrof scale, using the same
panel data of 22 Taiwanese commercial banks oeepéhniod 1982-97. According to
their empirical implementation, the two methodoésgiyield similar average
efficiency estimates, yet they come to very diseimresults pertaining to the
efficiency rankings, the stability of measured @éincy over time, the consistency
between frontier efficiency and conventional parfance measures, and the estimates
of scale economies. Thus, the choice of an estomaapproach can result in very
different conclusions and policy implications redjag cost efficiencies and cost
economies. These findings suggest that makingydkcisions and evaluations relies

on multiple techniques and specifications.
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Kumbhakar and Tsionas (2002), within a panel dagyais with rice farming data

from Philippines, dealt with nonparametric estiroatof the technology, risk and risk
preferences of producers when they face uncertamfyroduction. Uncertainty is

modeled in the context of production theory wheredpcers’ maximize expected
utility of anticipated profit. Tsionas and Gree@®@3), within a panel data analysis,
proposed a stochastic frontier model with randoreffaents to separate technical
inefficiency from technological differences acrdsms, and free the frontier model
from the restrictive assumption that all firms mushare exactly the same

technological possibilities.

Silva Portela and Thanassoulis (2005) using panrgrerd non-parametric methods,
have been focusing mainly on profit efficiency aodidentify the sources of any
shortfall in profitability (technical and/or allotbee inefficiency). The method is
applied to a set of Portuguese bank branchesafisiming long run and then a short
run profit maximisation objective. In the long runost of the scope for profit
improvement of bank branches is by becoming molecatively efficient. In the
short run most of profit gain can be realized tiglothigher technical efficiency.
Wheelock and Wilson (2000) use alternative measafegroductive efficiency to
proxy management quality in individual U.S. banksid find that inefficiency
increases the risk of failure while reducing thelability of a bank's being acquired.
Becchetti and Sierra (2003) investigated the deteants of bankruptcy in three
representative unbalanced samples of Italian fionshe periods 1989-91, 1992-94
and 1995-97. Two important results are that: (& thegree of relative firm
inefficiency measured as the distance from theciefit frontier has significant
explanatory power in predicting bankruptcy (ii) tisdive regressors such as
customers’ concentration and strength and proximitgompetitors have significant

predictive power.

Country-wide research in electricity distributiaalso wide, with reference to Agrell
et al. (2005) in Scandinavian countries; Gianna&kial. (2005) for UK; Hjalmarson
and Veiderpass (1992) for Sweden; Fgrsund andlgetig1998) for Norway. Delmas
and Tokat (2005) based on the analysis of 177 Bl&tric utilities from 1998 to
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2001, our results show that the process of re@igulation has a negative impact on
firms' productive efficiency, as measured usingaDBhvelopment Analysis. Pollitt
(2005) examined regulation effects on productiviciehcy using non-parametric
methods. Edvardsen et al. (2006) followed a piesewviinear frontier technology,
reflecting observed best practice, accommodating thulti-output nature of
distribution utilities is specified calculating &hin frontier technology and change in
efficiency, for the period 1983 to 1989. Filippeti al. (2004) analyzed the efficiency

of electricity distribution companies in Slovenising SFA..

In health care industry, there are numerous pamesstimating technical efficiency,
using stochastic and non-stochastic methods. Totiomerseveral representative
papers, Birman et al. (2003), Dervaux et al. (208®jgia et al. (2004) and Jimenez
et al. (2003) examined problems associated withnggemental illness, learning
disability or physical disability. Farsi and Filipp (2003) investigated the nursing
homes operated by government administration. Thelteealso suggest that a great
majority of the nursing homes in the sample do fhdly benefit from scale
economies. This implies that efficiency gains carobtained with larger capacities or

joint operations.

In electricity generation, Arocena and Price (20@®yoduced some novelty in
modeling efficiency, including three pollutants addclared plant availability as
outputs, and we test for the effect of environmierggulation in reducing pollutants.
Korhonen and Luptacik (2004), Cook and Green (200% Atkinson and Halabi
(2005) employed data envelopment analysis (DEAn&asure technical efficiency
(as the relation of the desirable outputs to thmuis) in electricity plants. In gas
distribution, Rossi (2001) used a stochastic feargipproach to analyze the technical
change in the post-privatization period in the desribution industry in Argentina,
finding that there is both a catching up effect anshift in the frontier, which shows
that the industry as a whole improved its efficemot only for the average but also
for every firm in the sample. Carrington et al. @2D presented a benchmarking
analysis, conducted for an Australian regulatot tigives measures of efficiency for
Australian gas distributors relative to U.S. coupdets. Several techniques, such as
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data envelopment analysis and stochastic frontialyais, were used to ensure that
their measures were robust to methodology choieedond et al. (2002) attempted
an investigation by using Data Envelopment Analy®s estimate the relative
efficiency of a sample of undertakings under eadtesn, finding that undertakings
operating under the basic price system were foarmktmore efficient which suggests
that incentive regulation was effective in the isoly. Hawdon (2003) investigated
policy developments which affect efficiency of rasme use in the gas industry, and
used data envelopment analysis to measure relpgvi®rmance at the individual

country level.

In oil and gas industries, Managi et al. (2006)nexed the impact of technological
change on the production frontier. To addressmnbastry — specific feature, they also

interdicted environmental variables.

In aggregate R&D activities, Wang (2007) constrdcée cross-country production
model for evaluating the relative efficiency of aggate R&D activities. R&D capital
stock and manpower were considered as inputs; {gatem academic publications
were regarded as outputs. Environmental factors itifuence R&D performance
were also taken into account. Dhawan and Ge(ti887) estimated an index of
technological change using producer-level data istaghastic frontier production

function model that takes into account time-varytechnical inefficiency.

In rail transport, Kennedy and Smith (2004) incogted the efficiency measurement
techniques (DEA; COLS; SFA) for assessing Railtrafkciency. Loizides and
Tsionas (2004) developed a model to represent s structure of European
railways based on a general index of technical gbamvhich allows completely
general estimation of productivity growth. The estted model is based on a variable
cost function for panel data, which allows for metgeneity in spite of previous
approaches in the railway economics and generakimaodel literature which adopt
the assumption of common technical parameters s@msntries. Farsi et al. (2003)
examined the issue of cost-efficiency in Switzedlamursing homes, with a panel
data of 17 public and 19 nonprofit nursing homesrapng over the 9-year period
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from 1993 to 2001, in one of the 26 Swiss cantdinsno. Several specifications are
used to study the robustness of the results. Thdtsesuggest that the institutional
form influences the efficiency of the studied nogsihomes in that non-profit
foundations are likely to be more cost-efficienarththe nursing homes operated by
government administration. The results also sugtjest a great majority of the
nursing homes in the sample do not fully benefinfrthe scale economies. This
implies that efficiency gains can be obtained Watiyer capacities or joint operations.

Finally, Gathon and Perelman (1992) created a asiith frontier for European
railways using a panel data approach in which teahrfficiency is assumed to be
endogenously determined.

In public infrastructure, Martin et al. (2004) aR@ul et al. (2004) examined the
effects of public infrastructure on productivity ih2 two-digit manufacturing
industries, which contribute about two thirds te tbtal output of the manufacturing
industry. A translog cost function incorporatingbpa capital infrastructure is
estimated for each industry separately using antwrna-series data for 1961-1995.
The cost-function approach facilitates the investan of productive effects of public
capital in terms of both cost-saving and outputraeigting measures. It also enables
to examine public capital's effects on the inpunded and derive the rate of return
on public investment (pertaining to manufacturin@alinas — Jiminez (2004)
analyzed the effect of public infrastructure onvate factor productivity and
efficiency in the Spanish regions. The focus istloa role of investment in public
infrastructure and on analyzing how the relativelamments of public to private
capital affect productivity growth. The results aibed indicate that, although public
investment contributes to enhance private prodifgtigrowth, the less productive
regions are suffering from a relative deficit ofvate capital. Other variables that
might condition productivity (i.e., human capitasymmetries in the economic cycle,

and the industry structure) are also considered.

In telecommunications industry, Guedes de Avellarake (2002) investigate the
relative efficiency of 34 Brazilian Landline Telaple Service companies using Data

Envelopment Analysis with weight constraints in thput and output variables. Uri
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(2004) used several different measures of serviidity, to investigate empirically
whether there has been a decline in service quadityween 1991 and 2000. Resende
and Facanha (2005) reviewed the incentive propenifeyardstick schemes with
special reference to quality performance and to e¢kenomic foundations and
practical applications of data envelopment analyfdA) for Brazilian local
telephony over the period 1998-2002. The evidemckcates substantial quality
underperformance, with some improvements towarelettd of the period.

In urban transit efficiency estimation, De Borget &. (2002) provided a
comprehensive survey of the literature on producamd cost frontiers for public
transit operators, and it evaluates the contrilmsti@f frontier analysis to the
performance of the public transport industry. Dakemd Gomez — Lobo (2003)
estimated a cost frontier model for an eleven-yeearel of Norwegian bus companies
(1136 company-year observations) using the metloggoby Battese and Coelli
(1995), to investigate to what extent different éypf regulatory contracts affect
company performance. The panel model proposed bedaand Coelli (1995) allow
for year/company specific efficiency measures toebBmated. Thus, unobservable
network or other time invariant characteristic bé toperating environment can be
controlled for by analyzing the dynamics of meadupeoductivity across time for
firms regulated under different types of contrac@ther than relying solely on
variations across companies during one time pefiibd.main and robust result of the
paper is that the adoption of a more high-powenddisie based on a yardstick type
of regulation significantly reduces operating cos@deck (2006) used Data
Envelopment Analysis (DEA) to analyze efficiencyfeliences in the industry to test
for efficiency and scale differences with respecbwnership, region of operation and
scope of operation. The results suggest that tisene general a potential for input
saving in the whole industry of about 28 percergv@itheless, while no significant
differences are found between urban and rural e@eravith respect to input saving
and output increasing efficiency scores, rural afges on average have lower mean

scale efficiency and a higher variance of scalieieficy.

In water distribution, Corton (2003) describes ittn@lementation of a benchmarking

scheme by the Peru water industry regulatory ageartglyzing alternative measures
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of efficiency and estimates an efficiency fronfiem a regression model of operating
costs. Management culture and political interfeeencere detected as important
issues having an impact in this industry. Tupped &esende (2004) quantify the
relative efficiencies of state water and sewagepzaonies in Brazil during the 1996—
2000 period. Relative efficiency scores obtainedlaya Envelopment Analysis-DEA
indicate that sub-optimal performance is saliemntsiame utilities. In order to control
for regional heterogeneities, the complementarywbenh DEA and econometric
procedures is explored as one controls for netwlerksity and water loss factors. To
measure the impact of regulation on efficiency, &utand Reynaud (2005) use a
stochastic cost frontier approach defining the seokable efficiency of water utility
in Wisconsin as a function of exogenous variabldsing a panel of 211 water
utilities observed from 1998 to 2000, they showt titir efficiency scores can be
partly explained by the regulatory framework. Cubl2005) considers the use of
efficiency measurement in the regulation of theewatdustry in England, Wales, and

Scotland.

Clark et al. (2004) investigate the determinantshopping costs to the United States
with a large database of more than 300,000 obsengper year on shipments of
products | from different ports around the worldheV find that port efficiency is an

important determinant of shipping costs. Improvpuagt efficiency from the 25th to

the 75th percentile reduces shipping costs by 1R%turn, factors explaining

variations in port efficiency include excessiveulkagion, the prevalence of organized
crime, and the general condition of the countrgfgastructure. Reductions in country
inefficiencies, associated to transport costs, fthen25th to 75th percentiles imply an
increase in bilateral trade ofaround 25%. Cullinaateel. (2003) investigate the
efficiency of container terminals within the contewf global supply chain

management. The efficiency and scale propertieslG#f of Europe's container
terminals with annual throughput of over 10,000 BEld 2003, distributed across 29
European countries, are derived using data envedopamalysis. The main findings
are that significant inefficiency pervades mosthef terminals under study and that

large-scale production tends to be associatedigger efficiency.
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Lewis et al. (2003) used a stochastic frontier métthogy that incorporates Bayesian
statistics, and analyzes the cost efficiency of estate investment trusts (REITS) by
observing the deviations of the measured costaidiVidual REITs from a defined

efficient cost frontier, using 1995-1997 data.

Battese, Rao, and Walujadi (2001) investigate #whriology gap and technical
efficiencies of firms in the garment industry irffeient regions of Indonesia. They
present a met-afrontier production function modaelfirms in different groups having

different technologies. The meta-frontier modelldes the calculation of comparable
technical efficiencies for firms operating undefetient technologies. The model also
enables the technology gaps to be estimated forsfunder different technologies

relative to the potential technology availablehe industry as a whole.

Efficiency of accounting, advertising, auditing dagv producers has been examined
by Banker et al. (2005), Wang (2000), Dopuch et(2003) and Luo and Donthu

(2005). Efficiency of hospitals is investigated @hang et al. (2004), Gao et al.
(2006) and Stanford (2004).

In education McMillan and Chan (2006) determineficefncy scores for Canadian

universities using both data envelopment analysi stochastic frontier methods.
There was considerable divergence in the efficiesoores and their rankings among
methods and specifications. An analysis of rankirfgswvever, revealed that the
relative positions of individual universities acsosets of several efficiency rankings
(e.g., all the data envelopment analysis and sttichfiontier outcomes) demonstrate
an underlying consistency. Primary and secondaogatn efficiency is examined

by Dolton et al. (2003), Mayston (2003), Ammar kt(2004) and Dodson (2004).

Tertiary education is investigated by Bonaccorgil &araio (2003), Mensah and
Werner (2003), Guan and Wang (2004) and Warnin40

Internet commerce efficiency is investigated by Véeal (2003), Barua et al. (2004),
Chen et al. (2004) and Serrano — Cinca et al. (O0%echnical efficiency in
museums is measured by Bishop and Brand (2003)Basdo and Funari (2005).
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Panel data sets on health care attainment hasuseenby numerous researchers for
studying different approaches to efficiency modglifEvans et al., 2000a, 2000b;
Greene, 2004b; Gravelle et al., 2002a, 2002b; kgdlivorth and Wildman, 2002).
Nursing homes technical efficiency is evaluated Fgrsi and Filippini (2003),
Hougaard et al. (2004) and Laine et al. (2005).

Physician practices technical efficiency is meaduby Rosenman and Friesner
(2004). The World Health Organisation technicaliceghcy has also been a study
case for Hollingsworth and Wildman (2002), Gree2@0@) Lauer et al. (2004).

All lot of these papers suggest that technology lkarmivledge diffusion might help to
improve production efficiency. Moreover, specifiudies, as Meng and Li (2002),
showed evidence of ICT industry development andusibn but also huge gap
between China and developed nations in this regasdsell as digital divide among
different economic regions. Gao (2004) examinedorey industrial development in
China with emphasis on factors representing souwtesgional growth. Gao (2004)
found that local competition, small size of puldictor, better transport system, and

exports and FDI positively effect on regional intlizd growth.

In addition to traditional inputs, Heshmati and Kahmkar (2010) incorporate several
indicators of technology. One such indicator is i@Vestment as an infrastructure for
economic development. Other indicators are humaitatand its role in acquisition

and absorption of new technology, skills and mamegg. Meng and Li (2002) is one
of few studies which provided some evidence on €BilCT industrial development

and diffusion in recent years. Heshmati and Yan@0§2 also investigated the
relationship between TFP growth and ICT investmarit at the aggregate national

level, and, they provided estimation of positiveuras to ICT investment in China.
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4.5. Productive Efficiency and Institutional Contex:

Industrial and Innovation Policy in European Union

As technical efficiency enhancement becomes aneasingly important issue,
production must draw on a wide range of productdeas, component technologies

and complementary capabilities.

Within this framework, it is rather difficult forng single industry to incorporate and
take advantage of the relevant technological adsnas well as the underlying
industrial and innovation policies. This means tthegt actions of industries involve
the targeted development of specialized knowledgeta, that are integrated from a

wider range of knowledge areas (Kessler, Bierly @opalakrishnan, 2000).

Growth and competitiveness become contingent oralhigy of firms to compose,
establish and maintain external interfaces (Nighhlixon and Woo, 2003), to choose
the right mode of governance (Fey and Birkinsha®@5) and to link these effectively

to internal knowledge accumulation and capabilgyelopment.

The relationship between productive efficiency ambvation and industrial policy is

illustrated in the following figure (4.1):
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Figure 4.1. Strategic policies flows
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Source: Own Elaboration

European industrial, technology and innovation e are no longer exclusively in
the hands of national authorities: increasinglyjamal initiatives are supplemented
by or even competing with regional innovation p@écor transnational programmes,
in particular, the activities of the European Unigkt the same time, industrial

innovation increasingly occurs within internatiomastworks. Research, technology
and innovation policies of European countries ¢jeegflected the profiles of their

national (and regional) ‘innovation systems’, urstieod as the various institutions,
corporate actors and processes contributing tostndbiand societal innovation.

The innovation policies of the European Union (Psie and Sharp, 1998; Guzzetti,
1995) played a noticeable, but not yet a dominaletin the national contexts, at least
not in the bigger member states (Kuhlmann, 2001)e Tollowing figure (4.2)
highlights the interactions among the main policlemeents regarding the

enhancement of technical and productive efficiency.
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Figure 4.2. Productive Efficiency and Institutiof@mework
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policy is widely differentiated in the meantimefleeting the scope of institutions and
interests involved: it stretches from public furgliof research institutions over
various forms of financial incentives to the conithug of research and experimental
development in public or industrial research lays to the design of an innovation-
oriented infrastructure, including the institutioamd mechanisms of technology
transfer. In many European countries, these ingnisndominated the practice or
research and technology policy for the last threeades. As further instruments one
could mention efforts to guide public demand, measun education and further
training and the regulatory possibilities availabie the 21st century, though, the
national and (regional) innovation systems are B&peing revolutionary

shockwaves: the growing pull of internationalisegpnomic relationships has mixed
up traditional regional or national divisions of rkdoetween industrial enterprises,
educational and research institutions as well amirddtration and politics, and it

debased many of their traditional strengths. Irgtg@omalisation, however, has so far
not led to a uniformity of the national innovatisystems, which would finally mean
their abolition. The various national and regioivalovation cultures and related

policy arenas react very differently, which partgads them into crises, partly
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stabilises, but partly also reveals unexpected,ehamhances in a transformed
international context. At the same time, Europeangnational innovation policies
have been entering the stage, increasingly sin88,®wadays covering the whole

range of instruments (Kuhlmann, 2001).

4.6. Industrial Policy and Technical Efficiency

Sustainable development is a key concept withirirttlestrial policy of the European
Union. The key elements for the sustainable dewvety policy concern the efficient
use of resources encouraging the development of peductive technologies,
extending the use of productivity and efficiencyhancement schemes and
encouraging both innovative and productive aceitiwithin this context, the main
role of industrial policy in the European Union i8 provide the appropriate
framework conditions and to make the European Uraonattractive place for

industrial development and employment creation.

One of the core targets of industrial policy isrtbuence the volume and composition
of the European Union industrial output, primatiiyy manufacturing output, aiming
to increase the volume of production and/or empleyngBaldwin and Martin, 2006).
More specifically, industrial policy refers to sttural policies designed to strengthen
the efficiency, scale and international competite®s of industrial sectors within a
country, bringing about economic growth and develept (Soete, 2007).

Industrial policy has been a cornerstone of econopalicy in European Union.

During the 1970s and 1990s industrial policy shifteostly towards support of high-
tech industries. There is also a close relationdiepwveen the effectiveness of
industrial policy and the level of development withan economy. Advanced
countries have witnessed over the 1990s a majoelexation in the process of
deindustrialisation with a more rapid growth invgegs following the diffusion of

information and communication technologies (Petit &oete, 2001).

However, the first unitary concept of an industalicy for the European Union

appeared after the European Commission‘'s proposait f1990s report ‘Industrial
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Policy in an Open and Competitive Environment: @lites for a Community

Approach’, as a confirmation on the necessity afpdithg industrial policy measures
in a free trade economy. In 1993, the Commissiobliglved the white paper on
Growth, Competitiveness and Employment, underlirimgmeaning of the European
economy's competitiveness in the new conditions, te legal frame for European
Union industrial policy was settled through the atyeof Maastricht (Nica and Cuza,
2010). The incentives for an overal approach oweandustrial policy of the European
Union were the differences registered as compaveithd economies of the United
States and Japan, regarding growth rates, investratss, R&D and innovation, and

international trade, as well as the rise of the nempetitors from South-East Asia.

Within this period, the dominance of the industrsaictor within European Union
remains structurally very different between Europeaember states, such as
Germany or France, which are still dominated bgrsirindustrial presence. On the
other hand there are cases of small member statésh vihave witnessed rapid
deindustrialisation over the 1990s but at the sime, nevertheless witnessed rapid
growth in the industrial value added, such as Aaistr Finland. However, while
applying certain measures at national level, themas might become selective by
aiming certain industies or industrial objectiv€ertain industrial sectors are more
vulnerable internationally, due either to markearelcteristics, or to the insufficient
development of the European industry compared te world level. As a
consequence, industrial policies were defined, mymmainly to the competitive
growth of the European industry, focusing on thkowing objectives(Nica and
Cuza, 2010):

= Accelerating the adaptive process of the industipé structural changes;

= Developing an environment in the favour of inivatiand development of
enterprises;

= Encouraging the favourable environment for busimesgperation;

= Favouring the industrial potential of the researethnologic development and

innovation policies (Dachin, 2006).
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One of the main aims of industrial policy regarde encouragement of innovation,
knowledge and research. European Union industréicy consists a framework
which aims to encourage private investments in R&Bd insure an optimal use of
the public resources for industrial research. Frttore, encouraging investments in
intangible assets and human capital is cruciafrder to maximize the efficiency of
the current technology and its effects. Furthermeupporting entrepreneurship and
developing industrial sectors is an objective thaes beyond the limits of the
industrial policy, by joining actions of the educatl policies, internal market,
financial services and tax policy (Nica and CuZ# ®. Certain fields require specific
intervention, in order to improve the internal metrksuch as the financial or services
markets, where the technical barriers and the llgie differences limit the free
trade, in order to improve the economic environmeiith special attention in areas
which present the fastest technological progresswedv¥er, the development
objectives set at European level cannot be reaalibodut a tight interconnection of
the industrial policy measures with those of sommmglementary policies, such as the
commercial policy, the single market policy, traopand energy policies, research
and development policies, competition policy, regioand macroeconomic policies.
While in these fields the policies are already damated, the sustainable development
requirements, with the three development pillacenemic, social and environmental,
require supplementary measures for coordinating itftistrial policy with the
associated policies and requirements. Thus, Europe@on must insure the balance
between the different policies, and this balancestnine followed at national level,
within the limits of competency of the different mker states (Nica and Cuza, 2010).
On the other hand, cohesion policies amount tofisiemcy-based long-run strategy
of 'catch-up growth’, in which the interventionmao accelerate catch-up growth and
achieve cohesion policies, rendering industrialgyohdims into increased growth and
employment and the improved international competitess of European industrial
sectors

The nature and intensity of European industrialgyohas drastically changed since
the Rome Treaty (1957). This is due to the deepeafreconomic integration since
the 1970s, the widening of its scope and the eatagmt of the Union (Pelkmans,
2006). More specifically, the Rome Treaty (19570l diot have a clear industrial
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approach (apart from transport policy). Until reagh a unitary concept, the
approaches on the European industrial policy padsedgh several stages. In a first
stage, between 1958-1975, national policies pregaBetween 1975-1985 a general
tendency favouring the interventionist policies walserved. The Community
measures were aiming to encourage the nationatgffand varied from subventions
for the steel industry until granting funds foreasch and development projects and
introducing commercial barriers in the trade wille ttountries from the rest of the
world. In 2000, the Lisbon European Council set dhgective of transforming the
European Union in the most dynamic and competiis@omy of the world. In 2004,
EU's enlargement through the integration of the t#¢rand Eastern European states
represented a challenge for the European Unionsindu policy, as the newly
integrated states were to align to the industeakl of the European Union while
maintaining and increasing the competitiveness WfdE a general level. After the
first enlargement of the European Union, in 200 €Commission established the
main action lines of the industrial policy in thew geopolitical conditions, through
the communication titled ‘Fostering structural cpanan industrial policy for an

enlarged Europe’ (Nica and Cuza, 2010).

Currently, competition, the efficiency of public danprivate services, and
infrastructure are important determinants of indakitompetitiveness in European
member states. In many member states, increasingpetdion in the network
industries remains a challenge. Lengthy permitpnocedures and public acceptance
also constitute important obstacles to the devetognof infrastructure. A stronger
enforcement of competition rules is necessary thuge competition distortiofs
Moreover, today, the competitiveness of Europeaustry crucially depends on the
quality and efficiency of the energy, transport asmwmmunication infrastructure
services, with the upgrading and modernisation tifsé networks being rather
essential. Transport networks need to be improgemlvercome any related obstacles

% The possibility of counterproductive internatiomalordination has been extensively studied in the
field of international macroeconomics (see Rogo®#83, Canzoneri and Henderson 1991, and
Canzoneriet al. 2006). In Canzoneri and Henderson (1991), it is alsown that if only a subset of
countries (such as the EU) cooperates, then timigell cooperation may be counterproductive. The
reason is again that coordination among EU memblarsnates one distortion. This distortion may
have actually compensated for another one withheemajroup of countries. One could also apply this
example to the issue of industrial policies (Baldwnd Martin, 2006).
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and improve cross-border connections. These impnemés will require massive
investments and the development of innovative fiivam solutions. According to
European Commission (2010), a new industrial infiomapolicy is needed to
encourage the development of productive procesgpads and services, as well as

the enhancement of productive efficiency.

Industrial policy of the European Union must offeplutions for industrial
development. Such challenges concern globalizatitre technological and
organizational changes, the increasing role of \mation and entrepreneurship.
Strategy framework for industrial policy must puéchnical efficiency and
competitiveness of European industry at centreesggropean Commission, 2010):

= to adopt policies that have an impact on the cgsice and innovative
competitiveness of industrial sectors, such as dstalsation or innovation
policies, or industrial policies targeting e.g. theovation performance

= to speed up the adjustment of industry to strutttiranges

» to encourage an environment favourable to coomerand development of firms
throughout the Union

= to foster better exploitation of the industrial gatial of policies of innovation,
research and technological development

= to consider the competitiveness effects of all otpelicy initiatives such as
transport, energy, environmental or social and worws-protection policies

(European Commission, 2005, Pelkmans, 2006).

European industry must also strengthen the knowlduitse to remain competitive,
investing in research and innovation for a sustdéand inclusive economy. Most
importantly, science, technology and innovationypasignificant role in increasing
technical efficiency and are a driving force inemmtational competition. Innovation
policy is a broad concept that contains researah tanhnology policy and often

overlaps with industrial policy.
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4.7. Innovation Policy and Technical Efficiency

Innovation policy seeks to help firms or industries improve their capacity to
innovate. This includes the provision of scientifidrastructure in research and
education and direct and indirect support for redeand technological development.
It also includes a wide range of policies which aonbuild networks, to make
markets more conducive to innovation, to facilitéte transfer of technology, to help
firms to acquire relevant capabilities, and to jleva supporting infrastructure in
areas such as standards and intellectual propeuylic innovation policy aims to
strengthen the competitiveness of an economy aetdcted industries, in order to
increase societal welfare through economic sucd&ssimann, 2001). Hence
European Union has made innovation a top prioritsough several strategies,
funding opportunities and assessments. The pressidirglobalisation have brought
innovation to the fore as a key element in increggiroductivity along with technical
efficiency and underpinning industrial competitiesn, taking into consideration the
under-investment in business R&D and other inneeadictivities, strongly linked to

the fragmented condition of European markets.

Innovation policy is essential for European Unioroductive efficiency and an
important driver in enabling European Union to emd&competitiveness, increased
efficiency and growth and consequently to compeateaoglobal scale. However,
policy-makers also underlined the need for inteoacbetween innovation policy and
other policy areas to improve the environment farovative enterprises (Nilsson,
2004, Chesbrough, 2002, Georghiou, 2006). After $seond World War, and
increasingly since the 1970s, with the acceleratainhigh technologies, the
industrialised countries developed a broad spectiitachnology policy intervention
measures (Roobeek, 1990, Ergas, 1987). Howevetheneindustrial policy nor
innovation policy was among the areas covered enl®67 Treaty of Rome. By the
early 1980s, however, both had found a place antbegeuropean Commission’s
directorates (Guzzetti, 1995). The first reseanctt 'echnology development (RTD)
programmes were designed and implemented in thg #380s (Nelson and Winter,
1982; Dosiet al, 1988). This included broad programmes such asEilm®pean
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Strategic Programme for Research and Developmenhfonmation Technologies
(ESPRIT) whose main goals wereta)promote intra-European industrial cooperation
through pre-competitive R&D; ijo thereby furnish European industry with the basic
technologies that it needed to bolster its comipetiess through the 1990s; and tia)
develop European standards (European Commissi&7) B&d the Basic Research in
Industrial Technologies (BRITE) programme designed help the European
manufacturing industry to become more competitiviytélka and Smith, 2001).
Since the 1980s the Community was trying to fodter creation of strategic
industries, in line with the individual member s&it efforts to promote national
champions. In fact, the objective was to foster pgwation, innovation and
commercialization processes, where the role of Conity institutions was mainly to

enable and coordinate policies rather than dit¢keti contents (Triulzi, 1999).

Until the middle of the 1980s the Community haesearch and technology policy of
its own that more or less complemented nationakcypwmlaking with a transnational
dimension, in order to create a European Researeh LCommission 2000a). The
rationale behind this approach is that Europeam@odc integration, in combination
with the opportunities associated with the enlargeinof the European Union and the
challenges of economic and technological globatisatfunctionally leads to an
integrated innovation policy approach in Europeamod. On top of the national and
regional efforts and in parallel with Europe’s egonc and political integration, the
emergence of a European innovation policy-makirgiesy can be traced (Peterson
and Sharp 1998; Grande 1996; Guzzetti 1995). Ity mdlar is the Framework
Program, the first of which was established in 1884 concentrated on industrial
technologies, information technology, telecommutices and biotechnology. Each
subsequent FP has been broader than its prededestsoscope of technologies and
research themes, with correspondingly higher egpiecis of its impact on the
economy and society. The Framework Programmesarms$truments through which
the Commission implements its scientific and tedbgical research policy. The
system of innovation approach lays emphasis onirttexactive process in which
enterprises in interaction with each other and edpd by institutions and
organisations — such as industry associations, Ri#&Dovation and productivity

centres, standard setting bodies, university andatimnal training centres,
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information gathering and analysis services andkibpgn and other financing
mechanisms — play a key role in bringing new preglutew processes and new forms

of organisation into economic use.

Into the 1990s, Community innovation RTD programsnmsought to promote

technology transfer across industries and region&urope, aiming at achieving
competitiveness and productive efficiency. A feeaks later enhancing innovation
became a cornerstone of the strategy to meet tigettagreed by the European
Council in Lisbon in March 2000 of the Union becagnithe most competitive and
dynamic knowledge-based economy in the world byetheé of the decade, drawing
attention to the interfaces between industriesfanrahcial markets, R&D and training

institutions, advisory services and technologicatkets (Nilsson, 2004). The Lisbon
European Council (2000) was an important milestmnehe Community’s approach

to innovation policy. The so-called Lisbon strategguired the Union to become, by
2010, “the most competitive and dynamic knowledgseda economy in the world,
capable of sustainable economic growth with mo lagtter jobs and greater social
cohesion”. With the Lisbon strategy, innovationrgincreasing importance in the
EU policy framework; the argument that firms’ cortipeeness in a globalized

economy is increasingly dependent on the introdactif new products and services
is emphasized. Innovation policies, previously feahwithin the context of research

policy, begin to be considered as essential compsrd industrial policy strategies.

In 2002, the Barcelona European Council set a tidadbjective requiring the Union
to reach, by 2010, a level of R&D expenditure equml3% of European GDP
(compared with 1.9% recorded in 2000), within whtble level of private funding
should increase up to two thirds of community R&vastments. Today, innovation
in EU is distributed right across the system inEalropean countries. European-level
networking of key players in the innovation procksks national innovation systems.
On the national level the member states are exgeotébuild national innovation
strategies. Innovation system was considered taa beeasure to build dynamic
clusters based on technologies with large growtleng@l. Innovation became a new
industrial policy along with research policy, inthied policy, energy policy, or labour

market policy. However, policy-makers also undetinthe need for interaction
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between innovation policy and other policy areasnprove the environment for
innovation and technical efficiency (Nilsson, 200Mpwadays, within the European
Union innovation policy framework, current trendadathe resultant emerging
industrial innovation activities focus mainly onfdmmation and Communication
Technologies (ICT) related topics. Information aBdmmunication Technologies
(ICT) enable the development of new services anckase the efficiency of existing
services. Globalisation and internationalisationnmiovative industries is important,
as is the convergence between the technologicaténse sectors and other sectors.
Maintaining and strengthening Europe’s industreddis fundamental to securing the
foundation and transformation of the EU economy ansuring employment, social
progress and cohesion (European Commission, 2EMBRS, 2011).

On the other hand, Europe’s national innovationiesys differ substantially, as well
as their innovation performances. Therefore, mensb&ies have undertaken great
efforts to improve their innovation support measuby investing in research and
implementing new or better instruments in suppdrtinmovation. This level of
financial engagement is at risk in the current glalconomic crisis and, as a direct
impact, the innovation gap in the EU is wideningiag The implication of this is that
innovation policy must consider the needs of a wsd¢ of industries — policy
initiatives need not be confined to a small grodphahly innovative sectors.
European Union is challenged in the global arenaimgrging economies when it
comes to capturing and capitalising on knowledge &@chnology in the context of
innovation. In the past few years, the budget f&DRhas been increased and several
initiatives have been launched to strengthen Eusopempetitiveness. So far,
however, these efforts have not made the EU momgpettive. On the contrary, a
decline can be seen and the EU is recognised asmimeg less internationalised
(Anvret, Granieri, and Renda, 2010). However, theovation policy of the large
European member states has not yet taken the stggrds a conscious and
comprehensive international integration and cor@tion of their measures. The
majority of public initiatives is still mainly del@ped in national policy arenas,
offered by national institutions, and addressedabonal beneficiaries, borne by the
implicit assumption that the research institutesyersities and enterprises involved

carry out their innovation activities entirely oorfthe most part within national
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boundaries, or at least with a significant relattonthe own economy (Kuhlmann,
2001).

The majority of public initiatives is still mainlgeveloped in national policiess,
offered by national institutions. While for the tagars member states increasingly
tended to compete with each other in the field wfovation policy (Porter, 1990;
Roobeek, 1990), strong industrial or financial talpactors have been appearing more
frequently on the scene - multinational enterpriggernational strategic alliances of
national enterprises- who act globally and acrdms niational innovation systems
(Meyer-Krahmer and Reger, 1999). In the membeestat EU this policy initially
took the form of initiatives for stimulating reselr improving innovation financing

and promoting technology absorption and innovat@magement.

Additional priorities like intensifying the coopei@n between research, universities
and universities, promoting ‘clustering’ and othierms of cooperation among
enterprises and other organisations involved in theovation process and
encouraging the start-up of technology- based compavere added to the national

innovation policy (Nilsson, 2004).

The following table (4.2.) presents the main pties regarding the effectiveness of

innovation and industrial policy implementation:

Table 4.2. Policy Effectiveness Priorities

Priority Means and actions
e give priority to innovation and e creating closer links between research instituted a
enterprise industry, developing conditions favorable to R&D,

improving access to finance and know-how and
encouraging new business ventures;

e ensure full employment e emphasizing the need to open up employment
opportunities, to increase productivity and qualély
work and to promote lifelong learning;

e ensure an inclusive labor market reducing unemployment and disparities in access to

employment;

e connect European Union e promoting closer integration by improving transport
telecommunications and energy networks;

e protect the environment e stimulation of innovation, and introducing new

technologies, for example, in energy and transport.

Source: Own elaboration
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The evaluation of the innovation policy demonsulatfigat despite achieving most of

the proposed actions, there are still significabstacles to innovation in the EU.

These obstacles can be overcome by taking cooedinattion at both EU and

national level (as illustrated in figure 4.3.:

Figure 4.3. Action framework of E.U. policies

Influencing by Network Activities, Direct Communication and Tacit Agreements among

Industries and policy makers

Strengthening economic growth

and development

Industrial and
Innovation Policy
Agenda

Source: Own elaboration
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Strengthening the importance of particular policy
issues

As part of the Europe 20Xirategy, the Commission launched in 2010 an aousti

new industrial policy that highlighted the actiomeeded to strengthen the

attractiveness of Europe as a place for investna@nt production, including the

commitment to monitor Member States competitivempedieies. The changing nature

and scope of global innovation activities createsy/ significant consequences for EU

innovation policy, requiring a substantial review tbhe pillars of EU innovation

policy, involving both the scope and the governantennovation at the EU and

national level (Anvret, Granieri, and Renda, 20E)ropean Union has identified the

following key areas where the competitiveness ef BU economy could be further

strengthened in order to make significant progtesgards the Europe 2020 goals

(European Commission, 2011a):
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= facilitating structural changes in the economy,onder to move towards more
innovative and knowledge-based sectors that hakmleer productivity growth
and which have suffered less from global competjtio

= enabling innovation in industries, in particular pgoling scarce resources, by
reducing the fragmentation of innovation supposdtems and by increasing the
market focus of research projects;

= promoting sustainability and resource efficiency, particular by promoting
innovation and the use of cleaner technologiesernsuring fair and undistorted
pricing of energy and by upgrading and interconingctenergy distribution
networks;

» improving the business environment, in particukaréducing the administrative
burden on businesses and by promoting competitioong service providers that
use broadband, energy and transport infrastructure;

= benefiting from the single market, by supportingaumative services and by fully
implementing the Single Market Regulation, in pardar the Services Directive;

= supporting small and medium-sized enterpr{(SMES), in particular by favouring

access to finance, by facilitating internationdl@aand access to markets.

EU industry must accelerate its efforts to adopséh technologies to keep its
competitive edge in the world with research andowation driving productivity

growth and industrial competitiveness.

4.8. Concluding Remarks

Stochastic frontier models assume that produceesatg under the same production
technology and that the inefficiency distributioor@ss individuals and time are

homogeneous.

Traditional stochastic frontier models do not digtiish between unobserved
individual heterogeneity and inefficiency. They ghudorce all time-invariant
individual heterogeneity into the estimated ine#ficy. Hence, the producers only
differ by the random noise term. A wide range ofdels are proposed that

incorporate other forms of heterogeneity.
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Most of the literature proposes two important catesgg: the first concerns the
distinction between heterogeneity in the productiodel and heterogeneity in the
inefficiency model, and the second the distinctibetween observable and

unobservable heterogeneity (Greene, 2087a)

This chapter analyses the evolution and charatitsrisf industrial and innovation
policy as far as the enhancement of productivetaddnical efficiency is concerned,
as well as the main effects on the European Uriit) (hanufacturing industries over
the period 1980-2005. Moreover, this chapter presidn assessment of the impact of
these policies and the implemented programs on pileeluctive and technical

efficiency of manufacturing industries.

A transition towards a sustainable, resource efficieconomy is paramount for
maintaining the long-term competitiveness of Eusspadustries. Overall, European
member states have made significant progress imidgf and implementing

consistent national legislative frameworks for stiating efficiency. However, some
lack the experience and the administrative capdoitjo this and for these countries

the framework legislation at the EU level can pdavguidance and support.

The quality and availability of infrastructure (egg, transport, and broadband) make
an important contribution to an efficiency promgtienvironment. Industrial sectors
need a modern public administration, able to delefécient and high quality public
services (European Commission, 2011). Coordinatingters and networks improve
industrial competitiveness and innovation by bniggitogether resources and
expertise, and promoting cooperation among busesespublic authorities and

universities. EU industrial and innovation policigisould aim to overcome existing

% Greene (2005) proposes a true fixed-effect staichixentier model which, in theory, may be biased
by the incidental parameters problem. The problesoally cannot be dealt with by model
transformations owing to the nonlinearity of thec$tastic frontier model. Regardless of the soufce o
heterogeneity, failure to control for individuafedts is likely to bias the estimation results,exsally

when there is correlation between the effect ahdragéxplanatory variables in the model.

207



market failures and funding gaps, especially topsughe bridge between technical

efficiency and productivity enhancement.

European governments are in need of a more coherewe coordinated approach
towards industrial technical efficiency support. wéwer, the pressure on public
budgets adds to the urgency of this matter in ifie policy areas of industrial and
innovation policy. The range of explicit innovatiqgoolicies being applied is very
much concerned with the supply side and even matte R&D support of various
types, ranging from funding of science in publicstitutions through to fiscal
incentives for firms to increase R&D spend. A coelfansive approach to industrial
and innovation policy can be achieved by supportiraykets for innovative goods
and services and excellence in research in newntdmties, including information
and communication technologies (ICT), introducingmare focused strategy to
facilitate the creation of areas for action, angamticular introducing a more focused
strategy to facilitate the creation and marketirignew innovative products and
services (European Commission, 2006). Within thenaa of industrial and
innovation policy, regulatory reform is seen toeaff innovation indirectly through
affecting the funds available for investment andrket size and structure, and
directly through its impact upon the promotion céchinical efficiency and
productivity (Lengrand, 2003).

An open, efficient and competitive business envitent is a crucial catalyst for
growth in a global context. Improving the businessironment covers policies in
areas ranging from improving infrastructure to $éoing the time needed to obtain a
building license. In many cases, better instittwloomechanisms need to be
functioning as a single research area, businessoanvent and innovation system.
There need to be strategic approaches, which nigt mmomote closer interaction
among sectors but also among policy-makers (frofferént policy fields and
different levels of government). European innovatmd industrial policy is therefore
recommended to develop strategic approaches whielgrate R&D, innovation and
industrial policy along with a more coherent EU attgy for innovative
competitiveness, giving special attention to ICTinnovation and industrial policy
(ETEPS, 2011).
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At the national level, governments could set umags funded by public bonds with
the mission to provide venture capital, investmeedits and R&D support to new
activities in the above fields. Productive effiasgnand competitiveness would be
strengthened by:

= Pooling scarce resources to help to achieve drithesss in bringing innovation to
the market; and by increasing cooperation in intiomato create large scale
demonstration projects and pilot test facilities

= Reducing the fragmentation of innovation suppostemys, facilitating bringing
innovative solutions to the market, and increagimg market focus of research
projects.

= Developing support for innovative services basedheasureable outcomes

= Facilitating the growth of manufacturing industri®sensuring that regulations do
not pose obstacles to expansion; by favouring actesppropriate finance; and

by providing support services for accessing newketar and publicising these.

A new generation of policies have to overcome thetations and failures of past
experiences, such as collusive practices betweltincpband economic power, heavy
bureaucracy, lack of accountability and entreprestep. They have to be creative
and selective, with decision-making mechanisms #i& more democratic and
inclusive of different social interests. These newproaches to industrial and
innovation policies could play a key role in pudiurope out of the current crisis.
The politics behind such a new departure has tbased on a wide social consensus
over the distribution of the productivity and eféincy gains deriving from new
technologies and economic activities (Pianta, 2010)

Industrial and innovation policy programmes andjguts claim to contribute to
technical efficiency. This implies that policiesositd concentrate on areas in which
there is expansion and therefore good prospecgrfovth, community businesses are
supposed to become more competitive, and scierdifit technological progress is
expected to offer a medium- or long-term poterfoaldissemination and exploitation
(Kuhlmann, 2001). An open, efficient and compedtibusiness environment is a
crucial catalyst for growth in a global contextsiRg to these challenges can improve

the competitiveness of European manufacturing imeiss and the Commission aims
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to help the member states to use their limiteduess efficiently in order to increase
the global competitiveness of their industries. Adgding these challenges will
improve the growth prospects of industries. A cotipe industry can lower costs
and prices, create new products and improve quadmgtributing thus decisively to

wealth creation and productivity growth throughthé economy.

A greater coordination of policies at national levan leverage scarce funds to foster
innovation and growth in times of budgetary austerfowards this direction, the

main measures suggested include (Rossi, 2007):

= Set up an open process of co-ordination on actioesience and technology,

= Encourage diffusion of “good practice” and transmal cooperation among
regions regarding research and innovation policies

= Improve the effectiveness of public actions to potaresearch and innovation by
designing policy mixes using in a coherent wayaasipolicy instruments

= Pursue or initiate necessary regulatory and adimatiige reforms, and support
measures, to enable public research institutiondetelop more effective links
with industry

= Promote public research and technology transfer

= Pursue efforts to create a legal, fiscal and firdrenvironment favourable to the
creation and development of start-ups

= Support EU-level initiatives, such as networkingd apilot experiments, to
facilitate transnational technology partnershipg, dncouraging clustering or

integration of resources

The difficult fiscal environment sets limits to pyl action, but robust growth will
reduce the burden of public deficit and debt, me lwith the goals of the Stability and
Growth Pact. For this an environment that favolew mdeas and new businesses is
required. Innovation is the primary driver of a semsful and sustainable industrial
policy. A strong lead in R&D and innovation is Epeds key competitive advantage
and of central importance in finding solutions tocoromic challenges (European
Commission, 2011b). With increased globalisatiame can only hope that industry

will be an engine for the spreading of social pesgt environmentally friendly
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technologies and innovations world wide (Soete, 7200To achieve a truly
sustainable, positive effect for manufacturing sty and the workforce it employs,
the EU and its Members States should aim to av@drélocation of manufacturing
activities and related services (e.g. R&D, ICT) augport the permanent upgrading
of European manufacturing industries.

Taking into consideration the underlying industaald innovation policy framework
in European Union manufacturing industries, thesth aims to estimate the level and
evolution of technical efficiency in selected Eueap Union manufacturing
industries, providing the links between the poliamework and technical efficiency
level. Concluding, a framework reliant upon effiraiy has become an important

policy objective in all European countries to praenproductive efficiency.
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Chapter 5

Stochastic Frontier Model: Empirical Results

Abstract

The objective of this chapter is to estimate thanscendental Logarithmic Production Function of
manufacturing industries in selected E.U. econoiieasidering a panel data model for inefficiency
effects in stochastic production frontiers basedtoa Battese and Coelli (1992, 1995) models,
providing translog effects, as well as industryeets. More specifically, this chapter estimates
stochastic parametric frontiers for which the proetueffects are first an exponential function ofdi
followed by the estimation of producer effects as exponential function of time and related
exogenous variables (efficiency explanatory fagtorfie model decomposes technical efficiency into
two components: technological growth (essentialyshift of production possibility frontier, set by
best-practice industries) and inefficiency chan@es, deviations of actual output level from the
production possibility frontier). The estimated nsbdccommodates not only heteroscedasticity but
also allows the possibility that an industry mayt atways produce the maximum possible output,
given the inputs available. Our analysis preseifferdnt alternative models for technical efficignc
estimations, as well as their empirical resultse @lternative models are being compared according t
their results regarding the evolution of technid@nge during 1980 - 2005, the estimation of tezdini
efficiency, as well as the distribution of techniefficiency. The chapter begins with a descriptaf

the model specifications, the data set, and thmitlefi of the variables, along with their deschipt
statistics. Then the empirical model is formed wagtimation results for different alternative model
specifications, providing the industry -level esiies of technical efficiency using the time-varying
inefficiency model within a composite error framewoFurther, factors that determine variations of
technical efficiency are established and a comparef technical efficiency is made, both before and
after accounting for different explanatory variabie the inefficiency term. This includes reportihg
estimated technical efficiency of an industry, tiiecussion of causes of variations in efficiency
explanatory efficiency and discussion of the cdoddl efficiency. More specifically the model is
extended in order to include industry specific etfe(by employing industry composite dummies), so
as to examine differences in efficiency level amdiféerent industries. For this reason, our model i
estimated including the industry — specific commsummies. The results include reporting the
estimated technical efficiency and the related axatiory variables. This chapter is organized as
follows: the first section presents the theoretitamework; the second section develops the model
estimation and in the third section presents trenemetric estimation and the related results. Then,
Chapter 5 estimates and compares the two maimatiee Battese and Coelli specifications, also

comparing the estimation results of time invariggsus time varying technical efficiency.
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5.1. Introduction

Efficiency frontier analysis in theory of industrigroduction does not assume that
every industry is fully efficient. Within growth pcess, therefore, efficiency of
production resources becomes a critical elemengrowth, through utilizing the
available, yet scarce, resources more productiv€lgmbining the production
functions in order to create and disseminate intionsa leads to improvements in
productivity and efficiency. However, at a given ment of time, when technology
and production environment are essentially the sgmoelucers may exhibit different
productivity levels due to differences in their guation efficiency. Within this
framework, efficiency estimation represents howlvaeproducer uses the available

resources to produce outputs from inputs.

Consequently, one of the main goals of frontierlymis is the estimation of
inefficiency, with a major question being whetheefficiency occurs randomly
across industries, or whether some industries hareglictably higher levels of
inefficiency than others. If the occurrence of fr@éncy is not totally random, then it
should be possible to identify factors that conti#bto the existence of inefficiency
(Reifschneider and Stevenson, 1991). As a resuwltprder to account for these
inefficiencies, alternative methods make explicksamptions of inefficiencies
between different industries [see for example, OPAta Envelopment Analysis; see
Coelli, Rao, Battese, 1997, Chap. 6 & 7) and femapproach (ibid. Chap. 8 & 9).

The objective of this chapter is to estimate theanScendental Logarithmic
Production Function of manufacturing industries selected E.U. economies,
considering a panel data model for inefficiencyeef$ in stochastic production
frontiers based on the Battese and Coelli (199351 9nodels, providing translog
effects, as well as industry effects. More spealli; this chapter estimates stochastic
parametric frontiers for which the producer effemts first an exponential function of
time, followed by the estimation of producer effeets an exponential function of
time and related exogenous variables (efficiencglanatory factors). The model
decomposes technical efficiency into two componertechnological growth

(essentially, a shift of production possibility fiteer, set by best-practice industries)
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and inefficiency changes (i.e., deviations of actugput level from the production
possibility frontier). The estimated model accomated not only heteroscedasticity
but also allows the possibility that an industryynmat always produce the maximum

possible output, given the inputs available.

The model used in this chapter follows the Battasd Coelli (1992 and 1995)
approach of modelling both the stochastic and ekbrtical inefficiency effects in the
frontier, in terms of observable variables, andhesting all parameters by the method
of maximum likelihood, in a one - step analy&isin conjunction with the parameters
of the variables included to explain efficiencyloaling for balanced panel data,
which is the only model allowing for one — step lgsis'®". The translog production
frontier used in this study follows Battese and Cog992, 1995) stochastic
production frontier model by including a time vdnlia in the deterministic kernel of
the stochastic production frontier to capture tHéect of technical progress.
Maximum likelihood techniques are used to estintlagefrontier and the inefficiency

parameters.

The chapter is organized as follows: the first isectpresents the theoretical
framework; the second section develops the modghason and in the third section
presents the econometric estimation and the refatadts.

190 Battese and Coelli (1995) suggested that undeaskamption of truncated normal one-sided error
term, the mean of the truncated normal distributtmuld be expressed as a function of certain
covariates, a closed form likelihood function canderived, and the method of maximum likelihood

may be used to obtain parameter estimates, andderimefficiency measures.

191 Bhattacharyya et al. (1997) pointed out that waeploying regression analysis in the second step
to explain the variation of the efficiency scorss likely that the included explanatory variablil

to explain the entire variation in the calculatdficeencies and the unexplained variation mixeshwit
the regression residuals, adversely affectingstiedi inference. They propose the use of a stdichas
frontier regression model, which allows for the a®position of the variation of the calculated

efficiencies into a systematic component and agandomponent.
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More specifically, the chapter begins with a dgaan of the model specifications,
the data set, and the definition of the variabédsng with their descriptive statistics.
Then the empirical model is formed with estimatresults for different alternative
model specifications, providing the industry -leestimates of technical efficiency
using the time-varying inefficiency model within @mposite error framework.
Further, factors that determine variations of tecdinefficiency are established and a
comparison of technical efficiency is made, botlioke and after accounting for
different explanatory variables in the inefficientgrm. This includes reporting the
estimated technical efficiency of an industry, th&cussion of causes of variations in
efficiency explanatory efficiency and discussiontloé conditional efficiency. More
specifically the model is extended in order to ulmg industry specific effects (by
employing industry composite dummies), so as tarema differences in efficiency

level among different industries.

5.2. Empirical Model Data

The empirical analysis is based on estimating iefficies as industry - specific fixed -
effects at industry level of selected member —estatithin European Union, during
1980 — 20052 The European Union member — states selected tocheled in the
model are: United Kingdom, Germafly the Netherlands, Denmark, Finland, Italy,
Spain and France. This sample creates a datacsediimy both countries with strong
industrial productive base, such as United Kingd@armany and France, as well as

countries with low industrial productive base, sashSpaiff*

192The choice of European Union member — statestantirhe period is determined by the availability
of the data.

193 The data for Germany prior to 1991 refer to forméstern Germany.
1% This topic has been broadly examined in: Kokkioy2010a) Estimating Technical Inefficiency:

An Empirical Approach to E.U. IndustrieRegional Science Inquiry Journafol. 1l (2), 2010, pp 95-
104.
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The data used is extracted from the EU KLEMS daiselof industrial accounts for
productivity analysis (Timmer et al., 2008), NACE -2 digit level of industry
disaggregating, comprising 13 manufacturing indest. The EU KLEMS Growth
and Productivity Accounts is the result of a reskaproject, financed by the
European Commission, to analyze productivity in Bugopean Union at the industry
level. This database is meant to support empidodl theoretical research in the area
of economic growth, such as study of the relatigndbetween skill formation,
investment, technological progress and innovatiorth@ one hand, and productivity,

on the other.

EU KLEMS Accounts include measures of output growgmployment and skill
creation, capital formation and multi-factor protivity (MFP) at the industry level
for European Union member states from 1970 onwarlds. input measures include
various categories of capital (K), labour (L), enme(E), material (M) and service
inputs (S). A major advantage of growth accounttha it is embedded in a clear
analytical framework rooted in production functioaad the theory of economic
growth and that it examines the productivity parfance of individual industries and
their contribution to aggregate growth (EU KLEM$03).

EU KLEMS database provides data on a detailed tnglsvel. In general, data for
1970-2005 are available for the “old” EU-15 couedriand for the US. Series from
1995 onwards are available for the new EU memizgestwhich joined the EU on 1
May 2004 (EU-10). The variables covered can be apio three main groups: (1)
basic variables; (2) growth accounting variablesd @) additional variables.

The basic series contain all the data needed tstiwant single productivity measures,
such as labour productivity (output per hour wo)ké&these series include nominal,
volume and price series of output and intermedrgtats, and volumes and prices of
employment. Finally, additional series are giverickthave been used in generating

the growth accounts and are informative by theneselThese include, for example,

195 EY KLEMS stands for EU level analysis of capité),(labour (L), energy (E), materials (M) and

service (S) inputs.
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various measures of the relative importance of t@pial and non-ICT capital, and

of the various labour types within the EU KLEMSgddication.

Importantly, EU KLEMS makes a distinction betweémee ICT assets (office and
computing equipment, communication equipment anftivaoe) and four non-ICT
assets (transport equipment, other machinery ang@gnt, residential buildings and

non residential structures).

The real investment series are used to derivaatagiocks through the accumulation
of investment into stock estimates using the Peagbdhventory Method (PIM) and
the application of geometric depreciation rateserbapital service flows are derived
by weighting the growth of stocks by the share adheasset’s compensation in total
capital compensation. In this way, aggregationgak&o account the widely different
marginal products from the heterogeneous stoclsséta. The weights are related to
the user cost of each asset (EU KLEMS, 2008). hHestries included in the model
are presented in the following table:
Table 5.1. EU KLEMS industries

EU KLEMS industries

Electrical and optical equipment

Food products, beverages and tobacco

Textiles, textile products, leather and footwear
Manufacturing nec; Recycling

Wood and products of wood and cork

Pulp, paper, paper products, printing and publighin
Coke, refined petroleum products and nuclear fuel
Chemicals and chemical products

Rubber and plastics products

Other non-metallic mineral products

Basic metals and fabricated metal products
Machinery, nec

Transport equipment

Source: EU KLEMS (2008) database
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The industries included in the model sample accéamnt large percentage of each
economy’s value added. The following table illustgaoutput of each one of the
sample manufacturing industries within each coyntryterms of value added,, as
well as the evolution between the first and thé yasir of the analysis period (1980 —
2005), respectively:

Table 5.2. Value Added per industry and countogu@l values)

Country
Industry Year Denmark Finland France Germany Italy Netherlands Spain United
Kingdom
1 1980 5.374 458 10.310 33.420 5.433 2.888 1.303 6.368
2005 21.511 7531 21.684 70.692 23.504 3.612 7.134 13.911
2 1980 14.656 857 11.610 21.649 23.504 4.933 3.392 7.693
2005 30.011 2.334 28.883 40.806 23.486 11.827 16.960 21.202
3 1980 3.838 694 6.134 12.655 8.581 1.073 3.126 4.249
2005 3.469 529 7.683 9.049 25.546 1.159 6.492 3.989
4 1980 3.270 299 3.892 7.454 3.182 2.046 1.179 1.151
2005 10.048 720 7.573 11.860 11.519 4.674 6.451 6.281
5 1980 1.635 734 1.271 4.248 1.533 357 741 892
2005 5.355 1.351 3.318 7.660 5.809 973 2.784 4.269
6 1980 7.142 1.797 6.254 15.411 2.840 3.011 1.534 5.270
2005 17.039 5403 16.573 32.613 14.332 7.328 11.347 19.566
7 1980 1.441 274 2.758 7.249 772 913 698 1.963
2005 112 653 5.101 4.974 5.144 3.611 2.750 2.175
8 1980 7.164 442 7.122 21.649 3.716 3.717 2.503 4.883
2005 34.390 1.984 20.040 47598 16.695 9.579 11.598 16.465
9 1980 2.227 240 5.549 8.303 2.058 574 712 2.049
2005 9.886 1.048 10.303 22.770 9.652 1.889 5.564 7.655
10 1980 3.559 336 2.978 10.357 3.595 1.217 1.736 2.266
2005 7.576 1.122 8.224 14546  13.753 1.989 10.159 5.042
11 1980 5.298 759 11.882 32.322 8.141 3.696 5.211 7.461
2005 19.206 3.919 30.945 60.775 39.345 7.418 21.566 14.509
12 1980 9.044 890 10.237 31.827 6.572 1.696 1.604 5.989
2005 25.454 3.797 18.352 70.200 32.439 5.890 9.312 12.006
13 1980 3.053 400 7.408 25.146 3.996 1.158 2421 5.782
2005 4.369 1.054 21.727 76.407 11.533 2,609 13.477 16.729

Notes:
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1. Industry 1 = Electrical and optical equipment, Istiy 2 = Food products, beverages and tobacco,
Industry 3 = Textiles, textile products, leatheddootwear, Industry 4 = Manufacturing nec;
Recycling, Industry 5 = Wood and products of woaodl &ork, Industry 6 = Pulp, paper, paper
products, printing and publishing, Industry 7 = €pkefined petroleum products and nuclear fuel,
Industry 8 = Chemicals and chemical products, Itrg = Rubber and plastics products, Industry
10 = Other non-metallic mineral products, Induslryy = Basic metals and fabricated metal
products, Industry 12 = Machinery, nec, Industry=IBransport equipment.

2. For Finland, France, Germany, Italy, Netherlands, 8pain, Gross value added is expressed at
current basic prices (in millions of Euros).

3. For Denmark, Gross value added is expressed aentulrasic prices (in millions of Danish
Kroner).

4. For United Kingdom, Gross value added is expressedirrent basic prices (in millions of British

Pounds).

Source: EU KLEMS data base

As it is illustrated in the table (5.2), Denmarkwed its specialisation from paper and
textiles in 1980, making a major shift into higltheology and high value — added
industries in 2005, presenting a high specialisatioElectrical and Optical, as well

as in Chemicals industries. Finland also movedpexialisation from textiles industry

in 1980, making a major shift into high technolagyd high value — added Electrical
and Optical industry in 2005.

The rest of the manufacturing industries presemilai specialisation rate. France
presents a rather intense enhancement of speti@iisa Electrical and Optical and
Rubber and Plastic industries between 1980 - 20@i&king also a major shift into

high technology and high value — added industne005.

The opposite happened in Metals and Textiles imasstvhich lowered their value
added share. Germany presents an enhancement aélisagion in almost all the

industries apart from Food and beverages, Texites Manufacturing nec industries
between 1980 - 2005, making also a rather imposhiit into high technology and

high value — added industries in 2005.
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The highest value added industries are Electriced ®ptical, Chemicals and
Transport equipment. Italy presents a more balanpedure as far as the
manufacturing industries specialisation is concgmath in 1980 and 2005.

Italy had an increase in valued added in the nigjaf the industries, mostly in

Chemicals, Rubber and Plastic and Food and Beverage

Netherlands presents a significant specialisathift ;1to manufacturing industries
between 1980 and 2005, with the most specializedsimnies being Chemicals and
Transport equipment.

Spain presents also a relatively balanced pictsifaraas the manufacturing industries
specialisation is concerned both in 1980 and 2@@% had an increase in valued

added in the majority of the industries, mostlyMachinery industry.
In addition, United Kingdom presents also a baldngecture as far as the
manufacturing industries specialisation is concerneth in 1980 and 2005, with the

most specialised industries being Chemicals andspart equipment industries.

The same picture becomes apparent if we comparealbe added per industry and
country in relative values considering 1995 as hyase (1995=100):

220



Table 5.3. Value Added per industry and country9gta100)

Country
Industry Year Denmark Finland France Germany ItalyNetherlands  Spain United
Kingdom

1 1980 51.5 20 53.8 74.1 58.7 66.9 41.7 50.6
2005 166.2 538.9 211.5 137.4 103 99.8 107.2 113.6

2 1980 76.3 79.8 91.3 1134 715 70.6 70 89.4
2005 91.7 148.3 104.3 101.2 90.8 109 103.9 106.3

3 1980 131.3 214.9 130.8 160.8 825 108.3 114.3 2118
2005 56.9 87.7 77.9 80.3 70.2 94 86.6 55.7

4 1980 80.7 97.9 64.5 130.7 8538 90.2 79.1 111.8
2005 86.4 129.1 117.9 7 97.5 127.1 1412 105.9

5 1980 77.6 90.2 43.3 816 80.2 71.3 95.7 91.2
2005 99.9 154.3 159.9 97.1 106.1 119.7 1224 92.7

6 1980 122.6 64.8 100.5 86.1 67.1 68.4 63 72.6
2005 107.1 115.7 105.7 97.6 100.5 105.2 145 91.7

7 1980 338.2 515 1.1 15325 136.1 158.8 146.2 577.
2005 22.0 159.6 158.9 51.0 10.8 91.2 90.9 81.6

8 1980 42.3 61.8 46.5 68.8 48.5 55 55.5 58.4

2005 197.7 139.2 110.5 131.6 103.3 1451 118.3 9112

9 1980 70.5 56.3 34.3 59.8 66.1 44.6 56.5 57.4
2005 130.3 133.2 249.6 123.1 107.8 124  145.2 89.7

10 1980 120.4 98.2 114.2 86 84 91.3 62.6 98.7
2005 97.4 171.9 113.4 92.8 1145 92 143 108.5

11 1980 65.8 52.7 217.5 914 69.6 79.9 87.3 94.6
2005 99 158.8 104.6 112.6 1129 1141 1347 99.8

12 1980 85.7 63.8 42.4 100.2 90 64.4 68.1 108.3
2005 88.2 147.4 127.4 106.3 104.5 136.5 154 96.2

13 1980 81.5 92.9 85.9 80.2 964 66.8 74.8 92.1
2005 745 103.3 124.5 136.2 839 1413 1278 120.2

Notes:

1. Industry 1 = Electrical and optical equipment, Istiy 2 = Food products, beverages and tobacco,
Industry 3 = Textiles, textile products, leatheddootwear, Industry 4 = Manufacturing nec;
Recycling, Industry 5 = Wood and products of woaod &ork, Industry 6 = Pulp, paper, paper
products, printing and publishing, Industry 7 = €pkefined petroleum products and nuclear fuel,
Industry 8 = Chemicals and chemical products, Ithg = Rubber and plastics products, Industry
10 = Other non-metallic mineral products, Industryy = Basic metals and fabricated metal

products, Industry 12 = Machinery, nec, Industry=IBransport equipment.

Source: EU KLEMS data base
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Denmark moved its specialisation from paper antilésxin 1980, presenting a high
specialisation in Electrical and Optical, as wedlia Chemicals industries. Finland
also moved its specialisation from textiles indystr 1980, making a major shift into
high technology and high value — added Electricad ®ptical industry in 2005.
France presents a rather intense enhancement ofaksgegtion in Electrical and
Optical and Rubber and Plastic industries betw&80 1 2005. Germany presents an
enhancement of specialisation in almost all theustiges apart from Food and
beverages, Textiles and Manufacturing nec indisstbietween 1980 - 2005. Italy
presents a more balanced picture as far as thefatamting industries specialisation
is concerned both in 1980 and 2005. Netherlandsepts a significant specialisation
shift into manufacturing industries between 1980 2605, with the most specialized
industries being Chemicals and Transport equipni&pein presents also a relatively
balanced picture as far as the manufacturing imgssspecialisation is concerned
both in 1980 and 2005. Italy had an increase imedladded in the majority of the
industries, mostly in Machinery industry &ddition, United Kingdom presents also a
balanced picture as far as the manufacturing imegsspecialisation is concerned
both in 1980 and 2005, with the most specialisetustries being Chemicals and

Transport equipment industries.

5.3. Empirical Model Determining Factors

As Kumbhakar and Lovell (2000) indicated, the maidvantage of stochastic
production frontier models is that the impact ompot of shocks due to variation in
labour, machinery performance, vagaries of the kezatand just plain luck can at
least in principle be separated from the contrdoutiof variation in technical

efficiency. However, at a given moment of time, whechnology and production
environment are essentially the same, producers erhipit different productivity

levels due to differences in their production efficy. Therefore, efficiency of
production resources becomes a critical elemeptraductivity and growth, through

utilizing the available, yet scarce, resources npoogluctively.
Specifically, in line with this empirical framewqrkbased on stochastic frontier
analyses (SFA) and data envelopment analyses (DixAjluctivity is decomposed

into the production possibility frontier and tectui (in) efficiency. For this reason,
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there should be a distinction on what should deteerthe frontier and what affects
efficiency. On the other hand, technical efficiemelates to neo-Schumpeterian ideas
of catching-up with the leaders (technology diftusand absorption) and forge-ahead
through investments in R&D (innovation creation)oviever, this cannot be
satisfactorily achieved by drawing only on theor@#sexogenous and endogenous
growth, both of which relate to production techmlowhich lies in the domain of the
frontier. Also, efficiency depends on the effectiees of the institutional
environment, which is closely related to evolutignand institutional approaches.
Recent contributions to the literature clearly eagbe the connection with theory of
empirical models for the production possibility fiteer (or production function) and
efficiency. More specifically, contributions to tHeerature (Kneller and Stevens,
2006, Bhattacharjee et al., 2009, and EberhardfTaat] 2011) clearly emphasize the
connection with theory, of empirical models for theduction possibility frontier

(production function) and efficiency.

Consequently, one of the main questions is to tya&® the relationship between
inefficiency and a number of factors which are ljki® be determinants, and measure
the extent to which they contribute to the presesfcmefficiency. These factors are
neither inputs to the production process nor ostmitit but nonetheless exert an
influence on producer performance. Such factorsaadely referred to as efficiency

explanatory variablég.

In this context, the term ‘efficiency explanatorgraables’ is used to describe factors
that could influence the efficiency of a produaghere such factors are not traditional
inputs and are not under the control of the prod(Eeed et al., 1999). However,
they may influence productive efficiency. In pautar, in order to investigate the

determinants of the productive efficiency we digtish between producers or

1% |n many cases, the distinction between decisiokemaontrolled and efficiency explanatory
variables is not always distinct. As McMillan and Chan (2006 )efficiency explanatory variables
include purely exogenous variables as well as pedspecific variables representing production

methods and output characteristics.
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industry -specific and efficiency explanatory fastdCaves and Barton, 1998Y.
Efficiency explanatory factors are not under direamtrol of the producer, at least in
the short-run, and they may be industry-affiliatesijch as producer location
characteristics, managerial restrictions, slow #dopto changes of the market
environment and/or to technological developmentgsymmetric information in the
labour market, social aspects, geographical or atlonconditions, as well as
regulatory and institutional constraints, ownerstifferences (public/private), and
government regulations (Coelli et al, 1998, Stepbtial. 2008). Producer-specific
factors, on the other hand, refer to charactesstimt can be influenced by the
producer in the short-run, as producer size, R&engity and degree of outsourcing.
Regarding productive efficiency, theory literaturas mainly emphasized on
efficiency determining factors such as technoldgsgllovers, increasing returns,
learning by doing, und unobserved inputs (e.g. hucepital quality), whereas the
empirical industrial organization literature haspdrasized the degree of openness of

countries to imports and industry structure (Ko2@01).

Underlying our analysis, innovation creation andsdmination are among the main
factors which determine the production efficieneydl [Fagerberg et al. (1997),
Freeman & Soete (1997)] and technological variabtesable to explain a significant
part of the diverging trends in the economic groyRagerberg & Verspagen (1996)]
and productivity [Abramovitz (1986), Fagerberg (828g 1994)]. Industry growth

rate depends on the amount of technological agtwithin the economy and on the
ability to exploit external technological achieverte (Martin and Ottaviano, 1999,
Grossman and Helpman, 1994, Coe and Helpman, 199&easing returns and
technical change are incorporated within the pradocfunction as determinants of

the endogenous growth rate (Romer 1986, Lucas 19&&sman and Helpman 1994,

197 caves and Barton (1990) and Caves (1992) suggtstedeveral studies have developed a strategy
for identifying the determinants of efficiency, whican be grouped into three categories (Stephan et
al. 2008):

4. factors external to the industry ;

5. factors internal to the industry; and

6. Ownership structures (e.g. public versus private).
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Barro and Sala-i-Martin, 1997) and economic grovwghsustained because of the

continuous creation and diffusion of technologmdvances.

As in Consoli (2008), research agrees that: fggipng emphasis is placed on the
sources and the effects of technological changmrgk great attention is paid to the
dynamics generated by the interaction between bssifirms and their environment,
including other firms and key institutional playefidlalerba and Orsenigo, 1996;
Antonelli, 2003; Metcalfe, 2001).

In the same analysis framework, Bos et al. (20h0gstigate the sources of output
growth for a panel of manufacturing industries. y peopose a flexible model beyond
the division of output growth applied in the conttenal growth accounting and
cross-country growth regression literature, as \vasllthe strong assumptions they
typically rely upon (efficient use of resourcesnstant returns to scale). Bos et al.
(2010) focus on the use of technology, the soudfesutput growth, technology
spillovers and catch-up, as well as policy impimas. To decrease the aggregation
bias that may occur when these issues are condi@dérthe country-level (Bernard
and Jones, 1996 a,b), Bos et al. (2010) focus omufaeaturing industries.
Traditionally, the growth accounting literature haterred to the unexplained part of
output growth as the ‘productivity residual’ orctenical change’ (Solow, 1957). This
interpretation, however, depends, among other hing the strong assumption that
economic units (countries or industries) are alwaifcient. In reality, however,
economic units may well use the best-practice {feontechnology with varying
degrees of efficiency. If this is the case, partvbht is measured as technical change
is in fact an improved use of the best-practicéinetogy. Put differently, inefficient
industries increase output by becoming more efiicie the use of the best-practice
technology, whereas efficient industries increasgput through technical change. In
addition, not controlling for possible inefficiemise of inputs may also result in
underestimating the productivity of outputs for thest-practice technology. Bos et al.
(2010) account for inefficiency and estimate alséstic production frontier, which is
the empirical analog of the theoretical productmssibility frontier. This modelling
strategy adds structure to the unexplained residiradler reasonable assumptions, it

disentangles the residual into inefficiency and soe@ament error. Technical change is
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modelled as a shift of the stochastic frontier, rghe efficiency change is a
movement towards or away from the frontier. Thiznfework decomposes output
changes into three types of change: technicakieffcy and input change. Empirical
literature carries out efficiency analyses alongedi similar to Bos et al. (2010),
although using different modelling approaches, wergg that output change is also
decomposed into technical, efficiency, and inpuange. Even though the attention
has largely been at decomposing aggregate (colewey) output, a number of studies
have investigated the role of efficiency in expiaghgrowth differentials for a panel

of manufacturing industries in the OECD countrigeq et al., 2010).

5.4. Empirical Model Specification

Our empirical model is based both on frontier patim analysis (involving

Stochastic Frontier Analysis) and non-frontier nargmetric analysis, which employs
mathematical programming methods (regarding DataelBpment Analysis) as a
robustness test for the model results. The levabmiimal industry performance is
determined by constructing an efficiency frontievhich consists of the best

performing producers.

The type of efficiency we estimate using the prdiduc frontier is technical
efficiency, characterized by the relationship bewebserved production and some
ideal or potential production, based upon deviatiohobserved output from the best
production or efficient production frontier. We @alsonsider that technological
progress is assumed to push the frontier of patemiioduction upwards, while
efficiency change will change the capability of guotive units to improve

production with available inputs and technologytéBae and Coelli, 1992, 1995).

The stochastic frontier typically permits assesdnm@nmaximal output subject to
input levels; as such, it appears to be an outpett®d measure. The stochastic
frontier is, in fact, a base or non-orienting measurhat is, the assessment of
efficiency is not conditional on holding all inpuds all outputs constant. Utilizing the
one-stage routine of Battese and Coelli (1993),dvawn, facilitates an assessment of
maximal output from an input-based perspective hvitits approach, the inefficiency

error term, and subsequently the maximal outputpecified as a function of inputs.
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Thus, it is possible to consider the input reducttioinciding with a fixed maximum
or frontier output. Another attractive feature bk tstochastic frontier model is the
separation of the impact of exogenous shocks opubudtom the contribution of
variation in technical efficiency. The componem) (s a symmetric normally
distributed error term that represents factors da@not be controlled by production
units, measurement errors, and left-out explanatanables. On the other hand, the
component f) is a one-sided non-negative error term represgntine stochastic
shortfall of producer i's output from the productidrontier due to technical
inefficiency. In this context, technical efficiendy defined in an output-expanding
manner and reveals the maximum amount by whichubugn be increased using the
same level of inputs and technological conditio@afinakas, et al., 2003). In
addition, it is generally regarded as a disadvantdwat the distribution of the
technical inefficiency has to be specified (i.alffmormal, normal, exponential, log-

normal, etc.).

Under these assumptions and underlying hypothéssts,we employ LIMDEP 9.0

software program to estimate technical efficiensing the Batesse and Coelli (1992,
1995) model specifications. As in Bhattacharjeale{2009), we employed the SFA
methodology, since it has emerged as the most apputthodology to study TFP at

the firm level, for analysis of efficiency dynamigsing panel data (Tsionas, 2006).

As far as the production function variables areceoned, following a value added
approach, our analysis comprises:

Output (in Gross value added, volume indices, 1:9980)
Labour input (in Labour services, volume indice293 = 100)

Capital input (in Capital services, volume indic&395 = 100)

P w P

Moreover, the model includes a time variable tataagpthe effect of technical progress.

The efficiency determining variables comprise:
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1. Information and communication technologies (ICT)pital service¥® as the proportion of
industry ICT capital services to total industry talpservices (in ICT capital services / Total

capital services, volume indices, 1995 = 100)

2. Trade openness, as sum of exports and imports@wéY, in constant 1995 prices
(PENN tables).

The core depended variable of our empirical angligsthe natural logarithm of gross
value added. The core independent variables arg@osbe the labour and capital
services, along with time, denoting technical pesgt The variables are used in the

model in the logarirthmic form (In):

Output =Inva
Labour =Inlab
Capital =Incap

Information and communication technologies (ICTpifa services #nitc

a bk w0 N

Trade opennessiaopen

The following table presents the model variablesyvigling a short description of
each one of the variables, the source from whichecthe statistical data, as well as
the symbol used in the model for each one of thiabkes:

198 The ICT specification in EU KLEMS (2008) data basmakes a distinction between three ICT
assets (office and computing equipment, commumicagiquipment and software) and four non-ICT
assets (transport equipment, other machinery angp®ent, residential buildings and nonresidential

structures). ICT assets are deflated using a geadijusted investment deflator.
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Table 5.4. Model Variables

Core input variables Symbol Source
Inva
1. Output (in Gross value added, volume indices, 1:9980) EU KLEMS
2. Labour input (in Labour services, volume indice393 = 100 Inlab EU KLEMS
3. Capital input (in Capital services, volume indicé895 = 100) Incap EU KLEMS
4. Time, to capture the effect of technical progresess countries time
in 1980 — 2005
Optional variables (efficiency determining variat)le Symbol Source
Inict
1. Information and Communication technologies (ICTpita EU KLEMS
services (volume indices, 1995 = 100)
2. Trade openness, as sum of exports and imports@er Inopen PENN

(Exports plus Imports divided by Real GDP per @ffonstant
Prices: Laspeyres), Share of total trade (impdtts gxports) in
GDP, in constant 1995 prices

Source: EU KLEMS, PENN tables

The following table presents the summary descrpstatistics for both the core and
efficiency determining variables included in thealgsis, as described in chapter
(3.3). They involve the mean value and the standkndation, together with the

minimum and maximum values:

Table 5.5. Descriptive statistics of the core aga

Variable Mean Std.Dev. Minimum Maximum
LNVA 4,55 0.23 3.43 5.52
LNCAP 4.54 0.26 3.19 5.28
LNLAB 4.65 0.16 3.68 5.64
LNICT 4.41 0.90 1.27 6.46
LNOPEN 3.81 0.40 2.95 4.88

Source: EU KLEMS, own calculations
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Provided the inefficiency effects are stochastie model permits the estimation of

both technical change and time-varying technicetficiencies®.

The variable ‘Trade openness’, as sum of expordsimports over GDP, in constant
1995 prices is extracted form the PENN tables Hate. All the other variables come
from EU KLEMS database. The sample has 1872 obsengain a balanced data set
(12 industries< 6 countriex 26 years).

The capital data are derived form the EU KLEMS @00data base. According to the data base
specification, the real investment series are usederive capital stocks through the accumulatibn o
investment into stock estimates using the Perpétadntory Method (PIM) and the application of

geometric depreciation rates. Then capital serflices are derived by weighting the growth of stocks

by the share of each asset's compensation in ta#bital compensation as follows:

AInK, = Z\_/k’tA INS,; whereAInS,; indicates the growth of the stock of adsand weights
K

are given by the average shares of each asseat irathie of total capital compensation.

In this way, aggregation takes into account the elyiddifferent marginal products from the

heterogeneous stock of assets. The weights ateddtathe user cost of each asset.

As far as the labor variable is concerned, accgrdinthe EU KLEMS (2008) data
base specification, it is assumed that the flohabbur services for each labour type
is proportional to hours worked, and workers arig plaeir marginal productivities.

Then the corresponding index of labour servicesuting. is given by:

AlnL, :Z\‘/,JAIn H,, where AlnH, indicates the growth of hours worked by
|

labour typel and weights are given by the average shares oftgpehn the value of

labour compensation.

Labour input measures in EU KLEMS (2008) take aatoaf changes in the
composition of the labour force. Capital input meas include the effects of the

199 A relevant topic has been broadly examined in: kidu A. (2009d) Public spending efficiency:
assessment through stochastic frontier analysit) A@&nual Congress of the European Regional

Science Association, Lodz, Poland.
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rapid shift in investment towards Information andgn@nunications Technology (ICT)
goods in recent years. The productivity of varibgses of labour input, such as low-
versus high-skilled, will also differ. Standard reeees of labour input, such as
numbers employed or hours worked, will not accdansuch differences. Hence one
needs measures of labour input which take the d¢geeity of the labour force into
account in analysing productivity and the contribitof labour to output growth.
These measures are called labour services, asliogyfor differences in the amount
of services delivered per unit of labour in thevgito accounting approach. It is
assumed that the flow of labour services for eablour type is proportional to hours
worked, and workers are paid their marginal prodiies. Labour service input has
been measured in a standardised way by distingugskabour types in terms of
gender, age and educational attainment. Capitaficgeeinput has been measured
using harmonised depreciation rates and commors ridedeal with a variety of
practical problems, such as weighting and rentmsralmportantly, capital input is

measured as capital services, rather than stocks.

As analytically described in chapter 3.2 - 3.3, analysis estimates different model
specifications, starting from a model with no imgéncy effects (a time-invariant
efficiency model is also estimated, i.e. a modelimch technical efficiency is not
determined by any other variables, including tinestimating a Batesse and Coelli
(1992) model (technical efficiency is assumed taalfenction of time), and finally,
estimating alternative models for the Batesse apndlliC(1995) model (technical
efficiency is assumed to be a function of efficigrietermining optional variables,
including time). More specifically, we estimate floHowing model variations:
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Table 5.6. Models with alternative variables infilegency effects

Model Efficiency determinants Model

. Time invariant

Q

b. Battese and Coelli (1992) none [1]
c. Battese and Coelli (1995) time [2]
d. Battese and Coelli (1995) ICT capital [3]
e. Battese and Coelli (1995) Economy Openness [4]
f. Battese and Coelli (1995) Time, ICT capital, Economy Openness  [5]

Source: Own elaboration

These are the model variations in which our emgliranalysis is based, regarding
alternative model specifications, bearing differeggults. As it is also explained in
parts 2.6.1. and 2.6.2., one of the main featut@shwcharacterize Batesse and Coelli
models is that, by definition, Batesse and Cogdpiraach incorporates fixed effects.
For that reason the underlying hypothesis on outehis for fixed effects. Moreover,
we use translog function with industry dummies,hbaith and without explanatory
terms in the inefficiency residuals. Following Bt and Coelli (1992, 1995),
technical efficiency assumed to be a function ofieti hence time-varying. For
comparison purposes, following Schmidt and Sick(@984), a time-invariant
efficiency model is also estimated, i.e. a modelvimch technical efficiency is not
determined by any other variables, including tirdée use translog function with
industry dummies, with explanatory terms in theffineency residuals. There also
should be a distinction on what should determine fiontier and what affects
efficiency. The following table presents the det@ing variables included in

production function and inefficiency term of eachdusl:

Table 5.7 Empirical Models Determining Factors

SF Model What determines Output What determinefitiency

[1] Labour, Capital, Time none

[2] Labour, Capital, Time time

[3] Labour, Capital, Time Inict

4] Labour, Capital, Time Inopenk

[5] Labour, Capital, Time time, Inict, Inopenk

Source: Own elaboration
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Under the inclusion of the above production functiand inefficiency term
determining factors, we form the above defined #wepirical models [(models (1) —
(5] according to Battese and Coelli (1992 and 1995)

The data set used in the empirical model estimatigranel data. Unlike time series
data, in which one individual is observed over timecross — section data, in which
multiple individuals are observed for one pointime, panel data models can control
for both variation across time periods and indialdy or cross — sections,
simultaneously (Frees, 2004, Hsiao, 2003). An irtgodradvantage of using panel
data in an empirical study is that effects of d#feces across individuals (individual
effects) can be distinguished from effects changmwwgr time within individuals.
Although time-invariant and individual-specific efts are often unobservable, they
frequently account for an important share of theetogeneity in data. We will focus
on static panel data models, in which the dependmidble does not exhibit temporal
autocorrelation. The translog stochastic frontienction is estimated with the
maximum likelihood estimation (MLE) technique, whics the preferred estimation
technique whenever possible (Coelli, Rao and Bat1€985°. The model estimates
time — varying technical efficiencies, (incorporgfi'learning — by doing’ behaviour),
considering industry-specific fixed effects. Acdmg to Coelli et al. (2005) it is
convenient for estimation purposes, a problem \wwgbuming uit are independently
distributed. However, for many industries the ingleglence assumption is unrealistic
— all other things being equal, it is expected #féitient firms to remain reasonably
efficient from period to period and it is suggestedt inefficient firms improve their

efficiency levels over time.

On the other hand, time invariant inefficiency misdare somewhat restrictive, we
would expect managers to learn from experience fandheir technical efficiency
levels to change systematically over time and waxpdect these changes to become

more noticeable as time gets larger.

119 According to Battese and Coelli (1995), the exatary variables can include intercept terms or any
variables in both the frontier and the model foe thefficiency effects, provided the inefficiency

effects are stochastic.
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For these reasons, we need to impose some struaruttee inefficiency effects and
consider time — varying technical efficiencies. €equently, the stochastic
production frontier model is extended to allow dat®e modeled over time with time
— invariant technical efficiency (e.g. Pitt and 881, Schmidt and Sickles, 1984,
Kumbhakar, 1987, Battese and Coelli, 1988) or tiearying technical efficiency

(e.g. Cornwell, Schmidt and Sickles, 1990, Kumbhak®90, Lee and Schmidt,

1993, Battese and Coelli, 194%)

Kumbhakar (1991), Polachek and Yoon (1996) and i&x€2005b) have suggested to
extend the original stochastic frontier model byliad an individual time-invariant
random or fixed effect. These models are callede®tmodels because they include
two stochastic terms for unobserved heterogeneitg: for the time-variant factors
and one for the producer-specific constant charatts (Farsi et al., 2003). The
basic assumption is the existence of producer-8penid time-invariant factors that
cannot be captured by efficiency explanatory véeslaue to the variation of the
latter over time and/or omitted variables.

Time-invariant inefficiency assumption has beeraxetl, as in Kumbhakar (1990)
and Battese and Coelli (1992). These studies spm@fficiency (i) as a product of

two components. One of the components is a funatiohme and the other is an
individual specific effect so that; = f(t)ui. In these models, however, the time-
varying pattern of inefficiency is the same for amibividuals, so the problem of
inseparable inefficiency and individual heteroggne2mains. In all these models, the
inability to separate inefficiency and individuattarogeneity is likely to limit their

applicability in empirical studies (Greene, 200&j)o argues that the (in)efficiency
effect and the time-invariant country-specific effeare different and should be
accounted for separately in the estimation. If, éxample, the country-specific
heterogeneity is not adequately controlled fornttiee estimated inefficiency may be

picking up country-specific heterogeneity in aduiti to or even instead of

11 Coelli et al. (2005) classify different structurascording to whether they are time — invariant or
time — varying and provide a broad analysis of timavariant inefficiency models, as well as time —

varying inefficiency models.
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inefficiency. In this way, the inability of a mod&b estimate individual effects in
addition to the inefficiency effect poses a probliemempirical research (Wang and
Ho, 2010).

The heterogeneity in the inefficiency model can eébg@ressed by a shift in the
underlying mean ot or heteroscedasticity. Battese and Coelli (1998 bdéished a
model where producer-specific attributes are incafed in the inefficiency
distribution. Heterogeneity is expressed in thealmn parameter, the mean, of the
underlying distribution of inefficiency. This model specification became popular to
explain efficiency differences across producersfseeneider and Stevenson (1991)
and Simar et al. (1994) established a SFA modarpuarating heterogeneity in the
variance of u; or v, allowing for heteroscedasticity. Applications dhe
heteroscedastic SFA model can be found in Had®4),9Hadri et al. (2003 a,b) and
Caudill et al. (1995).

Unobserved heterogeneity means that heterogereityoi reflected in measured
variables but expressed in the form of effects éBeg 2007a). Several models
attempt to separate unobserved heterogeneity fn@fficiency and it became more
important to model both heterogeneity in the stetihgpart and producer-specific
heterogeneity in the production or cost functiorinef underlying production process.
Unobservable individual effects also play an imaottrole in the estimation of panel
stochastic frontier models. In contrast to the emiwonal panel data literature,
however, studies using stochastic frontier modéksnanterpret individual effects as
inefficiency (Schmidt and Sickles, 1984), suchexhnical inefficiency in a stochastic

production frontier model.

5.5. Empirical Results

The econometric software programs used in our ecapianalysis are LIMDEP 9.0
and STATA 10.0. The two packages, Limdep 9.0 (6ee€007) and Stata 10.0
(StataCorp, 2007), even though they differ slightlytheir computations details,
however, they yield, in most of the cases, almosila or even marginally different
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results. LIMDEP program has first developed by @Ge2€1980), initially to provide
an easy to use tobit estimator - hence the naki&)ited DEPendent variable
models*? LIMDEP 9.0 is an integrated program for estimatimd analysis of linear
and nonlinear models, with cross section, timeeseand panel data. LIMDEP has
provided innovations including cutting edge tecluais|in panel data analysis, frontier
and efficiency estimation and discrete choice modgl LIMDEP 9.0 has also been
recognized for years as the standard softwarehforestimation and manipulation of
discrete and limited dependent variable models. BAYA0.0 is a general-purpose
statistical software package created in 1985 byaSwrp® Stata's capabilities
include data management, statistical analysis, hggap simulations, and custom
programming, integrating statistics with graphiasd adata management. In this
analysis, STATA 10.0 is used in order to estimaehmnical efficiency in a non-
stochastic context, so to be able to compare meseljarding stochastic context,

respectively.

First, we proceed in estimating the input elasésiin each one of these alternative
models. Apart from the information provided by tledasticity estimation (as

explained in chapter 3.3), elasticities are alsod in order to check whether our
model works properly, as well as a tool in orderegtimate technical change and

economies to scale.

12 Greene, W. H. (2007), Limdep 9.0, Econometric Bafe, Inc., Plainview, NY. and Greene, W. H.
(2007) LIMDEP 9.0 User’'s Guide, Student version,of@mmetric Software, Inc., 1986 — 2007,

Plainview, NY.

113 statacorp (2007) Stata Statistical Software: Reldd, College Station, TX: StataCorp LP.
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In order to implement the input elasticities estiog a flexible (translog) production
function is used to represent the underlying pradactechnology. The coefficients

S are transformed into output elasticities with resge inputs and the sum of them
k= Zi g, (x,t) provides the elasticity of scale, which indicates returns to scale,

i.e. the presence of increasing or decreasingnetiar scale.
As far as the time variable is concerned, outpaistadity with respect to time
indicates technical progress. The input elastgi@stimation is presented in the

following table:

Table 5.8. Estimation of input elasticities forretard models

SF  Inefficiency olnva/dincap odInvg/dinlab dInva/dlntime TC  RTS
Model Determinants

[1] none 0.148 0.395 0.017 1.71% 0.544
[2] time 0.150 0.479 0.001 0.10% 0.629
[3] Inict 0.031 0.459 0.013 1.30% 0.490
[4] Inopenk 0.142 0.375 0.015 1.50% 0.516
[4] time,Inict,Inopenk 0,217 0,348 0,023 2.30% 0,588
Notes:

1. SF: Stochastic Frontier
TC: Technical change

2
3. The elasticityd In va/dIntimeshows technical change
4. RTS: Returns to Scale

5

Returns to scale = sum of output elasticities

Source: Own estimation

As illustrated in the above table, capital and labelasticities are both positive in
every one of the different model specifications.Model [1], with no inefficiency

effects, capital elasticity is approximately 0.1&bor elasticity is 0.40, whereas,
technical change is 1.71%. In Model [2], with tiras inefficiency determining
variable, capital elasticity is approximately 0.1&bor elasticity is 0.48, whereas,
technical change is 0.10%. In Model [3], with IGiAvestment as inefficiency
determining variable, capital elasticity is approaiely 0.031, labor elasticity is 0.46,

whereas, technical change is 1.30%. In Model [4jfithi economy openness as
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inefficiency determining variable, capital elagfjciis approximately 0.42, labor
elasticity is 0.37, whereas, technical change586%. In Model [5], with all the three
inefficiency determining variables, capital elagyicis approximately 0.21, labor
elasticity is 0.35, whereas, technical change 3%. All the five models seem to
work properly, as far as the estimated input eddss are concerned, presenting the
expected signs and results. On the other hanégctrhes apparent the significance of
the time dimension, denoting the effect of techinda@ange, onto the production

output.
A second model fitness control in order to predibether the model specifications fit
to the data set is the estimation of log likelihaodd AIC information criterion (as

described in chapter 3.4):

Table 5.9. Diagnostic Tests — standard models

SF Model Inefficiency Determinants  Log Likelihoodagnostic AlIC

[1] none 4350.433 -4.19875
[2] time 4272.647 451565
[3] Inict 4122.787 4.35554
[4] Inopenk 4062.332 4.29095
[5] time, Inict, Inopenk 4272.585 451345

Source: Own estimation

AIC criterion and Log Likelihood are both ways @&sassing the relative goodness of
fit of our alternative model specifications. Regagithe model relative fit criteria, we
report only the AIC criterion, because the otheo w@iternative tests (BIC, HQIC),
also referred and described in chapter (3.4.),bath consistent and give the same
results with the AIC criterion (as explained in ptex 3.4.). Reference to the
diagnostic test is estimated in order to reinfordech model we adopt. The smaller
the AIC criterion is, the better the relative goeds of fit of the model is. Comparing
our models, both regarding log likelihood and Aldesion, we conclude that all the
models are relatively fitted well, respectively.iglssue provides a first hint that the
production function and efficiency determining \dnlies seem to work well with our
model specifications, implying that it has sigraiit effect on technical efficiency

estimation.
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In conclusion, comparing the different AIC criterimalues for each one of the
alternative models, it becomes apparent that tleelt@st working models are those
with the lowest AIC criterion values. In this cabe two best working models are:
Model [2], with the variabletimée in the inefficiency term, implying that technical
efficiency is attributed to technical change, anddé [5] with the variablestime,

ICT and economy opennéss the inefficiency term, implying that technical
efficiency is attributed to technical change, IQivastment level, as well as the
degree to which an economy is open to imports apdres. To sum up, the models
which include only time (as a proxy for technicédange), as well as time, ICT
investment and economy openness as inefficiencgctsffdetermining variables,

present the best criteria, considering that theyige a good fit.

Next, we estimate the technical efficiency determgnvariables within the five
different model forms.

Table 5.10. Estimation of Inefficiency Effects

SF Model Inefficiency time Inict Inopenk
Determinants

[1] none -

[2] time -0.157 (0.008)

[3] Inict - -0.782 (0.077) -

[4] Inopenk - - 0.587 (0.131)

[5] time,Inict,Inopenk -0.176 (0.023) 0.108 (0.142) 0.131 (0.366)

Notes:

1. Standard errors in parentheses

Source: Own estimation

It is apparent that in each one of the differentleli@pecifications (Models [2] — [5]),
which include specific efficiency determining vdies, these variables are
statistically significant, having a statisticallygsificant effect on efficiency. The
variables with negative sign denote the negativatiomship with inefficiency, e.g.
inefficiency is decreasing, as the variable inpuinicreasing. This effect is present
when the time dimension variable and ICT investmeatiable are concerned,
exercising a negative effect on inefficiency.

For each one of the models, we also estimate fiegicy variance parameters for

each one of the models, as described in chapteTBe8parameters of the stochastic
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frontier model and the inefficiency effects modeé astimated using maximum
likelihood estimation (MLE). The statistical sigicéince of4 obtained from the MLE
estimates indicates the existence of a stochastitiér function (Schmidt and Lin,
1984). If A is statistically different from zero, it impliekdt the difference between
the observed and the frontier production is doneiddity technical inefficiency. I is
not statistically significant from zero, it impli¢sat any difference in the production
is attributed solely to symmetric random errorsmbda is the ratio of variance af
(o,) over variance oV (o,) and is an indication that the one sided erromter
dominates the symmetric errm so variation in actual production comes from

differences in industries production practice rathean random variability.

Table 5.11. Estimation of Efficiency Variance Paedens for standard models

SF Model Inefficiency — 52/ 2 52/ 2
Determinants A=oifo T y=oilo
[1] none 4.584 (.032) .102 (.000) 0.006
[2] time 4.837 (.069) .112 (.000) 0.979
[3] Inict 15.390 (.011)  .395(.010) 0.999
[4] Inopenk .0757 (.052) .002 (.000) 0.997
[5] time,Inict,Inopenk 2.234 (.533) .051 (.000) 0,834

Note:
1. Standard errors in parentheses

Source: Own estimation
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Technical efficiency is measured using the variaret@® parametep. Using the

composed error terms of the stochastic frontier ehgddefines the total variation in
output from the frontier level of output attributedtechnical efficiency indicating the
ratio of the unexplained error and the total ewbthe regression (Aigner, Lovell,
Schmidt, 1977), in other words, the variance patamecaptures the total output
effect of technical efficiency, suggesting the patage (%) of the residual which is

due to inefficiency.

Large value of parameter highlights the importance of inefficiency effecis
explaining the total variance in the model. Congidgthe variance parametgties
on the interval [0,1], if the estimate is closelt@and significant, this indicates that
most of the total variation in output is attribuabo technical efficiency.

In Model [1], with no efficiency explanatory varial, the variation which is
attributable to inefficiency effects is practicalpero. In Models [2] — [4], which
include efficiency determining variables, total iation in output from the frontier
level of output attributed to technical efficiendgg 97.9%, 99.9%, or 99.7%
respectively, indicating the total output effectte€hnical efficiency, suggesting the
percentage (%) of the residual which is due toficiehcy, in the models in which
time, ICT, or economy openness variables are imduth Model [5], total variation

in output from the frontier level of output attriled to technical efficiency is 83.4%,

As in Coelli et al. (2005), in addition to testihgpotheses concerning the variance
parameters, stochastic frontier analysis is intetksn testing for the absence of
inefficiency effects. Lamda is the ratio of varianafu (o,) over variance o¥ (o)
and is an indication that the one sided error terdominates the symmetric erngr
so variation in actual production comes from dgfezes in industries production
practice rather than random variability. Finalljhetlarge value of parameter
highlights the importance of inefficiency effectsaxplaining the total variance in the

model.
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The following tables present the estimation restdisulated according to each one of

the alternative estimated stochastic frontier madel
For each one of the two best working models, we afgimate the related efficiency
effects determining variables and the efficiencyiarece parameters for each one of

the models, as described in chapter 3.3.

The parameters of the stochastic frontier modelthadnefficiency effects model are

estimated using maximum likelihood estimation (MLE)

Table 5.12. Empirical Model [2]: Efficiency Estinnar

Model Variances

Log likelihood function 4272.647 Sigma-squared(v) .00054
Info. Criterion: AIC -4.5%65 Sigma-squared(u) .01273
Finite Sample: AIC -4.51438 Sigma(v) .02332
Info. Criterion: BIC 4.37964 Sigma(u) 11281

Info. Criterion:HQIC ~ -4.46554 Sigma = Sqrl§*(u)+o?(v)] .11519

Stochastic Production Frontier, e=v-u.

Time varying u(i,t)=exp[eta*z(i,t)]*|U()|

Source: Own estimation

As becomes apparent from the estimation resulss,sthtistical significance ot
obtained from the MLE estimates indicates the eris¢ of a stochastic frontier

function (Schmidt and Lin, 1984), singas statistically different from zero.

The time dimension variable, as a determinant @frtlefficiency effect, is statistically
significant with a negative sign, implying thathis a negative effect on inefficiency
level, by 15.75%.
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Table 5.13. Empirical Model [2]: Coefficient Estitian

| Vari abl e|] Coefficient | Standard Error |b/St.Er.|P[]|Z| >z]| Mean of X

Primary | ndex Equation for Mdde

Const ant | 4.29675191 . 97032174 4.428 . 0000
LNCAP | . 52266804 . 32995187 1.584 . 1132  4.53813827
LNLAB | -. 94672093 . 18290314 -5.176 . 0000 4.64818191
TI ME | -. 00974744 . 01263264 -. 772 . 4403  13. 5000000
LAB2 | . 53520349 . 05878035 9. 105 . 0000  10. 8158946
CAP2 | . 31500076 . 07110208 4.430 . 0000 10.3307444
TI ME2 | . 00045271 . 00020044 2.259 . 0239  119. 250000
LABCAP | -.32426713 . 08318463 -3.898 .0001  21.0930324
LABTI ME | . 01990003 . 00354828 5. 608 . 0000 62.3692144
CAPTI ME | -.01638246 . 00300150 -5.458 . 0000 62.8256562
LNCAPDL | -. 40088057 . 04688821 -8.550 . 0000 . 37753423
LNLABDL | . 27745558 . 03852795 7.201 . 0000 . 38837574
TIMEDL | . 03077261 . 00226402 13. 592 . 0000 1.12500000
LNCAPD2 | . 18624047 . 03679873 5.061 . 0000 . 37617450
LNLABD2 | -.13011486 . 03220976 -4.040 . 0001 . 38535840
TIMED2 | -. 01845507 . 00173244  -10.653 .0000 1.12500000
LNCAPD3 | -.15924141 . 05037117 -3.161 . 0016 . 38133607
LNLABD3 | . 19167868 . 04250873 4.509 . 0000 . 38972613
TIMED3 | -.01317418 . 00231969 -5.679 . 0000 1.12500000
LNCAPD4 | -. 82724007 . 03591286  -23.035 . 0000 . 37960654
LNLABD4 | . 81331706 . 02948446 27.585 . 0000 . 38383682
TIMEDA | . 00525235 . 00167908 3.128 .0018 1.12500000
LNCAPD5 | -. 04904778 . 06658107 -.737 . 4613 . 38112430
LNLABDS | . 02690744 . 05852509 . 460 . 6457 . 38450072
TI MED5 | . 00256154 . 00282981 . 905 .3654  1.12500000
LNCAPDG | -. 15564014 . 03719988 -4.184 . 0000 . 37286709
LNLABD6 | . 16122972 . 03084875 5. 226 . 0000 . 38400415
TI MED6 | -. 00211754 . 00181209 -1.169 .2426  1.12500000
LNCAPD8 | . 29927706 . 06131773 4.881 . 0000 . 38079571
LNLABD8 | -.34022610 . 05168456 -6.583 . 0000 . 39087342
TI MEDS | . 00539822 . 00262452 2. 057 . 0397 1.12500000
LNCAPD9 | . 17637302 . 04272857 4.128 . 0000 . 37480414
LNLABD9 | -. 21729386 . 03073691 -7.069 . 0000 . 38228242
TIMED9 | . 00791660 . 00296996 2.666 . 0077  1.12500000
LNCAPD10| -. 30706039 . 06975794 -4.402 . 0000 . 37896495
LNLABD10| . 28619911 . 06079022 4.708 . 0000 . 38765447
TI MED1O | . 00254864 . 00352055 . 724 .4691  1.12500000
LNCAPD11| -. 32802639 . 04965664 -6. 606 . 0000 . 38435061
LNLABD11]| . 34046247 . 04595183 7. 409 . 0000 . 38898708
TI MED11 | -. 00679019 . 00168480 -4.030 .0001 1.12500000
LNCAPD12| . 26778303 . 07324738 3. 656 . 0003 . 38044290
LNLABD12| -. 24516886 . 06841212 -3.584 . 0003 . 38900706
TI MED12 | -. 00963988 . 00258669 -3.727 .0002 1.12500000

Vari ance paraneters for conpound error

Lanbda | 4.83756520 . 06991360 69. 193 . 0000

Si gma(u) | . 11280724 . 00051277  219.997 . 0000

--------- +Coefficients in u(i,t)=[exp{eta*z(i,t)}]*|U(i)

TI ME | -. 15753435 . 00894748  -17.607 . 0000

Source: Own estimation
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Regarding the second best working model, it is Mdé&¢ with time, ICT

investment and economy openness as inefficien@rmating variables.

Table 5.14. Empirical Model [5]: Efficiency Estinnar

Model Variances

Log likelihood funtdion 4272. 585 Sigma-squared(v) . 00054
Info. Criterion: AIC -4.51345 Sigma-squared(u) . 00269
Finite Sample: AIC -4.51207 Sigma(v) . 02322
Info. Criterion: BIC -4.37153 Sigma(u) . 05188

Info. Criterion:HQIC - 4. 46116 Sigma = Sqrf¢°(u)+c(v)] . 05683

Stochastic Production Frontier, e=v-u.

Time varying u(i,t)=exp[eta*z(i,t)]*|U ()|

Source: Own estimation

Model [5] presents time variant inefficiencAs becomes apparent from the
estimation results, the statistical significanceladbtained from the MLE estimates
indicates the existence of a stochastic frontiacfion (Schmidt and Lin, 1984), since
A is statistically different from zero, so variatiam actual production comes from
differences in industries production practice ratien random variability. Technical
change is statistically significant and negative$gociated with technical inefficiency
levels (as expected by the literature, with coedfit 0.1762). However, ICT
investment and economy openness variable are aitdtital significant, in this model
specification even though this is not that casenminey are estimated in models as

sole inefficiency determining variables.
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Table 5.15. Empirical Model [5]: Coefficient Estitian

| Vari abl e] Coefficient | Standard Error |b/St.Er.|P[|Z >z]| Mean of X
Primary | ndex Equation for Mdde

Const ant | 4.22338155 1. 04570858 4.039 . 0001
LNCAP | . 57458818 . 33663804 1.707 .0879  4.53813827
LNLAB | -. 96246364 . 20778210 -4.632 . 0000 4.64818191
TI ME | -. 01101349 . 01209198 -.911 . 3624 13. 5000000
LAB2 | . 54231036 . 05944439 9.123 . 0000 10. 8158946
CAP2 | . 30787795 . 07541348 4.083 . 0000 10. 3307444
TI ME2 | . 00046059 . 00022503 2.047 . 0407 119. 250000
LABCAP | -. 32863457 . 08851120 -3.713 . 0002 21. 0930324
LABTI ME | . 02015502 . 00362739 5. 556 . 0000 62. 3692144
CAPTI MVE | -.01638387 . 00334272 -4.901 . 0000 62. 8256562
LNCAPD1 | -. 39886408 . 05156847 -7.735 . 0000 . 37753423
LNLABD1 | . 27540973 . 04293267 6.415 . 0000 . 38837574
TI MED1 | . 03076592 . 00239183 12. 863 . 0000 1. 12500000
LNCAPD2 | . 19029024 . 03698026 5.146 . 0000 . 37617450
LNLABD2 | -. 13380496 . 03219683 -4.156 . 0000 . 38535840
TI MED2 | -. 01855293 . 00178089 -10.418 . 0000 1. 12500000
LNCAPD3 | -. 15657938 . 05003347 -3.129 . 0018 . 38133607
LNLABD3 | . 18929632 . 04168132 4.542 . 0000 . 38972613
TI MED3 | -. 01326200 . 00238188 -5. 568 . 0000 1. 12500000
LNCAPDA | -. 83434550 . 03954290 -21.100 . 0000 . 37960654
LNLABD | . 81930851 . 03274724 25. 019 . 0000 . 38383682
TI MED4 | . 00550838 . 00179628 3. 067 . 0022 1. 12500000
LNCAPD5 | -. 05044662 . 07098990 -.711 L4773 . 38112430
LNLABD5 | . 02811536 . 06331817 . 444 . 6570 . 38450072
TI MED5 | . 00261260 . 00269061 . 971 . 3315 1. 12500000
LNCAPD6 | -. 15162061 . 04041641 -3.751 . 0002 . 37286709
LNLABD6 | . 15771536 . 03399381 4. 640 . 0000 . 38400415
TI MED6 | -. 00225326 . 00191245 -1.178 . 2387 1. 12500000
LNCAPD8 | . 30156467 . 06375379 4.730 . 0000 . 38079571
LNLABDS | -. 34228923 . 05327100 -6.425 . 0000 . 39087342
TI MED8 | . 00533496 . 00277888 1.920 . 0549 1. 12500000
LNCAPD9 | . 18188197 . 04724075 3. 850 . 0001 . 37480414
LNLABD9 | -. 22219146 . 03459398 -6.423 . 0000 . 38228242
TI MED9 | . 00776839 . 00302413 2.569 . 0102 1. 12500000
LNCAPD10| -. 30447447 . 06560259 -4.641 . 0000 . 37896495
LNLABD10| . 28376994 . 05907700 4. 803 . 0000 . 38765447
TI MED1O | . 00249030 . 00326177 . 763 . 4452 1. 12500000
LNCAPD11| -. 32488532 . 05209067 -6.237 . 0000 . 38435061
LNLABD11| . 33765525 . 04860678 6. 947 . 0000 . 38898708
TI MED11 | -. 00688089 . 00176665 -3.895 . 0001 1. 12500000
LNCAPD12| . 27007461 . 07298551 3.700 . 0002 . 38044290
LNLABD12| -. 24718002 . 06682091 -3.699 . 0002 . 38900706
TI MED12 | -. 00971771 . 00272355 - 3. 568 . 0004 1. 12500000

Vari ance paraneters for conpound error
Lanbda | 2.23449218 . 53331910 4.190 . 0000

Si gma(u) | . 05187668 . 00023930 216. 787 . 0000

Coefficients in u(i,t)=[exp{eta*z(i,t)}]*|U(i)

TI ME | -.17624961 . 02369534 -7.438 . 0000

LNICT | . 10812426 . 14275688 . 757 . 4488

LNOPENK | . 13190578 . 36600687 . 360 . 7186

Source: Own estimation
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5.6. Estimation of Technical Efficiency

Farsund, Lovell and Schmidt (1980) asserted treatthin weakness of the stochastic
frontier model is that it is not possible to decasg individual residuals into their
two components, and so it is not possible to es@ntachnical efficiency by
observation. The best that one can do is to ol#aiestimate of mean inefficiency
over the sample. However, Jondrow et al (1982) gsed either the mean or the
mode of the conditional distributidioi; | v-uj] to provide estimates of the technical
inefficiency of each producer in the sample. Thegality of obtaining producer —
specific estimates of efficiency has greatly enlednthe appeal of stochastic frontier
analysis. Within this framework, several models éstimating technical efficiency
have been developed, extending the stochasticiéromtethodology to account for
different theoretical and empirical issues (Coddti al (1998), Greene (1999),
Kubhakar and Lovell (2000)). However, another passiveakness with the approach
is that in order to distinguish the two error come@ots it is also necessary to make
some strong distributional assumptions. In stoahdsintier models the symmetric
errorv has been assumed to be iid normal but a variethfigrent assumptions have
been made about the distribution of technical ioeficy. However, different
distributional assumptions can lead to differensufs in terms of estimated

efficiencies.

In order to define the inefficiency determinantgiafales effects, we compare the
inefficiency effects in best working Model [5] withe inefficiency estimation when

no inefficiency determinants are included in thedeidunction.

To begin with, within this framework, Model [1] has inefficiency effects and since
technical efficiency is considered to be time-im&ar in this model specification, it
remains the same for the whole period 1980-2tf05

14 The inefficiency levelsH[ule]) per industry and country for the period coverirg@-2005 are

presented in the Appendix.

246



Table 5.16. Inefficiency Analysis per Industry aswintry — Without inefficiency determinants

France Germany Italy Netherlands Spain United damg Average
Electrical -Optical 0.018 0.025 0.161 0.119 0.232 0.192 0,1245
Food - Beverages  0.081 0.016 0.138 0.148 0.122 60.09 0,1002
Textiles 0.032 0.073 0.225 0.021 0.075 0.087 0,0855
Manufacturing nec  0.123 0.060 0.126 0.016 0.172 29.1 0,1037
Wood 0.157 0.277 0.111 0.208 0.012 0.153 0,1530
Paper 0.017 0.074 0.141 0.079 0.115 0.111 0,0895
Chemicals 0.066 0.026 0.094 0.030 0.076 0.100 3,065
Rubber - Plastics 0.186 0.051 0.141 0.021 0.030 040.1 0,0888
Non-metallic 0.027 0.045 0.057 0.039 0.083 0.065 0597
Metals 0.012 0.172 0.273 0.204 0.154 0.163 0,163
Machinery 0.175 0.019 0.119 0.077 0.081 0.043 085
Transport 0.109 0.016 0.066 0.085 0.170 0.168 3102
Average 0.084 0.071 0.137 0.087 0.110 0.117 0,1010

Source: Own estimation
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Model [1] presents time invariant inefficiency, whiis the same inefficiency level

for each one of the years in analysis. The tabtevalpresents the inefficiency levels
estimation for each one of the industries and a@stncluded in our estimation. On
average, Germany, France, and Netherlands areetsteplerformer countries, since
they have the lowest average inefficiency levelbengas Italy, Spain and United
Kingdom seem to be the worst performer countriegesthey have the highest levels
of inefficiency. As far as the industry inefficignes concerned, the best performing
industries, on average, are the non- metallic, dinemicals and textiles industries,
whereas, the worst performing industries are thafsevood, electrical/optical and

metals.

Among the best performing industries are the iniksbf paper in France, Metals in
France and Transport Equipment in Germany. On ttieerohand, the worst
performing industries are those of wood in Germang Netherlands, as well as

metals industry in Italy and Netherlands.

The detailed inefficiency analysis per industry adintry for the rest of the time
variant inefficiency models ([2]-[4]) is illustradein the Appendix. It is apparent that
the inefficiency level decreases over time in tlastvmajority of the industries and
countries'®. Even though there is a general trend that irefiity decreases over
time, however, there are significant differencesthbin inter-industry and inter-

country level.

115 Model [3] presents time variant inefficiency. Timefficiency level decreases over time in all the
industries and countries, even though certain imghss and countries have mixed increases and
decreases in inefficiency levels, such as the woddstry, or the non — metallic industry in Spain o
the machinery industry in France. However, the gaEnérend of the inefficiency shows that
inefficiency levels decrease over time. Model pgsents also time variant inefficiency. Even thHoug
the inefficiency level decreases over time in ladl industries and countries, the decrease rattierr

small. The countries which present the highesti¢eokinefficiency are Italy, Spain and France.
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Table 5.17. Inefficiency Analysis per Industry awintry — With inefficiency determinants

France Germany Italy Netherlands Spain United Hamg Average
Electrical -Optical 0.0221 0.0157 0.0220 0.0159 0.0430 0.0140 0221
Food - Beverages 0.0060 0.0203 0.0031 0.0190 0.0098 0.0225 0.0135
Textiles 0.0138 0.0369 0.0052 0.0119 0.0024 0.0200 0.0150
Manufacturing nec 0.0722 0.0548 0.0369 0.0372 ®017 0.0006 0.0366
Wood 0.0190 0.0064 0.0226 0.0082 0.0046 0.0050 10.01
Paper 0.0220 0.0180 0.0208 0.0227 0.0351 0.0212 0.0233
Chemicals 0.0101 0.0127 0.0137 0.0074 0.0065 0.0207 0.0119
Rubber - Plastics 0.0021 0.0271 0.0054 0.0774 @.030 0.0065 0.0248
Non-metallic 0.0154 0.0142 0.0135 0.0061 0.0135 2830 0.0143
Metals 0.0138 0.0199 0.0089 0.0088 0.0019 0.0872 0233
Machinery 0.0140 0.0139 0.0106 0.0067 0.0072 0.0148 0.0112
Transport 0.0067 0.0188 0.0090 0.0180 0.0174 0.0026 0.0121
Average 0.0181 0.0216 0.0143 0.0200 0.0158 0.0200 0.0183

Source: Own estimation
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Model [5] presents time variant inefficiency inckdl inefficiency term with

determining variables. Regarding the inefficienggp gvariations by country and
industry, the table above presents the inefficideggls estimation for each one of the
industries and countries included in our estimatiOn average, Italy, Spain are the
best performing countries, since they have the $bvewerage inefficiency levels,
whereas Germany seems to be the worst performertrgosince it has the highest
levels of inefficiency. As far as the industry ifigiency is concerned, the best
performing industries, on average, are the non-alietand chemicals industries,
whereas, the worst performing industries are thotemanufacturing nec and
rubber/plastics. In more detail, the industrieshwthie lowest inefficiency levels are
rubber/plastics in France and ltaly, as well as rni@nufacturing nec industry in
United Kingdom. As far as the industries with thighest inefficiency levels are
concerned, these are the metals industry in Uiiteddom and manufacturing nec in

France.

However, the inefficiency gap does not seem tm¥la rather constant pattern as far
as country-wise and industry-wise, meaning thdeddht countries present best and
worst performances in different sectors and therad a single country with best
performance in every industry, or a single industith best or worst performance in

every country.

On the other hand, the following table (5.15) pmsethe parameters of the
distribution of productive efficiency scores cakigeld according to each one of the

alternative estimated stochastic frontier models.

Table 5.18. Estimated varying production effici@sdExd (-0, )]

SF Model InefficiencyDeterminant Mean  Standard DeviationMin. Max.
[1] none 0.983 0. 289509E-01 0.758 0.999
2] time 0.982 0.285662E-01 0.716 0.999
[3] Inict 0.990 0.171634E-01 0.711 0.999
[4] Inopenk 0.984 0.124007E-01 0. 920 0.998
[5] time, Inict,Inopenk 0.982 0.283101E-01 0.721 0.999

Source: Own estimation

It is apparent that efficiency levels are ratheghhin all model specifications. In the

first model specification, in which there are nefiitiency effects, the efficiency
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levels range from 0.758 to 0.999. In the second eha@pecification, in which
inefficiency effects are attributed solely to tinedficiency levels range from 0.758 to
0.999. On model [5] with time, ICT investment armtb@omy openness as inefficiency

term determinants, efficiency levels range fronil6.% 0.999.

On the other hand, apart from the discussion offiérency levels by industry and
country, it is also important to estimate the dffgfceach one of the inefficiency term
determining variables in the model. The followingble presents the estimated
coefficients in efficiency determining variables model [1] with no inefficiency
effects, the variableta, which is statistically significant, presents theefficiency
level (18.44%).

Table 5.19. Estimated coefficients in efficiencyetmining variables

Model Variable Coefficient St. Error b/St.Er. Pl1Z]>z]|
(1]

Eta -.1844 .0122 -15.092 .0000

[2] time -.1575 .0089 -17.607 .0000

[3] Inict -.7821 .0778 -10.041 .0000

[4] Inopenk .5870 1310 4.480 .0000

[5] time -.1762 .0236 -7.438 .0000

Inict .1081 1427 757 4488

Inopenk 1319 .3660 .360 .7186

Notes:
1. For Model [1], Eta parameter for time varying inei#ncy
2. For Models [2] — [5], coefficients in u(i,t)=[expf@*z(i,t)}]*|U(®i)|

Source: Own Estimation

The models [2] — [4] all have statistical signiintaefficiency determining variables
(time, ICT investment and economy openness). Frbe rhodels estimation, it

becomes apparent that the variables time, ICT tme&st and economy openness
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have a significant impact on technical efficiencythe model in which they are
included. All the three variables are statisticaiignificant, bearing the negative sign,
as expected by the theory, meaning that an incri@ag®se variables decreases the
inefficiency level. However, in model [5], in whiclall the three efficiency
determining variables are included, it is only timariable which is statistically

significant.
As far as Kernel Density Estimates are concernggly present the estimated mean

inefficiencies for each one of the estimated maqdelgstrating the form of the

distribution of the estimated efficiency:
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Figure 5.1. Kernel Estimators
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As it is illustrated in the Kernel density estimmté~igure 5.1), the distribution of
productive efficiency is centered implying that mowustries are clustered close to the
mean. The reason for the peak in the distributibrihea maximum level is from the

hypothesis that at least one producer in each tndissfully efficient.

The following part refers to the underlying polieyiplications, presents what measures
and initiatives are suggested in order to closeitle#ficiency gap across counties and

industries, and what are the relative policy imggiions.

5.7. Policy Implications

There is a huge literature on factors influencimgdpcctive efficiency and productivity
growth. In this literature, it is widely acceptetiat decision making units are not
homogeneous producing units and, therefore, nairgtls are operating at the same level of
efficiency (Caves, 1989). Within this frameworkpguctivity represents the estimation of
how well a producer uses the available resourcesaduce outputs from inputs. However,
the productivity theory literature has emphasizadidrs such as productive efficiency,
mainly through technological spillovers, increasingturns, learning by doing, und
unobserved inputs (e.g. human capital quality), reke the empirical industrial
organization literature has emphasized the dedgrepenness of countries to imports and
industry structure (Koop, 2001). Currently, outmd employment are expanding fast in
high-technology industries such as computers aadirenics, as well as in knowledge-
based services such as financial and other busseggkes and more resources are spent
on the production and development of new technekgn particular on information and

communication technology.

The developments in the theory of productive edficly have renewed the interest for the
role that the innovation plays in the developmerdcpss, underlining the interaction
between the investment in innovative activitie® tbchnological change and productive
efficiency growth. Innovation and technology is @mportant source of industry
competitiveness through facilitating productivei@éncy. In particular, they can improve
collective processes of learning and the creatiansfer and diffusion of knowledge,
critical for innovation. Such cooperation and tleéworks that are formed help to translate
knowledge into economic opportunity, while at tlame time building the relationships

between organizations which can act as a catalyshhovation.
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The productive processes that create and diffuse niw knowledge are critical in
production and there are powerful contacts betwhennvestment in the human capital,
the technological change and finally, technicalefhcy. As a motive force, it prompts the
enterprises to long-term development objectives #ra advancement of productive
structures, so that they maintain the elementdfmiency and competitiveness. From an
economic analysis point of view, the theoreticahfework of the effects of innovation on
the economic efficiency, productivity and growthbigsed on endogenous growth theory,
claiming that not only the accumulation of capitbyt mainly the development and
accumulation of knowledge and technological chaeges to increased and sustainable
growth. Investments in new technologies aim tonteernisation of productive process
and the qualitative upgrade of products. The reasdhat the new technologies lead to
increase of productivity of factors of productiocpntributing in the long-term

improvement of competitiveness.

Furthermore, innovation process requires cooperaia collaboration of a great number
of different actors, which, to a large extent, impmrates high transaction cost and high
uncertainty level. According to this view, econonsiaccess and competitiveness result
from the combination of favorable entrepreneurialienment, network systems and
innovative behavior and the establishment of nemlmoations of factors of production is
a process that will become the engine that driveesx@mic development. On the other
hand, as mentioned before, due to information asytmes, uncertainty and high cost
features of innovation, entrepreneurship becomese nmoportant in a modern economy,
since it may provide one of the mechanisms by whmelw economic knowledge is
disseminated into different networks. Entreprengiprgenerates growth because it serves
as a link between innovation and change. Thus,enyireg as a vehicle for knowledge
transmission and spillover, entrepreneurship playskey role in the link between

knowledge and growth.

Within this framework, measuring efficiency is aitquimportant task in economic
analysis. First only by measuring efficiency anddeyparating their effects from those of
the general economic environment, can we explopotmeses concerning the sources of
efficiency or productivity differentials, as welk aeffectiveness of private practices and
public policies designed to improve productive parfance.
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Following the empirical results of our model, thgngficance of the time dimension
(which denotes technical change) regarding inefficy estimation, and technical change,
facilitated by a favourable institutional framewdskcome more of an issue in technical
efficiency analysis. Innovative actions are consdeto be rather important to technical
efficiency enhancement. Firstly, they stimulate esivnents which introduce new
commodities and processes, which improve the ligtagpdards of the society. Moreover,
they lead to new developments, which increase ohneparative advantage of an economy
and affect positively the trade performance and petitiveness of a country worldwide.
These effects result in a greater level of econaroevth.

Discussion in more specific terms vis-a-vis our &gl results, suggests that there are
specific underlying policy implications, measurawd anitiatives in order to close the

inefficiency gap across counties and industries.

Since, nowadays, competition has shifted the coatpar advantage of countries and
industries towards the factor of knowledge and v@ation, where productivity based on

endogenous development capabilities plays a rati@rtant role, as far as efficiency and
competitiveness enhancement are concerned. Whtldriramework, technical change as a
productive efficiency determinant consist two ot thore subjects both in economic
analyses. Respectively, there is an increasingesiten the contribution of knowledge in

productive efficiency, taking into considerationetmeed of enterprises to import

technological innovations that increase produgdtigitd competitiveness.

What does this mean for productivity and compeditiess? Regarding productivity
enhancement, economies increase their efficiencytwio ways—micro and macro.
Microeconomic gains take place within an enterpaisét invests, trains workers, innovate
and compete. Macroeconomic gains occur when theathveconomy reorganizes and
shifts resources so they produce more than befdfghin this micro and macro
framework, technical efficiency has a leading rate using productive resources

efficiently.

On macro-level, two complimentary sets of condgioreed to be satisfied. The first is the
existence of suitable endowment of both basic stfteture (in the form of efficient
transport, telecommunications and energy netwankisemvironmental facilities and so on)

and a labor force with appropriate levels of skdisd training, strengthening of both
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physical and human capital, together with improvetsien institutional support facilities

and the administrative framework in place. The sdcset of conditions, which directly

relates to the factors of competitiveness which iarportant in the knowledge-based
economy, is that innovation should be accorded Ipghority, that information and

communication technologies (ICT) should be widetgessible and used effectively and
that development should be sustainable in enviromahéerms.; a business culture which
encourages entrepreneurship; and the existenceapfecation networks and clusters of
particular activities. European cohesion policy psmka major contribution to these
objectives, especially in those countries whereethe unused economic and employment
potential which can be realized through targetdtesmn policy measures. From a policy
perspective, for national development to be susthnequires favorable conditions being
established at the national level, in particulamacroeconomic environment conducive to
growth, employment and stability and a tax and l&guy system which encourages

business and job creation.

In European Union there is an increasing interestthe contribution of productive
efficiency in the sustainable long-term economiovgh, taking into consideration the
need that competition forces technological innaraj that increase productivity, renewed
the interest for the role of innovation in the depenent process, underlining the
interaction between investment in innovative atBg, technological change and

sustainable economic growth.

European Union industrial and innovation policy @med at strengthening the
competitiveness of European Union producers by ptomg competition, ensuring access
to markets and establishing an environment whiadomlucive to R&D across the Union.
Knowledge and access to it has become the drivorgef for growth in advanced
economies like the European Union known-how anelledtual capital, much more than
natural resources or the ability to exploit aburidaw-cost labor, have become the major
determinants of economic competitiveness sincetitiough these that economies can not
only increase their productive efficiency but aldevelop new products. Productive
efficiency, therefore, holds the key to maintainiagd strengthening competitiveness
which in turn inessential for achieving sustainedrmmic development. To achieve both
sets of conditions requires an effective institodlo and administrative framework to
support development. The cost of not pursuing areigs cohesion policy to tackle
disparities is, therefore, measured in economingers a loss of the potential real income

and higher living standards. Given the interdepen@s inherent in an integrated
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economy, these losses are not confined to thectespetitive states but affect every state

in the Union.

By securing a more balanced spread of economigitgcicross the European Union, it
will reduce the risk of imbalances and divergemoaking it easier to sustain the European
model of economic growth and cohesion. In polieyni® the objective is to help achieve a
more balanced development by reducing existingagises, avoiding regional imbalances,
by making policies more coherent, improving intéigra and encouraging cooperation
between states and regions. Among other developfaeidrs, countries or industries
facing lags in productive efficiency face also @ lem growth. Lagging countries or
industries in European Union has been one of tha oigectives of the European strategy.
Development problems are more intense in laggimggons or industries which present
major differences in level of economic performaramput, productivity and employment.
These disparities arise due to structural deficena factors, which restrain economic

activities and overall development.

These disparities cannot be ignored, since thesctithe overall competitiveness of the
European Union economy. Covering costs of congesiiotreating the consequences of
disparities implies a sub-optimal allocation of aeses, as well as a lower level of
efficiency and economic competitiveness than cqdtentially be attained. To combat
disparities and achieve a more balanced pattemiresgsome coordination of innovation

and industrial policies if they are to be cohemm consistent with each oth&r

However, the answer to closing the inefficiency gapalso micro-related, suggesting
perhaps cutting off the rail of more inefficienapts, or moving the distribution for all the
plants in a specific industry. As companies becomoee efficient, the economy reallocates
resources to more productive uses, either in egistompanies or new ones. On the other
hand, efficiency may be improved primarily througtnovation and technological
progress, better developed in a collaborative enwirent.

On micro-level, a firm which undertakes R&D prograes in order to enhance technical
efficiency levels, acquires new information and \kierlge to embody in the new

commodities, as well as new production and marggtiocesses, ready to be employed in

116 This issue has been broadly reviewed in Kokkinou2011) Innovation Policy, Competitiveness, and
Growth: Towards Convergence or DivergengePatricia Ordonez de Pablos, W.B. Lee and Jingyliwo
(editors) Regional Innovation Systems and Sustainable Dpredat: Emerging Technologiemformation
Science Reference, Hershey, New York, pp. 187 - 201
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product and process innovation. As a result, thnoumpovation, a company is able to
develop directly new products and processes amdylithem to the market acquiring an
advantage over its competitors. Furthermore, it eahance the ability of the firm to
develop and maintain capabilities to absorb andaeapgechnology information available
by external sources, and identify, assimilate aquogt new knowledge and technology.

However, productive efficiency enhancement dependesnsively on the presence or the
formation of a network and environment favouralgennovation, which is based on the
endogenous development capabilities. Even thougltiitim specific factors are important
determinants of innovation activity, technologicapportunities and favourable
entrepreneurial environment have a positive eftectinnovation activity, as well. This
could also be related to country-level institutiore&form or restructuring, or it could be
mainly focused on measures and initiative actionsrder to increase overall Research and
Development expenditure and innovation investmerisd/or promoting exporting
activities. These actions should also be linkedamby to different country-level programs,
in order to tackle any inefficiency features foundifferent countries and industries, but
also linked to European Union structural plansifioovation and growth.

It is also useful, in order to enhance technicétiehcy that firms cooperate in order to
bring technological advances and access, createddfuse technological knowledge,
trying to exploit the benefits from cooperative mfactturing and commercialising of
research, to gain large-scale operation benefits tantake advantages of sharing the
associated risks. These alliances are charactésisategic’ because they aim to provide a
competitive advantage to participating firms agatheir competitors by making them able
to respond more effectively and dynamically to temlbgical competition, organizing
innovation in such a way that can successfullyimatsponse to market conditions, by
generating, coordinating, and controlling technglagince they are able to achieve a more
efficient outcome, avoiding spillovers and unneaegsiuplication of effort problems, and
permitting the smooth dissemination of technologyd anformation, beneficial for
industries and countries. Co-operation and excharigechnology among firms and/or
other research organisations can take place at vangipoint of R&D and/or
commercialisation process, or cover the processwalsole and it may refer to the creation

or just acquisition and use of knowledge.

Synergies may increase the rate of innovation,edee the costs of knowledge diffusion

and enhance the efficiency of the investment, dueffective pooling of resources and
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exploitation of research results having positivée@s on costs. This development
establishes favourable incentives to participantsambine their expertise and assets and

engage in collaborative research activities.

Moreover, in Europe 202€trategy, European Union has identified the folluyvkey areas
in order to promote productivity and competitivenesd the European Union economy

(European Commission, 2011a):

» facilitating structural changes, to move towardsenanovative and knowledge-based
sectors;

= enabling innovation in industries, in particularfgoling scarce resources, by reducing
the fragmentation of innovation support systems anthcreasing the market focus of
research projects;

= promoting sustainability and resource efficiency) particular by promoting
innovation;

» improving the business environment;

» benefiting from the single market, by supportingawative services.

Through these five core pillars, industrial anchtemogical policy should move towards a
new path to build economic effectiveness and steuéconomic growth, supporting both
basic science and strategically oriented resedrchaddition to the creation of new
technologies, particular consideration should bediaed to the diffusion of existing
knowledge and innovations focusing on the abilityhe firms to locate, access, adapt, and
use new technologies. This development could beatiective nature, incorporating
industries, government authorities, universities] eesearch institutes, through interactive

relationships, to assist the authorities to engadiee needed technology policy goals.

To conclude, efficiency enhancement, mainly througimovation creation and

dissemination, is a complex phenomenon that ingh@t only technological, economic,
and social activity, but also research and devewyninvestment, production, and
application, with the relationship between innowatand efficiency being a core analysis

point.

Economies and industries should directly point talsethe new challenges and focus on

the newly raised prospects, recognising that gowerm can play a major role in
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developing and reaping the benefits of productiffieiency promotion. There is excess
need for active policies directed on science amtirtelogy crucial to today’s business
economy, which would be able to create a securanéss environment in which

innovation investments may have the expected sesult

Concluding, it is believed that such an approach mesult in more efficient production

levels, and can be rather beneficial for the bussingnits and the overall economy. The
suggestion made could be summarised in the vietvab@aperation activities should be
treated as a core mechanism, accompanied by speticy considerations concerning any

problems and drawbacks which may arise in theifiegtppon.

5.8. Concluding remarks

This chapter analyses and discusses the empiredih@is of the technical efficiency of
European Union industries in selected member-stitese specifically, this main research
aim is twofold: first to estimate and analyze tdchh efficiency in European Union
manufacturing industries, and second to comparerdkalts of parametric and non —

parametric methods of technical efficiency estiorati

This chapter proposes a model for technical inefficy effects in a stochastic frontier
production function for panel data. Provided thefficiency effects are stochastic, the
model permits the estimation of both technical ¢feam the stochastic frontier and time-
varying technical inefficiencies (Battese and Gpdlb92, 1995). As has been already
broadly described into previous chapters, thisioailgspecification has been extended to

include a wide array of assumptions and specificati including panel data analysfs

117 Stochastic frontier approach has found wide aermet within the agricultural economics literaturel a
industrial settings (Battese and Coelli, 1992; Camid Battese, 1995), because of their consisteritly

theory, versatility and relative ease of estimation

Some literature focused on stochastic frontier rhedth distributional assumptions by which efficgn
effects can be separated from stochastic elemeaheimodel and for this reason a distributionalieggion
has to be made. Among others, an exponential loligioin (Meeusen and van den Broeck 1977); a normal
distribution truncated at zero (Aigner, Lovell a8dhmidt 1977); a half-normal distribution truncatadzero

(Jondrowet al. 1982) and a two-parameter Gamma or Normal disidhuiGreene 1990).
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first by Schmidt and Sickles (1984) who modelechtecal inefficiency as time-invariant,
then by Battese & Coelli (1992) who modeled théhtecal inefficiency as time variant.
Battese and Coelli (1995) followed, using a stotibafsontier production function for
panel data concluding that a model of technicafficiency effects is a significant
component of the stochastic frontier productiorction.

The analysis and estimation in this chapter ingestis whether there is evidence of
technical inefficiency in manufacturing industriesEuropean Union selected member —
states, and whether factors such as ICT invest(asra proxy of knowledge creation) and
economy openness (as a proxy for knowledge trarmfer dissemination) exert any
influence on to technical efficiency growth. Theapter begins with a description of the
model used, the data set used in the analysishendefinition of the variables, along with
their descriptive statistics. Then the empiricaldelos formed with estimation results for

different alternative model specifications.

This chapter presents a range of different stochasidel approaches based on alternative
hypotheses, discussing and comparing them in d€iesk, this chapter applies a stochastic
translog production function to examine the undegycauses of technical inefficiency for
13 manufacturing industries in European Union dherperiod 1980 — 2005. The results
indicate that inefficiency was present in productend the relevant technical efficiency
determining variables contribute to it. From ourdmbanalysis, it is evident that the
manufacturing industries in our research samplenatefully efficient. The inefficiency
observed is endogenous to the firm since the teahimefficiency is largely associated
with the firms’ choice of ICT investments and opess achievement. Even though there is
a notable improvement in technical efficiency afé&counting for variations, technical
inefficiency remains significant which calls forrfaer investigation of the variations
regarding to the alternative explanatory variabl@enclusions and policy implications

may be drawn from this model analysis.

Specifically, in line with the empirical frameworkased on stochastic frontier analyses
(SFA), we decomposed productivity into the produttpossibility frontier and technical

(in) efficiency, investigating the role of efficiey in explaining growth differentials for a

However, there are no priori reasons for choosing distributional form over the other, and all have
advantages and disadvantages (Coelli, Rao andsB&t&98).
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panel of manufacturing industries in selected EeampUnion countries (Bos et al., 2010).
We also accept that decision making units are mohdgeneous producing units and,
therefore, not all units are operating at the skwel of efficiency (Caves, 1989), with one
of the main questions being to investigate thetimiahip between inefficiency and a
number of factors which are likely to be efficierexplanatory variables.

As in Bos et al. (2010), we accounted for inefindg and estimate a stochastic production
frontier, which is the empirical analog of the thetacal production possibility frontier.
This modelling strategy adds structure to the utemed residual. Under reasonable
assumptions, it disentangles the residual into fiziehcy and measurement error.
Technical change is modelled as a shift of the hatsiic frontier, whereas efficiency
change is a movement towards or away from the iBonAs in Bos et al. (2010), our
models focus on the use of technology, the sowtesitput growth, technology spillovers
and catch-up. To decrease the aggregation biasnthgt occur when these issues are
considered at the country-level (as in Bernard Jortks, 1996 a,b), Bos et al. (2010) focus
on manufacturing industries. Even though the predgpecific factors are important
determinants of innovation activity, technologicgportunities have a positive effect on
efficiency enhancement. Technological change, iatiow and technology creation and
diffusion are an important factor to economic pesg (Koop, 2001). In order to
investigate the determinants of the productivecedficy we distinguish between producers
or industry -specific and efficiency explanatorgttars (as the methodology followed by
Caves and Barton, 1990).

Our analysis followed the methodology by Knelled &tevens (2006), who used panel
data on manufacturing industries of OECD countriestimating the distance to the
technological frontier, as a function of the levelsnvestment in R&D and human capital,
which in turn are related to the absorptive capaoit the economic system. Of great
influence is also the methodology by Bhattachagfe&l. (2009) who explored the idea that
the productivity enhancing positive component ceggunnovative activity raising certain
industries above common productivity standardgatiéic times. Moreover, according to
Bhattacharjee et al. (2009), more explicit modeliignnovation, particularly investment
in R&D, human capital, international technologisplllovers and spatial diffusion are also

to be considered

As in Kumbhakar (1991), Polachek and Yoon (1996) @neene (2005b) we extended the

original stochastic frontier model by adding aniwmdblal time-invariant fixed effect. In
263



our modelling, heterogeneity is not reflected inaswed variables but expressed in the
form of effects (Greene, 2007a). As in Consoli @00ve placed strong emphasis on the
sources and the effects of technological changeneha technology creation and

technology dissemination.

Last, the results included reporting the estimaechnical efficiency and the related
explanatory variables. This chapter provided thdusgtry-level estimates of technical
efficiency using alternative model specificationsdar time-invariant and time-varying
efficiency assumption. Further, factors that deteenvariations technical efficiency were
estimated and a comparison of technical efficieicymade, both before and after

accounting for different explanatory variableshe tnefficiency term.
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Chapter 6

Data Envelopment Model: Empirical Results

Abstract

The objective of this chapter is to estimate then®cendental Logarithmic Production Function of
manufacturing industries in selected E.U. econondessidering a panel data model for inefficientfects
in production frontiers, providing translog effecés well as industry effectsn lhddition this chapterlso
applies the deterministic nonparametric approacta Bamvelopment Analysis (DEA), in order to compare
the two approaches and investigate whether, detdifferent underlined assumptions and spetifiog,

they produce comparable (similar or not) resultgrding technical efficiency estimation.

Contrary to the Stochastic Frontier Analysis apphoéSFA), which requires a functional form to estien
the frontier production function and is based oa ithea that the data is contaminated with measureme
errors and noise (Bauer. 1990), Data Envelopmerdlysis (DEA) approach uses linear programming
techniques and cannot discriminate between inefiy and noise. Thus, it tends to produce overastidn
inefficiency measures, a fact which is the mostartgnt disadvantage of DEA in comparison to SFA
(Bauer. 1990). This chapter proposes a slack-bB&& which allows a full evaluation of inefficiendg an
industry’s performance. The model estimated in thiapter is a DEA variant called slack-based measur
which is able to deal directly with the input ex®es and the output shortfalls of the industry under
evaluation (Tone, 2001). Estimated slacks are iamarto the units of measurement and are monotone
decreasing with respect to each input and outpuksiBy using slack-based efficiency measure, waiob
different frontier levels and more appropriate perfance benchmarks for inefficient industries. The
production assumptions in DEA are that all actuaesved inputs and outputs of any industries aasiliée

for all industries, as are linear combinations lo§erved inputs and outputs.

Comparing the outcomes of the two different appneac(between parametric and non-parametric method)
for the period 1980-2005, regarding the efficiemrggress, within an output-oriented stochastic fiomng
there are different outcomes regarding the estomadif the technical efficiency values. On the othand,

the common results produced are that technicatieffty changes over time (time-varying technical
efficiency) and that the estimated parametés close to (1), and it is statistical significashowing the
existence of technical efficiency. However, simil@sults are produced regarding scale efficienay an

returns to scale.
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6.1. Introduction

Data Envelopment Analysis involve the use of lingaxgramming methods to construct a
piecewise linear surface or frontier over the datd measures the efficiency for a given
unit relative to the boundary of the convex hulkleé input-output vectors. The individual

efficiencies of the firms relative to this prodwxctifrontier are then calculated by means of
distance functions and they can be interpreteti@gproportional reduction of the inputs to

become technically efficient by a projection onte tefficient boundary, the production

frontier. The efficiency score is the point on fhantier characterized by the level of inputs
that should be reached to be efficient (Simar anddaf, 1998).

The main merit of these approaches is that it el @dith the case of multiple input and
outputs as well as factors outside the controhdfvidual managements, treating them as
fixed inputs (Levitt and Joyce, 1987). There isoalso need to make restrictive
assumptions about either the technology repregentse production process or the
distribution of the component of the residuals whrepresent inefficiency, since they
place no restrictions on the functional form of greduction relationship and makes no a

priori distinction between the relative importance of aagnbination of outputs or inputs.

As in Kalirgjan and Shand (1999), the data envekpgmanalysis does not require
imposition of any distributional assumption of puodr — specific effects ui’s.
Supplementary, DEA can accommodate multiple inpasd multiple outputs
simultaneously. One of the principal disadvantdgdébat DEA can be extremely sensitive
to variable selection and data errors. Anothertation is that DEA efficiency measures in
small samples are sensitive to the difference batwbe number of firms and the sum of

inputs and outputs (Seiford, 1996).

DEA permits the use of multiple inputs and outpiist does not impose any functional
form on the data, nor does it make distributionrsduanptions for the inefficiency term

DEA overcomes some of the specific weaknesseseobtter methods, such as a particular
functional form for technology, particular assurop8 on market structure, and the
hypothesis that markets are perfect. DEA is usubdndled with linear programming

techniques. The analysis assumes that there mnédr technology (in the same spirit as
the stochastic frontier production model) that bandescribed by a piecewise linear hull

that envelopes the observed outcomes. Some (effi@bservations will be on the frontier
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while other (inefficient) individuals will be ins&d The technique produces a deterministic
frontier that is generated by the observed datdyysoonstruction, some individuals are
efficient. Many studies have further developed Et©A methodology, including those by
Fare, Grosskopf and Lovell (1985).

Data Envelopment Analysis (DEA) is, in fact, a neatfatical programming approach for
the construction of production frontiers and theamwgement of efficiency relative to the
constructed frontiers. The basic idea of this appihoconsists of enveloping the data (the
observed input-output combinations) in order tcaobain approximation of the production
frontier (best-practice frontier) and using thisidentify the contribution of technological

change, technological catch-up, and inputs accuimaol#o productivity growth.

However, the DEA approach, by being non-stochadties not distinguish data noise and
inefficiency (Lovell, 1993; Coelli, 1995). It shallbe noted here that stochastic DEA
models, which eliminate such problems, have beerldped in the literature (e.g. Desai
and Schinnar, 1987 and Sengupta, 1987). Howevanirieal applications of those models
are extremely difficult due to strict data requients. In addition to the inputs and outputs
data, they demand information about the expectddesaof all variables, variance-
covariance matrices for all variables, and proligtiévels at which feasibility constraints
are to be satisfied (Lovell, 1993). Another problgrat might occur in DEA models refers
to the dimensionality of the input/output spacatieé to the number of observations in the

cross-section.

The dimensionality problem arises when the nundfesbservations is relatively small
compared with the number of inputs and outputs .usedegative consequence of this
problem is that many of the analyzed producershveltated as "efficient” and therefore lie

on the production frontier (Leibenstein and Maiféd92).

Fernandez-Cornejo (1994) argued that the ratio d@twhe number of observations and
number of inputs and outputs that will enable tHeADmodel to discriminate efficient
producers from inefficient should exceed five. In{it997), after conducting a simulation
study, found that even in cases when the numbebsérvations exceeded the number of
factors by more than thirteen times, DEA can giikrestimate true efficiency by 27
percent. Due to this limitation, many producers rbayseen to be efficient, even though

they are not.
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6.2. DEA results analysis

Following our analysis under stochastic frontierd@lospecification, as in Kuah, et al.
(2010), this chapter aims to develop a model tessefficiency of industries by using
Data Envelopment Analysis (DEA), since DEA provides opportunity to evaluate and

cross-check the results obtained by the stochietitier analysis.

Towards this method, there have been several stuldat have analyzed data with both
DEA and parametric, deterministic frontier estinmatdCoelli (1995) presented a review of
both parametric and non-parametric techniques usetficiency measurement, including
their limitations, strengths, and applications igrieultural production. Although his

review indicated that parametric approaches weee usore frequently than DEA, neither

model appears to have dominant advantages abowthibe

However, Bjurek, Hjalmarsson and Fgrsund (19903 uke stochastic frontier analysis
and data envelopment analysis techniques to stugl\stvedish social insurance system.
Farsund (1992) also did a similar analysis of Selederries. In both studies, the authors
do not observe radical differences in the resutess the various procedures. On the same
path, Ray and Mukherjee (1995) using data on Ue&ktrecity generation found a good
agreement between DEA and stochastic frontier bastuates. Likewise, Murillo-
Zamorano and Vega-Cervera (2001) found similarltedar a sample of U.S. electricity
generators. Cummins and Zi (1998) also found catamre in their analysis of the U.S.
insurance industry. Finally, Chakraborty, Biswadd aewis (2001) analyzed public
education in Utah in which the empirical result;ngghe various techniques were largely

similar.

However, these studies do stand in contrast taéfeand Lovell (1990) who found major
differences between DEA and stochastic frontiereasefficiency estimates in a large
sample of American banks. Bauer et al. (1998) likewfound substantial differences

between parametric and nonparametric efficienaynesés for a sample of U.S. banks.

Sharma et al (1999) studied swine producers in Haaval their study the Stochastic
Frontier Analysis (SFA) and the Data Envelopmentalfsis were used to estimate
technical efficiencies. They found that, on averape estimated technical efficiencies
were significantly higher in the SFA compared te thEA under the assumption of
constant returns to scale (CRS). Under the assampfi variable returns to scale (VRS)
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however, the measures were quite similar. The ieffay ranking of the producers
following both approaches was positively correldteticating that the two approaches

assess relative efficiency to the same producers.

Wadud and White (2000) compared DEA (both VRS amBY{and stochastic frontier
methods while estimating producer household efiicyeof rice producers in two villages
in Bangladesh. Mean technical efficiency obtainexnf the stochastic frontier was 0.79
and from CRS and VRS DEA, 0.79 and 0.86. respdygtividhe efficiency rankings were
highly positively correlated under a Spearman reorkelation test. Similar to the results of
Sharma et al. (1999), the variability of technietiiciency scores obtained by DEA models
was greater than that obtained by the stochasiitiér model. Hjalmarsson et al. (1996)
provided results obtained from the stochastic fesnihodel and DEA models. Similarity
and dissimilarity depended upon the inclusion @& tontrol variables in the stochastic
frontier and sequential or intertemporal specifaatin the DEA frontier. Lovell (1996)
attempted to evaluate DEA SFA and DFA (Determiaigiiontier Approach), relative to
their abilities to exploit the panel nature of theta in order to provide evidence about the
sources of productivity change among producers piiests flexibility, DFA approach

appeared to be heavily burdened by being both métestic and parametric.

The SFA approach has the great advantage of beegrily stochastic approach among
the three, but its parameterization has been arnpagiblem, and it has not yet oriented
itself toward productivity measurement. Johans8)0%) estimated technical, allocative,
and economic input efficiency scores for an unb@@drpanel of Swedish dairy producers,
using data envelopment analysis (DEA) and the sistah frontier approach (SFA). By
comparing the results it was concluded that DEA suess for technical and economic
efficiency were significantly higher than the capending SFA measures. Serrao (2003)
examined the differences in agricultural produggigrowth among eighteen countries and
five regions in the European Union from 1980 to 89Bindings indicate that the mean
TFP scores are higher under DEA than under SFAUsecBEA fits a tighter (i.e. more
flexible) frontier. Hence, Serrao (2003) warnediagiathe subjective choice of a particular
approach and suggested the use and comparisonsreftnan one approach. DEA reports
all deviations from the frontier as inefficiencyndathus should report lower efficiency
scores compared to SFA. However, misspecificatibthe functional form by the SFA
method would possibly cause lower efficiency scoedative to DEA methods.
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In conclusion, in summary, the evidence is mixed,ibdoes appear that quite frequently,
the overall picture drawn by DEA and stochastiafier based techniques are similar. For
this reason, we also employ the DEA analysis inroadel in order to check whether they

produce similar and comparable or quite differesuits and incomparable results.

We employed the variable returns model of Data HEpreent Analysis (DEA),
proposing a slack-based DEA. As described in cha@&), the model chosen for this
approach is the DEA variant called slack-based areasvhich is able to deal directly
with the input excesses and the output shortfdlihe industry under evaluation (Tone,
2001).

Slack-based measure is invariant to the units afsmeement and is monotone decreasing
with respect to each input and output slack. Bygisilack-based efficiency measure, we
obtain different frontier levels and more approfrigoerformance benchmarks for

inefficient industrie&®

First, we estimate the technical efficiency levels country and industry under two
different assumptions regarding the returns toesddlat is why we estimate technical

efficiency under constant returns to scale anchabéeireturns to scale.

As far as the comparability of the results is coned, DEA analysis evaluates the
industries as having increasing returns to scdereas in the stochastic frontier analysis,
the results showed decreasing returns to scale.piduction assumptions in DEA are
that all actual observed inputs and outputs ofiadystries are feasible for all industries.

as are linear combinations of observed inputs aouts.

The estimation is input-oriented, meaning thatcefficy is relative to the amount of input
needed. as opposed to being output-oriented, mgdhat efficiency is relative to the

amount of output that could be produced. Each imgus evaluated by itself.

118 This topic has been broadly examined in: Kokkiau(2010c) A study in theory and models of Data
Envelopment AnalysisThe Journal of World Economic Revievgl. 5, No. 1, pp. 1 -12.
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Table 6.1. DEA technical efficiency estimation uatry

CRS_TE VRS TE SCALE RTS
France
Electrical -Optical 0.729 0.916 0.797 irs
Food - Beverages 0.721 0.913 0.790 irs
Textiles 0.740 0.918 0.807 irs
Manufacturing nec 0.738 0.924 0.799 irs
Wood 0.739 0.929 0.797 irs
Paper 0.759 0.927 0.820 irs
Chemicals 0.721 0.925 0.781 irs
Rubber - Plastics 0.744 0.922 0.807 irs
Non-metallic 0.727 0.912 0.798 irs
Metals 0.728 0.912 0.799 irs
Machinery 0.739 0.917 0.807 irs
Transport 0.710 0.907 0.784 irs
Germany
Electrical -Optical 0.739 0.915 0.808 irs
Food - Beverages 0.725 0.918 0.791 irs
Textiles 0.722 0.919 0.786 irs
Manufacturing nec 0.723 0.930 0.778 irs
Wood 0.712 0.939 0.760 irs
Paper 0.729 0.912 0.799 irs
Chemicals 0.732 0.897 0.817 irs
Rubber - Plastics 0.723 0.900 0.803 irs
Non-metallic 0.730 0.923 0.791 irs
Metals 0.710 0.905 0.785 irs
Machinery 0.730 0.921 0.793 irs
Transport 0.726 0.909 0.799 irs
Italy
Electrical -Optical 0.727 0.907 0.801 irs
Food - Beverages 0.717 0.909 0.789 irs
Textiles 0.738 0.918 0.802 irs
Manufacturing nec 0.723 0.918 0.791 irs
Wood 0.709 0.899 0.790 irs
Paper 0.724 0.898 0.807 irs
Chemicals 0.706 0.897 0.788 irs
Rubber - Plastics 0.714 0.908 0.787 irs
Non-metallic 0.722 0.916 0.790 irs
Metals 0.670 0.902 0.741 irs
Machinery 0.704 0.904 0.779 irs
Transport 0.731 0.926 0.791 irs
Netherlands

Electrical -Optical 0.720 0.905 0.797 irs
Food - Beverages 0.735 0.916 0.801 irs
Textiles 0.732 0.924 0.793 irs
Manufacturing nec 0.743 0.920 0.808 irs
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Wood 0.728 0.914 0.797 irs
Paper 0.721 0.914 0.789 irs
Chemicals 0.744 0.928 0.803 irs
Rubber - Plastics 0.558 0.897 0.610 irs
Non-metallic 0.725 0.911 0.796 irs
Metals 0.709 0.902 0.787 irs
Machinery 0.715 0.908 0.788 irs
Transport 0.733 0.920 0.797 irs
Spain
Electrical -Optical 0.712 0.908 0.784 irs
Food - Beverages 0.701 0.915 0.766 irs
Textiles 0.738 0.914 0.808 irs
Manufacturing nec 0.759 0.924 0.821 irs
Wood 0.709 0.906 0.782 irs
Paper 0.723 0.910 0.795 irs
Chemicals 0.734 0.916 0.801 irs
Rubber - Plastics 0.742 0.925 0.802 irs
Non-metallic 0.730 0.910 0.802 irs
Metals 0.723 0.916 0.790 irs
Machinery 0.754 0.928 0.812 irs
Transport 0.750 0.927 0.810 irs
United Kingdom
Electrical -Optical 0.729 0.904 0.807 irs
Food - Beverages 0.745 0.924 0.807 irs
Textiles 0.733 0.932 0.787 irs
Manufacturing nec 0.729 0.919 0.794 irs
Wood 0.856 0.959 0.889 irs
Paper 0.719 0.908 0.791 irs
Chemicals 0.728 0.927 0.787 irs
Rubber - Plastics 0.724 0.924 0.783 irs
Non-metallic 0.720 0.913 0.789 irs
Metals 0.733 0.926 0.793 irs
Machinery 0.725 0.914 0.792 irs
Transport 0.719 0.911 0.790 irs

Source: Own estimation

Technical efficiency estimation is higher underiable returns to scale assumption,
compared to industry efficiency under constant rrefuto scale assumption. United
Kingdom, Netherlands and France present the hilgivets of technical efficiency across
industries. As far as the technical efficiency pelustry is concerned, Manufacturing nec
and transport equipment present the higher levilsobinical efficiency compared to the

rest of the industries in our model.
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Table 6.2. DEA technical efficiency estimation bgustry

CRS_TE VRS_TE SCALE RTS
Electrical -Optical

France 0.729 0.916 0.797 irs
Germany 0.739 0.915 0.808 irs
Italy 0.727 0.907 0.801 irs

Netherlands 0.720 0.905 0.797 irs
Spain 0.712 0.908 0.784 irs
United Kingdom 0.729 0.904 0.807 irs

Food - Beverages

France 0.721 0.913 0.790 irs
Germany 0.725 0.918 0.791 irs
Italy 0.717 0.909 0.789 irs

Netherlands 0.735 0.916 0.801 irs
Spain 0.701 0.915 0.766 irs
United Kingdom 0.745 0.924 0.807 irs

Textiles

France 0.740 0.918 0.807 irs
Germany 0.722 0.919 0.786 irs
Italy 0.738 0.918 0.802 irs

Netherlands 0.732 0.924 0.793 irs
Spain 0.738 0.914 0.808 irs
United Kingdom 0.733 0.932 0.787 irs

Manufacturing nec

France 0.738 0.924 0.799 irs
Germany 0.723 0.930 0.778 irs
Italy 0.725 0.918 0.791 irs

Netherlands 0.743 0.920 0.808 irs
Spain 0.759 0.924 0.821 irs
United Kingdom 0.729 0.919 0.794 irs

Wood

France 0.739 0.929 0.797 irs
Germany 0.712 0.939 0.760 irs
Italy 0.709 0.899 0.790 irs

Netherlands 0.728 0.914 0.797 irs
Spain 0.709 0.906 0.782 irs
United Kingdom 0.856 0.959 0.889 irs

Paper

France 0.759 0.927 0.820 irs
Germany 0.729 0.912 0.799 irs
Italy 0.724 0.898 0.807 irs

Netherlands 0.721 0.914 0.789 irs
Spain 0.723 0.910 0.795 irs
United Kingdom 0.719 0.908 0.791 irs

Chemicals
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France 0.721 0.925 0.781 irs

Germany 0.732 0.897 0.817 irs
Italy 0.706 0.897 0.788 irs

Netherlands 0.744 0.928 0.803 irs
Spain 0.734 0.916 0.801 irs
United Kingdom 0.728 0.927 0.787 irs

Rubber - Plastics

France 0.744 0.922 0.807 irs
Germany 0.723 0.900 0.803 irs
Italy 0.714 0.908 0.787 irs

Netherlands 0.558 0.897 0.610 irs
Spain 0.742 0.925 0.802 irs
United Kingdom 0.724 0.924 0.783 irs

Non-metallic

France 0.727 0.912 0.798 irs
Germany 0.730 0.923 0.791 irs
Italy 0.722 0.916 0.790 irs

Netherlands 0.725 0.911 0.796 irs
Spain 0.730 0.910 0.802 irs
United Kingdom 0.720 0.913 0.789 irs

Metals

France 0.728 0.912 0.799 irs
Germany 0.710 0.905 0.785 irs
Italy 0.670 0.902 0.741 irs

Netherlands 0.709 0.902 0.787 irs
Spain 0.723 0.916 0.790 irs
United Kingdom 0.733 0.926 0.793 irs

Machinery

France 0.739 0.917 0.807 irs
Germany 0.730 0.921 0.793 irs
Italy 0.704 0.904 0.779 irs

Netherlands 0.715 0.908 0.788 irs
Spain 0.754 0.928 0.812 irs
United Kingdom 0.725 0.914 0.792 irs

Transport

France 0.710 0.907 0.784 irs
Germany 0.726 0.909 0.799 irs
Italy 0.731 0.926 0.791 irs

Netherlands 0.733 0.920 0.797 irs
Spain 0.750 0.927 0.810 irs
United Kingdom 0.719 0.911 0.790 irs

Source: Own estimation

Estimating also technical efficiency by industryder both assumptions of constant and

variable returns to scale, it is evident that ‘shle returns to scale’ assumption bears
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higher efficiency levels. Industries present, afsthis case, increasing returns to scale. As
far as the relative efficiency per industry andmoy is concerned, the results are reported

in the following table:

Table 6.3. Relative Analysis per Industry and count

Country France Germany Italy Netherlands Spain United

Industry Kingdom
1 0.956 0.962 0.929 0.935 0.935 0.927
2 0.974 0.981 0.965 0.954 0.967 0.967
3 0.980 0.978 0.939 0.986 0.979 0.974
4 0.940 0.987 0.936 0.969 0.952 0.964
5
6 0.990 0.972 0.958 0.980 0.976 0.968
8 0.965 0.979 0.963 0.977 0.969 0.953
9 0.901 0.942 0.935 0.946 0.944 0.922
10 0.979 0.970 0.974 0.973 0.967 0.970
11 0.944 0.904 0.879 0.901 0.907 0.914
12 0.934 0.969 0.954 0.975 0.976 0.965
13 0.949 0.970 0.959 0.958 0.948 0.953

Notes:

1. Industry 1 = Electrical and optical equipment. Istly 2 = Food products. beverages and tobacco.
Industry 3 = Textiles. textile products. leathed dootwear. Industry 4 = Manufacturing nec; Reaygli
Industry 5 = Wood and products of wood and corkluBiry 6 = Pulp. paper. paper products. printing
and publishing. Industry 7 = Coke. refined petratgproducts and nuclear fuel. Industry 8 = Chemicals
and chemical products. Industry 9 = Rubber andtipaproducts. Industry 10 = Other non-metallic
mineral products. Industry 11 = Basic metals aratiéated metal products. Industry 12 = Machinery.

nec. Industry 13 = Transport equipment.

Source: Own Estimation

As far as the relative efficiency per industry @cerned, it is apparent that industries such
as Food — Beverages, Textiles, Paper, Chemicalsi@manetallic products experience the
highest efficiency levels among the manufacturimdustries in our sample. Even though
the pricture changes for each industry, howevernm@ay is experiencing the highest level

of technical efficiency among the other countrfeipwed by the Netherlands.

In addition, the following table presents the ouipuented DEA estimates of the
production function under constant returns to s¢&IRS) and variable returns to scale

(VRS).
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The value indicates whether the DMU is operatingmnarea of increasing or decreasing
RTS. This may be determined by running an additio&A problem with non- increasing

returns to scale (NIRS) imposed.

The nature of the scale inefficiencies (i.e. duentweasing or decreasing returns to scale)
for a particular DMU can be determined by seeingtivbr the NIRS TE score is equal to
the VRS TE score. If they are unequal, then inengaturns to scale exist for that DMU.
If they are equal. then decreasing RTS apply.

Table 6.4. DEA VRS frontier per Industry and coyntr

Electrical -Optical

Frontier (-1:drs) (O:crs) (L:irs)
CRS_TE VRS_TE NIRS_TE SCALE RTS
France 0.951 0.955 0.971 0.995 0.846
Germany 0.953 0.961 0.964 0.992 0.923
Italy 0.923 0.929 0.939 0.993 1.000
Netherlands 0.930 0.934 0.962 0.996 0.884
Spain 0.918 0.934 0.954 0.982 1.000
United Kingdom 0.917 0.927 0.941 0.989 0.884
Food - Beverages
Frontier (-1:drs) (O:crs) (L:irs)
CRS_TE VRS_TE NIRS_TE SCALE RTS
France 0.965 0.973 0.981 0.991761  -0.69231
Germany 0.977 0.980 0.987 0.997149 -0.76923
Italy 0.958 0.965 0.974 0.992824 -0.61538
Netherlands 0.949 0.953 0.962 0.995598 -0.61538
Spain 0.955 0.966 0.985 0.987814  -0.53846
United Kingdom 0.956 0.966 0.982 0.989826 -0.65385
Manufacturing nec
Frontier (-1:drs) (O:crs) (L:irs)
CRS_TE VRS_TE NIRS_TE SCALE RTS
France 0.931 0.938 0.952 0.993 0.538
Germany 0.953 0.972 0.978 0.980 0.423
Italy 0.932 0.935 0.955 0.996 1.000
Netherlands 0.958 0.968 0.981 0.990 0.462
Spain 0.932 0.951 0.955 0.981 0.269
United Kingdom 0.954 0.964 0.967 0.990 0.962
Paper
Frontier (-1:drs) (O:crs) (L:irs)
CRS_TE VRS_TE NIRS_TE SCALE RTS
France 0.982 0.986 0.989 0.996 0.462
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Germany 0.963 0.972 0.978 0.991 0.654
Italy 0.953 0.958 0.967 0.995 1.000
Netherlands 0.967 0.970 0.975 0.997 0.615
Spain 0.961 0.976 0.976 0.985 0.192
United Kingdom 0.963 0.968 0.980 0.995 1.000
Chemicals
Frontier (-1:drs) (O:crs) (L:irs)
CRS_TE VRS TE NIRS_TE SCALE RTS
France 0.963 0.965 0.971 0.998 0.731
Germany 0.978 0.979 0.986 0.999 0.885
Italy 0.961 0.963 0.968 0.998 0.846
Netherlands 0.973 0.976 0.979 0.997 0.731
Spain 0.956 0.969 0.980 0.987 0.923
United Kingdom 0.948 0.953 0.966 0.994 0.962
Rubber - Plastics
Frontier (-1:drs) (O:crs) (L:irs)
CRS_TE VRS_TE NIRS_TE SCALE RTS
France 0.895 0.901 0.906 0.993 0.846
Germany 0.938 0.941 0.949 0.997 0.962
Italy 0.933 0.935 0.943 0.998 0.808
Netherlands 0.943 0.946 0.962 0.997 0.962
Spain 0.936 0.944 0.970 0.992 0.692
United Kingdom 0.915 0.921 0.933 0.993 0.654
Non-metallic
Frontier (-1:drs) (O:crs) (L:irs)
CRS_TE VRS_TE NIRS_TE SCALE RTS
France 0.974 0.978 0.979 0.996 -0.038
Germany 0.966 0.970 0.969 0.995 0.423
Italy 0.965 0.973 0.974 0.991 0.000
Netherlands 0.968 0.973 0.975 0.995 0.462
Spain 0.958 0.967 0.965 0.991 0.385
United Kingdom 0.963 0.970 0.972 0.993 -0.231
Metals
Frontier (-1:drs) (O:crs) (L:irs)
CRS_TE VRS TE NIRS_TE SCALE RTS
France 0.974 0.978 0.979 0.996 -0.038
Germany 0.966 0.970 0.969 0.995 0.423
Italy 0.965 0.973 0.974 0.991 0.000
Netherlands 0.968 0.973 0.975 0.995 0.462
Spain 0.958 0.967 0.965 0.991 0.385
United Kingdom 0.963 0.970 0.972 0.993 -0.231
Machinery
Frontier (-1:drs) (O:crs) (L:irs)
CRS_TE VRS TE NIRS_TE SCALE RTS
France 0.933 0.934 0.937 0.999 0.769
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Germany 0.965 0.969 0.972 0.997 0.808
Italy 0.949 0.954 0.957 0.995 0.962
Netherlands 0.961 0.974 0.976 0.986 0.846
Spain 0.957 0.975 0.970 0.982 0.462
United Kingdom 0.962 0.964 0.968 0.998 0.462
Transport equipment
Frontier (-1:drs) (O:crs) (L:irs)
CRS_TE VRS_TE NIRS_TE SCALE RTS
France 0.944 0.948 0.964 0.995 0.731
Germany 0.965 0.969 0.986 0.995 0.923
Italy 0.956 0.959 0.969 0.996 0.615
Netherlands 0.953 0.957 0.963 0.996 0.885
Spain 0.933 0.948 0.960 0.985 0.962
United Kingdom 0.938 0.952 0.971 0.985 0.962

Source: Own estimation

It is clear that all the manufacturing industriggeate in increasing returns to scale with
the electrical — optical industry presenting thghler increasing returns to scale rate.
However, the causes for the technical inefficielesgls can be identified and estimated by
the slack variables obtained, presenting also piatemprovement in capital and labour
production functions.

Consequently, according to the analysis of DEAksdan chapter 2.3, the following table
(6.5) illustrates the input slacks for each industr each country, as well as the input
slacks evolution over time. The slack variablesneffficient industries are not equal to
zero, so the result of slack analysis can be addpténprove the input or output items. In
DEA. non-zero input and output slacks are veryljike present after the radial efficiency
score improvement.

Often, these non-zero slack values represent atasulzd amount of inefficiency.
Therefore, in order to fully measure the ineffidgnn industry’s performance. it is very
important to also consider the inefficiency reprtéed by the non-zero slacks in the
context-dependent DEA (Hiroshi Morita. Koichiro blkawa and Joe Zhu. 2005).
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The number of resources reduced is the value @k slariable in the input construct.

suggesting aspects in which efficiency of a prodee@ be improved in terms of resource

input*,
Table: 6.5. Average slacks
Industry Slacks France Germany Italy Netherlands airsSp United
Kingdom

Electrical - Capital

Optical 0.133 0.059  0.057 0.155 0.073 0.058
Labour 0.008 0.032 0.019 0.018 0.064 0.055

Food - Capital

Beverages 0.122 0.042 0.134 0.087 0.186 0.155
Labour 0.000 0.000 0.000 0.000 0.009 0.012

Textiles Capital 0.045 0.016 0.072 0.073 0.067 29.1
Labour 0.000 0.000 0.000 0.000 0.000 0.000

Manufacturing Capital

nec 0.136 0.050 0.173 0.172 0.143 0.056
Labour 0.000 0.000 0.000 0.025 0.077 0.024

Wood Capital 0.098 0.030 0.125 0.031 0.160 0.088
Labour 0.000 0.000 0.000 0.000 0.000 0.000

Paper Capital 0.037 0.026 0.089 0.049 0.037 0.091
Labour 0.000 0.010 0.000 0.000 0.001 0.000

Chemicals Capital 0.031 0.014 0.007 0.010 0.080 04%.
Labour 0.001 0.031 0.026 0.004 0.038 0.057

Rubber - Capital

Plastics 0.009 0.000 0.001 0.000 0.022 0.001
Labour 0.073 0.024 0.029 0.039 0.119 0.089

Non-metallic ~ Capital 0.006 0.002 0.012 0.000 0.001 0.011
Labour 0.000 0.000 0.000 0.000 0.000 0.000

Metals Capital 0.034 0.040 0.084 0.096 0.114 0.121
Labour 0.000 0.000 0.004 0.000 0.018 0.021

Machinery Capital 0.065 0.007 0.042 0.089 0.011 054.
Labour 0.000 0.004 0.018 0.000 0.010 0.000

Transport Capital 0.138 0.189 0.094 0.063 0.164 15®.
Labour 0.002 0.004 0.002 0.002 0.048 0.064

Source: Own estimation

The slack estimation results show that electrioal @ptical industry presents significantly
high capital and labor slacks, showing that there @ajor technical efficiency
improvement prospects. Food — Beverageésistry presents also significantly high capital
slacks; whereas the labor slacks are more limidcks are also present in technical
progress, showing that there are major technichtieficy improvement prospects.
Manufacturing nedndustry presents also significantly high capiticks; whereas the
labor slacks are more limited. Slacks are alsogmtes technical progress, showing that
there are major technical efficiency improvemeraspects.

119 For inefficient DMUs, specific suggestions canfsevided, so that the composition of input and atitp

items can be properly adjusted to achieve higHeieficy.
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Textiles industry presents also significantly higgpital slacks; whereas the labor slacks
are limited. Slacks are also present in technicagqess, showing also an increasing trend.
Similarly, wood industry presents also significgrtigh capital slacks; whereas the labor
slacks are limited. Slacks are also present imieehprogress, showing also an increasing
trend. Paper industry presents also significaniij ftapital slacks; whereas the labor and

technical progress slacks are limited.

Chemicals industry presents also significantly higipital and labor slacks; whereas the
technical progress slacks are more limited. inangasnly to the last years in analysis,
2000 — 2004. Rubber — Plastics industry presersts significantly high labor slacks;

whereas it also experienced an increase in cagitdl technical change slacks. Non-
metallic industry presents also significantly higapital and technical progress slacks;
whereas the labor slacks are more limited. Slacksemt in capital and technical progress

show that there are major technical efficiency ioy@ment prospects.

As in non-metallic industry, metals industry presealso significantly high capital and
technical progress slacks; whereas the labor slaoksmore limited. Slacks present in
capital and technical progress show that therevajer technical efficiency improvement
prospects. Machinery industry presents also siamfly high capital slacks. Labor and
technical progress slacks were limited; howevegeytincreased in the last years in
analysis, 2000 — 2004, showing that there are migodnnical efficiency improvement
prospects. Transport equipment industry presegts $lacks in capital, labor and technical
progress, showing that there are major technid¢@ieficy improvement prospects.

As far as the relative efficiency per industry @ncerned, we concluded that industries
such as Food — Beverages, Textiles, Paper, Chamiatd non metallic products

experience the highest efficiency levels amongtheaufacturing industries in our sample.
Even though the picture changes for each industryever, Germany is experiencing the
highest level of technical efficiency among the esthcountries, followed by the

Netherlands. We also found that all the manufactuindustries operate in increasing
returns to scale with the electrical — optical istly presenting the higher increasing
returns to scale rate. Manufacturing nedustry presents also significantly high capital

slacks; whereas the labor slacks are more limited.
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Regarding frontier and data envelopment data methodsummary, it does appear that the
overall picture drawn by DEA and stochastic frontezhniques are quite differéfft The
results derived from DEA application are differanth those regarding stochastic frontier
analysis. Taking into consideration that we folloMtee same approach for both methods,
namely we estimated technical inefficiency leveler gndustry and per country,
incorporating the same data set, with the samengstsons and hypotheses, our results are
considered comparable. Even though the resultdiiezent, the comparison between the
results derived from Stochastic Frontier Approact Bata Envelopment Analysis is quite
important since it provides a cross-check of oudeh@nd our empirical application and it

also creates a safety span for the robustness aitwained results.

Comparing the outcomes of the two different appneac(between parametric and non-
parametric method) for the period 1980 — 2005, ndigg the efficiency progress, within
an output-oriented stochastic function, there arferént outcomes regarding the

estimation of the technical efficiency values.

To begin with, as far as the DEA results are camegyr regarding relative efficiency per
industry, we concluded that industries such as Feod@everages, Textiles, Paper,
Chemicals and non metallic products experiencehtgkest efficiency levels among the
manufacturing industries in our sample. Even thatnghpicture changes for each industry,
however, Germany is experiencing the highest l@felechnical efficiency among the
other countries, followed by the Netherlands. Weo dbund that all the manufacturing
industries operate in increasing returns to scalé whe electrical — optical industry
presenting the higher increasing returns to s@tke Manufacturing neadustry presents
also significantly high capital slacks; whereasldi®r slacks are more limited.

The slack estimation results show that electrioal @ptical industry presents significantly
high capital and labor slacks, showing that there aajor technical efficiency

improvement prospects. Food — Beverageésistry presents also significantly high capital
slacks; whereas the labor slacks are more limidcks are also present in technical

progress, showing that there are major technichtiefcy improvement prospects.

120 This topic has been broadly examined in: Kokkiou2011b)Technical Efficiency through Stochastic
Frontiers: an Analysis of Manufacturing Sector irUE 5" Biennial Hellenic Observatory PhD Symposium,
LSE, London.
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Manufacturing nedndustry presents also significantly high capiticks; whereas the
labor slacks are more limited. Slacks are alsogmies technical progress, showing that

there are major technical efficiency improvemertspects.

Textiles industry presents also significantly hicgpital slacks; whereas the labor slacks
are limited. Slacks are also present in technicagqess, showing also an increasing trend.
Similarly, wood industry presents also significgrtigh capital slacks; whereas the labor
slacks are limited. Slacks are also present imieehprogress, showing also an increasing
trend. Paper industry presents also significantf ftapital slacks; whereas the labor and

technical progress slacks are limited.

Chemicals industry presents also significantly hogipital and labor slacks; whereas the
technical progress slacks are more limited. inengasnly to the last years in analysis,
2000 — 2004. Rubber — Plastics industry presergs significantly high labor slacks;
whereas it also experienced an increase in cagitdl technical change slacks. Non-
metallic industry presents also significantly higapital and technical progress slacks;
whereas the labor slacks are more limited. Slacksemt in capital and technical progress
show that there are major technical efficiency ioy@ment prospects.

As in non-metallic industry, metals industry prdsealso significantly high capital and
technical progress slacks; whereas the labor slaoksmore limited. Slacks present in
capital and technical progress show that therevajer technical efficiency improvement
prospects. Machinery industry presents also siamfly high capital slacks. Labor and
technical progress slacks were limited; howevegeytincreased in the last years in
analysis, 2000 — 2004, showing that there are migadnnical efficiency improvement
prospects. Transport equipment industry presegts $lacks in capital, labor and technical

progress, showing that there are major technid¢@lieficy improvement prospects.

As far as the SFA results are concerneds apparent that in every one of the different
model specifications (Models [2] — [4]), which inde specific efficiency determining

variables, these variables are statistically sigamt and have a statistically significant
effect on efficiency with the expected sign, ergefiiciency is decreasing, as the variable

input is increasing.

However, as far as the two best working modelskA &re concerned, in Model [1], on
average, Germany, France, and Netherlands areettteplerformer countries, since they
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have the lowest average inefficiency levels, wherkaly, Spain and United Kingdom
seem to be the worst performer countries, sincg lihge the highest levels of inefficiency.
As far as the industry inefficiency is concernéduab best performing industries, on average,
are the non- metallic, the chemicals and textiekistries, whereas, the worst performing
industries are those of wood, electrical/opticadl anetals. Among the best performing
industries are the industries of paper in Francetal in France and Transport Equipment
in Germany. On the other hand, the worst performimdystries are those of wood in

Germany and Netherlands, as well as metals industtgly and Netherlands.

In Model [5], on average, Italy, Spain are the hm=tforming countries, since they have
the lowest average inefficiency levels, whereasn@a@ry seems to be the worst performer
country, since it has the highest levels of inggficy. As far as the industry inefficiency is
concerned, the best performing industries, on @egrare the non- metallic and chemicals
industries, whereas, the worst performing industaee those of manufacturing nec and
rubber/plastics. In more detail, the industrieshwihe lowest inefficiency levels are
rubber/plastics in France and Italy, as well asrf@ufacturing nec industry in United
Kingdom. As far as the industries with the highesfficiency levels are concerned, these

are the metals industry in United Kingdom and maaotufring nec in France.

From the models analysis, it becomes apparent ltb&t investment variable has a
significant impact on technical efficiency in thedel specification in which it is included.
This becomes rather apparent, for example in m@&jeln which ICT is introduced as the
only technical efficiency determining factor. Ecomp openness has also an important
impact on technical efficiency in the models in @hiit is included as a technical
efficiency certain industries and certain countriéige results indicate that inefficiency was
present in production and the relevant technidaiehcy determining variables contribute
to it. From our model analysis, it is evident thheé manufacturing industries in our
research sample are not fully efficient. The iredincy observed is endogenous to the firm
since the technical inefficiency is largely asstemawith the firms’ choice of ICT
investments and openness achievement. ICT investameheconomy openness have been
modelled as productive inputs and as variablestwaifect efficiency. This research found
that the ICT investment and economy openness atle positively associated with

technical efficiency in European Union manufactgrin

On the other hand, the common results producethateaechnical efficiency changes over

time (time-varying technical efficiency) and thhetestimated parametgis close to (1),
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and it is statistical significant, showing the eamsce of technical efficiency. However,

similar results are produced regarding scale efficy and returns to scale.

However, both sets of results have common conatgsiegarding policy implications and
institutional context towards the technical effirmg obtained results. As it has been
asserted above, globalization and worldwide cortipatihas shifted the comparative
advantage of corporations and economies towardfatter of knowledge and innovation,
where entrepreneurship based on the endogenoutopeent capabilities plays a rather
important role, as far as the growth, productiatyd competitiveness enhancement are

concerned.

In order to promote innovation activities and tedbgical opportunities entrepreneurship
enhancement seems to have a significant importaotcenly to business success, but also
to the long run performance of the economy as alevidnder this perspective, growth
policies should focus on creating favorable enwviment for the co-operation between
firms and institutions that support the developmand exploitation of knowledge and

innovation.

Furthermore, policies should promote the entreprgak relations between firms and
institutions, fostering the development and dissatmon of the expertise, the mobility of
human and physical capital and the enhancemeheaklationships between business and
research entities. Specifically, they should enagar actions such as, promoting
innovation, technology transfer and interactionsMeen firms and higher education and
research institutes, networking and industrial peration and support for research and

technology supply infrastructure.

As it has already been mentioned, innovation actinelogy is an important source of
regional competitiveness through facilitating caapien between the various parties
involved in both the public and private sectorspérticular, they can improve collective
processes of learning and the creation, transfdrdiffusion of knowledge and transfer,
which are critical for innovation. Such cooperatamd the networks that are formed help
to translate knowledge into economic opportunityilev at the same time building the
relationships between people and organizationsiwtan act as a catalyst for innovation.
Such actions should extend to all the policy ametsvant for economic, scientific and
social development and should ideally establistng-term policy horizon. This, however,

needs to happen not just in central parts wherduatovity and employment are highest
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and innovative capacity most developed but througiize Union. Countries and regions
need assistance in overcoming their structural ceefcies and in developing their
comparative advantages. This means, among otlhetsemncouraging the development of
knowledge-based economic activities and innovadiod that particular attention needs to

be given to:

1. developing new innovation promotion policies whiébcus much more on the
provision of collective business and technologyises to groups of firms which can
affect their innovative behaviour, rather than dirgrants to individual firms which

tend only to reduce costs temporarily.

2. developing new policies to strengthen the capaoitySMEs to innovate through
business networks and clusters and improving tigis with the knowledge base,

including with universities and research centres.

3. encouraging the development of the indigenous R&Eemtial of weaker regions and
their capacity to adapt technological advances nedskwvhere to local circumstances

and needs.

4. facilitating access of researchers, businesseso#mets in less favoured regions to
international networks of excellence, sources off mechnology and potential R&D

partners.

These conditions are largely related to economimpsiitiveness and include, among
others, the capacity of a regional economy to geeediffuse and utilize knowledge and
so maintain an effective regional innovation systéorthermore, policies should promote
the entrepreneurial relations between firms antitii®ns, fostering the development and
dissemination of the expertise, the mobility of fmmand physical capital and the
enhancement of the relationships between busimessegearch entities. Specifically, they
should encourage actions such as, promoting inimvattechnology transfer and
interactions between firms and higher education @search institutes, networking and
industrial co-operation and support for researahtachnology supply infrastructure. Such
cooperation and the networks that are formed heljpainslate knowledge into economic
opportunity, while at the same time building thdatienships between people and

organizations which can act as a catalyst for iation. Such actions should extend to all
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the policy areas relevant for economic, scientdind social development and should

ideally establish a long-term policy horizon.

Under this perspective, growth policies should &on creating favorable environment for
the co-operation between firms and institutionst tsapport the development and
exploitation of knowledge and innovation. Furtherejopolicies should promote the
entrepreneurial relations between firms and ingtits, fostering the development and
dissemination of the expertise, the mobility of fmmand physical capital and the
enhancement of the relationships between busimebssegearch entities. Specifically, they
should encourage actions such as, promoting inimwvattechnology transfer and
interactions between firms and higher education @search institutes, networking and
industrial co-operation and support for researcd gathnology supply infrastructure.
These conditions are largely related to economimpsiitiveness and include, among
others, the capacity of a regional economy to geaeediffuse and utilize knowledge and
so maintain an effective regional innovation systesontributing into a sustainable

economic growth path.

However, the main concern of an industry or couiririts innovation policy should be to
have the optimal combination of business activiiiresrarious stages of the innovation
cycle. Countries, industries, or firms concerneidhprily with activities of the innovation
takeoff stage may find themselves lacking suffitieconomic resources to exploit these
activities through improvement-related innovationSountries, industries, or firms
dominated by activities of the maturation stageshsas limitation and improvement of
given technologies, incremental innovation, divie@ation of products, exploitation of
scale economy, extension of vertical integratiom automation of production processes,
will lose their advantage with respect to dynamifiiciency and experience stagnation
(Haustein, et al., 1981). Without knowing the neefland possibilitiesffered by the
economic environment, one cannot understand thenamem of technological change
towards productivity enhancement. dkucial task to improve innovation policy at the
national and industrial levels is to provide infatmon about fields of innovation, which

are dependent on factors which fall into three gaies:

1. Urgency of demand for the innovation
2. Existence of scientific and technological advancaise
3. Existence of a socio-economic environment whichovedl productive efficiency

enhancement through scientific and technologicaif@lities
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Successful producers will probably be those ableegpond effectively in these fields.
Once the right direction is chosen, success depemasanaging the factors that influence

innovative activities towards efficiency enhancemen

6.3. Concluding remarks

Contrary to the Stochastic Frontier Analysis apphoéSFA), which requires a functional
form to estimate the frontier production functiamdas based on the idea that the data is
contaminated with measurement errors and noise gfBal990), Data Envelopment
Analysis (DEA) approach uses linear programminditégues and cannot discriminate
between inefficiency and noise. Thus, it tends todpce overestimated inefficiency
measures, a fact which is the most important desatge of DEA in comparison to SFA
(Bauer. 1990). This chapter proposes a slack-bB& which allows a full evaluation of
inefficiency in an industry’s performance. The miodstimated in this chapter is a DEA
variant called slack-based measure, which is ablgetl directly with the input excesses
and the output shortfalls of the industry underleatgon (Tone, 2001). Estimated slacks
are invariant to the units of measurement and aneotone decreasing with respect to each
input and output slack. By using slack-based efficy measure, we obtain different
frontier levels and more appropriate performancechmarks for inefficient industries.
The production assumptions in DEA are that all alctiserved inputs and outputs of any
industries are feasible for all industries, aslerear combinations of observed inputs and

outputs.

The nonparametric approach relies on a productrontier which is defined as the
geometrical locus of optimal production plans (Siraad Wilson, 1998). The individual
efficiencies of the firms relative to this produsti frontier are calculated by means of
distance functions employing DEA and involving tnee of linear programming methods
to construct a piecewise linear surface or frortiesr the data and measures the efficiency

for a given unit relative to the boundary of theeex hull of the input-output vectors.

Comparing the outcomes of the two different appneac(between parametric and non-
parametric method) for the period 1980 — 2005, ndigg the efficiency progress, within
an output-oriented stochastic function, there arferdnt outcomes regarding the

estimation of the technical efficiency values. Ow tother hand, the common results
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produced are that technical efficiency changes otmere (time-varying technical
efficiency) and that the estimated parameterclose to (1), and it is statistical significant,
showing the existence of technical efficiency. Hoere similar results are produced

regarding scale efficiency and returns to scale.

However, there is an on-going debate among researcibout the applicability and
usefulness of the DEA approach vs. the stochastittier approach. Data Envelopment
Analysis (DEA) methodology offers major advantagesce the non-parametric nature of
the technique avoids the need to specify beforelaawydparticular functional form for the
technology. Furthermore, this approach does natiregany assumption about market
structure or about the absence of market impedesti Unlike stochastic production
frontier, however, it does not require imposing gmrticular functional form of the

production frontier on the data, and it is ablatalyse both single and multiple outputs.

The data required for a DEA analysis are the sgipestof data required for SFA. With

DEA, however, multiple output technologies may Bareined more easily. There is no
need to aggregate outputs, and producer-speciiacty measures are possible. Like the
SPF approach, multiple inputs can also be incotpdran the analysis if available (Fare,

Grosskopf and Kirkley2000).

A recognized limitation of using the DEA to asse®ghnical efficiency is that
recommendations for decreasing input usage or ekparoutput levels are in terms of
scalar valued ratios which are held constant (iezpmmendations are in terms of fixed
proportions). This limitation, however, is partialinitigated by considering changes in
terms of slack variables. In this case, it is gussto determine decreases in inputs or
increases in outputs relative to the slack varghtbanges are not restricted to constancy
of the input or output mixes. Another option to @vthe problem of constant mix ratios is
to consider either an economic cost approach @canomic revenue approach. With the
economic DEA approaches, prices on inputs or omputsitare all that are required.
Changes to achieve technically and allocativeliciefit levels are determined and are not

restricted to constant input or output mixes.
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Chapter 7

Conclusions and Policy Implications

Abstract

The issue of estimating technical efficiency intsttial and national level is thought to be of jgaitar
research interest because empirical evidence sttmw®ven though European Union industries are Iwide
analyzed with respect to performance, yet littleerstion has been paid to the estimation of teclhnica
efficiency. The basic aim of this thesis is theireation of industrial technical efficiency and bantark
industries regarding technical efficiency attaintnésgwvels. Our research is focused on manufacturing
industries in selected European Union countrigs;esthey constitute one of the major productivetsuim
European economy,. in terms of value added. Thénadstemployed are the Stochastic Frontier Analysis
and the Data Envelopment Analysis, in order to camaphe estimated results under alternative thieafet
hypotheses and conclude to safe results as witleasstimation of technical efficiency and the edlion of

technical efficiency in national and industrial é&is concerned.

Our analysis considered a European Union persgeetificiency analysis to derive broader conclusions
about European Union productive performance wisigilected countries. Our analysis is based on etittigna
efficiencies as industry - specific fixed - effeatsindustry level of selected member — statesiwiEuropean
Union. during 1980 — 2005, employing the econormetdftware program LIMDEP 9.0 and STATA 10.0.
The European member — states selected to be intindde model are Germany, France, United Kingdom,
Denmark, Finland, Netherlands, Italy and Spain)prider to create a data set including both countnigh
strong industrial productive base, such as Unitetg#om, Germany and France, as well as countriés wi
low industrial productive base, such as Spain. Base the obtained results, the concluding chapter 7
introduces comparative results, leading to improsets in efficiency estimation. The chapter asseses
significance of the obtained results and the pdtessidhannels of impact and it concludes the thesis,
highlighting the main findings and stating theimdemic significance and their policy implicatiofénally,
chapter 7 addresses implications and contributifims academics, practitioners and public policy. A

presentation of the study's limitations and suggestfor further research closes the chapter.

This thesis tried to fill a gap in the economiedéture by exploring and studying various dimensiohthe
interaction between technical change and innovadiuh links to efficiency growth. In particular, shihesis
explored whether the interactions between theswradave any implications for efficiency growtmda
whether there are any complementarities between ted fostering technical efficiency growth, pramgl
the industry -level estimates of technical efficgnusing the time-varying inefficiency translog netd
Further, factors that determine variations tecHnéficiency are established and a comparison ciinecal
efficiency is made, both before and after accognfor different explanatory variables in the ineiincy
term, presenting a range of different stochastidehapproaches based on alternative hypothesesisgiag

and comparing them in detail.
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7.1. Concluding remarks

Explaining the course of technical efficiency ardedmining factors which might affect it,
have been for a long time, and continue to be, oh¢he most important topics of
economic literature. The work of Farell (1957) ffiegstempted to answer questions about
the sources of differences in technical efficiemacyoss producers and after six decades,
this enquiry into the sources of differences inceghcy levels across industries. or over
time within the same industry, is still as impottas used to be. In response to this most
important question, and with the increase in datailability, economic literature has
shown a resurgence of interest in testing and @yeog various theories of economic

growth and explaining technical efficiency growth.

This dissertation considers a European perspeutitren efficiency analysis to increase
the information base and derive broader concluselmsut European performances. A
framework more reliant upon efficiency has becomenaportant policy objective in all
European countries to promote efficiency. effectass and competitivenéss We have
shown that upon this background efficiency analyd®sys an important role for the
determination of technical efficiency. The aim & ihvestigate various aspects of the
relationship between ICT investment. innovationvéts and economy openness in an
attempt to reach a better understanding of theriboion of these determining factors to
technical efficiency growth. empirically examinitige implication of the interrelationship

and the complementarities between them and thatribation to technical efficiency.

The basic aim of this thesis is the estimation mdustrial technical efficiency and
benchmark industries regarding technical efficierayainment levels. The related
challenge is to define robust and reliable modaisfmpirical implementation. confronting
with the academic diversity of approaches and dafinthe most adequate and reliable

methods to put into practice. Within this frameworke summarized and applied

21 The topic of regional innovation and productivitijferences has been broadly examined in: KokkiAou
(2010d) Innovation Convergence And Regional Develept: Goal Or Reality?The Cyprus Journal of
SciencesVol. 8, 2010/pp. 89 — 104 and in: Kokkinou, Adaforres, G. (2010nnovation and Convergence
Process: An empirical benchmarking analysis of fp@an regionsEuropean Network on Industrial Policy
International Conference (EUNIP), 2010, Spain.

291



deterministic nonparametric approach like the E&ataelopment Analysis (DEA), as well

as stochastic frontier methods (SFA).

Our research is focused on manufacturing indusinieglected European Union countries.
since they constitute one of the major productimgsuin European economy, in terms of
value added. The methods employed are the Stochasintier Analysis and the Data
Envelopment Analysis, in order to compare the edi@h results under alternative
theoretical hypotheses and conclude to safe reaslisell as the estimation of technical
efficiency and the allocation of technical effioognin national and industrial level is

concerned.

This thesis analyzes the technical efficiency penince of manufacturing industries in a
selected sample of European Union countries. Thegse is to study these countries’ and
these industries’ technical efficiency evolution an effort to determine the potential
determinants, in order to increase the technicttiency information base and derive
broader conclusions about European Union manufagtundustries performance. This
thesis attempts to answer questions about the e ofadifferences in technical efficiency
across the selected countries and industries, disasethe sources of differences in
efficiency levels over time. The aim of this themdo investigate various aspects of the
relationship between technical efficiency determgnfactors in an attempt to reach an
understanding of the contribution of these facttwstechnical efficiency growth. In

particular, this thesis empirically examines th@lication of the interrelationship and the
complementarities between these factors and es@miideir contribution to technical

efficiency. This thesis aimed to show that effidgranalysis plays an important role for
the determination of technical efficiency and prattity and that a framework more

reliant upon efficiency has become an importanicgadbjective in all European countries

to promote efficiency, effectiveness and compeditess.

This issue is of particular importance because eogbievidence shows mainly that
European Union countries are widely analyzed wedpect to productivity. yet little focus

has been put on efficiency analysis. Explaining tberse of technical efficiency and
determining factors which might affect it, have der a long time, and continue to be,
one of the most important topics of economic litera However, this thesis does not
claim to identify any single “best practice” for amtemic benchmarking. Mainly, the
challenge is to define a robust and reliable méaleémpirical implementation. Within this

framework, this thesis summarizes and applies ratere deterministic nonparametric
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approaches like the Data Envelopment Analysis (DE&)well as stochastic approaches,
like the Stochastic Frontier Analysis (SFA).

More specifically, our analysis considered a EuampdJnion perspective efficiency

analysis to derive broader conclusions about Ewopdnion productive performance

within selected countries. Our analysis is basedesiimating efficiencies as industry -
specific fixed - effects at industry level of sekxt member- states within European Union,
during 1980 — 2005, employing the econometric saféewprogram LIMDEP 9.0 and

STATA 10.0. The European member-states selectebletancluded in the model are

Germany, France, United Kingdom, Denmark, Finlahdtherlands, Italy and Spain. in

order to create a data set including both countsigis strong industrial productive base,
such as United Kingdom, Germany and France, as agetiountries with low industrial

productive base, such as Spain.

Our main research hypothesis is that stochastiatiéio analysis assumes that industries
operate under the same production technology aatdhle inefficiency distribution across
individuals and time are homogeneous. For thatorgaghere is no distinction between
unobserved individual heterogeneity and inefficienevhich therefore forces time-
invariant individual heterogeneity into the estigthtinefficiency. Hence, the industries
only differ by the random noise term. However, modstochastic frontier models
(Batesse and Coelli. 1992, 1995) incorporate hgtereity proposing the distinction
between heterogeneity in the production model aatérbgeneity in the inefficiency
model. Provided the inefficiency effects are statitaour model permitted the estimation
of both technical change in the stochastic frordigd time-varying technical inefficiencies
(Battese and Coelli. 1992, 1995). We also externledriginal specification of the models
by Batesse and Coelli (1992, 1995) to include aewalray of assumptions and
specifications, including panel data analysis aratl@ling technical inefficiency as time
variant. We attempted to identify and examine thyaliaation of stochastic frontier models
in obtaining measures of efficiency that enableompgarison of performance across
manufacturing industries in European Union memliates, explaining the determining
factors due to which, in the same country, someustriees achieve superior efficiency
performance. Then, the main task was to relateieffcy to a number of determining
factors and measure the extent to which they durteito efficiency level.

This thesis also examined and applied Data EnvetopmAnalysis (DEA) as a
nonparametric approach and Stochastic Frontier y&mal (SFA) as a parametric
framework. The nonparametric method of Data Envelemt Analysis has been included

mostly as a robustness check, determining the erder technology by means of linear

293



programming methods whereas the parametric mettfd8tarhastic Frontier Analysis
assumes a functional relationship for the prodacgioocess and determines the reference

technology based on econometric methods.

The thesis empirically examined the implication thfe interrelationship and the

complementarities between value added. Capitahulatand technical change and the
contribution of additional determining factors technical efficiency and attempted to

highlight the characteristics of alternative modgbecification and suggested a concrete
method to estimate technical efficiency in naticaad industrial level.

Within this framework, the theoretical part of thieidy dealt with stochastic parametric
frontier methodology and the applied part of the study fedusn examining the impact of
the efficiency in different industries and indussi More specifically, this thesis examined
whether the interactions between technical progréS3 investment and economy
openness, namely the process of the integratiom ithé world economy, had any
implications for technical efficiency, reviewing &wof the main heterogeneity determining
factors. namely innovation investments (as a prafkiknowledge creation) and economy

openness (as a proxy of knowledge dissemination).

7.2. Results

In empirical application, this thesis contributedhaan inter — industry and inter — country
approach to estimate production inefficiency ustihg Battese and Coelli (1992, 1995)
model, which allows technical inefficiency to vasyer time, and allows inefficiency to

depend on a set of covariates and explore theteféédnnovation — related investment on
production, allowing for simultaneous estimation tbe parameters of the stochastic
frontier and the inefficiency model using the onstep, maximum — likelihood estimation

method. More specifically, the empirical applicaticof the thesis estimated the
Transcendental Logarithmic Production Function adnofacturing industries in these
selected European Union member — states, consgdarpanel data model for inefficiency
effects in stochastic production frontiers basedtlus Battese and Coelli (1992, 1995)

models, providing translog effects. as well as stdueffects.
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The depended variable of our empirical analysithés natural logarithm of the product
(Inva), namely, value added. The independent variabkeset to be the labour and capital

services, along with time, denoting technical pesgr

To confirm the presence of inefficiencies or ingf#ncy component in the model, we also
report the results of. The results indicate that the vast majority @& tbsidual variation is
due to inefficiency effect) and that the random errof, is approximately zero. That is
the estimatedy is significantly different from zero, suggestingat the technical

inefficiency equation plays an important role ie #stimation of the production frontier.

The results show that based on the likelihood te r@R) test, the stochastic frontier is
statistically different from the OLS estimation. afthis the estimated is significantly
different from zero, suggesting that the auxiliaguation (the technical inefficiency
equation) plays an important role in the estimatibrihe production frontier. Moreover,
Kernel Density Estimates present the estimated negfficiencies for each one of the
estimated models, illustrating the form of the mlsttion of the estimated efficiency of the
models. The distribution of productive efficiensydentered implying that most industries
are clustered close to the mean. The reason fqrehk in the distribution at the maximum
level is from the hypothesis that at least one pced in each industry is fully efficient.
Symmetry, as well as skeweness of the distributbrproductive efficiency largely

coincides with the normal distribution.

First, it is specified the technical efficiency iarms of purely exogenous factor (time
trend) and exogenous economic technology shiftetofa. Second, we use panel data
methodology and flexible functional form in whichewcontrol for effects on technical
efficiency. In addition, technical efficiency is oheled via exogenous factors and the
production function specification is enriched bye tintroduction of non-traditional
production factor inputs. These determining factare investment in information and
communication technology. economic openness, Reseand Development stock and
capital intensity.

This chapter provides the industry-level estimatietechnical efficiency using alternative

model specifications under time-invariant and tivaeying efficiency assumption. Further,

factors that determine variations technical efficie are established and a comparison of

295



technical efficiency is made, both before and aftecounting for different explanatory

variables in the inefficiency term.

The empirical analysis presents a range of diffieséochastic model approaches based on
alternative hypotheses, discussing and compariaig tin detail. First, this chapter applies
a stochastic translog production function to examtime underlying causes of technical
inefficiency for 13 manufacturing industries in Bpean Union over the period 1980 —
2005. The results indicate that inefficiency wasspnt in production and the relevant
technical efficiency determining variables conttdto it. From our model analysis, it is
evident that the manufacturing industries in oseegch sample are not fully efficient. The
inefficiency observed is endogenous to the firntsithe technical inefficiency is largely
associated with the firms’ choice of ICT investngeand openness achievement. Even
though there is a notable improvement in technefliciency after accounting for
variations, technical inefficiency remains sigrafit which calls for further investigation

of the variations regarding to the alternative axpkory variables.

Apart from the stochastic frontier analysis, thepemoal analysis also employed Data
Envelopment Analysis (DEA) and the slack variabfalgsis to evaluate the operating
efficiency. The SFA approach requires a functiofam to estimate the frontier

production function and is based on the idea tleg tlata is contaminated with
measurement errors and noise (Bauer, 1990). The &ipfoach uses linear programming
techniques and cannot discriminate between ineffiy and noise. Thus, it tends to
produce overestimated inefficiency measures. a fabich is the most important

disadvantage of DEA in comparison to SFA (BaueB0)9This section proposes a slack-
based DEA which allows a full evaluation of ineiiccy in an industry’s performance.

The model chosen for this study is a DEA variadtedaslack-based measure, which is
able to deal directly with the input excesses dneddutput shortfalls of the industry under

evaluation (Tone, 2001).

Conclusions and policy implications may be drawenfrthis model analysis. First, ICT
investment and economy openness have been modadledroductive inputs and as
variables which affect efficiency. This researchurfd that the ICT investment, capital
intensity and economy openness are both positastdpciated with technical efficiency in
European Union manufacturing. The analysis andesad in this chapter investigates
whether there is evidence of technical inefficiemcynanufacturing industries in European

Union selected member — states. and whether fastimts as ICT investment (as a proxy of
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knowledge creation) and economy openness (as ay fmxknowledge transfer and

dissemination) exert any influence on to technétatiency growth.

While usually used to measure technical efficiefiaGg. maximum output from available
inputs), both the SF and the DEA methods can bd tesderive allocative efficiency (the
least-cost input combination yielding the outputdathus, overall efficiency measures.
The efficiency scores from both econometric andgmmming approaches are often
subject to second-stage regression analysis todetggmine the impact upon efficiency of
efficiency explanatory factors beyond decision mmakentrol. The success of both
approaches relies on some common factors, incluthag all inputs and outputs are
homogeneous across productive units, are measuralde measured accurately, are

included, and that productive units are relativalige and employ a common technology.

Comparing the outcomes of the two different appneac(between parametric and non-
parametric method) for the period 1980 — 2005, ndigg the efficiency progress, within
an output-oriented stochastic function. there arferdnt outcomes regarding the
estimation of the technical efficiency values. TlWe approaches also give different results
as far as the industries or countries technicatieffcy benchmarking is concerned. In
addition, the common results produced are thatnieah efficiency changes over time
(time-varying technical efficiency) and that theimsited parameteris close to (1) and it
is statistical significant, showing the existendetexhnical efficiency. However, similar

results are produced regarding scale efficiencyrandns to scale.

In our results. the inefficiency level decreasesrdime in all the industries and countries,
even though certain industries and countries haweednincreases and decreases in
inefficiency levels, such as the wood industryttoe non — metallic industry in Spain or
the machinery industry in France. However, the ganteend of the inefficiency shows
that inefficiency levels decrease over time, withlyl and France presenting the higher
efficiency improvement. Technical inefficiency hgignificantly increased in all countries

and industries. converging into low levels of ingéncy.

The inefficiency observed is endogenous to the strigs, since technical inefficiency is
largely associated with the industries choice of I@vestments, economic openness.
Research and Development stock, and capital inyensidustries could improve their
technical efficiency by enhancing their investmemsICT, providing incentives in

facilitating exports activities, as well as increasthe Research and Development stock
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and capital intensity. Even though there is a Hetabprovement in technical efficiency
after accounting for variations in technical e#ficcy, technical inefficiency remains
significant, which calls for further investigatioof the variations by including other

technological determining variables.

Central to this view is the appreciation of the way which organizations, industries and
industries change and adapt in the presence of opportunities and constraints.
Accordingly, our research studies how changing igomations of the knowledge base
combined with the emergence and adaptation oftutisthal structures stirred a paradigm
of service innovation in an information-intensivelustry like manufacturing industries in
our sample. In particular, the case study presehted discloses a dual evolutionary
process: the growth in ICT investment in the indusind the emergence of knowledge
communication across countries. In doing so it lggits the coordinating role of ICT
technologies investment,, economy openness, R&Eksdind capital intensity in enabling
the technical efficiency enhancement (Nelson and@ad, 2001; Nelson, 2002, 2005).

Following our main research questions on what lageréasons for diverging efficiency in
a production industry, which factors contribute pooduction industries efficiency
differences; and how the efficiency of a productiodustry evolves over time, with
respect to technical progress and other relategtrd@ting factors. the thesis main findings
suggest the great importance of the interactiowéen the different determining factors
and estimate any implication for productive effimg. The results indicate that
inefficiency was present in production and seveedvant explanatory variables vastly
contribute to it, such as ICT investment and econopenness. This research found that
the ICT investment and economy openness are batitiyedy associated with technical
efficiency in European Union manufacturing. The @mal evidence reported in this
thesis supports the hypothesis and shows that itedhohange, ICT investment and
economy openness have a positive impact on tedheitigiency in the examined
industries, playing a significant role in determgn the contribution of innovation in
efficiency, productivity and, consequently, econongrowth. Even though there is a
notable improvement in technical efficiency afterc@unting for variations, technical
inefficiency remains significant which calls forrfmer investigation of the variations

regarding to the alternative explanatory variables.
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7.3. Policy implications

Nowadays, the role of manufacturing industrieshi® €conomy is even more important
taking into consideration the slowdown in the woddonomy, and the effects on the
business environment created by the financialridhus, manufacturing industries have a
very important role in creating opportunities makimn important contribution to
economic growth and development. However, duedw tlature, manufacturing industries
are characterized by being very heterogeneous shegediffer in their endowments of
resources as well as on the risks involved in theductive activities. For this reason, it is
of great importance, on the one hand to analyze #ffiiciency level and potential, and in
addition, to analyze the factors which determirertbfficiency potential. Thus, this thesis
provided insights into the level of industry-spectiechnical efficiency along with factors
affecting inefficiency, focusing on manufacturingdustries and seeks to obtain the
empirical results by specifying the translog fuantl form and the model for the technical

inefficiency effects in the stochastic frontiers.

The key factors influencing the competitivenessttd EU manufacturing industry are
access to innovation, R&D and international traflee main recommendations revolve
around three key areas innovation and researchst@@edgthening networks and clusters;
responsible use of natural resources; and the fmedpen world markets with fair

competition. Clustering, collaboration and the fatibn of strategic alliances are
becoming increasingly important. Continuous R&D andovation efforts are essential
elements into guaranteeing the long-term competiegs of Europe’s manufacturing
industries. European research, technical developarahinnovation policies should focus
on developing the framework conditions that stirteilmnovation. entrepreneurship and,
thus, growth and employment. Innovation for susthi@ manufacturing requires paying
attention to the interfaces between R&D policieshvather critical policy fields. Strong

emphasis needs to be placed upon the managemtrd witerfaces between R&D policy
and other policy realms competition policy, intetleal property rights, standardization,
education and training, environmental policy, labooarket, employment and social
policy, to facilitate the creation of a sustainali®iropean manufacturing industry
environment, along with fiscal instruments and moes. Understanding future

challenges and issues is important on future dewedmts in manufacturing. Industrial

change driven by new technological opportunitiedl wnpact on the manufacturing
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structures in European Union. contribute to susta® growth and improve technical

efficiency**.

Finally, technical progress is another major deteamt as new technologies allow the
automation of production processes that have lechaay new and improved products.
allow for better and closer links between firmsd aan help improve information flows
and organization of production. At the same tineghtical progress can be embodied in
new equipment and trained workers can only be fgipductive if they have the
appropriate equipment with which to work. Increasesphysical capital are clearly
necessary as there are spillovers from capitalsimvent to productivity growth. Thus it is
not appropriate to consider physical capital, huroapital and technology as separate
factors since their contributions are closely lihkdt is the combination of these three
factors and the way in which they are organizedrmadaged within the industry that will
determine the extent of productivity growth. Forstsiined output growth, it is also

important that a balance between the three matoriabe maintainéd®.

The potential for technical efficiency enhancementconsidered to a large extent to
depend on the EU’s capability to transform the ecoy towards one that makes more
productive use of its resources. Much will dependlte capacity of markets to facilitate
the reallocation of resources to industries thawshapid productivity growth. However, it

is difficult to predict which industries will be éhmost productive in the future, as
technology and innovation trends are inherentlfiaift to forecast. For now, a productive
use of a larger input from skilled employment ahd éxploitation of ICT investments in

manufacturing industries appear the most succegsdlity avenues for a European

productivity revivat®,

122 This topic has been broadly examined in: Alexia8is Kokkinou, A. and Ladias C. (201%ystainable
Growth and Adoption of Innovatiomternational Conference on Integrated Informatid@-ININFO, 2011,

Kos Island, Greece.

123 This issue has been investigated in Korres, G. Tdgbanoglou, G. O. and Kokkinou, A. (2011)
Innovation Geography and Regional Growth in Europdaion,SAGE Opemublished online 17 June 2011,
DOI: 10.1177/2158244011413142, the online versiof this article can be found at:
http://sgo.sagepub.com/content/early/2011/06/158248011413142

124 This topic of regional divergence and convergemas been broadly examined in: Kokkinou A. (2006b)
Innovation and Productivity: A story of convergenamrd divergence process in E.U. countridéth

European Congress of the Regional Science Assogja¥iolos, Greece, in: Korres, G.M., Tsobanoglou,
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Promoting technical and productive efficiency itb@ European Union has resulted in a
growing challenge for policymakers. Productive aadional disparities and inequalities
are an increasing issue for the European Uniomotsaidate, as a result policy makers
have to adapt the policy agenda considering indiisind innovation policy in order to

enhance technical and productive efficiency capsdsl

Moreover, efficiency and policy planning is a majaratter which due to the wide
interpretations and implications should have arateia of principles and priorities, mainly
focusing on the effectiveness of the related EUcpmd. EU industrial and innovation
policy should aim to bridging the technical effiety gaps, both in industrial and country
level, benefiting for economic cohesion, allowingembers states with a backwards
economy or backwards industries to modernise anu$ tompete in European and
international markets, promoting convergence, cditipeness and cooperation.

Infrastructure, innovation and investments sho@ainong the main goals.

As it has been asserted above, globalization andidwimle competition has shifted the
comparative advantage of corporations and econotoigards the factor of knowledge
and innovation, where entrepreneurship based ortettenical efficiency enhancement
plays a rather important role, as far as the grpwtioductivity and competitiveness
enhancement are concerned. In order to promotevatiom activities and technological
opportunities entrepreneurship enhancement seerhau® a significant importance not
only to business success, but also to the longpeuformance of the economy as a whole.
Under this perspective, growth policies should fooun creating favorable environment for
the co-operation between firms and institutionst tsapport the development and
exploitation of knowledge and innovation and techhiefficiency. Furthermore, policies
should promote the entrepreneurial relations betwigms and institutions, fostering the
development and dissemination of the expertise, niobility of human and physical
capital and the enhancement of the relationshipsds:n business and research entities.

Specifically, they should encourage actions suchpasmoting innovation, technology

G.0. and Kokkinou A. (2006)echnological and Industrial Policies in Europe.skens for Asia in
Measuring the Effects on Growth and Sustainabifgngress on Social, Political and Economic T tasi
of the Turkic Republics of Caucasus and CentrahAsithe 21st Century, Kocaeli University, Turkesnd
Kokkinou A. (2006a)Productivity, Innovation and Regional GrowthOth International Conference of the

Economic Society of Thessaloniki “The Challengea ®¥ider European Union”, Thessaloniki, Greece.
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transfer and interactions between firms and higb@ucation and research institutes,
networking and industrial co-operation and supgortresearch and technology supply

infrastructure.

As it has already been mentioned, innovation actinelogy is an important source of
regional competitiveness through facilitating cagpien between the various parties
involved in both the public and private sectorsparticular, they can improve collective
processes of learning and the creation, transfdrdififusion of knowledge and transfer,
which are critical for innovation. Such cooperatemd the networks that are formed help
to translate knowledge into efficiency opporturgti&uch actions should extend to all the
policy areas relevant for economic, scientific aotial development and should ideally

establish a long-term policy horizon.

This, however, needs to happen not just in cenpaits where productivity and
employment are highest and innovative capacity degeloped but throughout the Union.
Countries and regions need assistance in overcothaig structural deficiencies and in
developing their comparative advantages. This meansng others, that encouraging the
development of knowledge-based economic activiiled innovation and that particular

attention needs to be given to:

e developing new innovation promotion policies whiétbcus much more on the
provision of collective business and technologyises to groups of firms which can
affect their innovative behaviour, rather than dirgrants to individual firms which
tend only to reduce costs temporarily.

e developing new policies to strengthen the capaoitySMEs to innovate through
business networks and clusters and improving tivks with the knowledge base,
including with universities and research centres.

e encouraging the development of the indigenous R&Eemtial of weaker regions and
industries and their capacity to adapt technoldgadaances made elsewhere to local
circumstances and needs.

o facilitating access of researchers, businesseso#imels in less favoured regions to
international networks of excellence, sources off mechnology and potential R&D

partners.
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These conditions are largely related to productwe technical efficiency and include,
among others, the capacity of a regional economygdoerate, diffuse and utilize

knowledge and so maintain an effective productisiesn.

Towards this direction, our expected contributian donsidered providing a better
understanding of the contribution of technical adenICT investment, innovation
activities and economy openness to technical eficy taking into account the
interrelationships and the complementarities betweeovation and efficiency. This thesis
investigated various aspects of the relationshipwéen productive efficiency and
determining factors in an attempt to reach a betteterstanding of the contribution of
alternative factors to technical efficiency growthdustries should investigate and act
towards identifying, developing and deploying thesources that may influence their
technical efficiency, competitiveness and consetiyeheir productivity performance,
with better identification and understanding of tkey resources, mainly increased

knowledge about the impacts of different deterngrfecctors on technical efficiency.

7.4. Further research

The issue of estimating technical efficiency inuattial and national level is thought to be
of particular research interest because empiricatleace shows that even though
European Union industries are widely analyzed webpect to performance, yet little

attention has been paid to the estimation of techmfficiency.

This thesis tried to fill a gap in the economiel#ture by exploring and studying various
dimensions of the interaction between technicalngkaand innovation and links to
efficiency growth. In particular, this thesis exy@dd whether the interactions between these
factors have any implications for efficiency growidnd whether there are any
complementarities between them and fostering teehmifficiency growth, providing the
industry -level estimates of technical efficiencging the time-varying inefficiency
translog model. Further, factors that determineiatians technical efficiency are
established and a comparison of technical effigieisc made, both before and after
accounting for different explanatory variables hwe tinefficiency term. presenting a range
of different stochastic model approaches basedltemative hypotheses, discussing and

comparing them in detail.
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Regarding further research. special focus shoulguben the appreciation of the ways in
which organizations, industries and industries geaand adapt in the presence of new
opportunities and constraints. Accordingly, futuesearch could study how changing
configurations of the knowledge based economy coetbiwith the emergence and
adaptation of institutional structures in an tedbgy - intensive industry like
manufacturing industries, especially these of higthnology and high value added. In
particular, a dual evolutionary research could bdentaken regarding the growth in ICT
investment in the industry and the emergence ofwkgaige communication across
countries. In doing so, it highlights the coordingtrole of ICT technologies and economy
openness in enabling the innovative potential ogenp by new technologies and

innovation activities.
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Appendix

The appendix includes the graph presenting thdtsemgarding the inefficiency analysis
(estimation and trends) per industry and countryefaich one of the alternative estimated
models.
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Figure Al. Inefficiency Analysis per Industry anouotry — Model 2
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Model (2) presents time variant inefficiency. Tmefficiency level decreases over time in all thdustries and countries. with Italy and

France presenting the higher efficiency improvement
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Figure A2. Inefficiency Analysis per Industry anouotry — Model 3
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Figure A3. Inefficiency Analysis per Industry anolotry — Model 4
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Model (4) presents also time variant inefficienEyen though the inefficiency level decreases avee in all the industries and countries. the

decrease rate is rather small. The countries wtrebent the highest levels of inefficiency areylt&8pain and France.
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Figure A4. Inefficiency Analysis per Industry anouotry — Model 5
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Model (5) presents time variant inefficiency. Tinefficiency level decreases over time in all theustries and countries. with Spain. Italy

and France presenting the higher efficiency impnosat. starting also from the highest inefficieneydl.
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Figure A5. Inefficiency Analysis per Industry anouotry — Model 6
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Model (6) does not produce any reliable results.
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Figure A6. Inefficiency Analysis per Industry anauatry 7
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Model (7) presents also time variant inefficien€iie inefficiency level decreases over time in ladl industries and countries. with Italy and

France presenting the higher efficiency improvement
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Figure A7. Inefficiency Analysis per Industry anouotry — Model 8
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Model (8) presents also similar picture with timgignt inefficiency and the inefficiency level deasing over time in all the industries and

countries.
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Figure A8. Inefficiency Analysis per Industry acountry — Model 9

Electrical -Optical

Food - Beverages

Textiles

Electrical - Optical

Food - Beverages

Textiles

0 — R
0+ e R
S & > ® S D P E DS S P>
S & &L F > PSS
DN N N S N - N N S & PSS LSS
DR N A N N " S
—e— France —s— Germany Italy < Netherlands —— Spain —s— United Kingdom —+— France —s— Germany Italy Netherlands —— Spain —e— United Kingdom - —
—e— France —s— Germany Italy Netherlands —«— Spain —e— United Kingdom
Manufacturing nec Wood Paper
Manufacturing nec Wood Paper
0.7 0.6
0.6 05
0.5
0.4
04
03 0.3
0.2 0.2
oL k-*H*’*v—o_._._._. o M
e T O+ T T
S & L F LSS S S S S & & & & & & > & & & & &
O SR AR R R R S R R RN I N S @ & S PP FE S SIS
A ) 2 2 SR - R VR R DN N NS N NN N DT D D
‘+ France —s—Gemany  Htaly - Netherlands —— Spain —e—United Kingdom —+— France —=— Germany Italy - Netherlands —x— Spain —s— United Kingdom ‘+ France —=—Gemany  Italy - Netherlands —x— Spain —s— United Kingdom

Chemicals

Rubber - Plastics

Metals

388




Chemicals Rubber - Plastics Metals

124

1 4
08
0.6 -
0.4+
0.2

.
(S e S S S S WD D VAP MDD D Y D S S S = = | .
- ST T T T T T T T T T T T T VT

T T S S SR N
FFEFFEEIFTFTFE P

N
—e— France —s— Germany Italy Netherlands —— Spain —e— United Kingdom
—— France —s— Germany Italy - Netherlands —— Spain —e— United Kingdom‘ ‘—o— France —#— Germany taly —<— Netherlands —%— Spain —— United Kingdom
Non-metallic Machinery Transport equipment
Non metallic Machinery Transport
0.5
0.4
0.3
02
01
" e
LS F T FEFLFSS S LSS
F T F P F S S
‘+ France —#— Germany ltaly Netherlands —— Spain —e— United Kingdom ‘+ France —=— Germany ltaly Netherlands —*— Spain —— United Kingdom ‘ —+— France —— Germany Kaly Netherlands — Spain —— United Kingdom
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Model (9) presents also similar picture with timeignt inefficiency and the inefficiency level deasing over time in all the industries and

countries with Italy. France and Spain presentieghigher efficiency improvement.
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Figure A9. Inefficiency Analysis per Industry anauatry — Model 10
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Model (10) presents time variant inefficiency. Tihefficiency level decreases over time in all theéustries and countries. with almost all the

countries and industries experience inefficiencgreasing progress.
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Figure A10. Inefficiency Analysis per Industry acwlntry — Model 11
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Model (11) presents time variant inefficiency. Tinefficiency level decreases over time in all theustries and countries. with United

Kingdom. Italy and France presenting the highaciefficy improvement.
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Figure All. Inefficiency Analysis per Industry acwluntry — Model 12
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Model (12) presents time variant inefficiency. EMbough not rather smooth. the inefficiency levetmases over time in all the industries
and countries.
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Figure A12. Inefficiency Analysis per Industry acwluntry — Model 13
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Source: Own estimation

Model (13) presents time variant inefficiency. Tihefficiency level decreases over time in all thdustries and countries. with Italy and

France presenting the higher efficiency improvement
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Figure A13. Inefficiency Analysis per Industry acmlntry — Model 14
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Source: Own estimation

Model (14) presents time variant inefficiency. Evtliough with some inefficiency increases presentartain year and industries. the

inefficiency level decreases over time in all théustries and countries. presenting overall higifieziency improvement.
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Figure Al4. Inefficiency Analysis per Industry acwluntry — Model 15
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Source: Own estimation

Similarly. model (15) presents time variant ing#itcy. Even though with some inefficiency increagessent in certain year and industries.
the inefficiency level decreases over time infadl industries and countries. presenting overahdrigfficiency improvement.
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Figure A15. Inefficiency Analysis per Industry acwlntry — Model 16
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Source: Own estimation
Model (16) does not produce any reliable results.
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