
Technische Universität Berlin

School VII Economics and Management

Parametric and Nonparametric Efficiency

Analysis in Electricity Distribution

- A European Perspective -

vorgelegt von

Astrid Cullmann

Von der Fakultät VII - Wirtschaft und Management

der Technischen Universität Berlin

zur Erlangung des akademischen Grades

Doktor der Wirtschaftswissenschaften

Dr. rer. oec.

genehmigte Dissertation

Promotionsausschuss:

Vorsitzender: Prof. Dr. Georg Meran (TU Berlin)

Berichter: Prof. Dr. Christian von Hirschhausen (TU Dresden)

Prof. Dr. Axel Werwatz (TU Berlin)

Prof. Dr. Peter Bogetoft (Copenhagen Business School)

Tag der wissenschaftlichen Aussprache: 4.3.2009

Berlin 2009

D 83



Abstract

With the implementation of incentive-based regulation on the rise in Europe, effi-

ciency measurement has become an important tool to assist regulatory authorities

understand the drivers of productivity and to define regulatory regimes for the

electricity distribution companies. We derive and apply traditional as well as re-

cently developed parametric and nonparametric benchmarking models to estimate

the performance of electricity distribution utilities in different European countries.

The objective consists in integrating the German benchmarking process in a Eu-

ropean context by international cross-country analysis. We consider France as

well as a sample of East European transition countries. From a methodological

viewpoint the dissertation contributes to the discussion of statistical inference in

the nonparametric framework and the problem of unobserved firm-specific hetero-

geneity in the parametric framework.

Keywords: efficiency analysis, Stochastic Frontier Analysis (SFA), panel data

models, Data Envelopment Analysis (DEA), statistical inference, Europe, electric-

ity distribution.



Zusammenfassung

Die Direktiven der Europäischen Union fordern verstärkt die Umsetzung der An-

reizregulierung innerhalb der Netzwerkindustrien. Vor diesem Hintergrund steigt

die Bedeutung wissenschaftlicher Effizienzmessungen. Sie helfen die Treiber von

Produktivität zu verstehen und unterstützen Regulierungsbehörden bei der Ent-

wicklung angemessener Regulierungsinstrumente für Verteilernetzbetreiber. Die

Arbeit entwickelt geeignete parametrische und nichtparametrische Benchmark-

ingmodelle, um die Effizienz von Stromverteilernetzbetreibern in mehreren eu-

ropäischen Ländern zu messen. Das Ziel ist hierbei, den deutschen Benchmark-

ingprozess durch komparative Effizienzanalysen in einen europäischen Kontext

einzuordnen. Frankreich sowie eine Auswahl von osteuropäischen Transforma-

tionsländern werden untersucht. Innerhalb der nichtparametrischen Ansätze trägt

die Arbeit methodisch zu der Diskussion über statistische Inferenzmodelle bei. Sie

beschäftigt sich weiter mit dem Problem nicht beobachtbarer firmenspezifischer

Heterogenität innerhalb der parametrischen Ansätze und veranschaulicht geeignete

Lösungsvorschläge.

Schlüsselwörter: Effizienzanalyse, Stochastic Frontier Analysis (SFA), Panel-

daten Modelle , Data Envelopment Analysis (DEA), statistische Inferenz, Europa,

Stromverteilung.
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Chapter 1

Introduction

When I was a student in economics I never imagined that one day I would know

something about the units of energy: a joule equals one watt-second; one kilo-

watt hour is exactly 3.6 megajoules, the amount of energy transferred if work is

done at a rate of one thousand watts for one hour... to me, it all sounded like

another world. Before applying for a research assistant position in an energy-

related field, I had nightmares about expressions like femtowatt hour, petawatt

second and the difference between yoctowatt and yottawatt hours. However, I

courageously applied and my first impression was that even the economists could

be confused, when a colleague mentioned that he had trouble understanding his

monthly electric bill and was nevertheless accepted for research in European inte-

gration of energy markets. Nobody starts with a deep knowledge in all fields, the

important knowledge comes step by step. I was reassured. I learned that respect

and reverence for the technical and engineering knowledge is to a certain extent

important as an economist, but that my nightmares were exaggerated. Therefore,

this dissertation is the result of stepwise learning about an important economic

aspect of today’s electricity markets.

1.1 Basic ideas

Electricity distribution is a typical network industry like natural gas, water, tele-

communications, and railways. Utilities operating in these sectors are character-

ized by a subadditive cost function which implies that one single operator is able

to supply and serve the customers at lower cost than several firms, operating in

the same area to supply the same level of outputs (Baumol, 1977; Sharkey, 1982;

Newbery, 2001). This is possible because of the high investment, relatively low

variable costs, and the network characteristics of the industry. Over time, these

12



1.1. BASIC IDEAS

sectors were characterized by vertically integrated national or regional monopo-

lies that were given exclusive rights to supply customers in a predefined region.

Yet also over time, this prevailing economic structure began to be viewed as cost

inefficient due to the high level of welfare losses.

Hence, over the last two decades (since the late 1980s) a large reform process

was undertaken on an international level. The objective consisted of transform-

ing the operating environment, the institutional framework and the organization

of network industries so that cost reductions and efficiency increases could be

realized in these sectors. The countries leading the way for reform and implemen-

tation of new instruments for restructuring were the Anglo-Saxon countries like

the US and the UK as well as some Scandinavian countries. Continental Europe

followed later. Recent European sector reforms such as the Acceleration Directive

2003/54/EC on electricity called for more liberalization and more unbundling in

the network industries. Within the electricity sector, most reforms have focused on

the introduction of competition in generation and supply, while transmission and

distribution activities remain regulated due to their natural monopoly character

(Jamasb and Pollitt, 2001).

The last decades of utility regulation in Europe were characterized by tradi-

tional cost of service regulation schemes.1 In this framework companies recover

their costs with a fixed rate of return (see Joskow, 2006; Farsi et al., 2007); hence,

distribution companies had little or no incentive to minimize costs. Today, a more

incentive-based regulatory framework has become an important policy objective in

all European countries, to promote the efficiency and competitiveness of the nat-

ural monopolies operating within network industries. The most widely adopted

incentive-based regulatory schemes involve price caps, revenue caps, and yardstick

regulation models. It is expected that these will replace the cost plus regulation in

order to provide firms higher incentives for efficient production and cost reduction.

Price and revenue caps are the most frequently used regulatory approaches in

electricity distribution in Europe. Within this framework price or revenue caps are

set, based on the formula RPI−X (Beesley and Littlechild, 1989). Thus, the max-

imum rate of price increase equals the inflation rate of the retail price index (RPI)

minus the expected efficiency savings (X). The regulated distribution companies

therefore have incentives to increase their profits by improving their productivity

at a higher rate than the assigned X-factor (see Littlechild, 1983; Beesley and Lit-

tlechild, 1989; Farsi et al., 2007). The use of incentive-based regulatory schemes,

including price and revenue cap regulation, involves some drawback for the reg-

1For the economics of utility regulation we refer to Armstrong et al. (1994); Newbery (1999);
Viscusi et al. (2000).
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CHAPTER 1. INTRODUCTION

ulator given the fact that it does not know the true cost level of the firms, i.e.

the imperfect and asymmetric information problem. However, there is also evi-

dence in the literature that a major concern in the regulation of network services

via RPI − X is to define the optimal level of investments and quality of service

(Pollitt, 2008; Yu et al., 2007). Thus, a current regulatory concern is how to

promote cost efficiency improvements without sacrificing quality standards. Capi-

tal expenditures and quality standards are therefore subject to separate incentive

schemes.2

The determination of the X-factors for setting price or revenue caps are usu-

ally based on empirical results obtained from sophisticated efficiency analysis ap-

proaches (also called benchmarking analyses). The efficiency performance of the

companies is evaluated against a reference performance, and a hypothetical com-

petitive situation between different natural monopolies is created. The benchmark-

ing reduces the information asymmetry between firms and the regulator since it

establishes a larger information basis. This framework is in particular adopted

by European regulators who are seriously concerned about the robustness and re-

liability of the empirical outcome of individual efficiency estimation.3 Efficiency

analysis has played a crucial role in the regulatory process in Great Britain and

the Nordic countries to define price or revenue caps. In these countries the regula-

tory authorities directly use benchmarking results in the price or revenue setting

process. Germany followed and developed benchmarking models for use in the in-

centive regulation which are implemented in 2009 (see Agrell and Bogetoft, 2007).

A wide range of benchmarking approaches and frameworks exist in the litera-

ture (see Jamasb and Pollitt, 2001, 2003; Farsi et al., 2007). These approaches can

be separated into two main streams: the nonparametric and parametric methods.

Data Envelopment Analysis (DEA) as a nonparametric approach and Stochas-

tic Frontier Analysis (SFA) as a parametric framework are the most commonly

used in the electricity sector. The nonparametric methods determine the reference

technology by means of linear programming methods whereas the parametric SFA

assumes a functional relationship for the production process and determines the

reference technology based on econometric methods.

The empirical evidence underlines the inconsistency problem between different

approaches with respect to the efficiency level and rankings of the utilities and

the concern of regulatory bodies desiring a reliable methodology for determining

price or revenue caps. Two important and recent discussions help to improve

2Yu et al. (2007) discuss the operation of quality of service incentives in the UK.
3A critical overview of using efficiency analysis to determine X-factors is given in Shuttleworth

(2003, 2005).
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1.2. EFFICIENCY ANALYSIS

the benchmarking methods: the first concerns the nonparametric DEA and shows

how one can apply simulation methods, like bootstrapping, to conduct statisti-

cal inference to obtain more reliable and robust results. The second concerns the

problem of firm-specific unobserved heterogeneity. Regulatory bodies as well as

empirical researchers are always faced with the problem of unobserved factors and

how to account for them in the econometric models. Recently developed panel

data approaches for stochastic frontiers are able to solve, at least partially, the

problem of unobserved heterogeneity in measuring individual efficiencies. Follow-

ing other authors (Filippini et al., 2008) there still exists no academic consensus

about which method performs best, nor can the empirical results obtained under

different assumptions and models be classified as superior with respect to each

other.

The challenge for regulators is to define robust and reliable models for em-

pirical implementation within the price or revenue cap setting mechanism. They

are confronted with the academic diversity of approaches and have to define the

most adequate and reliable methods to put into practice. This dissertation ana-

lyzes the performance of electricity distribution companies of the largest electricity

producers and consumers in Western Europe, Germany and France, and a sample

of East European countries: Poland, Hungary, the Czech Republic, and Slovakia.

The purpose is to study these countries’ experience in an effort to determine the

potential directions European regulators may take regarding benchmarking and

its implementation. The dissertation does not claim to identify any single “best

practice” for academic benchmarking neither for regulatory practice.

1.2 Efficiency analysis

A natural measure of evaluating the performance at the level of firms is the pro-

ductivity ratio, a relative concept which compares the transformation process of

converting input into output. Each production process involves a production fron-

tier: the current state of technology in the industry, representing the maximum

output attainable from each input level which is called the efficiency frontier (see

Coelli et al., 2005). A utility operating on the efficiency frontier is technically

efficient, focusing only on physical quantities and the technical relationship of pro-

duction without considering the input factor prices and cost efficient allocation.

If cost and price data are available, one can also consider allocative efficiency to

provide an overall economic efficiency measure.

Applied work distinguishes between nonparametric and parametric efficiency

15



CHAPTER 1. INTRODUCTION

measurement and considers the tradeoffs.4 Fully parametric estimation concepts

involve strong assumptions about the functional forms describing the production

process as well as the probability model, or the distribution functions of the sto-

chastic part in the model (see Simar and Wilson, 2007). Fully nonparametric

approaches assume no parametric restrictions for any features of the probability

model and the frontier is not described by a specific analytical function. Thus,

specification errors that can result from making parametric assumptions about

technology are avoided. However, common to all nonparametric estimators, more

data is necessary to obtain robust and meaningful results (see Simar and Wilson,

2007).

We summarize and apply different deterministic nonparametric approaches like

the Data Envelopment Analysis (DEA), the Free Disposal Hull (FDH), and exten-

sions of both to capture specific characteristics of the production process, such as

the concept of non-discretionarity and super-efficiency. Statistical inference within

the deterministic framework is conducted by means of simulation based on boot-

strapping algorithms. Further, we apply a stochastic DEA concept, the order-m

approach, which includes the modeling of noise directly into frontier estimation.

Several stochastic frontier methods are employed to estimate the production, cost

and distance function frontiers.5 Cross-section models as well as traditional and

recently derived panel data models for SFA are used to account for unobserved

firm-specific heterogeneity.

From a regulatory point of view DEA has been used more often than SFA in

the electricity sector because of its simple implementation and understanding for

regulatory bodies and the industry. DEA scores are also easier to compute. DEA

was applied in most of the benchmarking exercises in the regulatory framework for

electricity distribution in the Netherlands, Austria and Poland. SFA was generally

used only as an academic verification method. However, more recently, SFA is

increasingly being applied in regulatory practice (Farsi et al., 2007). This is shown

by the implementation of incentive regulation in 2009 in Germany that explicitly

includes the application of the parametric SFA (Agrell and Bogetoft, 2007).6

1.2.1 The nonparametric approach

Farrell (1957) originally proposed estimating production efficiency scores in a non-

4For a survey on the theoretical literature see e.g. Cooper et al. (2004) for the nonparametric
and Kumbhakar and Lovell (2000) for the parametric approaches.

5For the theoretical background for production, cost and distance function derivation see
Chambers (1988).

6See EURELECTRIC (2005) for a survey on European regulatory practice, Agrell et al. (2005)
for the Scandinavian countries, and for the models used in Germany Agrell and Bogetoft (2007).
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1.2. EFFICIENCY ANALYSIS

parametric framework. He drew upon the work on activity analysis by Koopmans

(1951) and Debreu (1951). Charnes et al. (1978) and Banker et al. (1984) ex-

tended Farrell’s ideas by imposing returns to scale properties. The nonparametric

approach relies on a production frontier defined as the geometrical locus of optimal

production plans (see Simar and Wilson, 1998, 2007). The production frontier can

be estimated nonparametrically from a set of observed production units, based on

different envelopment techniques. Two common nonparametric measures are the

Data Envelopment Analysis (DEA) and the Free Disposal Hull (FDH) proposed

by Deprins et al. (1984). All nonparametric calculations in this dissertation are

presented using an input orientation assuming that the outputs are fixed and the

inputs must be minimized to be efficient. For the electricity sector this is appropri-

ate because firms have the legal duty to serve all customers in a predefined service

territory.7

1.2.1.1 Data Envelopment Analysis (DEA)

DEA involves the use of linear programming methods to construct a piecewise

linear surface or frontier over the data and measures the efficiency for a given

unit relative to the boundary of the convex hull of the input-output vectors. The

individual efficiencies of the firms relative to this production frontier are then

calculated by means of distance functions. They can be interpreted as the propor-

tional reduction of the inputs to become technically efficient by a projection onto

the efficient boundary, the production frontier. The efficiency score is the point

on the frontier characterized by the level of inputs that should be reached to be

efficient (Simar and Wilson, 1998).

Different assumptions regarding the frontier can be made: the underlying tech-

nology is characterized by constant returns to scale (CRS), assuming that all com-

panies are operating under the optimal size (see Charnes et al., 1978, who first

derived the DEA under CRS). The variable returns to scale (VRS) approach as-

sumes that scale inefficiencies in the industry are present (see Banker et al., 1984,

who first allow for VRS). Within the VRS assumption we can distinguish between

decreasing returns to scale (DRS), increasing returns to scale (IRS), non-increasing

returns to scale (NIRS), and non-decreasing returns to scale (NDRS), modifying

the restrictions in the linear optimization problem (see Cooper et al., 2007, for a

summary of assumptions).

7All calculations can also be done using an output-orientation (Simar and Wilson, 2007). In
Chapter 2 we also used DEA under the assumption of output-orientation for comparison with
the results obtained under an input-orientation.
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1.2.1.2 Free Disposal Hull (FDH)

Another common nonparametric estimator is the FDH estimator which does not

incorporate the convexity constraint into the production set. The FDH estimator

is based on the idea of the smallest free disposal set covering the observation sample

of firms (Deprins et al., 1984). FDH is a consistent estimator, whatever the shape

of the attainable production set (convex or nonconvex) given free disposability

(Simar and Wilson, 2007). For consistent estimation it would be more appropriate

to apply the FDH estimator when the shape is unknown. But the convergence rate

for the DEA-VRS estimator is slightly faster and the FDH is particularly affected

by dimensionality. Thus, a large number of observations will lie on the efficient

boundary. In applied work with a finite sample this is often the case, and leads to

misinterpretation of the results. The difference between the two approaches is the

definition of an “efficient production set”. In DEA the inefficiency is defined as the

distance from the frontier of a convex envelope of the data; therefore, a company

may be compared to an unobservable and fictitious linear combination of efficient

observations. This means that a firm may be dominated by an illusory firm. The

plausibility of the DEA’s efficiency measurement is important from managerial and

regulatory perspectives. In contrast, the efficiency frontier in the FDH approach

consists only of production units observed in reality.

1.2.1.3 Statistical properties of DEA and FDH

In empirical application it is necessary to investigate the statistical properties of

the DEA and FDH estimators. First it can be shown that both are biased by

construction (Simar and Wilson, 2007). Considering the consistency of the esti-

mators we note that in the nonparametric framework it is often difficult to prove

convergence and derive the rate of convergence (Simar and Wilson, 2002, 2007).

Korostelev et al. (1995) provide the first systematic analysis of the convergence

properties of DEA under VRS and FDH estimators for one input and multiple

outputs. They find that incorporating the convexity constraint improves the rate

of convergence if the true set is convex; otherwise the DEA-VRS estimator is in-

consistent. They also find that the rates of convergence depend heavily on the

dimensionality of the problem (the number of outputs in his analysis). It can

be shown that if the number of outputs increases, a much larger sample size is

required to obtain precise results; otherwise the imprecision arises in large bias,

large variances and large confidence intervals for the individual efficiency scores

(see Simar and Wilson, 2007, who show the imprecision by means of Monte Carlo

experiments). The full multivariate case (for multiple outputs and multiple inputs)
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is analyzed by Kneip et al. (1998) for the DEA estimators and Park et al. (2000)

for the FDH estimators. The curse of dimensionality problem and the faster rate

of convergence of the DEA under VRS also hold for the multiple input case. The

convergence rate for the DEA under the CRS assumption has not been established

yet (Simar and Wilson, 2007).

1.2.1.4 DEA extensions

The traditional DEA approach can be modified and extended to “capture” differ-

ent production characteristics in the linear programming problem. Two important

approaches in the empirical application are the concept of non-discretionarity (see

Banker and Morey, 1986) and the concept of super-efficiency (see Andersen and Pe-

tersen, 1993; Banker and Chang, 2006). Within the concept of non-discretionarity

framework we account for input variables that are not under the control of the

companies in the short run, such as the characteristics of the service area. The

DEA linear programming problem is hence adapted to find only radial reduc-

tion in the inputs over which the manager has discretionary control (Coelli et al.,

2005). Within the concept of super-efficiency, decision-making utilities within the

efficiency frontier might obtain an efficiency score greater than one because the

firm itself cannot be used as a peer and therefore cannot form part of its refer-

ence frontier (Coelli et al., 2005). By means of this linear programming problem

it is possible to identify the most efficient frontier firms and to provide a rank-

ing system. Extreme observations in the data set might inappropriately influence

the estimation of the performance of other firms in the sample. In other words,

the super-efficiency approach helps to identify ex-ante outliers and deletes some

extreme points from the sample (Wilson, 1993; Simar, 2003).

1.2.2 Statistical inference

1.2.2.1 Statistical inference for deterministic frontiers

The DEA and FDH envelopment estimators are deterministic frontier models

which implies that all observations are assumed to be technically attainable. They

are highly sensitive to outliers and extreme values in the data (Simar and Wil-

son, 2000, 2007). It is therefore important to investigate the statistical properties

and make inference about the empirical applications before drawing conclusions

based on the individual efficiency estimates. To make inferences about empirical

applications, the asymptotic sample distributions of the envelopment estimators

are required (Simar and Wilson, 2000, 2007). The bootstrap algorithm provides
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an attractive alternative to the theoretical derivation of the limiting distribution;

when using the multivariate DEA approach it still remains the only practical way

of making inferences (Simar and Wilson, 1998, 2000, 2007, provide an extensive

discussion). The bootstrap algorithm for the nonparametric estimators is based on

the ideas derived by Efron (1979) and Efron and Tibshirani (1993), and proposes

to approximate the sampling distributions of the efficiency scores by simulating the

data generating process. The bootstrap algorithm for the nonparametric envelop-

ment estimators was established by Simar and Wilson (1998, 2000). Theoretical

properties of the bootstrap with DEA estimators are provided in Kneip et al.

(2003).

The bootstrap ideas can be adapted and amplified to formulate different hy-

potheses tests of the resulting efficiencies and the underlying production technol-

ogy. A first test can be defined concerning the mean equivalencies in efficiency of

different subgroups (for details see Simar and Wilson, 2007). A second test con-

cerns the returns to scale properties of the underlying production technology. It is

both, statistically and economically, important to determine whether the underly-

ing technology exhibits increasing, constant, or decreasing returns to scale. If we

assume à priori a CRS technology without investigating the possibility that it is

non-constant, we incur the risk that our efficiency estimates will be inconsistent.

On the other hand, if we assume variable returns to scale when in reality the tech-

nology exhibits global constant returns to scale, there may be a loss of statistical

efficiency (Simar and Wilson, 2002).

1.2.2.2 Stochastic nonparametric frontiers

The nonparametric stochastic order-m estimator has been recently proposed as

an alternative to the traditional deterministic FDH and DEA frontiers (Cazals

et al., 2002; Daouia and Simar, 2004). It directly models noise in the estimation

of the frontier and uses the concept of the so-called “partial” frontier, as opposed

to the traditional idea of a “full” frontier that envelops all data (Cazals et al.,

2002; Simar and Wilson, 2007).8 Thus, instead of estimating the uppermost tech-

nically achievable level of input, the efficiency calculation is based on an expected

minimum frontier. This type of estimator is more robust since it permits noise in

input measures; consequently individual observations including extreme outliers

have much less influence on the efficiency frontier.9 Therefore, the partial frontier

estimators are characterized by better properties than the usual nonparametric

8Another partial frontier concept is the order-α quantile frontier (Simar and Wilson, 2007).
9A description of the order-m estimator is given in Simar (2003). For an empirical application

see Wheelock and Wilson (2003).
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(DEA or FDH) frontier estimators.10 The order-m estimator is interpreted as the

link between the nonparametric deterministic and the parametric stochastic esti-

mators. With the new partial frontiers it is possible to directly model noise in the

data, however without assuming the strict parametric functional relationships of

the parametric SFA framework.

1.2.3 The parametric approach

Stochastic Frontier Analysis (SFA) belongs to the parametric econometric ap-

proach of efficiency measurement.11 As noted by Greene (2007a) the literature on

stochastic frontiers is rapidly growing. Many methodological innovations in the

econometric estimation techniques were proposed recently.

Like the programming approach of efficiency measurement, inefficiency is de-

fined as the extent to which firms fail to achieve a theoretical ideal (Greene, 2007a).

In contrast to the programming approach a functional relationship of the produc-

tion function has to be assumed. The Cobb-Douglas and translog models domi-

nate the application in the econometric inefficiency estimation in stochastic fron-

tiers. The challenge is that they are defined as single output production functions

(Chambers, 1988). Multiple outputs can be accounted for within cost frontier

models representing a significant advantage over the production frontiers. In addi-

tion, parametric distance functions (Shephard, 1953, 1970) have proved useful in

empirical studies to model multi-output production (Coelli and Perelman, 2000;

Coelli, 2000).

1.2.3.1 Stochastic Frontier Analysis (SFA) with cross-sections

The basic ideas of the stochastic production frontier were simultaneously proposed

by Aigner et al. (1977) and Meeusen and Broeck (1977). Their approach can be

seen as an answer to the deterministic parametric frontier models, where deviations

of a firm from the theoretical maximum is allocated exclusively to inefficiency.

The maximum output which firms can obtain is determined by two parts: the

production function as well as random external factors. Thus, deviations from

the production frontier might not be completely under the control of managers

(Greene, 2007a).

The SFA is characterized by a composed error term εi that is divided into

10The order-m estimator does not suffer from the curse of dimensionality, and the standard
parametric

√
n rate of convergence is achieved along with asymptotic normality (see Cazals et al.,

2002; Simar and Wilson, 2007).
11Corrected Ordinary Least Squares (COLS) and Modified Ordinary Least Squares (MOLS)

are other approaches (see Coelli et al., 2005, for details).
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two uncorrelated components: a one-sided non-negative disturbance, half-normally

distributed for the inefficiency, ui; and a symmetric disturbance, assumed to be

normally distributed, and capturing random noise in the sample, vi (Greene, 2004).

A large number of variants of the stochastic frontier model with regard to the

distributional specifications of the inefficiency component ui have been proposed:

the truncated-normal (see Stevenson, 1980), the exponential and the gamma (see

Greene, 1990). An extensive survey of the different models appears in Kumbhakar

and Lovell (2000) who also provide the likelihood functions for estimation purposes.

The main purpose of the stochastic frontiers is the analysis of technical in-

efficiency. It is an essential result that the inefficiency component is observed

indirectly (see Greene, 2007a) since the data and estimates only deliver estimates

of the combined error term εi = vi − ui. Jondrow (1982) establishes a conditional

mean estimator to disentangle the inefficiency component from the combined er-

ror term, which is largely used to determine the (in)efficiency levels (see Kim and

Schmidt, 2000, for further details).12

1.2.3.2 Stochastic Frontier Analysis (SFA) with panel data

Several SFA models for panel data have been proposed in the literature.13 Early

models define the random or fixed effect as the inefficiency component, meaning

that the models deduce the efficiency estimates from the individual firm-specific

effects. Schmidt and Sickles (1984) propose a fixed effects SFA model14 that does

not require the assumption that the firm-specific effects are uncorrelated with the

input variables. If the assumption of independence is fulfilled, then a random

effects SFA model is preferred for precision and efficiency of the estimates. Pitt

and Lee (1981) established the model framework for the random effects SFA widely

applied in the literature. In contrast to the fixed effects SFA model it allows time-

invariant firm-specific attributes entering in the econometric model.

A fundamental question concerns the modeling of inefficiency over time. In

the first models the individual inefficiency effects were modeled time-invariant.

Extensions have been proposed by Lee and Schmidt (1993), Battese and Coelli

(1992) and Kumbhakar (1990) that incorporate the variation of efficiency over

time as a deterministic function that is similar across firms. However, the random

component is still time-invariant, which remains a substantive restriction.

12Battese and Coelli (1988) provide useful extensions of the Jondrow estimator.
13See Kumbhakar and Lovell (2000) for a review of conventional models and Dorfman and

Koop (2005) for a survey of more recent developments.
14Sickles (forthcoming) give a detailed overview of the assumptions and interpretations of the

model.
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These traditional models assume a common technology/frontier encompass-

ing every sample observation. This may be inappropriate in the sense that the

estimated technology is not likely to represent the “true” technology for all ob-

servations. Thus, the estimate of the underlying technology may be biased. In

addition, as unobserved heterogeneity was not accounted for in the econometric

models, parameter estimates also may have been biased. Moreover, since all time-

invariant heterogeneity was covered by the inefficiency part, these models show a

tendency to underestimate a firm’s performance (Farsi et al., 2005, 2006; Filippini

et al., 2008). Hence, the modeling of heterogeneity in stochastic frontier function

models has become increasingly important.

1.2.4 Unobserved firm-specific heterogeneity

Traditional SFA models assume that firms operate under the same production

technology and that the inefficiency distribution across individuals and time are

homogeneous. Hence, the firms only differ by the random noise term. A wide range

of models are proposed that incorporate other forms of heterogeneity. The litera-

ture proposes two important categories: the first concerns the distinction between

heterogeneity in the production model and heterogeneity in the inefficiency model,

and the second the distinction between observable and unobservable heterogeneity

(Greene, 2007a).

The heterogeneity in the inefficiency model can be expressed by a shift in the

underlying mean of ui or heteroscedasticity. Battese and Coelli (1995) established

a model where firm-specific attributes are incorporated in the inefficiency distri-

bution. Heterogeneity is expressed in the location parameter, the mean, of the

underlying distribution of inefficiency ui. This model specification became pop-

ular to explain efficiency differences across firms. Reifschnieder and Stevenson

(1991) and Simar et al. (1994) established a SFA model incorporating heterogene-

ity in the variance of ui or vi, allowing for heteroscedasticity. Applications of the

heteroscedastic SFA model can be found in Hadri (1999), Hadri et al. (2003) and

Caudill et al. (1995).

1.2.4.1 Greene’s true SFA models

Unobserved heterogeneity means that heterogeneity is not reflected in measured

variables but expressed in the form of effects (Greene, 2007a). Several newer

models attempt to separate unobserved heterogeneity from inefficiency and it be-

came more important to model both heterogeneity in the stochastic part and

firm-specific heterogeneity in the production or cost function of the underlying
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production process. Kumbhakar (1991), Polachek and Yoon (1996) and more

recently Greene (2005b) have suggested to extend the original stochastic frontier

model by adding an individual time-invariant random or fixed effect. These models

are called “true” models because they include two stochastic terms for unobserved

heterogeneity: one for the time-variant factors and one for the firm-specific con-

stant characteristics (see Farsi et al., 2006). The basic assumption is the existence

of firm-specific and time-invariant factors that cannot be captured by environmen-

tal variables due to the variation of the latter over time and/or omitted variables.

With the additional inclusion of heterogeneity terms by means of the random or

fixed firm-specific effect αi the model is expected to provide a finer differentiation

between inefficiency and other unexplained factors (Greene, 2004, 2005b). One

could consider the model as a technologically neutral shift in technology, given

that only the constant term captures the heterogeneity between firms.15

1.2.4.2 Random coefficients and latent classes for SFA

The literature also proposes other formulations that allow both the constant and

the entire function to vary more generally across firms: the random parameter

(Greene, 2005a) as well as latent class models for stochastic frontiers (Kumbhakar

and Orea, 2004). With these newer models unobserved differences in technologies

may be accounted for which previously were inappropriately labeled as inefficiency.

The unobserved firm-specific heterogeneity could therefore be applied to marginal

products and costs represented by the coefficients of the production, cost or dis-

tance function.16

The latent class framework for SFA accounts for specific technological char-

acteristics of the observations in the sample, by classifying firms into a set of

different technologies and efficiency distributions. In this model all parameters

vary by class standing for the different technologies of the different classes. Ap-

plications of the latent class framework for SFA include Kumbhakar and Orea

(2004), Greene (2005a), Caudill (2003), Corral and Alvarez (2008). The latent

class formulation allows an econometric analysis of the probabilities of the firms to

belong to a certain class. This can be achieved by so-called separating or switching

variables that can be included to identify any regularity in classifying the sample

via the estimated coefficients of latent class probability functions. It has proved

useful in empirical application of the latent class estimation to verify and check the

correctness of the defined classes by the econometric model (see Greene, 2007a).

15Empirical applications include Farsi et al. (2006) and Filippini et al. (2008).
16For applications of the random coefficient model for SFA see Tsionas (2002) and Alvarez

et al. (2005).
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Empirical evidence shows that accounting for heterogeneity has substantial im-

pacts on the measured efficiency levels of the firms. The traditional models tend to

underestimate the efficiency as the time-invariant unobserved factors are pushed

into the inefficiency component of the model. However, later models treat most of

the time-invariant factors as unobserved heterogeneity in the firm-specific random

or fixed effect. Greene (2007a) notes that the truth lies somewhere between the

two extremes. Farsi et al. (2006) note that the specification of inefficiency and het-

erogeneity relies on non-testable assumptions. In summary, there is no conclusive

evidence in favor of either specification leading to the conclusion that alternative

panel data models (the traditional and the more recent models accounting for het-

erogeneity) can be used to obtain approximate lower and upper bounds for firms’

efficiency scores (see Farsi et al., 2006).

1.3 Application to electricity distribution

From a practical regulatory point of view both DEA and SFA approaches have been

particularly useful to regulators who must define the price or revenue caps within

more incentive-based instruments (Scandinavian countries, Austria, Germany).

DEA is used more frequently than SFA in the practical applications of efficiency

analysis in the electricity sector. However, there is increasing regulatory interest

in parametric Stochastic Frontier Analysis. There are two categories for the use of

benchmarking results (see Farsi et al., 2007): In Norway, the UK, the Netherlands,

Chile, and after 2009 in Germany, the regulatory bodies incorporate the efficiency

results as part of the regulation process. In the US, Australia and Finland the

benchmarking analysis is an additional control instrument for decision-making

(see Farsi et al., 2007).

1.3.1 Anglo-Saxon and Scandinavian countries as precur-

sors

In the framework of academic benchmarking the Anglo-Saxon and Scandinavian

countries play a precursory role. Evaluation of UK electricity distribution perfor-

mance has been the subject of efficiency analysis since the early 1990s. Several

studies have conducted panel data analysis using a UK sample (see e.g. Weyman-

Jones, 1994; Burns and Weyman-Jones, 1996). Burns et al. (1999) conducted a

dynamic benchmarking analysis for twelve regional electricity distribution utilities

in Great Britain using a DEA approach to investigate the changes in efficiency

from 1990-1999. Jamasb and Pollitt (2001) assembled an extensive comparison
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of efficiency studies for the electricity sector stressing the importance of the ap-

propriate variable choice. In their paper as well as in the literature generally, a

variety of different specifications have been employed depending on the subject

being investigated, and the variables selected as inputs and outputs. Quality was

explicitly accounted for and related to benchmarking in a study by Giannakis et al.

(2005) of UK electricity distribution utilities and Growitsch et al. (forthcoming).

Performance evaluation in the Scandinavian countries also started in the 1990s.

The Norwegian electricity sector was analyzed by Kittelsen (1993) and Førsund

and Kittelsen (1998) before the sector underwent major transformation in the late

1990s. More recent work assessing the link between the reforms and productivity

changes can be found in Edvardsen et al. (2006). Studies from other Scandina-

vian countries include Hjalmarsson and Veiderpass (1992) who analyze by means

of Malmquist indices the productivity growth of Swedish electricity retail distrib-

utors in a multiple output-multiple input framework. This study compares the

productivity of the firms across different types of ownership and service areas.

Cost efficiency in the Swedish electricity distribution is analyzed by Agrell and

Bogetoft (2000). Korhonen and Syrjänen (2003) describe the process of develop-

ing an approach based on DEA to evaluate the cost efficiency of Finnish electricity

distribution companies. Agrell et al. (2005) present theoretical regulatory schemes

for Scandinavian countries based on cost information derived from a productivity

analysis. Other empirical work of Sweden, Finland and Norway is conducted by

Kinnunen (2005).

1.3.2 Continental European and international studies

Jamasb and Pollitt (2003) analyze the performance of electricity distribution com-

panies in Italy, Norway, the UK, Portugal, Spain and the Netherlands; Growitsch

et al. (forthcoming) consider the UK, Ireland, the Netherlands, Finland, Norway,

Sweden, and Italy. Using DEA to measure the performance of the thirteen largest

electricity distribution companies in Austria, Auer (2002) determined the effect of

the settlement density and the proportion of cable to aerial lines on the relative

efficiency of single utilities, extending the basic model specification. He also dis-

covered noticeable differences in efficiency measures due to grid composition and

structural variables. 53 German regional distribution companies were investigated

by Riechmann (2000) who found significant cost reduction potentials. Frontier

Economics (2003) assessed a sample of 27 regional and local electricity distribu-

tors in Germany, using turnover as input, and peak load, units sold, and structural

parameters as outputs. We note that to date the only quantitative study in East-
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ern Europe is Filippini et al. (2004) who used SFA to analyze the efficiency of

electricity distribution companies in Slovenia.

The new parametric SFA models accounting for heterogeneity are applied to

a sample of 59 utilities operating in Switzerland from 1988 to 1996 by Farsi and

Filippini (2004) and Farsi et al. (2006). They examine the sensitivity of the results

from different econometric model specifications. The results indicate that individ-

ual efficiency estimates are sensitive to the econometric specification of unobserved

firm-specific heterogeneity.

In general we observe that national regulators are increasingly interested in

cross-country analyses that allow them to view the electricity sector in broader

terms (Jamasb and Pollitt, 2003). The validity and robustness of the efficiency

estimates can be improved by the addition of international comparators to a sam-

ple when utilities are benchmarked against a greater number of firms. Further,

international comparisons enable regulators to measure efficiency relative to in-

ternational best practices which indicates that the measured efficiencies are more

likely to reflect technical possibilities (see Hattori et al., 2005). An extensive ex-

ample of international benchmarking is Estache et al. (2004) who argue in favor

of reducing the regulatory information asymmetry through international coordi-

nation and benchmarking analysis in South America. They also acknowledge the

empirical problems resulting from differences in definitions and the fields of activi-

ties and responsibilities of the national distribution companies, and conclude that

cross-country comparisons require a high degree of homogeneity. Despite technical

and practical obstacles, a relatively large number of international benchmarking

analyses have been conducted. Zhang and Bartels (1998) compared the efficiency

of electricity distribution in Australia, Sweden and New Zealand; Hattori (2002)

compared the relative performance of US-American and Japanese electricity dis-

tribution companies; and Hattori et al. (2005) compared companies in the UK and

Japan.

1.4 Contribution of this dissertation - a Euro-

pean perspective

All European Union’s (EU) member states must incorporate Electricity Directive

2003/54/EC, which calls for more liberalization and unbundling, into national

law in order to enhance cost efficiency. This dissertation focuses on a European

perspective within benchmarking analysis for electricity distribution, because Eu-

ropean regulators are increasingly interested in cross-country comparative analyses
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to improve the validity and robustness of their efficiency estimates (Jamasb and

Pollitt, 2003; Hattori et al., 2005). We first compare France and Germany (see

Chapter 3), before turning to the experience of Eastern European countries, where

empirical study is scarcer (see Chapter 4 and Chapter 5). In Chapter 2 and Chap-

ter 6 we consider Germany separately. As the largest electricity producer and

consumer in the European Union it continues to play an important role in sectoral

liberalization and its experiences are relevant for others.

1.4.1 Efficiency analysis of German electricity distribution

utilities - nonparametric and parametric tests

In Chapter 2 we base the analysis on a cross-sectional sample for 2001 applying

traditional nonparametric and parametric benchmarking approaches to assess the

efficiency of German electricity distribution companies. The data cover 307 (out

of 553) German electricity distribution utilities. DEA under the CRS and VRS

assumption is applied as the main productivity analysis technique and SFA with

a parametric distance function specification is the verification method. Labor,

capital, and peak load capacity are used as inputs, and units sold and the number of

customers as outputs. The empirical section follows the structural criteria defined

by the German association agreement, “Verbändevereinbarung Strom VV IIb”, a

predecessor to the energy law of 2005. This dissertation specifically looks at three

factors:

1. Efficiency analysis in electricity distribution currently faces serious issues

in determining whether there are significant returns to scale. If smaller

utilities could reduce costs by merging and thereby extending their sub-

optimal service territory size, this would suggest that Germany’s atomized

utility structure may also be subject to change, possibly for the better. The

results suggest that returns to scale play but a minor role; only very small

utilities have a significant cost advantage.

2. The two structural variables used in the association agreement’s assessment

of potential cost drivers, density, and East-West structure, are considered.

Regional particularities can have a strong impact on the efficiency of dis-

tribution utilities, although they are outside their decision framework. Low

customer density is found to affect the efficiency score significantly, in partic-

ular in the lower third of all observations. Surprisingly, East German utilities

feature a higher average efficiency than their West German counterparts.

3. Model variation with regard to different inputs and outputs are tested. The
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grid composition does not produce systematic effects. Peak load as a struc-

tural input variable does not appear to be an important determinant of

efficiency, when compared with the base model without peak load. Utilities

with a high share of industrial customers appear to suffer a disadvantage.

This chapter extends the literature on efficiency analysis to the electricity distrib-

ution sector in Germany. In subsequent steps we wanted to assess if the German

situation is representative for other European countries which implemented the

reforms with different success. We begin to embed Germany in a European per-

formance context by comparative analyses. International cross country efficiency

analysis involves important empirical problems due to transnational comparisons.

The empirical problems might result from differences in definitions and fields of

activities and responsibilities of the national distribution companies, thus cross-

country comparisons require a high degree of homogeneity. In this work the em-

pirical problems are emphasized and discussed with a special focus on the com-

parability of different structures of service supply of the different countries. The

conducted international comparisons are limited to measure production efficiency

within different countries, thus different cost definitions do not raise a problem.

However, in addition to monetary variables, technical parameters might also differ

across countries, which have to be taken into account.

Against this background, Chapter 3 discusses Germany’s performance as mea-

sured against France. Until recently, Germany has held the red lantern of the

countries resisting European electricity deregulation, together with France (Euro-

pean Commission, 2003).

1.4.2 International benchmarking in electricity distribu-

tion: a comparison of French and German utilities

To our knowledge, Chapter 3 presents the first productivity analysis of a large

number of French and German electricity distributors, the two largest electric-

ity distribution countries in Europe. We examine the relative performance of

93 French and 77 German distribution companies operating within two different

market structures presenting the two extremes found in European electricity dis-

tribution. France has a vertically integrated dominant operator, while Germany

is characterized by many different regional and local distribution companies. This

chapter applies parametric benchmarking approaches to assess the relative techni-

cal efficiency of utilities, such as deterministic COLS and SFA. In detail we look

at technical compatibility using three criteria, distribution structure in general,

geographical differences (i.e. population density), and network characteristics.
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Our objective is to define how the choice of input-output variables can modify

the scores and rankings of the companies with respect to the differences in en-

vironmental and structural constraints between companies and between the two

countries. We hypothesize whether firms operating in urban regions reach higher

efficiency scores than in rural areas due to higher population density and the re-

sulting cost advantages. We also estimate the importance of underground cable

networks on the relative efficiency scores because such networks generally involve

lower maintenance costs. Since financial data is unavailable for German compa-

nies, our models incorporate cost drivers such as the number of customers, total

power sales, inverse density index, length of the grid, and number of employees. We

find that utilities operating in urban areas feature higher efficiency scores and that

investment in underground cables increase the technical efficiency of the distribu-

tion utilities. Under our model assumptions, in all different model specifications,

Germany shows a lower average efficiency than France.

1.4.3 Efficiency analysis of East European electricity dis-

tribution in transition - legacy of the past?

In contrast to the West, the East European countries are less analyzed. However,

one of the key concerns observed in the literature on economic transition in East-

ern Europe is the link between economic reforms and productivity at the level of

firms, sectors, and of national economies (Hirschhausen, 2002). In general, one

expects that the move from central planning and state ownership towards market

competition and more efficient corporate governance increases productivity at all

levels. However, the past fifteen years have also revealed that not all expecta-

tions regarding the virtues of transition have materialized. This is particularly

true in the capital-intensive and highly politicized infrastructure sectors, where

reforms have sometimes been slow and painful. In the last decade energy sec-

tor reform has been especially difficult because it has often resulted in significant

downsizing and plant closures. Such refashioning has had to accommodate the

unique social and economic concerns of each country moving to a market econ-

omy. When the vertically integrated monopolies were unbundled and privatized,

the resulting mergers and downsizing demanded a special sensitivity by the re-

formers to a labor force which found itself “displaced” in an unfamiliar world.

Regional units had to be disintegrated due to the newly redrawn political borders

in Czechoslovakia, Yugoslavia, and the Soviet Union. Modern regulatory authori-

ties were established, and both environmental standards and renewable-promotion

schemes promulgated. In fifteen years, the transition countries implemented what

30



1.4. CONTRIBUTION OF THIS DISSERTATION - A EUROPEAN
PERSPECTIVE

had taken the West European power sector half a century to accomplish.

Against this background Chapter 4 provides a cross-country efficiency analysis

of the regional electricity distribution companies in Poland, the Czech Republic,

Slovakia and Hungary. It examines the relative efficiency of the companies and then

compares them to Germany. International benchmarking is particularly important

for countries for which limited domestic observations are available because it can

increase the degree of freedom and allows for a solid (and wider) assessment of

best practices. This applies mainly to smaller East European states, like Slovakia,

with only three distribution companies. As in Chapter 3 we focus on the empirical

problems associated with international benchmarking and comparability of the

different distribution structures of the East European countries.

We use common nonparametric efficiency measurement such as DEA and FDH

under different assumptions. A Special focus of this chapter lies in the contribution

to the discussion in statistical inference methods for nonparametric deterministic

methods. We apply the bootstrap algorithm established in Simar and Wilson

(1998) first for the bias correction and then for the test on mean equivalence

to assess if Polish companies are significantly less efficient. Finally, we use the

bootstrap algorithm to test the returns to scale to find whether the underlying

technology is characterized by constant returns to scale.

When comparing the East European regional distribution companies with their

German counterparts, both DEA and FDH models indicate lower efficiency val-

ues in Eastern Europe. This suggests that the reform process in this sector is

influenced by the legacy of decades of socialist energy policy. The Polish regional

distribution companies appear to suffer from the highest lack of technical effi-

ciency; the smaller Polish companies feature very low efficiency scores. Companies

in the Czech Republic regularly show the highest efficiency scores within our non-

parametric approaches, which can be explained by the substantial restructuring

efforts undertaken in the mid-1990s. In addition, we consider the link between

private ownership and efficiency; a simple correlation analysis suggests that the

technical efficiency of a firm in the transition countries increases with the degree

of privatized shares.

Additional research should focus on a dynamic comparative analysis of effi-

ciency measures in the region, e.g. time series analysis from 1995-2004, and test

whether the regulatory reforms undertaken have improved the overall national per-

formance of the companies. Further, the use of monetized cost data would allow

for more reliable conclusions with regard to scale efficiencies. This motivates us

(Chapter 5) to consider one country, Poland, separately, which we found to be

characterized by the lowest average efficiency.
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1.4.4 From transition to competition - dynamic efficiency

analysis of Polish electricity distribution

Poland, by far the largest electricity producer and distributor among the East Eu-

ropean transition countries, still has problems to resolve before it can completely

reform its electricity sector. In socialist times, the electricity sector was orga-

nized by a Central Ministry which delegated operational powers to one electricity

company in each of the 33 regions (voivody). The structure remained unchanged

during the first decade of transition; by international comparison, 33 distribution

companies is a large number for total sales of only about 90 TWh of electricity.

Poland’s capital stock also remained largely unchanged, and few investments oc-

curred. To date, privatization of the distribution companies has lagged with only

3 of the 33 companies acquired by (foreign) private investors. The Polish electric-

ity sector has lost attractiveness vis-a-vis more active transition countries like the

Czech Republic and Hungary. Recently, however, the reform process has picked

up speed, with attempts to merge the existing regional structures into seven large

distribution companies and therefore to benefit from the assumed economies of

scale. In the first round of consolidation, 14 regional companies were created out

of the initial 33 distributors. From an economic perspective, such concentration is

justified if the size of the units can be shown to be too small.

Against this background, Chapter 5 provides a dynamic efficiency analysis

of Polish regional electricity distribution companies during the transition period.

Our aim is threefold: first, to validate our previous result that Polish regional

distribution companies could benefit from merging into larger units; second, we

want to quantify how productivity evolves as the transition proceeds and third

to contribute to the current discussion in the literature concerning transition and

productivity. A unique data set including technical data and cost and price data

for six years (1997-2002) is used. The extensive data allows for a range of model

specifications and simulation analyses such as cost efficiency models to evaluate

allocative efficiency, and panel data analysis to estimate efficiency change over

time.

We apply a series of traditional and some innovative approaches in nonpara-

metric and parametric estimation including DEA, an ex-ante descriptive statistical

method for outlier detection (Wilson, 1993), the stochastic DEA using the order-

m efficiency estimates, and the FDH estimator. We then measure and decompose

productivity change with Malmquist indices. We also apply SFA under different

panel data models (Battese and Coelli, 1992, 1995; Greene, 2005b). The following

models are chosen: the inputs are the number of employees (labor), and the length
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of the electricity grid (capital); the outputs are total sales (in GWh) and the num-

ber of customers. In the extended version of the model, we include a structural

variable to account for structural differences among regions: the inverse density

index. With regard to estimating allocative efficiency, we estimated nonparametric

approaches and parametric cost functions. Total costs are defined as the depen-

dent variable and both outputs (electricity sold and number of customers) and the

input factor prices as regressors.

A consistency check following Bauer et al. (1998) who propose a set of con-

sistency conditions for frontier efficiency measures is provided. We find that the

results derived by nonparametric and parametric analysis are consistent and largely

robust with respect to the model specification. Correlation matrices generally yield

relatively high values, whereas rank-order correlations are less robust.

We find that overall transition had a significant positive effect on technical effi-

ciency whereas allocative efficiency decreased. We also find significantly increasing

returns to scale, suggesting that the regulatory authority should allow companies

to merge into larger units. We demonstrate that there were marked differences

between the efficiency scores of larger companies in comparison to the smaller

ones. The results indicate that the smaller utilities are on average less efficient,

largely due to scale inefficiency. It can be concluded that the process of merging

33 distribution utilities into a handful of larger groups is an appropriate policy.

1.4.5 Benchmarking and firm heterogeneity in electricity

distribution - a latent class application to Germany

Chapter 6 turns back to Germany but the analysis is based on recently available

panel data. In contrast to Chapter 2, where the focus lies on the analysis of scale

inefficiencies and the impact of different structural variables, Chapter 6 discusses

new and recent approaches to capture unobserved firm-specific heterogeneity. We

analyze the technical efficiency level for a sample of 200 German electricity distri-

bution companies that will be subject to an incentive regulatory regime in 2009.

As in Chapter 2 the level of technical efficiency is empirically analyzed by means

of a multi-input multi-output parametric input distance function, however now we

use it for a balanced panel data set (2001-2005). We assess the problem that only

some heterogeneity is observed and can therefore be accounted for in the econo-

metric model. Another part will be unobserved. Regulatory bodies have detailed

and high quality data; however these are not publicly available. This implies that

the problem of unobserved characteristics is even more important for scientific

benchmarking in Germany.
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This chapter presents two approaches to improve the reliability of benchmark-

ing methods: first, using a random effects models including firm-specific effects,

and second, a latent class model in the framework of SFA. Both models will par-

tially solve the unobserved heterogeneity problem in measuring the technical effi-

ciency. However, the empirical results suggest that the latent class specification is

more appropriate because it accounts for the fact that larger distributors operate

under a different technology than smaller companies and that different frontiers

are necessary to obtain more robust and reliable efficiency estimates.

The application of alternative distance function frontier models shows that

the absolute values of efficiency estimates and firms’ ranking are sensitive to the

adopted model. In addition, we test the differences in inefficiency scores between

the two classes via a Kruskal-Wallis test. The results underline the importance of

modeling and estimating two classes. The latent class model used in this disserta-

tion can be helpful in distinguishing unobserved heterogeneity in technologies from

inefficiency estimates. The results can be used as an additional instrument to min-

imize the information asymmetry between the regulator and regulated companies.

1.4.6 Summary

Table 1.1 summarizes the five chapters and lists the publications the chapters are

based on. They are classified by the country analyzed, the benchmarking model

selected, and the major findings. Moreover, the contribution of the author is given.

1.5 Concluding remarks

A regulatory framework more reliant upon incentives has become an important

policy objective in all European countries to promote efficiency, effectiveness and

competitiveness. We have shown that against this background efficiency analysis

plays an important role for the determination of the X-factors for setting price or

revenue caps.

This dissertation considers a European perspective within efficiency analysis

for electricity distribution to increase the information base and derive broader

conclusions about European performances. This issue is of particular relevance

because empirical evidence shows that the West European countries are widely

analyzed with respect to utility performance in the electricity sector, yet scant

attention has been paid to the East European experience.

We present a range of different nonparametric and parametric benchmarking
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Chapter Publication, Contribu-
tion

Analyzed
countries

Benchmarking
model

Main findings

Chapter
II

Updated version of Cullmann
et al. (2006); author worked
on development of models
and interpretation of results;
data collection was collabora-
tive.

Germany Nonparametric
approach, and
parametric (SFA)
with translog
distance function.

Increasing returns to
scale, choice of inputs
and outputs influences
results, East German
companies perform
better.

Chapter
III

Updated version of Cullmann
et al. (2008); research was ini-
tiated by the author, respon-
sible for developing the mod-
els, interpreting the results,
writing the bulk of the analy-
ses; collection and evaluation
of French data was collabora-
tive.

France, Ger-
many

Parametric ap-
proach (SFA and
COLS), Cobb
Douglas produc-
tion function.

Urban companies oper-
ate more efficient, French
companies perform bet-
ter, density index has an
impact.

Chapter
IV

Updated version of Cullmann
and Hirschhausen (2008a);
author was responsible for de-
veloping the models, inter-
preting the results, and writ-
ing the bulk of the analyses.

Poland, Hun-
gary, Czech
Republic,
Slovakia,
Germany

Nonparametric
approach and
statistical infer-
ence, test on mean
equivalence and
constant returns to
scale by means of
bootstrapping.

Polish companies suffer
from the highest lack
of technical efficiency,
Czech Republic shows
the highest efficiency
scores, Eastern Eu-
rope less efficient than
Germany.

Chapter
V

Updated version of Cullmann
and Hirschhausen (2008b);
research was initiated by the
author, responsible for de-
veloping the models, inter-
preting the empirical results,
writing the bulk of the analy-
ses.

Poland Parametric (SFA)
and nonparametric
approach (DEA,
FDH, Order-m),
technical and cost
efficiency analysis.

Technical efficiency of the
companies has indeed in-
creased during the transi-
tion, while allocative effi-
ciency has deteriorated.

Chapter
VI

Author’s independent re-
search.

Germany Parametric ap-
proach (SFA with
latent classes),
Cobb Douglas
distance function.

Latent factors are
present, econometric
model helps to improve
benchmarking models.

Table 1.1: Summary of chapters

approaches and frameworks in the literature, discussing and comparing them in

detail. We then consider two recent debates to improve benchmarking: the appli-

cation of statistical inference by means of bootstrapping for nonparametric DEA

to obtain more reliable, robust results, and the problem of firm-specific unobserved

heterogeneity. We emphasize that until now there exists no academic consensus

about which method performs best. Current practice with regard to regulatory

implementation includes the nonparametric as well as the econometric approach.

We note that the literature discussion of approaches is increasing and that in the

near term, research efforts will combine both approaches within a semi-parametric

framework.
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Chapter 2

Efficiency Analysis of German

Electricity Distribution Utilities

- Nonparametric and Parametric

Tests

2.1 Introduction

Efficiency analysis has played a crucial role in defining regulatory policies, mainly

in industries characterized by natural monopolies and/or by public ownership. Ex-

amples are telecommunication (Uri, 2001), transport (Coelli and Perelman, 1998,

2000), energy (Jamasb and Pollitt, 2001, 2003), schooling (Mizala et al., 2002) and

hospitals (Steinmann and Zweifel, 2003). Efficiency analysis is also increasingly

applied to other sector-specific analysis, such as farming (Latruffe et al., 2004)

on crop and livestock farms, banking (Färe et al., 2004), or the cement industry

(Tsekouras and Skuras, 2005). In the electricity sector, efficiency analysis has

played a particularly important role in the liberalization process towards a com-

petitive industry structure and market-orientated regulation, both in electricity

transmission and electricity distribution. The objective of this chapter is to assess

the relative efficiency of German electricity distribution companies, in order to

generate information for an incentive-oriented regulation, with benchmarking and

yardstick competition.

DEA and SFA are the most commonly used methods in the literature on bench-

marking and efficiency analysis in the electricity sector. Many authors concentrate

on scale effects, and the optimal size and relative efficiency of utilities. Jamasb

and Pollitt (2001) give an extensive comparison of international efficiency studies
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for the electricity sector, stressing the importance of the proper variable choice.

In a subsequent paper, Jamasb and Pollitt (2003) perform an international bench-

marking study of 63 utilities from six European countries comparing several SFA

and DEA specifications. Although they determine a high correlation among the

models, the results for single utilities differ noticeably.

In this chapter both traditional issues of electricity sector benchmarking are

addressed, such as the role of scale effects and optimal utility size, as well as new

evidence specific to the situation in Germany. Regarding the latter, the potential

effects of three structural variables are considered: consumer density, grid com-

position (cable vs. aerial lines), and differences between East and West German

distribution companies. The empirical section thus follows the structural criteria

set out by the German association agreements (Verbändevereinbarung Strom VV

II), a predecessor of the energy law of 2005. The data cover 307 (out of 553)

German electricity distribution utilities.

Efficiency analysis in electricity distribution currently faces serious issues in

determining whether there are significant returns to scale. The question arises

whether or not smaller utilities do have systematically lower efficiency scores than

larger ones, implying increasing returns (‘big is beautiful’). Filippini (1998), Farsi

and Filippini (2004), and a number of other studies suggest significant economies

of scale in ‘small’ electricity distribution systems, e.g. Switzerland and Slove-

nia. Smaller utilities could reduce costs by merging and thereby extending their

sub-optimal service territory size. This would suggest that the current, atomized

structure of the German electricity utilities may be subject to structural change

as well.

In the wake of liberalization, the German electricity industry is currently un-

dergoing structural change from local monopolies to regulated competition. Ob-

servers suggest that liberalization will lead to a structural change of the sector,

which has up to now comprised a large number of companies: four in high voltage

transmission, 56 in regional distribution, and 553 in local electricity distribution.

These numbers contrast sharply with the UK system, for instance, which features

only 13 regional electricity companies altogether. The next Section 2.2 briefly de-

scribes the institutional context of electricity sector reform in Germany. Section

2.3 presents our methodology and data. Results from the basic model, and from

several extended models, estimated by using DEA and SFA are provided in Section

2.4; a correlation analysis of different estimations is also carried out. Section 2.5

concludes.1

1This Chapter 2 is an updated version of Cullmann et al. (2006). The author worked on the
development of the models and the interpretation of results. Data collection was collaborative.
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2.2 Electricity sector reforms in Germany

Germany is the largest electricity producer and consumer in the European Union,

and thus plays an important role in the liberalization of the sector launched by

the European Commission in the mid-1990s. However, until recently, Germany has

held the red lantern of the countries resisting European electricity deregulation,

together with France and a few other countries. Subsequently, the European Union

has speeded up its attempts towards liberalization and vertical unbundling of the

electricity sector. The so-called ‘Acceleration Directive’ (2003/54/EC) requires

legal unbundling of electricity distribution companies with more than 100,000

connected customers, i.e. creating legally independent commercial units for gen-

eration, transmission and distribution. This goes well beyond the former EU

electricity directive 96/92. Given the slow progress of liberalization in most mem-

ber states, the Acceleration Directive also calls for an intensification of regulatory

oversight and the introduction of an explicit regulatory body in each country,

responsible for regulating electricity distribution.

Consequently, in Germany the electricity industry will now be subordinated

to ex-ante regulation for the first time in its history. Under the former directive

96/92, Germany had implemented a model of negotiated access and had – to that

end – authorized industry self-regulation. The electricity industry and the large

electricity consumers were given freedom to negotiate network access prices and

conditions in so-called association agreements. Given the systemic information

advantage of the electricity industry over the customers, and the hesitation of the

German government to establish a sufficient countervailing power in a regulatory

agency, self-regulation did not succeed in bringing prices down, or in establishing a

significant level of competition. In its annual benchmarking reports, the European

Commission has regularly criticized the German approach of self-regulation of

network access charges (European Commission, 2003).2 The new German energy

law, in force since July 2005, therefore set up a regulatory agency and required

ex-ante regulation of network access. As observed in other countries implementing

UK-style reforms, e.g. the Netherlands and Austria, the process of unbundling

and the introduction of ex-ante regulation are likely to lead to conflicts between

the incumbent operators, potential market entrants and the regulatory authorities.

These conflicts revolve around the absolute level of access tariffs, the relative level,

and non-tariff discrimination.

Surprisingly, the literature on that issue in Germany is sparse: Riechmann

2See Brunekreeft (2003) and Brunekreeft and Twelemann (2005) for a detailed account of the
regulatory context in German electricity.
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(2000) investigates the efficiency of the 53 regional distributors in Germany with

DEA and finds significant cost reduction potentials. Haupt et al. (2002) compare

network access prices of German electricity distributors and identify reasons for

differences beyond the decision framework of the companies. They consider struc-

tural variables in order to take explicit account of regional specificities, for example

settlement density and consumer structure; but they do not include a comparative

efficiency analysis. Growitsch and Wein (2005) try to explain the high network

charges in German electricity distribution, but efficiency considerations are not

included in the analysis. In a study for the German energy consuming industry,

Frontier Economics (2003) assess a sample of 27 regional and local electricity dis-

tributors, using turnover as input, and peak load, units sold, and structural para-

meters as output. Interestingly, a regional distributor in East Germany was found

to be on the efficient frontier, indicating that the traditional post-reunification bias

towards higher costs in East German distribution may have decreased by now.

2.3 Methodology and data

2.3.1 Methodology

To measure the relative efficiency of the German distribution utilities the tradi-

tional DEA is used as well as SFA, including the parametric multi-output multi-

input distance function, mainly as a verification method. The analysis is confined

to the measurement of technical efficiency. DEA is a nonparametric approach de-

termining a piecewise linear efficiency frontier along the most efficient utilities to

derive relative efficiency measures of all other utilities. The efficiency scores can

be obtained either within a constant returns to scale (CRS) approach or a less re-

strictive variable returns to scale (VRS) approach. The VRS approach compares

companies only within similar sample sizes; this approach is appropriate if the

utilities are not free to choose or adapt their size. Therefore it is argued that the

CRS approach is more relevant for the analysis. It assumes that companies are

flexible to adjust their size to the one optimal firm size at least in the German

context. However, the VRS model is also calculated in order to report scale effi-

ciency information, which is delivered by the difference between the CRS and VRS

scores. The determination of the efficiency score of the i-th firm in a sample of N
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firms in the CRS model is equivalent to the following optimization:

minθ,λ θ

subject to

−yi + Y λ ≥ 0

θxi −Xλ ≥ 0

λ ≥ 0 (2.1)

θ is the efficiency score, and λ a N × 1 vector of constants. Assuming that the

firms use E inputs and M outputs, X and Y represent E ×N input and M ×N

output matrices, respectively. The input and output column vectors for the i-th

firm are represented by xi and yi. To determine efficiency measures under the VRS

assumption a further convexity constraint∑
λ = 1 (2.2)

has to be considered.3 The system is solved once for each firm (for details, see

Coelli et al., 2005). Calculations can be done using an input-orientation or an

output-orientation. The input-orientation considers the output to be fixed so that

the input has to be adjusted in order to maximize efficiency. In the output-

orientation, inputs are considered fixed and the objective is the maximization of

output. Traditionally, efficiency analyses in the electricity sector assume the output

fixed in a market with the legal duty to serve all customers in a predefined service

territory. In order to avoid potential errors of misspecification, both input- and

output efficiency measures are calculated. The two measures provide the same

value under CRS and estimate exactly the same frontier, therefore identify the

same set of utilities being on the efficient frontier (see Coelli, 1996). The VRS

results of our empirical analysis obtained under the output-orientated approach

do not differ significantly in comparison with the input-orientation.

DEA is a relatively uncomplicated approach. The determination of an ex-

plicit production function is not required. However, since DEA is a nonparametric

approach the impact of the respective input factors on the efficiency cannot be de-

termined. Furthermore, DEA does not account for possible noise in the data and

outliers can have a large effect on the results. Therefore a second methodology,

SFA, is introduced. SFA delivers a parametric approach to efficiency benchmark-

ing. The theory of stochastic frontier production functions was originally proposed

3The constraints ensure that the i-th firm is compared with a linear combination of firms
similar in size.
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by Aigner et al. (1977) as well as Meeusen and Broeck (1977). This approach re-

quires the definition of an explicit production or cost function. Based on a regres-

sion a parallel shift of the original production function yields the efficiency frontier.

This is caused by an underlying assumption splitting the error term into a noise

component vi and an inefficiency term ui. Originally, the model was specified for

cross sectional data. The stochastic frontier models is defined as follows:

yi = β′xi + vi − ui (2.3)

where yi is output (or the logarithm of output) of the i-th firm, xi is a k×1 vector

of input quantities of the i-th firm, β is a vector of parameters to be estimated,

vi is a random variable which is assumed to be i.i.d. (vi ∼ N [0, σ2
v ]), independent

of ui. ui is a non-negative random variables usually assumed to be half-normal

distributed i.i.d. (ui ∼ N+[0, σ2
u]), thereby accounting for individual technical

inefficiency.

This original specification has been extended by different assumptions on the

distribution of ui, such as truncated-normal or two-parameter gamma distribu-

tions. The further extension of the model to panel data, systems of equations

and time-varying technical efficiencies follows more recent developments in econo-

metrics and productivity analysis. SFA allows one to deal with multiple-inputs

multiple-outputs (see Coelli and Perelman, 2000) in the form of parametric dis-

tance functions, originally proposed by Shephard (1970). The basic idea is that in

the case of a given production possibility frontier, for every producer the distance

from the production frontier is a function of the vector of inputs used, x, and the

level of outputs produced, y. For the output-oriented model the distance function

is defined as:

do(x, y) = min{θ : y/θ ε P (x)} (2.4)

where do(x, y) is the distance from the firm’s output set P (x) to the production

frontier. do(x, y) is non-decreasing, positively linearly homogeneous and convex in

y, and decreasing in x (Coelli and Perelman, 2000). θ is the scalar distance by

which the output vector can be deflated (see Coelli, 2000) and can be interpreted

as the level of efficiency. The output distance function aims at identifying the

largest proportional increase in the observed output vector y provided that the

expanded vector y/θ is still an element of the original output set (Grosskopf et al.,

1995). If y is located on the outer boundary of the production possibility set then

do(x, y) = θ = 1 and the utility is 100% efficient. On the other hand, values of

do(x, y) = θ ≤ 1 indicate inefficient enterprises lying within the efficiency frontier.
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The input-orientated approach is defined on the input set L(y) and considers, by

holding the output vector fixed, how much the input vector may be proportionally

contracted. The input distance function is expressed by:

di(x, y) = max{ρ : x/ρ ε L(y)} (2.5)

di(x, y) is non-decreasing, positively linearly homogeneous and concave in x,

and increasing in y (Coelli and Perelman, 2000). ρ is the scalar distance by which

the input vector can be deflated. If di(x, y) = ρ = 1, x is located on the inner

boundary of the input set and the utility is 100% efficient.

The first step is to determine the parametric relationship between inputs and

outputs. The most common and appropriated functional form is the translog

distance function. The translog input distance function di in its parametric form

with M(m = 1, 2, ...M) outputs and K(k = 1, 2, ...K) inputs is specified as (Coelli,

2000)

ln di = α0 +
M∑

m=1

γm ln ym +
K∑

k=1

βk ln xk +
1

2

M∑
m=1

M∑
n=1

γmn ln ym ln yn

+
1

2

K∑
k=1

K∑
l=1

βkl ln xk ln xl + +
K∑

k=1

M∑
m=1

δkm ln xk ln ym. (2.6)

In order to maintain the homogeneity and symmetry a number of restrictions

need to be imposed. For homogeneity the following restrictions have to be consid-

ered:

K∑
k=1

βk = 1,

K∑
l=1

βkl = 0 and
K∑

k=1

δkm = 0 (2.7)

For symmetry, two other restrictions have to be fulfilled:

γmn = γnm and βkl = βlk (2.8)

Imposing homogeneity restrictions by normalizing Equation 2.6 by dividing the

inputs by one of the inputs xK delivers the estimating form of the input distance
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function:

− ln xK = α0 +
M∑

m=1

γm ln ym +
K−1∑
k=1

βk ln(
xk

xK

)

+
1

2

M∑
m=1

M∑
n=1

γmn ln ym ln yn +
1

2

K−1∑
k=1

K−1∑
l=1

βkl ln(
xk

xK

) ln(
xl

xK

)

+
K−1∑
k=1

M∑
m=1

βkm ln(
xk

xK

) ln ym − ln di. (2.9)

ln di can be interpreted as error term which reflects the difference between the

observed data realizations and the predicted points of the estimated function.

Replacing ln di by a composed error term (the stochastic error vi and the technical

inefficiency ui) yields the common SFA form. It can be estimated by a stochastic

frontier production function defined as yi = f(xi) + vi − ui. For I(i = 1, ..., I)

firms, the econometric specification with ln di = vi − ui, in its normalized form is

expressed by:

− ln xKi = α0 +
M∑

m=1

γm ln ymi +
K−1∑
k=1

βk ln(
xki

xKi

)

+
1

2

M∑
m=1

M∑
n=1

γmn ln ymi ln yni +
1

2

K−1∑
k=1

K−1∑
l=1

βkl ln(
xki

xKi

) ln(
xli

xKi

)

+
K−1∑
k=1

M∑
m=1

βkm ln(
xki

xKi

) ln ymi + vi − ui. (2.10)

A distribution for ui has to be assumed in order to separate stochastic noise and

inefficiency effects. We assume in different model runs both, the half-normal distri-

bution (ui ∼ N+[0, σ2
u]) and the truncated-normal distribution (ui ∼ N+[µ, σ2

u]).

2.3.2 Choice of variables and data

In the literature, a variety of specifications is employed depending on what exactly

is investigated and which variables are used as inputs and as outputs. For example,

most studies consider the grid size as an input to approximate the capital costs

whereas other studies cited by Jamasb and Pollitt (2001) specify the total length

of line as output variable to approximate the complexity of the grid structure.

Likewise, the transformer capacity is found to be an input in 11 of the 20 studies

analyzed, whereas two of the studies chose it as an output. The choice of variables

for input and output needs to take into account the international experience with
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electricity distribution benchmarking, and is constrained by data availability. In

this respect, Germany has to be ranked among the least developing countries.

The absence of regulation has thus far prevented the systematic collection of the

relevant data. One therefore has to cope with a data set providing a representative

sample for one year only (2001). A base model is estimated, using the traditional

input and output variables, and then variations are added to this model. The base

models include labor, grid size and peak load (as the proxy for transformation

capacity) as inputs, and units sold, the number of customers and the inverse

density index as outputs. In the extended models, one disaggregates both the

consumers (number of industrial and number of residential customers) and the type

of cable (aerial and underground), and an additional input variable is introduced:

the electricity losses by each company. Last but not least, the performance of

utilities in East Germany and in West Germany are compared to check whether this

historical distinction still causes a structural difference between the two regions.

The data specification is as follows:

* Labor input is estimated by the number of workers. One is aware of the

criticism of this choice of variable due to the potentially distorting effect of

outsourcing: a utility can improve its efficiency simply by switching from

in-house production to outsourcing. Some of the utilities have their own

generating plants and only employment data covering all workers in the elec-

tricity utility is disposed of. To get an approximation of workers employed

in electricity distribution, one employee is subtracted for each 20 GWh elec-

tricity produced (following Auer, 2002).

* Capital input is approximated by the length of the existing electricity net-

work. Voltage levels (high, medium and low voltage) are differentiated by

introducing a cost factor for each voltage level. Following standard practice

used by the German network association (VDN): factor 5 for high voltage,

1.6 for medium voltage, and 1 for low voltage cables. In addition, in one of

the extended models, we distinguish between the cable grid and the aerial

grid (following Auer, 2002, and others); cable is supposed to be more expen-

sive than aerial grid. Thus, the simple grid size variable of the basic model

is substituted by a weighted sum of cable and aerial grid. The share of cable

lines of total lines is one of the structural variables in the German association

agreements. One model also takes into account the maximum peak load as

a further cost factor to approximate transformer capacity.

* The amount of electricity distributed to end users (units sold) and the total

number of customers are used as output variables; in an extended model
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turnover (national revenue) is used instead of units sold as a further output

variable.4

* Losses are included as a proxy for the technical quality of the grid or the

service quality of the grid. Losses are considered as an input.5

* The use of the inverse density index (settled area in kilometers per inhab-

itant) in the base model specification is motivated by the argument that

utilities with a dense customer structure have a natural cost advantage over

those with a weak customer density. When taken as an output, the inverse

density index improves the performance of sparsely inhabited distribution

areas. Density is also one of the structural variables defined in the German

association agreements.

In addition, utilities situated in West Germany are distinguished between those in

East Germany (the former GDR). The latter are expected to display particularities

due to their socialist heritage which may have a significant effect on their efficiency

scores. An example is the density of a territory that a utility has to serve. Also,

electricity consumption has plummeted significantly since the end of socialism,

and the existing networks may have been too extensive.

The electricity distribution data used in this chapter include information on 307

German distribution companies in the year 2001 (or, for some variables, previous

years). The data were collected from publicly available sources.6 It has been

verified that the sample is representative: it covers 56% of the total number of

utilities, and 60.3% of the electricity sold. For the Models 3–7, there are 195

observations. Summary statistics of the data are presented in Table 2.1.

2.4 Empirical results

2.4.1 Overview of the model runs

The presentation of results is divided into two broad sections: in the first sec-

tion, the base model is developed, consisting of two inputs (labor, network size)

4Due to data limitations, one cannot differentiate between operating costs (OPEX) and capital
costs (CAPEX). For curiosity reasons, a model specification has also been run using turnover
as the only input. If one assumes identical profitability among the distribution companies, then
turnover can be used as a proxy for total costs (TOTEX).

5Alternatively, other studies use the inverse of the losses as an output.
6The sources of the data are the following: VWEW (2002) for number of customers, units

sold, number of employees and grid data, and VDEW (1997) for inverse density index and peak
load. Some data were also discovered by internet research on the utilities’ homepages.
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Variable Obs. Mean Std.dev. Min Max

Units sold (MWh) 307 346306.3 1182148 5675 1420000000
No. of customers 307 38494.9 103225.8 7 1060000
Grid size (km) 307 1190.7 3328.4 20.6 38899
Labor 307 100.6 291.1 2 3077
Inv. density index 307 0.0027 0.0034 0.00022 0.028
Peak load (kW) 195 78265.6 2191046 1363 2041000
Turnover (mn.EUR) 195 49595.1 1806072 597 2182300
Losses (MWh) 195 213.5 1065133 53 1340262
Aerial line (km) 195 213.5 5870 1 5529
Cable line (km) 195 1189.9 26047 12.4 192234
Non res. customers 195 45197.8 1118686 60 909000
Res. customers 195 4639.5 137061 2 151000

Table 2.1: Summary statistics

and three outputs (units sold, number of customers, inverse density index). Sub-

sequently, variations were run on the base model, including the use of turnover

as a monetary variable (instead of units sold), a disaggregation of the consumers

(industrial and residential), as well as a disaggregation of the network (into aerial

lines and underground cable). Further, peak load is considered as a proxy for

transformer capacity (for which no data are available). To extend the classical

efficiency measurement approach quality is included: grid quality is approximated

by the sum of losses as a further input variable. Results for East and West Ger-

many will also be discussed separately. Models 1 and 2 are separately estimated

with DEA (CRS and VRS) and SFA7, and the correlations and rank correlations

are checked. Models 3–7 are limited to DEA. The limited data availability for

firm-specific characteristics leads to a reduced data sample of 195 utilities in the

second approach. Since Model 2 is estimated with the full data sample as well

as with the reduced data sample, it serves as reference model to compare results

obtained in the two parts. Table 2.2 lists the different model specifications in more

detail.

2.4.2 Results from the base model

Model 1 considers two inputs (labor and grid size) and two outputs (units sold

and number of customers). The average efficiency for Model 1 is 63.2%. Twelve

utilities are on the efficient frontier. A positive correlation is observed between

the size of the utility and its efficiency score: the average efficiency for the 154

largest utilities is 69% whereas for the smaller half of the sample it is only 57%. In

7DEA was conducted using the software DEAP Version 2.1; for SFA, we used the software
package FRONTIER Version 4.1.
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Labor Grid Losses Peak Units Turn- No. of Inverse
size load sold over customers density

index

Model 1 I I O O
Model 2 I I O O O
Model 2 (VRS) I I O O O
Model 2 (West/East) I I O O O
Model 3 I I I O O O
Model 2b I I O O O
Model 4 I I O O O
Model 5 I I I O O O
Model 6 (Grid disag.) I I O O O
Model 7 (Cust disag.) I I O O O

Table 2.2: Different model specifications

particular, there seems to be a problem with very small utilities: the 25 smallest

distribution companies average an efficiency score of only 41.4%. If one uses the

VRS specification of Model 1 instead, the efficiency scores rise significantly: 32 of

the 307 utilities are on the efficient frontier. This can be explained by the fact that

now utilities of similar size are compared with each other and not with the best

ones in the sample. With VRS, the average efficiency increases to 68.3%, 5.1%

higher than the results under the CRS assumption. For individual utilities, this

improvement is significantly higher, in particular for the smaller ones. However,

the largest companies are also considered more efficient under the VRS assumption

because they might operate in an area of decreasing returns to scale. This may

imply that they are too big to be efficient.

Further analyses and specifications will show that some of the inefficiencies

detected in the base model can be explained by further firm-specific characteristics

or structural variables.

2.4.2.1 Impact of structural particularities

The following analysis addresses the first two structural variables that are used in

the association agreement’s assessment of potential cost drivers: density, and East-

West structure. It is reasonable to assume that regional particularities can have a

strong impact on the efficiency of distribution utilities, although they are outside

their decision framework. As mentioned before an example is increasing costs

because of the density of a territory that a utility has to serve. Model 2 measures

the first structural variable, the inverse density index, defined as service territory

in km2 divided by the number of inhabitants of the region. The inverse density

index may also pick up some of the topographical particularities, since regions with
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a rough topography tend to have a lower density. This structural variable increases

the efficiency of utilities in sparsely settled regions. DEA considers this effect under

the present specification as an increase in output that will increase the estimated

efficiency of utilities in sparsely settled areas. Companies with a higher inverse

density index and thereby a territory with few customers per square kilometer will

increase their efficiency. The average productivity for Model 2 increases moderately

compared with Model 1, from 63.2% to 66.7%. Fifteen utilities are on the efficient

frontier, three more than under the CRS assumption for Model 1. Figure 2.1

compares the CRS result for Model 2, including the inverse density index, with

the CRS result from Model 1 (without structural variable). In Figure 2.1 as well

as in all subsequent figures, the utilities are ordered by units sold and, thereby, by

size. Thus, utility No. 1 is the largest in size, and utility No. 307 the smallest. It

turns out that for the 190 largest utilities, the structural effect is less significant

(average efficiency increase of 0.4%), whereas for the smaller ones, density is an

important cost driver (average increase of 6.9%); the effect is particularly strong for

the 50 smallest utilities,8 because considered relatively: density, as a cost driver,

has a higher impact for smaller utilities.

If we use the VRS specification of Model 2 instead, the efficiency scores rise

significantly. 35 of the 307 utilities are on the efficient frontier, which can again

be explained by the fact that now utilities of similar size are compared with each

other, and not with the best ones in the sample. With VRS, the average efficiency

increases to 69.9%, 3.2% higher than the results under the CRS assumption. For

individual utilities, this improvement is significantly higher, in particular for the

smallest but also the largest ones. Figure 2.2 shows the difference in efficiency

scores between the VRS and the CRS model. It seems that the optimal utility

size, i.e. the one where the VRS and the CRS efficiency scores converge, is around

utility number 100 in the sample. This corresponds to about 200 GWh sold. Figure

2.2 also makes one issue clear: on the one hand smaller utilities could significantly

gain in efficiency by merging; in this area, considerable economies of scale can be

realized. On the other hand also larger utilities could become more efficient by

becoming smaller.9

8The extreme case is utility No. 297, which increases its efficiency score by 66.3 percentage
points.

9The nature of the scale inefficiencies (due to increasing or decreasing returns to scale) can
directly be determined in DEAP Version 2.1 by running an additional DEA problem with non-
increasing returns to scale (NIRS) imposed; for more details see (Coelli et al., 1998). The
empirical results indicate that large utilities are operating in an area of decreasing returns to
scale, whereas the smaller utilities of the sample are operating in an area of increasing returns
to scale. However, to make a definitive statement about the optimal utility size for the German
electricity distribution sector, a more detailed analysis, based on cost data, would be required.
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2.4.2.2 Correlation analysis and verification with SFA

Before continuing the DEA estimations of the extended models the robustness of

the results are checked with the parametric SFA under an input distance fron-

tier approach. The correlation analysis of the results serves as verification of the

obtained DEA efficiency measures. For verification with SFA a translog input dis-

tance function specification is used. In fact, this is a curved productivity function,

similar to DEA-VRS where economies of scale are not considered to be relevant for

efficiency. Therefore, it is more appropriate to compare the SFA results with DEA-

VRS. Table 2.3 presents the correlation between the DEA and the SFA approaches

for the first two models. All correlations are above 75%. It can be concluded that

the obtained DEA measures can generally be assumed to be robust and coherent.

For the following analyses, the (stricter) constant returns to scale approach is ap-

plied to the sample. This implies that the size of companies is flexible. Given the

recent liberalization of the sector, and the fact that mergers do occur regularly,

this seems to be the more realistic assumption.

DEA DEA SFA SFA
VRS Model 1 VRS Model 2 DF Model 1 DF Model 2

DEA - VRS Model 1 1.00 0.97 0.81 0.74
DEA - VRS Model 2 1.00 0.77 0.76
SFA - DF Model 1 1.00 0.89
SFA - DF Model 2 1.00

Table 2.3: Correlation analysis for Models 1 to 2, sample size 307

Figure 2.1: Difference results DEA Model 2 and DEA Model 1
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Figure 2.2: Difference results DEA Model 1 (VRS - CRS)

2.4.2.3 Analysis of differences between East and West Germany

The model also permits an analysis of structural differences in efficiency between

West and East German distribution utilities.10 In fact, the association agreement

includes a structural variable ‘East-West’, implying that East German utilities

have on average higher costs than their West German counterparts. This is sup-

posedly due to the structural legacy inherited from socialist times, as well as to

the drop in electricity consumption in East Germany after reunification, whereas

network sizes have remained constant. In order to test the East-West hypothe-

sis, we calculate the average efficiency for 259 West German utilities and 48 East

German ones. The results of the East-West comparison are somewhat surprising:

East German utilities feature an average efficiency of 77%, against a West German

average of 65%. This result may suggest that investment efforts of the last decade

have led to an accelerated modernization process in East Germany, and thus a

more efficient use of resources. Electricity production and distribution can now

revert to a modernized power station park distribution system. The results tend

in the same direction as those of Frontier Economics (2003), which find that some

East German utilities have some of the highest efficiency scores.

2.4.3 Results from the extended model

We subsequently estimate the efficiency taking into account a broader set of vari-

ables. In order to keep the results comparable, the base model is estimated with

the reduced data sample of 195 utilities (Model 2b).

10The analysis cannot incorporate a ‘modernization’ measure. This is due to the fact that
because of limited data availability a static model is applied. Only with panel data one would
be able to provide measures of technical change by means of dynamic DEA and SFA models.
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2.4.3.1 Peak load, turnover and quality

In addition to the traditional inputs, grid line and labor, the analysis considers

peak load (as a proxy for transformer capacity, for which no data are available)

to be a separate cost factor. Model 3 thus contains three input and three output

variables. The efficiency estimates are slightly higher than before, averaging 73%.

No structural correlation is found between the size of a utility and its peak load

as a structural variable affecting efficiency. In the case of lacking cost data, it may

therefore make sense to work with two different variables accounting for capital

costs.

Model 4 introduces a monetary variable, turnover, as output measure. The

results are not significantly different from those obtained with Model 2: the average

efficiency decreases by about 1 percentage point. This is due only to the drop of

the average efficiency of the 50% largest distribution utilities. The average of the

smallest one remains the same. An explanation of this uneven effect of the turnover

variable could be that larger utilities generally have more industrial customers in

relation to household customers. Since industrial customers obtain lower prices

and thus lead to a lower average per unit revenue, this has an adverse effect on

the efficiency score.

Model 5 attempts to identify the relation between quality and efficiency. The

quality of distribution is defined by the electricity losses that occur during this

process. As one could expect, the average efficiency of all utilities increases when

this additional input is introduced. No difference is detected in the relative change

of efficiency scores between the large and small utilities. This result contradicts

the common view that large utilities are in possession of better grids.

2.4.3.2 Grid composition and customer structure

A third structural variable that may have an impact on efficiency scores is the

composition of the grid, i.e. the relation of aerial lines to cable lines. The idea

behind this reasoning is that cable lines are on average more expensive than aerial

lines. However, regional utilities are often not free to choose the most appropriate

grid type. This is particularly true in densely settled areas where national law

prohibits aerial lines. The issue is approached in the following way: to show the

real cost structure of the capital input, the simple grid size variable of the basic

model is substituted in Model 6 by a weighted sum of cable and aerial grid. Since

cable lines are on average more expensive an upward factor of 1.25 for each km

of cable line is defined, and thereby indirectly higher (however constant across

companies) prices considered for cables. This takes into account the disadvantage
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of the utilities that are forced to maintain a high proportion of cable lines. The first

noticeable result is that average efficiency remains almost unchanged; it increases

slightly to 67.0% compared with the 66% in the original specification (Model 2b).

The modest change in efficiency is not surprising: some utilities use a grid with a

higher proportion of cable lines, others with more aerial lines. These two tendencies

compensate each other while the average productivity remains almost the same.

The efficiency of single utilities, in contrast, changes more significantly: utilities

with a higher share of cables benefit from this transformation. All in all, the

grid composition does not add much to the interpretation of results, a finding

also suggested by Frontier Economics (2003) who doubt that grid composition is

a significant cost driver.

In addition, we now consider the structure of customers. We distinguish be-

tween industrial and households customers taking into account the difference in the

price structure of the end user prices. Figure 2.3 shows that the higher the share

of industrial customers to total customers, the lower is the efficiency increase from

Model 2b to 7. The same result is already noticed in Model 4: that an increase

of the share of industrial customers represents a disadvantage for the utilities in

terms of efficiency.

2.4.3.3 Characteristics of most inefficient utilities

In order to detect some regularities of inefficiency we now give a short summary

of technical characteristics for the most inefficient firms. For this purpose the

extended Models 2b to 7 are considered and we sorted out the 34 most inefficient

firms across all models. In a second step technical indicators (inputs and outputs)

of the less efficient utilities are compared with those of the more efficient ones (see

Table 2.4). Within the 34 most inefficient utilities, only one is located in East

Germany, which tends to confirm the result that West German utilities tend to

be less efficient when compared to their East German counterparts. Notice that

all inefficient utilities have proportionally a higher share of network length with

respect to their number of customers.11

A second step checks if there are any regularities between inefficiency and the

amount of electricity sold for each customer. Relative to the firm size, there seems

not to be such correlation. Further it is noted that inefficiency is related to the

electricity sold per employee. Most of the inefficient firms provide a relative low

11The ratio of network length and number of customers varies around 0.6. The more efficient
firms show a significantly lower ratio. Only some very small more efficient utilities have a higher
quotient. But this is due to the fact that they can compensate the high utilization of the input
factor capital with a very low utilization of labor.
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Figure 2.3: Correlation between customer structure and efficiency

share of electricity sold and employees. Across all firms one finds low revenue per

km network length and a share of network length per MWh electricity sold.

DEA Model Note Average First 50% of
utilities

Last 50% of
utilities

DEA 1 307 0.63 0.69 0.57
DEA 2 307, Inverse

Density Index
0.67 0.70 0.64

DEA 2,VRS 307, Inverse
Density Index

0.70 0.73 0.67

DEA 2b 195, Inverse
Density Index

0.66 0.67 0.64

DEA 3 195, Peak load 0.73 0.74 0.72
DEA 4 195, Turnover 0.65 0.66 0.64
DEA 5 195, Losses 0.71 0.71 0.71
DEA 6 195, Grid com-

position
0.67 0.68 0.65

DEA 7 195, Customer
structure

0.69 0.71 0.68

Table 2.4: Efficiency differences between large and small utilities

This section again checks the robustness of the results by conducting a corre-

lation analysis for the respective model specifications. Table 2.5 shows the corre-

lation analysis for Models 2b to 7. Overall, the correlation among the models is

high. All are above 79%. Thus one can conclude that the obtained DEA efficiency

measures can generally be assumed to be robust.
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DEA
Model
2b
CRS

DEA
Model
3 CRS

DEA
Model
4 CRS

DEA
Model
5 CRS

DEA
Model
6 CRS

DEA
Model
7 CRS

DEA – Model 2b CRS 1.00 0.93 0.90 0.90 1.00 0.98
DEA – Model 3 CRS 1.00 0.82 0.86 0.93 0.93
DEA – Model 4 CRS 1.00 0.79 0.90 0.89
DEA – Model 5 CRS 1.00 0.90 0.88
DEA – Model 6 CRS 1.00 0.97
DEA – Model 7 CRS 1.00

Table 2.5: Correlation analysis between DEA models (reduced data sample)

2.5 Conclusions

This chapter has extended the literature on efficiency analysis to the electricity

distribution sector in Germany. In addition to conventional DEA analysis, SFA

distance function estimations have been performed, and relatively high correla-

tions were found between the two methods. The general issue of optimal utility

size and specific issues related to the ‘Balkanization’, i.e. the atomization of the

German electricity distribution industry have been addressed. The results suggest

that returns to scale play only a minor role: only very small utilities have a sig-

nificant cost disadvantage. Low customer density is found to affect the efficiency

score significantly in the lower third of the sample. The grid composition does

not produce systematic effects. Surprisingly, East German utilities show a higher

average efficiency than their West German counterparts. Peak load as a structural

input variable does not seem to be an important determinant of efficiency, when

compared to the base model without peak load. Utilities with a high share of

industrial customers seem to suffer a disadvantage by the efficiency analysis. Fur-

ther research should focus on using cost data for the inputs to make comparison of

allocative efficiency possible. Additional analysis of quality and its relation with

efficiency seems to be the most urgent policy relevant question, but it requires a

substantial effort in data collection and treatment.
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Chapter 3

International Benchmarking in

Electricity Distribution:

A Comparison of French and

German Utilities

3.1 Introduction

Recent European sector reforms such as Acceleration Directive 2003/54/EC have

established a more incentive-based regulatory framework in which distribution

utilities are considered as noncontestable regional monopolies. Regulators usually

employ benchmarking techniques to compare distribution companies’ efficiencies

to generate information for incentive-oriented regulations.

A large number of empirical studies at an international level have compared

utilities in a single or several countries. In a panel data analysis for six Latin Amer-

ican countries, Estache et al. (2004) show that national regulators can reduce

information asymmetry through cross-country efficiency analysis. We note that

international cross-country efficiency analysis involves empirical problems due to

transnational comparisons. Thus, in general terms cross-country comparisons us-

ing firm level data are less common. However, national policy makers have become

more interested in cross-country efficiency analyses. Estache et al. (2004) acknowl-

edge the empirical problems resulting from differences in definitions and fields of

activities and responsibilities of the national distribution companies, and conclude

that cross-country comparisons require a high degree of homogeneity. Empiri-

cal problems are greater when considering international cost efficiency analyses.

Jamasb and Pollitt (2003) find that data definition (e.g. accounting rules, de-
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preciation, price deflators, exchange rates, and the like) is a significant problem.

Therefore, we limit ourselves in a first step to a comparison of production efficiency

in Germany and France. In addition to monetary variables, technical parameters

that can differ across countries must be accounted for; this chapter identifies the

technical parameters, refining the available data to a consistent and comparable

sample. We note that even if distribution companies operate in different regions

with similar technical settings, environmental and network characteristics may be

only partially observable. Such unobserved heterogeneity is already present at the

national level, but the effect can be greater when making international compar-

isons.1

To date, no European performance study includes both France and Germany.

Thus, this chapter is the first productivity analysis of a large number of French

and German electricity distributors. The two countries’ different market structures

present the two extremes found in European electricity distribution. France has

a vertically integrated dominant operator (Electricité Réseau Distribution France

(ERDF), which is a 100% EDF’s subsidiary) with separated distribution activities

that are organized into eight more or less homogeneous regional distribution units,

while Germany is characterized by many different regional and local distribution

companies.

The main objective of this chapter is to define how the choice of input-output

variables can modify the scores and rankings of the companies with respect to

the differences in environmental and structural constraints between companies and

between the two countries. We hypothesize whether companies operating in urban

regions reach higher efficiency scores than in rural areas due to higher population

density and the resulting cost advantages. We also estimate the importance of

underground cable networks on the relative efficiency scores because such networks

generally involve lower maintenance costs. Since financial data is unavailable for

German companies, our models incorporate cost drivers such as the number of

customers, total power sales, inverse density index, length of the grid, and number

of employees.

The next Section 3.2 describes the methodological background for efficiency

analysis. Section 3.3 provides the empirical application, data description, and

model specification for the distribution structures in France and Germany that are

1We underline the importance of modeling such unobserved heterogeneity in order to separate
the unobserved factors from inefficiencies within international comparisons; see Greene (2002,
2004, 2005b). Parametric panel data models (e.g Greene’s true random effect model; Greene
(2005b)) exists that are able to shed light on the problem, but given that we only dispose of a
static data set, we cannot apply any panel data models to model the unobserved heterogeneity.
This is a topic for future research.
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necessary for international comparisons. Results from the base model and from

several extended models estimated with COLS and SFA methods are provided in

Section 3.4. Section 3.5 concludes.2

3.2 Parametric benchmarking methods

Efficiency analysis (benchmarking) has played an essential role in defining regu-

latory policies mainly in industries characterized by natural monopolies and/or

by public ownership such as energy. In the electricity sector, efficiency analysis is

particularly important in the migration to a competitive industry structure with

market-oriented regulation for both transmission and distribution. Until now, in

the empirical application within a regulatory framework the DEA has outper-

formed SFA (Farsi et al., 2007). Nevertheless, we explicitly focus in Chapter 3

on the parametric approach for the following reasons: regulators are beginning to

employ parametric methods to assess the cost drivers of distribution companies;

assessing the impacts of different parameters on efficiency scores is useful; and SFA

results are important because the deterministic DEA is sensitive to outliers and

sampling variations.

We apply the two common parametric approaches (COLS and SFA). The tech-

nological possibilities of firms and industries can be summarized by means of pro-

duction functions that represent the technical relationship between the level of

inputs and the resulting level of outputs.3 There are different algebraic forms to

describe the technology of the industry; the most important are the linear, the

quadratic, the normalized quadratic, the generalized Leontief and the constant

elasticity of substitution (CES) functions (Coelli et al., 2005). Empirical appli-

cations most frequently use Cobb-Douglas and the translog functions, depending

on different assumptions about returns to scale and substitution elasticities. The

translog function is defined by a second order (all cross-terms included) log-linear

form and represents a relatively flexible functional form that does not impose as-

sumptions about constant elasticities of production or elasticities of substitution

between inputs (Coelli et al., 2005). Thus, it allows the data to indicate the actual

curvature of the function rather than imposing à priori assumptions.

2This Chapter 3 is an updated version of Cullmann et al. (2008). The research was initiated
by the author, who was also responsible for developing the models, interpreting the results and
writing the bulk of the analyses. The collection and evaluation of French data was collaborative.

3The principal properties of production functions that underpin the economic analysis are
nonnegativity, weak essentiality; that the production function is non-decreasing and concave in
the different inputs; for a detailed mathematical analysis on production function characteristics
see Chambers (1988) and Coelli et al. (2005).
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The Cobb-Douglas production function is characterized by more restrictive

assumptions about returns to scale and the elasticity of substitution. The elasticity

of substitution has a constant value of 1; i.e. the functional form imposes a fixed

degree of substitution on all inputs. The elasticity of production is constant for all

inputs, i.e. a 1% change in input level will produce the same percentage change in

output irrespective of any other arguments of the function (Coelli et al., 2005). We

note that Cobb-Douglas is a special case of the translog production. The Cobb-

Douglas function, which we assume for our empirical analysis, can be expressed

by

ln yi = β0 +
2∑

j=1

βj ln xji (3.1)

where yi represent the output (or aggregated output index) and x1, x2 the

capital and labor input, respectively.

Within the COLS approach we assume a given functional form of the rela-

tionship between inputs and outputs and estimate the unknown parameter of the

function by ordinary least squares (OLS) regression. The residual (the estimated

error) represents technical inefficiency. The efficient frontier is constructed by

adding the value of the largest positive estimated error ui (see Jamasb and Pol-

litt, 2003, for an extensive overview). To derive the relative performance of an

individual firm, we assess the distance from the observation point to the efficient

frontier captured by the estimated error. COLS belongs to the deterministic para-

metric frontier models, where deviations of a firm from the theoretical maximum

is allocated exclusively to inefficiency.

SFA is another parametric method used to estimate the efficient frontier and

the efficiency scores. Within this framework the maximum output which firms

can obtain is determined by two parts: the production function as well as ran-

dom external factors. Thus, deviations from the production frontier might not be

completely under the control of the managers. Within this approach the unknown

parameters of the function are estimated by maximum likelihood techniques. Con-

trary to OLS regression, the SFA model decomposes the residuals into a symmetric

component representing statistical noise and an asymmetric component represent-

ing inefficiency (Greene, 2004). The most general formulation proposed by Aigner
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et al. (1977), (see also Greene, 2004), is

y = β′x + v − u

u = |U |

U ∼ N [0, σ2
u] (3.2)

v ∼ N [0, σ2
v ]

here x represents the explanatory variables (inputs in the case of a production

frontier), y the observed production of a firm, u the nonnegative random vari-

able associated with inefficiency, and v the symmetric random error accounting

for noise. The latter is assumed to be a normal random variable, independently

and identically distributed. As the model is usually specified in natural logs, the u

can be interpreted as the percentage deviation of observed performance y from the

unit’s own frontier performance (see Greene, 2002). SFA allows the computation of

efficiencies of the individual decision units or the entire industry. A common mea-

sure of technical efficiency is the ratio of the observed output to the corresponding

stochastic frontier output (Coelli et al., 2005). For both approaches relative to the

production frontier, the measures of technical efficiency TE are generally defined

as

TE = E(y|u, x)/E(y|u = 0, x) = exp(−u) (3.3)

where E is the conditional expectation. TE assumes a value between 0 and 1

and indicates the observed output of the i-th unit relative to the output which

could be produced by a fully efficient unit using the same input vector. The above

measures of technical efficiency rely upon the predicted value of the unobservable

u (see Coelli et al., 2005) that is determined by means of conditional expectations

of the functions of u, conditional upon the observed value of the whole error term,

v − u.

3.3 Empirical application

3.3.1 Data description

For France, we use a consistent data set for the 93 French distribution utilities for

the year 2003. For Germany, only data for 2001 was available (VWEW, 2002).

Although changes implemented among many German distribution companies be-

tween 2001 and 2003 resulted in mergers and restructuring of their activities, for
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the purposes of this chapter we assume the French and German data sets are

comparable. We conduct a static efficiency analysis, considering only the tech-

nical efficiencies of the utilities (since there is no firm level cost data or input

factor price data available for Germany). We note that consistent and unbiased

international cost comparisons require a high level of accounting standards and

definitions that until now have not been implemented. The sample statistics for

both countries are provided in Tables 3.1 and 3.2. For France, we analyzed 315,000

GWh (excluding distribution losses) and data for 31 million residential customers.

For Germany we analyzed 268,000 GWh (again excluding distribution losses), and

15 million customers (out of 40 million total). The two tables show the network

length of the two countries: the French distribution companies own 1,200,000 km

and the Germans only 440,000 km. However, the number of employees is almost

identical (France: 35,000; Germany: 37,000).

Electricity Number Network Number Inverse Surface Under-
sold of cust- length of empl- density in km2 ground

in MWh omers in km oyees index rate
km/inh.

Mean 3478514 194752 5705 486 2996 1112 0.85
Min 249591 71 446 16 101 16 0
Max 61845700 1800000 75223 4692 24200 13190 1
St.dev. 9568855 280635 10310 736 4277 2524 0.18
Median 866870 94792 2268 200 1150 2215 0.92
Sum 267845576 14995929 439270 37422 84509

Table 3.1: Summary statistics for German utilities

Electricity Number Network Number Inverse Surface Under-
sold of cust- length of empl- density in km2 ground

in MWh omers in km oyees index rate
km/inh.

Mean 3393068 331660 13231 381 21254 5473 0.39
Min 909468 109720 4060 189 69 107 0.13
Max 13735300 1539592 32303 1252 59750 13871 1
St.dev. 1731424 181521 6112 158 15277 3169 0.21
Median 3196215 302766 12650 352 18572 5602 0.32
Sum 315555286 30844342 1230454 35433 509032

Table 3.2: Summary statistics for French utilities
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3.3.2 Characteristics of French and German distribution

National regulators in Europe have grown more interested in cross-country effi-

ciency analysis because it provides them with a more comprehensive view. Yet

international benchmarking studies raise important empirical and methodological

concerns. The problems arise from the many practical and technical aspects of

the definitions and fields of activities and responsibilities of the national distribu-

tion companies. Examples are voltage levels, divisions between transmission and

distribution activities, distributors that are not constrained by the same political

and regulatory obligations, and variations in standards of quality. Therefore a

closer examination of the French and German distribution structures is necessary.

Later, we study technical compatibility using three criteria: distribution struc-

ture in general, geographical differences (i.e. population density), and network

characteristics.

3.3.2.1 Structure of distribution

The French network is operated by ERDF (with 95% of French territory). There

are 93 local distribution centers (excluding Corsica and overseas territories) ag-

gregated into eight regional areas that manage and operate the electricity and

natural gas distribution networks. At the regional level, the structure is quite

homogeneous, while some local units may have more geographical or structural

differences (large cities vs. small density areas in rural regions). We limited our

data set to electricity activity (number of customers, energy delivered, numbers of

employees, etc.).4

In contrast, the German network comprises about 900 different distribution

companies, including regional companies and many small, local distributors (Stadt-

werke). This structural difference raises the question how to compare consistently

the French utilities to the German ones. To realize a coherent benchmarking

analysis, we decided to keep only German utilities that have a similar size com-

pared to French local distribution units, that means: including the largest local

distribution companies, which have one of the following characteristics: more than

50,000 customers and/or 250,000 MWh of electricity delivered.5 In addition, the

French companies only deliver electricity to final customers (with some exceptions

4In France, electricity distribution activities cover the following issues: operation and mainte-
nance of the network, meter reading, interventions on meter panels, customer bills and contract
managements.

5If we include only the regional distribution companies in Germany which are similar to the
French regional size we cannot capture the effect of delivering electricity to the final residential
consumers in Germany.
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for few companies supplying energy to local independent utilities). Thus, they do

not operate like the German regional distributors which deliver also part of the

power to other local distribution companies. Therefore, the final German sample

contains 77 observations including also 31 regional units.

3.3.2.2 Population density and geographical differences

The French population is disseminated more throughout the country, involving

more long, medium and low voltage lines. German population density is on average

twice the French (228 inhabitants/km2 vs. 106 inhabitants/km2). The entire

surface of France is greater than Germany, and with more rural areas. In addition,

the location of customers within a distribution area differs. German inhabitants

are concentrated around large cities with high load levels involving a stronger

network with high transmission capacity (but smaller line lengths). This analysis

uses the criteria of the inverse density to capture the nature of the distribution

area for customer density, noting that the index can only reflect the effect of

average density within the distribution area and not the different location of the

customers within it. The inverse density index is defined as the number of km2

per inhabitant.6

We classified the companies as urban or rural to analyze the effect on efficiency.

For French companies the classification criteria includes the length of medium volt-

age feeders, the number of customers connected to a MV/LV substation, and the

number of customers living in agglomerations of less than 10,000 inhabitants. The

French distribution units are split in 71 rural units and 22 urban ones. However,

we classified the German distribution utilities without applying an explicit index.

Companies operating in cities with more than 200,000 habitants were classified in

the urban group; the rest were assigned to the rural sample.

3.3.2.3 Network and voltage differences

A major difference is the voltage levels of the networks. French distribution compa-

nies use less than 20 kV lines; higher voltage lines are operated by the transmission

companies. German distribution uses up to 110 kV.7 Because the data for Ger-

many is not divided between voltage levels, we consider the entire activity. A

6For French companies, there was only information about the number of customers supplied.
Thus we assume a mean number of 1.77 inhabitants per electricity customer to calculate the
inverse density index for each French distribution companies.

7More precisely, we assume that operating a 20 kV network in France is the same as operating
a 110 kV network in Germany in terms of labor input. We are aware that the differences may
involve extra resources for German companies concerned, and therefore additional distribution
costs.
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further difference between French and German distribution networks is the ratio

of underground cables. As shown in Tables 3.1 and 3.2 German companies have

invested more in underground technology, even in low density areas. In France

only 38% of the distribution network of our sample is underground whereas 85%

of the German distribution lines are cables. Therefore one model extension (COLS

Model 3.3) attempts to capture the effect by including the network length of cables

and aerial lines separately.

3.3.3 Model specification

Availability of data is the major constraint for the choice of input and output

variables to describe the technology of the firms. We note that until 2006, when

the German regulator began to operate, German firms were not legally obliged to

collect and to provide their data and even than the data is not published outside

the regulatory authority. Thus, we turned to the models used to derive efficiency

measures in electricity distribution described in the literature, while noting the

ongoing discussion about the variables to be used as inputs and outputs (e.g. a

survey by Jamasb and Pollitt, 2001). Table 3.3 and 3.4 shows the list of mod-

els that have been tested with COLS and SFA models. We chose a traditional

model which has been applied for similar sector studies (see Cullmann et al., 2006;

Cullmann and Hirschhausen, 2008a,b). One of the input for the base model is

labor, estimated by the number of employees. We have in mind for example, the

potentially distorting effects of outsourcing: a utility can improve its efficiency

simply by switching from in-house production to outsourcing. For that reason we

eliminated utilities with an abnormal low number of employees. In addition, em-

ployment data in Germany includes all workers in the electricity utility including

generation responsibilities; we subtract one employee for each 20 GWh produced

for the large regional companies managing generation (Cullmann et al., 2006). The

second input is the length of the grid (capital). The outputs are total sales (in

GWh) and the number of customers. We conduct three different model variations:

1. To account for differences in the regions, we include a structural variable, the

inverse density index (IDI, measured in km2 per inhabitant). Utilities with

a dense customer structure obviously have a natural cost advantage. When

taken as output, the IDI improves the performance of sparsely inhabited

distribution areas.

2. We define the network length as an output, assuming that the companies are

unable to control the network length.

63



CHAPTER 3. INTERNATIONAL BENCHMARKING IN ELECTRICITY
DISTRIBUTION:
A COMPARISON OF FRENCH AND GERMAN UTILITIES

3. We test the effect of the share of cable lines (underground investment) on the

companies’ output and technical efficiency by dividing the sum of network

length into aerial and cable lines.

It is important to note that the Cobb-Douglas production function is only defined

for one output. Since there are multiple outputs, we aggregate customers and

electricity sold to one index. The different weights are shown in Table 3.3.8

COLS COLS COLS COLS COLS COLS COLS
Model Model Model Model Model Model Model

1.1 1.2 2.1 2.2 3.1 3.2 3.3

INPUTS

Number of workers • • • • • • •
Network length • • • • •(cable/

aerial sep.)

OUTPUTS

Electricity sold •(50%) •(40%) •(20%) •(40%) •(20%) •(20%)
Number of customers •(50%) •(40%) •(60%) •(40%) •(60%) •(60%)
Electricity sold •(30%)
Number of customers •(70%)
Inverse density index •(20%) •(20%)
Network length •(20%) •(20%)
Surface •(20%)

FUNCTIONAL Cobb Cobb Cobb Cobb Cobb Cobb Cobb
FORM Douglas Douglas Douglas Douglas Douglas Douglas Douglas

Table 3.3: List of different model specification - COLS models

3.4 Interpretation and discussion of results

We focus exclusively on the utilities’ technology and production processes to assess

technical efficiency. We then show the empirical results for our different model

extensions, analyzing the impact of the customer density (including the difference

between rural and urban companies), network size, and percentage share of cable

lines.

8We weight the number of customers more than the total sales in GWh. Our rationale is that
the number of connections determines the need for input factors more than the energy demanded.
Within certain limits the maintenance for a customer is quite cheap by using thicker wires and
cables, for example, without increasing costs significantly. The weights are based on those used
by the UK regulator OFGEM.
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SFA SFA SFA SFA
Model Model Model Model

1.1 1.2 2.1 2.2

INPUTS

Number of workers • • • •
Network length • • • •

OUTPUTS

Electricity sold •(50%) •(50%)
Number of customers •(50%) •(50%)
Electricity sold •(30%) •(30%)
Number of customers •(70%) •(70%)

STRUCTURAL
VARIABLE

Inverse density index • •

FUNCTIONAL Cobb Cobb Cobb Cobb
FORM Douglas Douglas Douglas Douglas

Table 3.4: List of different model specification - SFA models

3.4.1 Base model

We begin with the deterministic COLS models. The results for all different spec-

ifications are shown in Table 3.5. COLS Model 1 calculates the efficiency for the

French and German distributors without any structural variable. The outputs are

aggregated to create a joint index for total sales and the number of customers,

in a first step 50/50 each (COLS Model 1.1). A similar approach with different

weights is used in COLS Model 1.2 (number of customers: 70%, total sales: 30%).

We are aware that the construction of this composite index can be criticized.9 In

this chapter, we test the sensitivity of the results with regard to different weights.

In COLS Model 1.1 we obtain a low average efficiency of 34%. We note that the

German utilities (32%) are on average less efficient than the French (37%) given

our data set and model specification. With regard to the aggregation index one

can observe that models using a higher weight for number of customers (70%) vs.

the total sales of energy (30%) (COLS Model 1.2) lead to better average efficiency

scores (37%), confirming our hypothesis that the total number of a distribution

utility’s employees depends mainly on the total number and location of the cus-

9OFGEM’s definition of an index has caused much debate. Naturally, weights are debatable;
a detailed cost driver analysis must be conducted considering the influence on costs of the two
different outputs. This chapter shows the variation in the production function and the related
efficiency scores when defining other weights.
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COLS COLS COLS COLS COLS COLS Mean
Model Model Model Model Model Model

1.1 1.2 2.1 2.2 3.1 3.2

Mean total 0.34 0.37 0.37 0.36 0.33 0.41 0.46
Mean Germany 0.32 0.35 0.26 0.25 0.3 0.37 0.41
Mean France center 0.36 0.39 0.45 0.44 0.35 0.44 0.5
Mean France regions 0.37 0.43 0.49 0.51 0.32 0.43 0.55
Mean Germany urban 0.39 0.43 0.28 0.27 0.34 0.42 0.46
Mean Germany rural 0.29 0.31 0.25 0.24 0.29 0.35 0.4
Mean France center urban 0.57 0.64 0.5 0.5 0.45 0.58 0.63
Mean France center rural 0.29 0.32 0.43 0.42 0.32 0.4 0.47
Mean France regions urban 0.69 0.79 0.6 0.63 0.62 0.83 0.79
Mean France regions rural 0.33 0.37 0.47 0.49 0.28 0.37 0.53

Table 3.5: Comparison between urban and rural distribution companies

tomers.10 Figure 3.1 shows the results for COLS Model 1.2. In all of the following

graphs the firms are ordered by size (size defined as the annual amount of elec-

tricity sold). Thus, we observe that the small French utilities are on average less

efficient than the larger ones. This would suggest scale inefficiency of the smaller

firms. We do not observe such results for German companies. However, our data-

base does not include the small German distributors; therefore we cannot conclude

anything about the return to scale. Note that even for the French market, we only

compare the efficiency of small and larger distributors and do not test returns to

scale. For the German market, Cullmann et al. (2006) demonstrated that some

returns to scale exist for local distribution companies in Germany.

Figure 3.1: Efficiency of German and French distribution companies with COLS
Model 1.2

The results are confirmed with SFA estimation (SFA Model 1.1). To achieve

robust, reliable results we conduct model variations of the distributional form of

the inefficiency effects (half-normal vs. truncated-normal). As described above we

10The German distribution companies still seem to be less efficient (35% vs. 43%).
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calculate the predicted technical efficiency according to Battese and Coelli (1995).

Although the tendency of the deterministic COLS results can be confirmed, this

approach leads to smaller gaps between the French and German companies. We

offer an econometric explanation: in contrast to the deterministic COLS approach,

stochastic frontiers do not assume that all deviations from the frontier are due to

inefficiency. SFA allows for statistical noise in the data; therefore, the calculated

SFA technical efficiency scores are somewhat higher than COLS (see Figure 3.2).

The French distribution utilities still feature on average a higher technical effi-

ciency score (France 74%; Germany 71%) which confirms the results found in the

previous deterministic parametric approaches. In addition, this approach reveals

that smaller French utilities are on average less efficient than the larger companies.

Again, this indicates a certain tendency of scale inefficiency in the smaller French

companies.

We now turn to the econometric output of our maximum likelihood estimation

for SFA. Table 3.6 shows that all of the variables included in the Cobb-Douglas

production function are significant, indicated by the high t-statistic in parenthesis.

Since the coefficients do not differ much across the model variations, the function

appears to be well specified: both inputs have a positive and approximately the

same impact on the aggregated output. In addition, the summary statistics show

the relative importance of statistical noise, vi (with normal distribution) and in-

efficiency ui (with truncated-normal distribution) in estimation of the stochastic

frontier (see Jamasb and Pollitt, 2003; Coelli et al., 2005). The sigma squared

σ2 is the sum of variances of statistical noise σ2
v and inefficiency σ2

u. The relative

importance of inefficiency γ is defined by:

γ = σ2
u/(σ2

v + σ2
u) (3.4)

All of our different model runs obtain a γ different from 1. We can conclude that

noise has an influence in the estimated function and it is appropriate to apply

SFA in addition to COLS to validate the results and observe if the results change

significantly while allowing for statistical noise.

3.4.2 Model extension with regard to customer density

We first introduce the inverse density index into the COLS Models 3.1 and 3.2,

defining it as an output to capture the nature of a structural variable on which the

distributors do not have an influence.11 Results may largely depend on the choice

11We are aware of the criticism that in COLS Models 3.1 and 3.2, the variable inverse density
index has been added to the outputs because density is a structural factor that is independent
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SFA SFA SFA SFA
Model 1.1 Model 1.2 Model 2.1 Model 2.2

half half truncated truncated
normal u normal u normal u normal u

β0 -0.84 (6.0) -0.71 (5.2) -0.88 (8.1) -0.79 (6.7)
β1 0.5 (10.8) 0.5 (9.6) 0.47 (10.8) 0.47 (13.0)
β2 0.47 (8.6) 0.45 (7.8) 0.49 (9.3) 0.48 (10.4)
Log likelihood -115 -129 -112 -121
σ2 0.36 0.55 0.77 0.13
γ 0.65 0.81 0.83 0.9

Table 3.6: Estimation results SFA

of the different weights to aggregate the outputs to a joint index. To achieve

robust, reliable results, we also employ different variations as outlined in Table

3.3. Figure 3.3 shows that adding the inverse density index as an output produces

better results for nearly all companies, especially for the French, more rural and less

densely populated than Germany. There is also a different impact of the inverse

density index in both countries. The situation in Germany appears to be more

heterogeneous and some distributors benefit from the inclusion. In France, the

small firms mainly increase their technical efficiency via compensation (see Figure

3.3). The gap between rural and urban companies decreases while considering

inverse density population.

Figure 3.2: SFA Model 2.1 Cobb-Douglas production function

To find the impact of the inverse density index using SFA (SFA Model 2.1 and

2.2), we define the index as a structural variable directly influencing the ineffi-

ciency distribution (see Coelli et al., 2005; Battese and Coelli, 1995, for further

methodological issues). There is an econometric explanation for why Figure 3.2

shows that the small French companies are not compensated within the SFA model.

of distribution activity.
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Recall that in contrast to the parametric COLS where we compensate the firms

by considering the structural variable as an output the stochastic frontier models

specify the index as an explanatory variable of the efficiency differences. Within

this specification we do not compensate the firms and estimate a significant rela-

tion coefficient of 0.48. Simply put, when the inverse density index increases, the

inefficiency effect increases. From this we can conclude that the French distribu-

tion utilities are operating in even less favorable distribution areas compared to

Germany.

Figure 3.3: Difference results COLS Model 3.2 and COLS Model 1.1

Next we examine the differences and characteristics of urban and rural compa-

nies. We sort the different efficiency averages in four groups: urban French, urban

German, rural French and rural German (see Table 3.5). Companies in urban areas

feature on average higher average efficiency scores than their counterparts in rural

areas in both countries. We observe that the French urban companies operate more

efficiently than their German counterparts. Within the German rural companies,

there is a high variation in the technical efficiency scores. In France we observe

clearly that the small utilities are on average less efficient. Thus, the rural French

companies appear to feature scale inefficiency under our specific model assump-

tion. For all models, urban companies feature on average higher efficiency scores

than rural ones. Indeed, the number of employees is less important in city areas;

since the customer distances are smaller and the network is mainly underground

(i.e. less maintenance and repair).

3.4.3 Model extension considering network length

In the previous models the network length is considered as an input, meaning that

the distribution companies can control and optimize the volume of their network by

using network planning. On the other hand, distribution companies are obligated
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to deliver electricity to any customer and at any locale, making it impossible

to fully optimize the network’s topography. Therefore network length is also an

output. We note that the gap between the French and German utilities increases

in favor of French companies when network length is defined as an output. This

implies that French companies must manage a longer network since their customers

live throughout the service area and are not concentrated around larger cities (like

in Germany).

The difference between overhead aerial and underground cable lines is also

a factor. We can determine if ceteris paribus a greater share of cable lines has

a positive or negative effect on the produced output and the relative technical

efficiency of the companies. COLS Model 3.3 considers an aggregated output

variable from energy sold, number of customers, and total area covered. Network

length is an input variable, as well as total number of employees, but now we divide

it into overhead and underground lines. It appears that underground lines have

ceteris paribus a greater impact on the production process since it is necessary to

have nearly three times fewer underground lines than overhead to produce a certain

term of output with the same number of employees. This is shown by the estimated

coefficients of the separated network length inputs (0.16 aerial vs. 0.52 cables) in

the Cobb-Douglas production function specification. Both estimated coefficients

are significant at the 5% level. This result confirms the current assumption which

asserts that less labor works are required for operating underground networks

than overhead lines (no tree-cutting, less preventive maintenance). For efficiency

scores, the gap between German and French companies increase greatly (40.9% vs.

48.9%).

3.5 Conclusions

This chapter has compared the technical efficiency of distribution companies in

two of the largest European countries: France and Germany. Our results indicate

marked differences in the efficiency scores both within the countries and between

the countries, and between different model specifications. On average, the French

distribution companies appear to be more efficient which we confirmed across all

model specifications. However, these results cannot be used in the “real world” of

regulatory process. As mentioned this chapter concerns the application of different

methods and model specifications within a technical and physical framework and

therefore reveals only some of the trends. By comparing urban and rural distri-

bution areas we find that for all models companies in urban areas showed higher
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efficiency scores. Including the inverse density index to compensate utilities that

operate in less densely settled areas indicates that small French companies gain

technical efficiencies.

This chapter represents a starting point for further research. We note that

every cross-country efficiency analysis encounters problems concerning the hetero-

geneity of the operation processes in the countries under study. It is especially

important that additional research employs the most recent data samples (espe-

cially for Germany where the electricity sector underwent structural reforms after

2001). The use of monetized cost data would also support more reliable conclusions

about allocative efficiency and scale efficiencies of the distribution utilities.
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Chapter 4

Efficiency Analysis of East

European Electricity Distribution

in Transition: Legacy of the Past?

4.1 Introduction

Following decades of socialist planning, the energy sector in the East European

transition countries finally underwent substantial market-oriented reform during

the past decade. In fifteen years, the transition countries implemented what had

taken the West European power sector half a century to accomplish.1

This chapter provides a cross-country efficiency analysis of the regional elec-

tricity distribution companies in Poland, Czech Republic, Slovakia and Hungary.

It examines the relative efficiency of the companies and then compares them to

those in Germany, using common nonparametric benchmarking methods (DEA,

FDH). Section 4.2 provides a short overview of DEA in the efficiency analysis of

the electricity sector and focuses on the empirical problems associated with inter-

national benchmarking. Section 4.3 describes the state of reforms in the transition

countries, Section 4.4 defines the models we selected for a comparative efficiency

analysis, and Section 4.5 presents the empirical results of our data. Section 4.6

offers our conclusions and identifies several topics for future research.2

1See Newbery (1994); Stern and Davis (1998); Kocenda and Cabelka (1999); Hirschhausen
(2002) for a general presentation of the transition process in the electricity sector.

2This Chapter 4 is an updated version of Cullmann and Hirschhausen (2008a). The author
was responsible for developing the models, interpreting the results, and writing the bulk of the
analyses.
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4.2 Efficiency analysis using DEA and interna-

tional benchmarking

As the four transition countries presented in this chapter move ahead with re-

forms, there is an increasing need for comparative efficiency analysis at the inter-

national level to support the emerging regulatory processes. Although Kocenda

and Cabelka (1999) studied the effects of liberalization of the energy sector in

the transition countries on transition and growth, to date the only quantitative

study is Filippini et al. (2004) who analyzed the efficiency of electricity distribution

companies in Slovenia using SFA. In contrast, performance in the West European

countries has been analyzed widely (see e.g Auer, 2002 for Austria; Burns et al.,

1999 and Giannakis et al., 2005 for UK; Hjalmarson and Veiderpass, 1992 for

Sweden; Førsund and Kittelsen, 1998 for Norway).

An extensive literature exists on cross-country productivity analysis at the

“country” level (Coelli and Prasada-Rao, 2005). Cross-country comparisons us-

ing firm level data are less common, mainly due to the difficulty of transnational

comparisons. However, international benchmarking is particularly important for

countries for which limited domestic observations are available, like Slovakia, be-

cause it can increase the degree of freedom and allows for a solid (and wider)

assessment of best practices. An extensive example of international benchmarking

is Estache et al. (2004) who acknowledge the empirical problems resulting from dif-

ferences in definitions and responsibilities of the national distribution companies.

Despite technical and practical obstacles, a relatively large number of international

benchmarking analyses have been conducted recently (Agrell et al., 2005; Zhang

and Bartels, 1998; Hattori, 2002; Hattori et al., 2005). To resolve the problem of

electricity distribution companies operating under different technologies, Prasada-

Rao et al. (2003) provided a framework for a so-called “metafrontier” analysis

(the concept was first defined by Hayami and Ruttan (1971) as the envelope of

commonly conceived neoclassical production functions).

Electricity distribution companies produce a homogeneous good in a homoge-

neous technical setting (for more on this topic, refer to Section 4.4.5), however,

technical parameters also differ across countries. For example, in the four countries

we analyzed, technical differences included voltage levels3, the definitions of end-

users, and the division between transmission and distribution activities. While

noting that countries may apply different standards of quality, this chapter ana-

3Jamasb and Pollitt (2003) pointed out that especially the voltage levels between transmission
and distribution networks differ across the four transition countries; this has implications for the
level of capital stock and therefore for the relative efficiency measures.
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lyzes technical efficiency; the issue of technical compatibility is discussed in Section

4.3. Even if the distribution companies operate in different regions but with sim-

ilar technical settings, there might be environmental and network characteristics

that are only partially observed, a phenomenon called unobserved heterogeneity.

It is already present at the national level but the effect may even be higher when

one deals with international comparisons. Thus, Farsi et al. (2006) underline the

importance of modeling such unobserved heterogeneity in order to separate the

unobserved factors from inefficiencies. Parametric panel data models could be

helpful to shed light on this problem, but as mentioned before we cope in our

analysis with a cross-sectional static data. Therefore we have to be very careful

when interpreting and discussing the efficiency scores of the firms, keeping in mind

the potential effect of unobserved heterogeneity.

4.3 Electricity sector reform in East European

transition countries

Especially in the last decade, all East European transition countries have at-

tempted to modernize, privatize and regulate their electricity sectors with varying

degrees of success (see EBRD, 2004, Chapter 4, for a detailed survey).4 Restruc-

turing has been substantial, from centrally planned execution units to more in-

dependent, market-oriented decision units. Efforts have also been undertaken to

renew capital stock and to address the politically sensitive subjects of pricing,

security, and reliability of electricity supply.

Each of the four East European transition countries had difficult points of

inception for reform. Poland, by far the largest producer and distributor in the re-

gion, had the most difficulty. During the socialist era, the country established one

distribution company in each of the 33 regions (voivody), which is a large number

for the distribution of approximately 90 TWh. However, the corporate structure

of the electricity distribution companies was barely modified, as one would have

expected. Privatization in Poland has been largely unsuccessful: private (foreign)

investors have purchased only three of the 33 regional electricity distribution com-

panies. Recently, plans to reorganize the electricity distribution companies into

seven larger distribution companies have been discussed intensively, but not yet

implemented.

The Czech Republic and Hungary are structurally similar, with an electricity

4Electricity distribution in the East European transition countries is perhaps the most com-
plicated element in the energy chain to restructure since demand has collapsed in the industrial
sector but is rising in the residential sector.
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distribution capacity of nearly 10 GW each and eight and six regional distribu-

tion companies, respectively. The Czech Republic pursued a conservative policy,

retaining a state-owned generation company (CEZ) as the dominant owner of five

regional electricity distribution companies; foreign investors hold majority stakes

in the remaining three. Since the early 1990s, most distribution companies have

invested massively in the renovation of their distribution facilities, today the tech-

nical state is satisfactory. Hungary devised the most comprehensive strategy of

divestiture and privatization: its six distribution companies were sold to foreign

investors in the mid-1990s already.

Slovakia has the smallest number of regional electricity distribution companies

(only three), but its electricity generation and distribution (30 TWh) reaches the

level of Hungary, its neighbor. This is due to the relatively high demand by Slo-

vakia’s industry, and rising household demand. Reforms of its three regional elec-

tricity distribution companies were delayed: the companies were separated from

their generation facilities and transformed into state-owned corporations only in

2001. Privatization began in 2002, with 49% of each regional electricity distribu-

tion company put up for tender, and majority stakes at a later point in time.5

As stated above, we assume homogeneity of the electricity distribution com-

panies (meaning that they operate under the same technology). When comparing

the voltage level of the four countries with each other and with Germany, we find

the highest distribution voltage level is 110 kV; medium voltage ranges from 1 to

100 kV; and low voltage is less than 1 kV (EURELECTRIC, 2005). Since the

share of these voltage levels differs significantly across the countries, with higher

levels considered more costly, in one model we introduced different weight factors

for each km of network line to reflect a more realistic image of the capital stock

of the electricity distribution companies. The factors are standard practice from

the German Association of Network Operators which defined, 5, 1.6 and 1 for

high, medium and low voltage, respectively. As the voltage levels are the same

for all countries considered we adopt in the same model the weights for the East

European countries as well.6

Homogeneity of the electricity distribution companies in the studied countries

also included: the distribution of electricity to industrial and household customers,

metering (new and replacement meters), reliable operation, maintenance and de-

velopment of the high, medium and low voltage distribution grid, dispatch in

5Structural changes in the German electricity sector are presented in Brunekreeft (2003).
6We are aware that the weights are only approximations of the real cost differences of the

different voltage levels. It would be interesting to know if and how changes in the weights would
have affected the results. For that reason we estimated the efficiency scores with and without
the weights and compared the results.
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cooperation with other regional electricity distribution companies, and customer

call centers.

4.4 Methodology and data

4.4.1 Methodology

To measure the efficiency of the East European regional electricity distribution

companies, we apply quantitative nonparametric methodologies that have proven

useful in other sectors and applications (for a survey on the theoretical literature

see Cooper et al., 2004). Applied empirical work on efficiency and productivity

measurement of individual firms is always confronted with the high sensitivity of

the results to the different approaches. To elicit the most robust picture, we apply

different nonparametric approaches under different assumptions and in a second

step, test our hypotheses using recent developments and approaches in statistical

inference for nonparametric frontiers (Simar and Wilson, 2000, 2007).

The nonparametric approach relies on a production frontier which is defined as

the geometrical locus of optimal production plans (Simar and Wilson, 1998). The

individual efficiencies of the firms relative to this production frontier are calculated

by means of distance functions. The production frontier can be estimated from

a set of observed production units, based on envelopment techniques, DEA and

FDH (for a detailed discussion see Simar and Wilson, 2007). DEA involves the use

of linear programming methods to construct a piecewise linear surface or frontier

over the data and measures the efficiency for a given unit relative to the boundary

of the convex hull of the input-output vectors. The determination of the efficiency

score of the i-th firm in a sample of N firms in the constant returns to scale (CRS)

model is equivalent to the following optimization (see Coelli et al., 2005):

minθ,λ θ

subject to

−yi + Y λ ≥ 0

θxi −Xλ ≥ 0

λ ≥ 0 (4.1)

where λ is a N × 1 vector of constants, and X and Y represent input and output

matrices, respectively. θ measures the radial distance between the observation

xi, yi and the frontier. Thus, the efficiency score is the point on the frontier

characterized by the level of inputs that should be reached to be efficient (Simar
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and Wilson, 1998). A value of θ = 1 indicates that a firm is fully efficient and thus

is located on the efficiency frontier.

The DEA estimates may depend heavily on the assumption that the produc-

tion frontier is convex. Another common nonparametric estimator is the FDH

estimator which does not incorporate the convexity constraint into the production

set. FDH is a consistent estimator, whatever the shape of the attainable produc-

tion set (convex or nonconvex) given free disposability. DEA is only consistent if

this set is convex (Simar and Wilson, 2007). The FDH estimator is particularly

affected by dimensionality. Thus a large number of observations will lie on the

efficient boundary. In applied work with a finite sample this is often the case, and

leads to misinterpretation of the results. The FDH estimator is based on the idea

of the smallest free disposal set covering the observation sample of firms.7 The

difference between the two approaches is the definition of “efficient production

set”. In DEA the inefficiency is defined as the distance from the frontier of a con-

vex envelope of the data; therefore, due to the convexity assumption, a company

might be compared to an unobservable and fictitious linear combination of efficient

observations.

In the short run, some input variables may not be controlled by the distribution

utilities, such as capital input, which we approximate in our model by network

length (see Section 4.4.5). In this case, the DEA model (Equation 4.1) must

be reformulated by seeking radial reduction only in the inputs over which the

management has discretionary control (see Coelli et al., 2005). In that case we

rewrite Equation 4.1 for the CRS case as

minθ,λ θ

subject to

−yi + Y λ ≥ 0

θxD
i −XDλ ≥ 0

xND
i −XNDλ ≥ 0

λ ≥ 0 (4.2)

where xD
i and xND

i denote discretionary and non-discretionary sets, respectively.

θ is now associated only with the discretionary inputs. Therefore, defining non-

discretionary variables in DEA ensures that the efficiency scores of the inefficient

companies are only determined by means of reductions in their discretionary in-

7By construction the FDH estimator is an inward-biased estimator of its theoretical corre-
spondent. Badin and Simar (2004) proposed a new bias-corrected estimator for the efficient
frontier and scores that is based on order statistics (Simar and Wilson, 1998).
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puts, while controlling for the non-discretionary variables.8 The discussion above

involves only physical quantities and technical relationships to assess technical ef-

ficiency studying the utilities’ technology processes. Calculations are undertaken

using an input-orientation.

4.4.2 Statistical properties of DEA and FDH

Next, we explore the theoretical foundation of the statistical tests of nonparametric

efficiency scores. This is an important step in characterizing the determinants of

productivity. In this section, we briefly summarize the statistical properties of the

nonparametric DEA and FDH estimators (a detailed discussion about statistical

inference can be found in Simar and Wilson, 2000, 2007).

With respect to consistency it is sometimes difficult to prove convergence of

an estimator in nonparametric statistics and to obtain its rate of convergence (see

Simar and Wilson, 2007). The convergence properties for the DEA and FDH

estimators for the univariate input and multivariate output case were shown by

Korostelev et al. (1995). The convergence rates for the multivariate input and

multivariate output case were established by Kneip et al. (1998) for DEA and

Park et al. (2000) for FDH. They show that the rates of convergence of both en-

velopment estimators are not too different but that the convergence rate is faster

when the convexity constraint is included. They also show that under free dis-

posability the FDH estimator is more efficient, whereas under free disposability

and convexity the DEA estimator (under the VRS assumption) becomes the more

efficient estimator. Remark however, that DEA is inconsistent if the convexity

assumption does not hold (Simar and Wilson, 2007). It is important to clarify

that the rates of convergence depend on the dimensionality of the problem. Thus,

when the number of inputs and outputs is large, the imprecision of the results will

be reflected in large bias, large variances and wide confidence intervals (Simar and

Wilson, 2007). As the number of outputs increases, the number of observations

must increase at an exponential rate.

To make inferences about empirical applications, the asymptotic sample distri-

butions of the envelopment estimators are required (see Simar and Wilson, 2000,

2007). The “bootstrap” algorithm remains the only practical way of making infer-

ences when using the multivariate DEA approach (Simar and Wilson, 1998, 2000,

2007, provide an extensive discussion). In this chapter, we apply the bootstrap

8Equation 4.2 defines a directional distance function introduced by Chambers et al. (1996,
1998) which can be thought of as an additive alternative to the corresponding radial distance
functions as representations of a firm’s technology. The directional distance function is based on
Luenberger’s benefit function (see Luenberger, 1992).
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algorithm established in Simar and Wilson (1998) first, for the bias correction;

second, for the test on mean equivalence; and third, for the test on returns to

scale.

4.4.3 Test on mean equality of subgroups

Assume that we wish to ascertain whether the Czech, Slovak, Hungarian and

German distribution companies are significantly more efficient than their Polish

counterparts. We consider the mean of DEA input efficiency estimates for the

n1 = 51 Czech, Slovak, Hungarian and German distribution companies E(µ1), in

comparison to the n2 = 33 Polish companies E(µ2). As explained above we assume

that the two subgroups have the same technology and that they are operating

within the same attainable production set (see Simar and Wilson, 2007). To

discover if the mean efficiencies for the two groups are equal, we test the null

hypothesis

H0 : E(µ1) = E(µ2) (4.3)

against the alternative hypothesis

H1 : E(µ1) > E(µ2) (4.4)

A reasonable test statistic able to discriminate between the null and the alternative

hypothesis would be

τ(Xn) =
n−1

1

∑
{i|(xi,yi)εXn1} µ̂(xi, yi)

n−1
2

∑
{i|(xi,yi)εXn2} µ̂(xi, yi)

(4.5)

with Xn1 denoted as the sample of 51 units from Group 1 and Xn2 with 33 units

from Group 2. µ̂(xi, yi) is the input-oriented DEA efficiency estimator obtained

using the full sample Xn = Xn1∪Xn2 as reference set, as the two subgroups n1 and

n2 face the same attainable production set. Implementing the bootstrap algorithm

yields the approximation of the p-value (Simar and Wilson, 2007)

p̂ =

∑
l(τ ∗b > τobs)

B
(4.6)

where l is the indicator function, τ ∗b the bootstrapped statistics and τobs is the

realized, observed value of τ(Xn). The null hypothesis should be rejected if the

realized value τ(Xn) is too large and thus the estimated p-values is small.

When testing the efficiency of different subgroups the bootstrap procedure can
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be adapted and amplified to more specific testing problems. Simar and Zelenyuk

(2007) have determined critical issues for efficiency comparison of different groups

and discuss adequate aggregation of the individual efficiency scores of the different

subgroups according to their economic weight in the industry. We limit ourselves

to the average for the aggregation, while being fully aware that the relative eco-

nomic importance and the efforts of the firms are ignored within this approach.

We want to provide a first insight into the relative efficiency of the different coun-

tries. Further research concerned with particular questions related to more specific

policy implications for different firms would have to apply the weighted averages

accounting for the relative economic importance.9

4.4.4 Test on constant returns to scale

The second important aspect, both statistically and economically, is to determine

whether the underlying technology exhibits increasing, constant, or decreasing

returns to scale. If we assume à priori a CRS technology without investigating the

possibility that it is inconstant, we incur the risk that our efficiency estimates will

be inconsistent. On the other hand, if we assume variable returns to scale when

in reality the technology exhibits global constant returns to scale, there may be a

loss of statistical efficiency (Simar and Wilson, 2002).

One approach is suggested by Färe and Grosskopf (1985) who verified local

returns to scale by comparing the empirical efficiency scores estimated under dif-

ferent assumptions. Their approach has been criticized because of its failure to

provide a formal statistical test of returns to scale (for a discussion of other ap-

proaches see Simar and Wilson, 2002). Therefore, we utilize the same bootstrap

algorithm discussed above, first testing whether the returns to scale are constant,

and then choosing an appropriate estimator to measure the efficiency (following

Simar and Wilson, 2002). To discover if the underlying production technology is

characterized by constant returns to scale we test the null hypothesis

H0 : Production frontier is globally and individually CRS

against the alternative hypothesis

H1 : The production frontier is V RS

9Then a strong justification for choice of weights is needed. Färe and Zelenyuk (2003) propose
weights based on economic optimization. Within this approach the resulting group efficiency
measure that they derived is the average of the efficiencies of individual units weighted by their
realized shares (cost or revenue, depending on optimization assumed) in the industry.
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A reasonable test statistic able to discriminate between the null and the alternative

hypothesis would be

ω(Xn) =
θ̂CRS

n (x, y)

θ̂V RS
n (x, y)

(4.7)

This statistic delivers an estimate of the distance between the CRS, θ̂CRS
n , and

the VRS, θ̂V RS
n , estimated frontiers. When we evaluate it at each observation we

obtain n estimates of scale efficiency corresponding to each observation (Simar and

Wilson, 2002). Implementing the bootstrap algorithm yields the approximation of

the p-value

p̂ = Pr(ω̂∗ ≤ ω̂obs|H0) (4.8)

For small p-values we therefore have to reject H0.

4.4.5 Model specification, choice of variables and data

The choice of variables for input and output must take into account the interna-

tional experience with electricity distribution benchmarking summarized above,

and may be constrained by the data available. A range of models used to derive

efficiency measures in electricity distribution is described in the literature, and

there is a discussion with respect to the variables to be used as inputs and out-

puts (Jamasb and Pollitt, 2001). To date, the absence or slow implementation of

regulation in the four countries under consideration has prevented the systematic

collection of relevant data. Nonetheless, we were able to assemble a consistent

cross-sectional data set for 2002.

We use a traditional model which has been applied for similar sector studies

(Cullmann et al., 2006; Cullmann and Hirschhausen, 2008b) with the following

three criteria for constructing different model specifications:

1. Scope of countries: we compare the efficiency of the four countries among

themselves and with Germany, a traditional electricity market economy.

2. Choice of input and output parameters: Our base model uses the traditional

choice of parameters: number of employees (labor) estimated by the number

of workers and the length of the electricity grid (capital) as inputs; and total

sales in GWh and the number of customers as outputs. The extended version

of the model includes a structural variable to account for regional differences:

the inverse density index, IDI (measured in km2 per inhabitant).
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3. The estimation method: we differentiate between DEA and the FDH esti-

mator under different assumptions (shown in Table 4.1).

The data covers all regional electricity distribution companies in the four tran-

sition countries in 200210 as well as 37 (out of 53) German regional distribution

companies11; this gives a total of 84 observations.12 The size, in terms of km2

distribution area differs among the distribution companies. In that respect, the

East European companies are more homogeneous than for instance in Germany.

On the other hand, there are considerable differences in consumer density. Par-

tial productivity indicators vary somewhat among the East European companies.

Average labor productivity levels rang from 1795 MWh per employee (Poland) to

4632 MWh per employee (Czech Republic). We attributed the differences in labor

productivity to various outsourcing behaviors among the regional electricity distri-

bution companies in the four countries and Germany. We found no detailed data

on the percentage of outsourced services. Capital productivity was approximated

by the ratio of electricity sold in MWh divided by network length. The average

capital productivity ranges from 160 MWh per km of network (Poland) to 348

MWh per km network (Germany).

4.5 Results and interpretation

4.5.1 Summary of empirical results

This section presents the empirical results of the models outlined in Table 4.1. Our

base model (including two inputs and two outputs) is estimated by DEA (Model

1a (DEA)) and FDH (Model 1 (FDH)). We then extended the model, first us-

ing different voltage levels to determine a “weighted network length”, and second,

capturing regional differences by using a non-discretionary IDI. We applied a boot-

strapping algorithm to determine the bias corrected estimates. The original and

bias corrected efficiency scores of the regional electricity distribution companies

for the different model runs are summarized in Table 4.3.

Next, we conducted statistical inference to test different hypotheses. We specif-

ically asked whether the underlying technology exhibits increasing, constant or de-

creasing returns to scale, and whether the Polish regional electricity distribution

10One Czech and two Hungarian companies are not included due to missing data.
11German distribution companies for which no IDI was available, or which had an output of

less than 10 GWh or less than 10 customers were sorted out.
12The 2002 data for Eastern Europe was collected from company reports and national statistics;

the data for Germany was taken from VDEW (Verband Deutscher Elektrizitätswirtschaft).
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Model Countries
included

Variables Method Obs. Description

Model 1a
(DEA)

Poland, Slovakia,
Czech Rep., Hun-
gary, Germany

Input: labor, network
length
Output: Customers,
electricity sold

DEA 84 Input orientation As-
sumption CRS

Model 1b
(DEA)

Poland, Slovakia,
Czech Rep., Hun-
gary, Germany

Input: labor, network
length (weighted)
Output: Customers,
electricity sold

DEA 84 Input orientation As-
sumption CRS Net-
work length (weights
for different voltage
levels)

Model 2
(DEA)

Poland, Slovakia,
Czech Rep., Hun-
gary, Germany

Input: labor, network
length
Output: Customers,
electricity sold, inverse
density index

DEA 84 Input orientation As-
sumption CRS Inverse
density index included
as non-discretionary
output

Model 1
(FDH)

Poland, Slovakia,
Czech Rep., Hun-
gary, Germany

Input: labor, network
length
Output: Customers,
electricity sold

FDH 84 Input orientation As-
sumption of free dis-
posability

Model 2
(FDH)

Poland, Slovakia,
Czech Rep., Hun-
gary, Germany

Input: labor, network
length (weighted)
Output: Customers,
electricity sold

FDH 84 Input orientation As-
sumption of free dis-
posability

Table 4.1: Model specification

companies feature significantly lower efficiency scores. The tests are summarized

in Table 4.2.

4.5.2 Results of DEA and FDH models

We begin with a formal statistical test to determine whether the underlying tech-

nology exhibits constant returns to scale to avoid the risk of misspecification or

statistical inefficiency. For all DEA models we found high p-values, having repli-

cated the estimation 2,000 times (see Table 4.4). Therefore we conclude for all

models that the underlying technology for the distribution utilities exhibits con-

stant returns to scale. Hence we conclude that nonparametric DEA under CRS

will yield consistent nonparametric estimations.

We compare the estimation of the base model (Model 1a (DEA)) to the ex-

tended model (Model 2 (DEA)), where we include the structural variable IDI to

correct for regional differences in customer density. Including IDI changes the rank

of the individual regional electricity distribution companies within each country,

particularly in Germany. We observe that companies operating in less favorable

environment gain efficiency; the average efficiency scores seen in Model 2 (DEA)

are higher. This is also due to the fact that the dimension of the model increased

and therefore more firms lie on the efficiency frontier. For sensitivity analysis we
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TEST Models Test description Obs. Findings

TEST 1
For returns to
scale

1a, 1b, 2 Nonparametric test for
returns to scale. Boot-
strapping algorithm
proposed by Simar and
Wilson (2002)

84 Technology exhibits
global constant returns
to scale

TEST 2
For equality of
means

1a, 1b, 2 Nonparametric test
for equality of means
Bootstrapping pro-
cedure proposed by
Simar and Wilson
(2007)

84 We test whether the
Polish distribution
utilities feature signif-
icantly same technical
efficiency scores. We
can reject the H0.

Bootstrapping
procedure

1a, 1b, 2 Simar and Wilson
(1998)

84 Bias correction and
confidence intervals

Table 4.2: Summary of nonparametric tests

also apply the bootstrap algorithm to obtain bias corrected efficiency scores. We

verify that 1/3(B̂IAS)2/ ̂variance is well above unity, hence the bias correction

could be used (see Simar and Wilson, 2000).

The bias corrected, CRS-based estimates indicate that the Czech Republic’s

regional electricity distribution companies are the most efficient (52%) followed by

Hungary (50%), Slovakia (46%) and Poland (37%). We observe that the Slovak and

the Hungarian companies are somewhat homogenous, but that the Czech and Pol-

ish companies are characterized by a large heterogeneity in efficiency scores. The

small Polish regional electricity distribution companies (as measured by electricity

sold) feature particularly low efficiency scores (see Table 4.3). Recent proposals to

merge the country’s 33 regional electricity distribution companies into larger units

appear, therefore, to be well-founded.

As explained above, we added the German regional distribution companies,

which are considered as representative for a traditional market-economy electric-

ity country (even though the East Germany part underwent rapid restructuring in

the early 1990s).13 In comparison, German regional electricity distribution com-

panies have a higher average efficiency (56% in the CRS-specification). From this

observation we surmise that the East European transition economies continue to

suffer from a structural lack of efficiency. We note the more consistent development

of Germany’s grid infrastructure and the drop in industrial electricity demand in

the transition countries as causal factors.

13For efficiency analysis of Germany’s local electricity distribution, including a comparison
between East and West Germany, see Cullmann et al. (2006).
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Companies Model 1a Model 1a Model 1 Model 1b Model 1b Model 2 Model 2 Model 2
(DEA) Bias corr. (FDH) (DEA) Bias corr. (FDH) (DEA) Bias corr.

1 0.73 0.65 1 0.67 0.59 1 0.73 0.65
2 0.75 0.66 1 0.71 0.62 1 0.75 0.65
3 0.48 0.44 0.84 0.44 0.4 0.85 0.49 0.44
4 0.43 0.39 0.96 0.41 0.37 1 0.43 0.39
5 0.57 0.51 0.89 0.52 0.46 0.76 0.58 0.49
6 0.35 0.31 0.64 0.33 0.29 0.64 0.35 0.31
7 0.38 0.36 0.59 0.35 0.32 0.59 0.39 0.35
8 0.39 0.36 0.81 0.36 0.32 0.85 0.39 0.35
9 0.46 0.34 0.61 0.44 0.33 0.61 0.46 0.34
10 0.35 0.32 0.44 0.32 0.3 0.44 0.35 0.32
11 0.65 0.54 1 0.54 0.46 0.94 0.65 0.54
12 0.34 0.33 0.6 0.32 0.31 0.6 0.35 0.33
13 0.34 0.33 0.67 0.32 0.3 0.67 0.35 0.33
14 0.36 0.33 0.62 0.34 0.31 0.62 0.36 0.33
15 0.3 0.28 0.62 0.28 0.26 0.62 0.31 0.29
16 0.44 0.41 0.75 0.4 0.38 0.64 0.45 0.41
17 0.37 0.35 0.54 0.34 0.32 0.54 0.37 0.35
18 0.43 0.39 0.77 0.39 0.35 0.76 0.43 0.39
19 0.4 0.37 0.68 0.39 0.36 0.65 0.4 0.37
20 0.39 0.36 0.71 0.34 0.32 0.59 0.39 0.35
21 0.54 0.48 0.87 0.52 0.46 0.85 0.54 0.48
22 0.38 0.37 0.87 0.35 0.33 0.68 0.38 0.37
23 0.25 0.24 0.42 0.24 0.22 0.35 0.26 0.24
24 0.31 0.3 0.57 0.3 0.29 0.57 0.32 0.3
25 0.28 0.25 0.62 0.26 0.23 0.64 0.28 0.25
26 0.4 0.35 0.63 0.36 0.32 0.63 0.41 0.35
27 0.32 0.29 0.6 0.29 0.27 0.47 0.33 0.29
28 0.48 0.44 0.56 0.43 0.4 0.56 0.49 0.41
29 0.36 0.34 0.6 0.32 0.31 0.6 0.36 0.34
30 0.31 0.29 0.6 0.28 0.27 0.6 0.32 0.3
31 0.3 0.28 0.77 0.28 0.26 0.67 0.31 0.28
32 0.29 0.27 0.63 0.26 0.24 0.63 0.3 0.28
33 0.27 0.25 0.44 0.25 0.23 0.44 0.28 0.26
Poland Av. 0.41 0.37 0.69 0.37 0.34 0.63 0.41 0.37
34 0.6 0.52 1 0.52 0.46 1 0.6 0.49
35 0.46 0.43 0.99 0.45 0.4 1 0.47 0.43
36 0.49 0.42 0.57 0.44 0.38 0.51 0.49 0.42
Sl. Rep. Av. 0.52 0.46 0.85 0.47 0.41 0.75 0.52 0.45
37 0.63 0.58 1 0.55 0.5 1 0.63 0.58
38 0.64 0.57 1 0.57 0.5 1 0.64 0.57
39 0.68 0.59 1 0.56 0.5 1 0.68 0.59
40 0.46 0.43 0.78 0.4 0.37 0.78 0.46 0.43
41 1 0.75 1 1 0.71 1 1 0.66
42 0.21 0.2 0.4 0.19 0.18 0.39 0.22 0.2
43 0.62 0.55 1 0.52 0.47 1 0.62 0.55
Cz. Rep. Av. 0.6 0.52 0.88 0.54 0.46 0.79 0.61 0.51
44 0.67 0.6 1 0.6 0.54 1 0.67 0.6
45 0.33 0.31 0.73 0.3 0.28 0.73 0.33 0.31
46 0.62 0.54 1 0.57 0.49 1 0.62 0.53
47 0.64 0.57 1 0.58 0.52 1 0.64 0.57
Hungary Av. 0.57 0.5 0.93 0.51 0.46 0.92 0.57 0.5
48 0.99 0.85 1 0.94 0.8 1 0.99 0.84
49 0.42 0.37 1 0.42 0.36 1 0.42 0.37
50 1 0.92 1 1 0.9 1 1 0.9
51 0.71 0.6 1 0.58 0.47 1 0.71 0.6
52 0.54 0.48 1 0.43 0.37 1 0.54 0.48
53 1 0.82 1 1 0.79 1 1 0.81
54 0.41 0.39 0.71 0.38 0.36 0.71 0.42 0.39
55 0.83 0.72 1 0.79 0.69 1 0.83 0.68
56 0.96 0.62 1 0.95 0.66 1 0.96 0.63
57 0.54 0.47 0.89 0.51 0.45 0.8 0.54 0.47
58 0.51 0.46 0.78 0.41 0.38 0.59 0.51 0.46
59 0.66 0.59 1 0.72 0.63 1 0.66 0.58
60 1 0.81 1 1 0.8 1 1 0.79
61 0.75 0.61 1 0.76 0.61 1 0.75 0.6
62 0.31 0.29 0.64 0.27 0.25 0.64 0.33 0.31
63 1 0.88 1 1 0.87 1 1 0.87
64 0.51 0.49 1 0.51 0.48 1 0.52 0.49
65 0.77 0.6 1 0.71 0.57 1 0.77 0.6
66 0.87 0.77 0.88 0.89 0.77 0.91 0.87 0.77
67 0.79 0.72 1 0.81 0.72 1 0.79 0.72
68 1 0.82 1 0.65 0.55 1 1 0.77
69 0.96 0.77 1 0.95 0.73 1 0.96 0.77
70 0.85 0.74 1 0.82 0.72 1 0.87 0.64
71 0.48 0.44 0.74 0.46 0.43 0.74 0.52 0.47
72 0.38 0.35 0.8 0.37 0.33 0.79 0.4 0.36
73 0.62 0.55 0.83 0.63 0.56 0.83 0.63 0.56
74 0.33 0.31 0.52 0.34 0.31 0.52 0.35 0.32
75 0.36 0.33 0.73 0.35 0.32 0.73 0.41 0.36
76 0.39 0.36 0.84 0.41 0.37 0.91 0.41 0.38
77 0.68 0.42 1 0.7 0 1 0.71 0.43
78 0.6 0.51 1 0.61 0.53 1 0.62 0.53
79 0.62 0.55 1 0.79 0.67 1 0.65 0.56
80 0.51 0.47 1 0.49 0.44 1 0.63 0.56
81 0.5 0.46 1 0.49 0.45 1 0.6 0.54
82 0.39 0.35 1 0.4 0.36 1 0.55 0.46
83 0.66 0.58 1 0.66 0.56 1 1 0.79
84 0.51 0.44 1 0.58 0.48 1 0.65 0.53
Germany Av. 0.66 0.56 0.93 0.64 0.53 0.9 0.69 0.58

Table 4.3: Summary of technical efficiency scores
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Test on Test on
global CRS local CRS

Firm p-value p-value Firm p-value

0.28
1 0.67 43 0.18
2 0.49 44 0.18
3 0.11 45 0.82
4 0.48 46 0.15
5 0.75 47 0.12
6 0.39 48 0.73
7 0.28 49 0.06
8 0.29 50 0.96
9 0.88 51 0.06
10 0.42 52 0.02
11 0.63 53 0.86
12 0.75 54 0.79
13 0.76 55 0.29
14 0.87 56 0.67
15 0.72 57 0.67
16 0.87 58 0.63
17 0.09 59 0.57
18 0.65 60 0.94
19 0.79 61 0.31
20 0.79 62 0.51
21 0.46 63 0.93
22 0.59 64 0.35
23 0.64 65 0.41
24 0.49 66 0.78
25 0.81 67 0.38
26 0.51 68 0.9
27 0.64 69 0.26
28 0.59 70 0.39
29 0.46 71 0.26
30 0.32 72 0.45
31 0.39 73 0.22
32 0.4 74 0.41
33 0.35 75 0.25
34 0.24 76 0.34
35 0.43 77 0.17
36 0.76 78 0.46
37 0.49 79 0.22
38 0.1 80 0.38
39 0.04 81 0.41
40 0.05 82 0.42
41 0.96 83 0.6
42 0.34 84 0.26

Table 4.4: Test on constant returns to scale
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4.5.3 Are companies in Poland significantly less efficient?

We also submitted the results above to a different production assumption that

estimates technical efficiencies using the Deprins et al. (1984) FDH model. It

reveals that the Polish electricity distribution companies feature a lower technical

efficiency score on average (see Table 4.3, results for Models 1 and 2 (FDH)).

Thus the findings for Poland exhibited in the nonparametric DEA model can be

confirmed. In the other three countries the distribution utilities gain efficiency, and

in Germany, more than half of the utilities are located on the efficiency frontier.

We further extend the model by considering different definitions of network

length. In the first step described in Section 4.4, we weighted the different voltage

levels in order to approximate the real capital stock. The correlation between the

two estimation results was about 0.98. The rankings of the most efficient and less

efficient companies did not change. We conclude that the factorization has only a

minor influence on the efficiency rankings.

For Model 1 (DEA) we also define the capital input (network length) as a non-

discretionary variable assuming that in the short run the variable is not controllable

by the regional distribution companies. The results can be confirmed: Polish

electricity distribution showed the lowest technical efficiency score. Therefore the

capacity of reducing variable input usage given a fixed level of output and a fixed

network length is relatively high in Poland in comparison to the three other East

European countries and Germany.

We also determined if the Polish distribution companies feature a significantly

lower level of technical efficiency by testing on mean equivalence based on boot-

strapping. With 2,000 replications the model yields an estimated p-value of 0.00025.

Hence, the null hypothesis can be rejected. The mean technical efficiencies of the

Polish companies are significantly lower than the technical efficiencies of the re-

maining countries. Applying the test for Model 2 (DEA) yields the same result.

4.5.4 Does ownership structure make a difference?

Market restructuring implies a new institutional framework for electricity distrib-

ution companies, stronger regulation of cost structures and prices, new corporate

governance structures and also - in some cases - a transition to private ownership.

In fact, an early rationale for supporting a quick transition process was that private

ownership would provide the correct incentives to improve efficiency. We tested

this hypothesis for the four transition countries using the following procedure.

We defined a privatization index for each company ranging from 0 (the firm

is publicly owned) to 1 (the firm is completely privatized). Poland has, with the
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lowest degree of privatization and foreign investments in 2002, only two companies

(Górnos laski Zak lad Elektroenergetyczny SA and STOEN Sto leczny Zak lad En-

ergetyczny SA) which feature foreign shareholding (0.45 and 0.85, respectively).

In the Slovak Republic, all three companies are 49% privatized. The privatization

index in the Czech Republic is more heterogeneous, ranging from 0.03 to 0.86,

with an average index of 0.42. Hungary features the highest degree of privatized

shares with an average index of 0.88.

A correlation analysis suggests a positive link between the privatization index

of a company and its respective efficiency score. For instance, in Poland the partly

privatized utilities show the highest technical efficiency scores when compared with

the other publicly owned distribution utilities. A similar picture emerges in the

Czech Republic, where efficiency scores correlate positively with the privatization

score (except for one outlier)14; the same holds true for Hungary. Although these

simple correlations cannot be taken as a “proof”, we conclude that there is some

anecdotal evidence about a positive link between private ownership and efficiency

in the transition countries’ electricity distribution. More empirical work is needed

to confirm this hypothesis.

4.6 Conclusions

In this chapter, we have compared the technical efficiency of regional electricity dis-

tribution companies in the transition countries of Poland, Czech Republic, Slovakia

and Hungary with one another and with Germany. The reform process in Eastern

Europe in this sector is influenced by the legacy of decades of socialist energy

policy, and by attempts to modernize the sector in the wake of EU-accession. Our

results indicate marked differences in the efficiency scores both within the coun-

tries and between them. The Polish regional electricity distribution companies

appear to suffer from the highest lack of technical efficiency; the smaller Polish

companies feature very low efficiency scores. Recent discussions concerning the

merger of the 33 Polish companies into seven larger entities may therefore be well-

founded. Companies in the Czech Republic regularly show the highest efficiency

scores within our nonparametric approaches, which can be explained by the sub-

stantial restructuring efforts undertaken there in the mid-1990s. When comparing

the East European regional electricity distribution companies with their German

counterparts, both DEA and FDH models indicate lower efficiency values in East-

ern Europe. We have tried to explain this phenomenon with the more coherent

14The distribution company Jihoceská Energetika showed the highest privatization score and
the lowest technical efficiency score.

88



4.6. CONCLUSIONS

network development in a market economy, but it can also be due to structural

variables, such as population density. In addition we considered the link between

private ownership and efficiency; a simple correlation analysis suggests that the

technical efficiency of a firm in the transition countries increases with the degree

of privatized shares.

We suggest that additional research should focus on a dynamic comparative

analysis of efficiency measures in the region, e.g. time series analysis from 1995-

2006, and to test whether the regulatory reforms undertaken have improved the

overall national performance of the regional electricity distribution companies. The

use of monetized cost data would allow for more reliable conclusions with regard

to scale efficiencies (see e.g. Farsi and Filippini, 2004); it might also inverse the

efficiency relation between Eastern Europe and Germany, since Germany has the

highest labor costs. Also given the EU’s political desire to press for continued

reforms in Eastern Europe, improvements in international benchmarking should

ultimately lead to more uniform regulatory policies throughout Europe’s electricity

sector.
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Chapter 5

From Transition to Competition -

Dynamic Efficiency Analysis of

Polish Electricity Distribution

5.1 Introduction

One of the key concerns of the literature on economic transition in Eastern Europe

is the link between economic reforms and productivity at the level of firms, sec-

tors, and of national economies. In general, one expects that the move from central

planning and state ownership toward market competition and more efficient cor-

porate governance increases the productivity at all levels. Several studies confirm

this hypothesis by applying productivity analysis such as DEA and SFA. Thus,

Halpern and Kőrösi (2001) show that in the Hungarian corporate sector increasing

competition has lead to a gradual improvement in efficiency and a shift from de-

creasing to increasing returns to scale. Using an unbalanced panel of firms, Funke

and Rahn (2002) show that the East German firms undergoing transition were

significantly less efficient than firms in Western Germany. Similar studies using

advanced quantitative methods include Brada et al. (1997) on Czechoslovakia and

Hungary; Jones et al. (1998) on Bulgaria; Piesse (2000) on Hungary; and Koop

et al. (2000) on a comparison between the Polish and Western economies.

However, the past fifteen years have also taught us that not all expectations

regarding the virtues of transition have materialized. This is particularly true in

the capital-intensive and highly politicized infrastructure sectors, where reforms

have sometimes been slow and painful (EBRD, 1996, 2004; Hirschhausen, 2002).

In the last decade energy sector reform has been especially difficult because its

mergers have often resulted in significant downsizing of employment and plant
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closures.

There have been few studies of restructuring’s impact on the electric sector’s

productivity or on individual companies in the emerging internal energy markets

in Europe. Kocenda and Cabelka (1999) studied the liberalization of the energy

sector in the transition countries with respect to its effect on transition and growth.

Filippini et al. (2004) analyzed the efficiency of electricity distribution companies

in Slovenia, using SFA. They found that Slovenian distribution companies were

cost inefficient and that in a situation of increasing returns to scale most utilities

did not achieve the minimum efficient scale. Cullmann and Hirschhausen (2008a)

provide a cross-country efficiency analysis of regional electricity distribution com-

panies in four East European transition countries (Czech Republic, Slovakia, Hun-

gary and Poland). Based on the cross-section data set for 2001 they find that

the restructured Czech electricity distribution companies regularly obtained the

highest efficiency scores; by contrast, the Polish had the lowest efficiency scores in

the region, and were also found to be very heterogeneous amongst themselves.

In this chapter, we provide a dynamic efficiency analysis of Polish regional elec-

tricity distribution companies during the transition period. Our aim is threefold:

first, we want to validate the previous result that Polish companies could bene-

fit from merging into larger units; second, we want to quantify how productivity

evolves as the transition proceeds; third, we want to contribute to the current

discussion in the literature on transition and productivity. We use a unique data

set including technical data and cost and price data for six years (1997-2002). We

apply a broad range of models to the Polish companies, such as cost efficiency mod-

els to evaluate allocative efficiency, and panel data analysis to estimate efficiency

change over time.

This chapter is structured in the following way: Section 5.2 describes the re-

form process of the Polish energy sector since the beginning of economic transition,

particularly the difficulties in restructuring this politically and socially sensitive

sector. Section 5.3 introduces the data, model specifications, and inputs and out-

puts used in the efficiency analysis. We then apply a series of traditional and

some innovative approaches in nonparametric and parametric estimation: Section

5.4 presents the nonparametric approaches including DEA, a descriptive statisti-

cal method for outlier detection, the stochastic DEA using the order-m efficiency

estimates, and the FDH estimator. Section 5.5 presents results of the parametric

approaches. We interpret and compare the results obtained. We find that overall

transition did have a significant positive effect on technical efficiency whereas al-

locative efficiency decreased during that period. Section 5.6 offers our conclusions

91



CHAPTER 5. FROM TRANSITION TO COMPETITION - DYNAMIC
EFFICIENCY ANALYSIS OF POLISH ELECTRICITY DISTRIBUTION

and suggestions for further research, and discusses several policy implications.1

5.2 Electricity restructuring since transition be-

gan

Electricity sector-restructuring has proven to be one of the more difficult exercises

in the process of economic transition and therefore has taken more effort and

more time than initially expected. In socialist countries the electricity sector was

assigned a prominent political and ideological role (Lenin’s “communism is Soviet

power plus electrification”). Subsequently, reforms towards more market-oriented

structures were challenging: the price system was changed from “social tariffs” to

cost-covering prices; vertically integrated monopolies were unbundled while some

portions became privatized; regulatory authorities were established; environmental

standards and renewable-promotion schemes were implemented. Newbery (1994),

Stern (1994) and Stern and Davis (1998) have provided evidence on the economic,

regulatory and political challenges of restructuring the electricity sector; many

of their observations are still valid. More recent evidence by EBRD (2004) and

Hirschhausen and Zachmann (2005) confirms that the electricity sector is still one

of the unresolved legacies of transition in many countries.

Together with high voltage transport and low voltage distribution of electric-

ity, regional electricity distribution retains many of the characteristics typical of a

natural monopoly (subadditive cost function). This implies that contrary to elec-

tricity production and electricity retail, there can be no competition in electricity

distribution. It also gives the electricity sector an important role both in socialist

systems and in market economies. Electricity distribution is perhaps the most

complicated element in restructuring, where industrial demand has collapsed at

the same time residential use is rising.

Poland, by far the largest electricity producer and distributor among the East

European transition countries, still has problems to resolve before it can completely

reform its electricity sector. Its historical dependence on coal – a supply source

that suffers from chronic over-employment, centralized bureaucratic structure, and

a high degree of politicized decision-making – has weakened modernization efforts.

For example, to preserve employment in several mines, Poland was forced to buy

its own expensive coal. In socialist times, the electricity sector was organized by

a Central Ministry which delegated operational powers to one electricity company

1This Chapter 5 is an updated version of Cullmann and Hirschhausen (2008b). The research
was initiated by the author, who was also responsible for developing the models, interpreting the
empirical results and writing the bulk of the analyses.
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in each of the 33 regions (voivody). The structure remained unchanged during the

first decade of transition; by international comparison, 33 distribution companies

is a large number for total sales of only about 90 TWh of electricity.

The country’s capital stock also remained largely unchanged, and few invest-

ments occurred. To date, privatization of the distribution companies in Poland

has been dragging on slowly with only 3 of the 33 companies being bought by

(foreign) private investors. By international comparison, the Polish electricity sec-

tor has lost attractiveness vis-a-vis more active transition countries, such as the

Czech Republic and Hungary. Recently, however, the reform process has picked

up speed, with attempts to merge the existing regional structures into seven large

distribution companies and therefore to benefit from the assumed economies of

scale. This consolidation plan also includes the creation of a few large holding

companies for electricity generation (“national champions”). In the first round of

consolidation, 14 regional companies were created out of the initial 33 distribu-

tors. From an economic perspective, such concentration is justified if the size of

the units can be shown to be too small. This is a major concern of this chapter

and the following quantitative analysis.

5.3 Data, variables, and model specifications

5.3.1 Data

Our analysis is based on a panel data set for 32 Polish regional distribution com-

panies for the period between 1997 and 2002.2 Both technical and cost data is

available from the utilities’ annual reports from 1997 onwards; before that year,

companies were not obliged to report this data systematically. In 2003, the merger

process set in, and it became more difficult to compare the companies.

The electricity distribution companies operate under very similar technical and

institutional conditions. As natural monopolies, their tariff setting is subject to

supervision by the national Polish regulatory authority. Table 5.1 provides a sum-

mary of the main data of the companies. The size, in terms of km2 distribution

area, is quite similar among the 32 companies. In that respect, the Polish distribu-

tion companies are more homogeneous than for instance in neighboring Germany.

The two exceptions which are smaller than the average are STOEN, the Warsaw

distribution company, and Lodzki Zaklad Energetyczny SA. On the other hand,

there are considerable differences in consumer density, in particular between the

2Data for one company (Gornoslaski Zaklad Elektroenergetyczny SA) was completely missing.
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more densely settled regions in the Center and the South of the country and the

less densely settled regions in the North and East.

Partial productivity indicators vary somewhat among the 32 companies. The

average labor productivity has increased from 1765 MWh per employee in 1997

to 2152 in 2002. The firms feature different labor productivity, such as Zamojska

Korporacja Energetyczna SA (1097 MWh per employee) and Zaklad Energety-

czny Plock SA (12199 MWh per employee). This is partly due to variations in

outsourcing (for which no data is available).3

Another partial performance measure, the number of customers per employee,

also increased on average from 270 in 1997 to 364 in 2002. Capital productivity is

approximated by the ratio of electricity sold in MWh divided by network length.

The average capital productivity is rather constant over the period, ranging from

101 MWh per km network to 106 MWh per km of network. This indicates that

input factor adaptation largely relies on labor, but that there is some flexibility

regarding the capital input (∼ network length) as well.

5.3.2 Variable definition

The available data allows for an analysis of both the technical and the cost effi-

ciency. There exists a wide variety of parametric and nonparametric approaches

to estimate the production frontier and to derive the efficiency of the individual

firms. For estimating the technical efficiency, we use a traditional model which

has been applied for similar sector studies (Cullmann et al., 2006; Cullmann and

Hirschhausen, 2008a): labor and capital are used as inputs, electricity distribu-

tion and the number of customers are the output. Estache et al. (2004) include

e.g. transformer capacity as a further capital input. This was not possible for the

Polish distribution companies because of data availability.

Labor input is estimated by the number of workers. The descriptive statistics

(Table 5.1) show that total employment in the Polish electricity distribution has

decreased over the years. Capital input is approximated by the length of the

existing network. We differentiate between voltage levels (high, medium, and

low) by introducing a cost factor for each type of line. The factors are 1, 1.6,

3We reported in Table 5.1 for labor and labor productivity on the one hand the total number of
employees within the companies, where no large changes were detected and on the other hand the
maximum of labor productivity for the companies in a whole. From 1999 onwards the maximal
labor productivity is always achieved by just one company (Zaklad Energetyczny Plock SA).
This company outsourced some parts of their services because the number of employees within
this company decreased significantly from one year to another (from 1999 onwards). That is the
reason why the maximum value increased by three times in one year whereas no large changes
were detected in the number of employees.
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Year Network Labor Cust. Electricity Inverse Labor Capital Cust./
length density prod. prod. empl.
in km sold index (MWh/ (Mwh/

in MWh (sqkm/ empl.) km)
inha.)

1997 sum 946736 49782 13850514 89255000
av 29585 1555 432828 2789218 0.0092 1764.7 106.3 270.4
med 24174 1646 418780 2686500 0.0090 1638.8 90.3 264.5
min 13179 779 156503 794000 0.0003 947.5 39.0 186.8
max 57675 2749 854928 5979000 0.0177 3338.4 320.2 453.8
std 14169 500 190873 1293245 0.0046 560.7 61.6 58.4

1998 sum 946736 48178 13950957 88622872
av 29585 1505 435967 2769464 0.0092 1816.9 105.4 282.7
med 24174 1616 421229 2716665 0.0090 1657.9 91.7 275.2
min 13179 784 158040 801810 0.0003 987.5 39.1 194.6
max 57675 2725 862110 5643915 0.0177 3267.1 302.2 492.8
std 14169 504 193014 1268507 0.0046 561.0 60.0 63.9

1999 sum 956034 46468 14051383 86210740
av 29876 1452 439105 2694085 0.0092 2072.1 102.1 339.3
med 24174 1601 423678 2551200 0.0090 1636.2 87.8 281.8
min 12860 177 159577 809620 0.0003 849.4 39.2 202.0
max 64602 2701 869291 5308830 0.0177 10527.3 285.4 1915.5
std 14888 539 195183 1283574 0.0046 1661.8 60.9 295.5

2000 sum 958212 45776 14050988 89470372
av 29944 1430 439093 2795949 0.0092 2226.1 106.7 352.1
med 24174 1589 423728 2680172 0.0090 1740.7 90.6 288.6
min 10146 163 159577 838043 0.0003 1098.0 38.5 195.1
max 65104 2711 869291 5603370 0.0177 12199.6 300.4 2080.0
std 15108 560 195197 1316623 0.0046 1908.7 62.9 322.7

2001 sum 962620 45894 14276360 87912990
av 30081 1434 446136 2747280 0.0092 2119.5 104.4 354.1
med 24481 1587 428286 2523575 0.0090 1638.1 90.4 290.2
min 10180 163 163576 818240 0.0003 1056.7 37.4 200.9
max 66134 2718 885631 5627910 0.0177 10179.3 305.7 2108.8
std 15240 549 200772 1327812 0.0046 1582.8 62.3 327.5

2002 sum 966510 45602 14369829 86639108
av 30203 1425 449057 2707472 0.0092 2152.3 101.4 364.5
med 24511 1570 428826 2545220 0.0090 1620.3 90.9 293.9
min 10191 149 164489 820248 0.0003 1024.8 36.3 200.7
max 66794 2763 890650 5677214 0.0177 11780.0 305.7 2314.9
std 15278 550 203237 1296262 0.0046 1847.1 57.6 362.8

Table 5.1: Descriptive statistics
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and 5 for low, medium and high voltage respectively. They are adopted from

Verband Deutscher Elektrizitätswirtschaft’s estimates for Germany’s electricity

distribution.

We use the amount of electricity distributed to end users (units sold) and the

total number of customers as output variables. The amount of electricity distrib-

uted somewhat declined from 89.2 GWh (1997) to 86.7 GWh (2002); this trend is

representative for the transition period, as rising electricity prices and increased

energy efficiency dampen consumption. The number of customers increased mainly

due to the rising number of residential households. On the output side, we also

include an inverse density index (settled area in km2 per inhabitant) to account

for the structural differences: this index (IDI) favors the efficiency scores of less

densely inhabited regions.

Our cost model includes total cost (Totex), capital costs, and labor costs. Totex

and labor costs are available for all companies in Polish Zloty (Plz). The average

wages and the input factor price for labor, are calculated as the ratio of labor

expenditures divided by the number of employees. In Poland, almost all companies

apply public sector wages bargained collectively at the national level; thus there are

no substantial regional labor cost differences. As a result the average salary varies

across companies mainly because of the age and education structure of employees.

Following Filippini et al. (2004), we define capital costs as the difference between

total cost and labor costs. The capital stock is approximated by network length.

We can thus derive the “price” of capital as the ratio of (residual) capital cost and

the capital stock (∼ network length).

All input prices and costs were deflated by means of the price index of sold pro-

duction of industry (1995 = 100) available from the statistical information center

in Poland. Average costs varied significantly between the companies with a differ-

ence of up to 50 Plz/MWh. Although there were major labor reductions during

our study period, total labor costs increased because of rising wages. Capital costs

and output prices also rose.

5.3.3 Model specification

Applied empirical work on efficiency and productivity measurement of individual

firms is always confronted with the high sensitivity of the results to the different

approaches and the variation in firm’s input and output parameters to describe the

production process of the industry (see e.g Zhu, 2003). Therefore, with the aim of

reflecting a significant and robust image of the economic operations, this chapter

discusses, applies and compares a variety of approaches. In essence, choices must
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Model Input Output

Employees Network Electricity Customers Inverse
length sold density index

I) Nonparametric

Deterministic

DEA Model 1 • • • •
DEA Model 2 • • • • •
FDH Model 1 • • • • •

Stochastic

Order-m Model 1 • • • • •

II) Parametric

Stochastic

SFA Model 1 (BC 1992) • • • •
SFA Model 2 (BC 1995) • • • • •

Table 5.2: Model specification - technical efficiency

be made using the following criteria: i) nonparametric vs. parametric approaches;

ii) technical efficiency models vs. allocative efficiency models; iii) deterministic vs.

stochastic approaches (see Coelli et al., 2005, for a survey).

Based on the available data and our own modeling experience, we chose the

following models: a DEA Model 1 which uses the traditional choice of technical

efficiency analysis: the inputs are the number of employees (labor), and the length

of the electricity grid (capital); the outputs are total sales (in GWh) and the

number of customers. In the extended version of the model (DEA Model 2), we

include a structural variable to account for structural differences among regions:

the inverse density index (IDI, measured in km2 per inhabitant). To obtain robust

and reliable results, we then estimate the extended DEA Model 2 also by the FDH

approach (FDH Model 1) and the stochastic DEA, the so-called order-m estimator

(Order-m Model 1). For the stochastic approach to technical efficiency analysis,

the SFA Model 1 uses the basic set of two inputs and two outputs, to which we

add the structural inverse density index (IDI) in SFA Model 2. We apply two

different panel data specifications, Battese and Coelli (1992), called SFA Model 1,

and Battese and Coelli (1995), called SFA Model 2, which we discuss in Section

5.5.1. Table 5.2 summarizes the models for estimating technical efficiency.

With regard to estimating allocative efficiency, we estimated nonparametric

approaches and parametric cost functions (see Table 5.3): DEA Model 3 uses

total cost as a dependent variable, whereas DEA Model 4 uses the physical output
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Model Input Input Factor Output Input/
Prices Output

Empl- Network Labor Capital Electricity Cust- IDI Total
oyees length price price sold omers costs

I) Nonparametric
Deterministic

DEA Model 3 • • • • •
DEA Model 4 • • • • • •
DEA Model 5 • • •

II) Parametric
Stochastic

SFA Model 3
(BC 1992) • • • • • •
SFA Model 4
(true fixed effects) • • •
SFA Model 5
(true random
effects) • • •

Table 5.3: Model specification - allocative efficiency

“electricity sold” (in MWh) and the number of customers. DEA Model 5 uses total

costs as input, and the amount of electricity sold and the number of customers

as output. SFA Model 3 defines the total costs as the dependent variable and

both outputs (electricity sold and number of customers), the structural variable,

and the input factor prices as regressors. In addition we apply fixed and random

effects panel models developed by Greene (2005b). In SFA Model 4 and 5 we

define the input as the sum of the monetized input factors, the total costs, and

the aggregated output index as the dependent variable.

5.4 Nonparametric approaches and results

5.4.1 Basic DEA, FDH, and stochastic DEA

We apply common nonparametric estimators for efficiency measurement such as

DEA and FDH estimator. In addition we also apply recently developed approaches,

such as the stochastic DEA, the so-called order-m estimator, proposed by Cazals

et al. (2002). DEA involves the use of linear programming methods to construct a

piecewise linear surface or frontier over the data and measures the efficiency for a

given unit relative to the boundary of the convex hull of X = {(xi, yi), i = 1...n},

where xi defines the input vector and yi the output vector of the i-th out of n
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firms.

θ̂k = min{θ|yk ≤
n∑

i=1

γi yi; θ xk ≥
n∑

i=1

γi xi; θ > 0; γi ≥ 0, i = 1, ...n} (5.1)

Following Simar and Wilson (1998), θ̂k measures the radial distance between the

observation xk, yk and the point on the frontier characterized by the level of inputs

that should be reached to be efficient. A value of θk = 1 indicates that a firm is fully

efficient and thus is located on the efficiency frontier. γi are the weights attached to

different firms’ inputs and outputs. Efficiency scores can be obtained either within

a constant returns to scale (CRS) approach or a less restrictive variable returns to

scale (VRS) approach. Calculations are done using an input-orientation.

The DEA estimates may depend heavily on the assumption that the production

frontier is convex. The FDH estimator, in contrast, relaxes the assumption of

convexity. Cazals et al. (2002) propose the nonparametric order-m estimator as an

alternative, which is based on the expected minimum input frontier. This type of

estimator is more robust since it permits noise in input measures, and consequently

individual observations including extreme outliers have much less influence on the

efficiency frontier (Cazals et al., 2002; Wheelock and Wilson, 2003).

5.4.2 Empirical results: technical efficiency

For the nonparametric analysis we estimate a pooled intertemporal frontier in-

cluding all observations over the whole period (1997-2002). In DEA Model 1 the

Polish companies achieve an average technical efficiency of 0.59 under a CRS as-

sumption. The correlation analysis of the individual efficiency estimates for each

year ranges around 0.9, implying that there is no significant change between the

different years at the company level. When applying the less constraining VRS

approach, the Polish companies considerably gain in efficiency, reaching an average

efficiency level of 0.75. Figure 5.1 shows the differences of DEA Model 1 under a

CRS assumption and DEA Model 1 under a VRS assumption. In the following

graphs the firms are ordered by size, defined in our analysis by electricity sold in

MWh, beginning with the largest company in each year at the left. In comparison

to other Central European new EU member states, Poland is relatively large but it

has got overproportionally many distribution companies. The low technical CRS

efficiency scores combined with a notable difference in the VRS scores indicate

that the Polish electricity distribution companies are “too small to be efficient”.4

4In all years, 50% of the larger companies are on average more efficient than the smaller ones,
which also indicate that there are increasing returns to scale.

99



CHAPTER 5. FROM TRANSITION TO COMPETITION - DYNAMIC
EFFICIENCY ANALYSIS OF POLISH ELECTRICITY DISTRIBUTION

Figure 5.1: Difference results DEA Model 1 (VRS - CRS)

We postulate that their inefficiency chiefly originates in their size.

Including the inverse density index in DEA Model 2 changes the rank of the

individual firms. Companies which operate in a less favorable environment, partic-

ularly the smaller companies, significantly gain efficiency in all years. The average

efficiency increases to 0.72 under CRS and 0.81 under VRS. In both models we

observe that the average efficiency increases slightly over the years.5 Our result

can be confirmed by Malmquist indices which measure the change of total factor

productivity for a particular firm between two periods. The index is constructed by

measuring the radial distance of the observed output and input vectors in periods

s and t relative to the reference technologies in periods s and t. By means of the

Malmquist indices one can decompose efficiency change into technical, efficiency

and total factor productivity components (for more details see Färe et al., 1985;

Coelli et al., 2005). The empirical results indicate a technical change of 1.026 on

average during the observation period. This implies that the technical efficiency

increase found in our DEA Model 1 and DEA Model 2 results from technical

progress.

In addition, we note the sensitivity of the results from a different set of pro-

duction assumptions by estimating the technical efficiencies using the FDH Model

1. Only 13 enterprises out of our sample are not classified as fully efficient. We

also note that in every period the same utilities are classified as inefficient. All of

the firms classified as inefficient are medium-sized or smaller when size is defined

as the annual amount of electricity sold. The inefficiency of these companies can

be seen as robust, when enlarging our analysis to the stochastic nonparametric

5In DEA Model 1 from 0.56 to 0.59 under CRS, and 0.71 to 0.75 under VRS, and in DEA
Model 2 from 69.7 to 73.1 under CRS and from 77.3 to 80.2 under VRS.
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approach, the order-m estimation. We find that technical efficiency also increases

during the observation period from 0.93 to 0.97. Thus the results from the DEA

Models 1 and 2 can be confirmed.

5.4.3 Empirical results: allocative efficiency

We now provide an overall economic efficiency measure, the allocative efficiency of

the firms. In DEA Model 3 we estimated the relative cost efficiency of the firms by

relating the inputs to the respective factor prices. We find that while the technical

efficiency increases, from 0.76 in 1997 to 0.81 in 2002, the allocative efficiency

decreases moderately, from 0.87 in 1997 to 0.84 in 2002. This implies that the

cost efficiency or the overall efficiency of the firms, calculated as the product of

technical and allocative efficiency, remains at a similar level. Thus, we observe two

trends: first, over the years, the utilities learned to improve the technical aspect

of the production process; second, they were unable to allocate the inputs more

efficiently. This result can be confirmed by using DEA Model 5, where we include

the total costs as input instead of the physical input factors. Again we note that

the companies failed to utilize the input factors more cost effectively.

Looking at individual firms we note that across all model specifications, STOEN

(company operating in Warsaw) was the most efficient. This can be explained by

its customer structure, both with regard to density and to specific electricity con-

sumption patterns; there is a high degree of industrial demand, for example. The

results remain valid when we compensate other regions for their structural disad-

vantage, by using the inverse density index. Other metropolitan distributors, like

Lodz, Krakow, or Wroclaw do not achieve the same technical efficiency, but their

efficiency scores remain above average.

5.5 Parametric approaches and results

5.5.1 Stochastic frontier model and panel data models

The stochastic frontier approaches provide a parametrization of the input-output

relationship. Contrary to the ordinary least squares (OLS), the stochastic frontier

model decomposes the residuals into a symmetric component vi representing sta-

tistical noise, and an asymmetric component representing inefficiency ui. Referring

to the translog functional form yields the stochastic frontier production function
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in the following form

ln yi = β0 +
N∑

n=1

βn ln xni +
1

2

N∑
n=1

N∑
m=1

βnm ln xni ln xmi + vi − ui (5.2)

where i is the index for firm i.

We apply two types of panel analysis: the first is based on Battese and Coelli

(1992, 1995) and the second based on Greene (2005b), respectively. Battese and

Coelli (1992) proposed a random effects model with a varying technical inefficiency

over time as follows.

uit = f(t) · ui (5.3)

where

f(t) = exp[η(t− T )] (5.4)

η is an unknown parameter to be estimated.

The Battese and Coelli (1995) specification accounts explicitly for environmen-

tal non-stochastic factors such as the inverse density. The inefficiency effects ui

are expressed as an explicit function of a vector of firm-specific variables and a

random error (see Coelli, 1996)

ui ∼ N+(z′itγ, σ2
u) (5.5)

where zit is a vector of environmental variables which may influence the inefficiency

effects ui, and γ is a vector of parameters to be estimated.

The major shortcoming of the above specified and estimated panel data models

is that any unobserved time-invariant, firm-specific heterogeneity is considered as

inefficiency. To overcome this problem, we estimated in a second step the fixed

and random effects models derived by Greene (2005b), who extended the stochastic

frontier model in its original form to panel data models by adding a fixed or random

effect in the model. The two are called the true fixed effects model and the true

random effects model, respectively. The true fixed effects model can be expressed

by

yit = αi + x′
itβ + vit − uit (5.6)

In fact, one can interpret the model as if a full set of firm dummy variables were

added to the stochastic frontier model capturing the unmeasured heterogeneity

directly in the production function (Greene, 2005b). The true random effects

frontier model can be expressed by

yit = (α + wi) + x′
itβ + vit − uit (5.7)
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where wi, a random (across firms) constant term, represents the cross-section het-

erogeneity.6

5.5.2 Structural variable, technical change and cost effi-

ciency

The lower parts of Tables 5.2 and 5.3, respectively, provide the concrete specifica-

tion of the parametric models that we use. For the SFA models the outputs were

aggregated7 to create a joint index for total sales and the number of customers. We

calculated the predicted technical efficiency according to Coelli (1996), assuming

a truncated-normal distribution for the technical inefficiencies. In a first step, in

order to compare the SFA results to the pooled DEA, we ran SFA Models 1 and

2 without and with technical change. Therefore in the first model specifications

the results indicate the average technical efficiency of the firms across the obser-

vation period. The results of this approach lead to the same trend observed in

the nonparametric DEA Model 1: the average efficiency score of the 50% largest

enterprises is 0.74, whereas it is only 0.56 for the lower half of the sample. The

SFA Model 2, including the structural variable, indicates that the inverse density

index has a significant influence so that the larger utilities are on average more

efficient. In both stochastic frontier specifications we find evidence that STOEN

is relatively more efficient than the other companies.

We conduct model variation for both SFA Model 1 and SFA Model 2, first

assuming a constant trend, and then extending the analysis by allowing the tech-

nological change to increase or decrease with time. The estimates of the technical

change parameters indicate a technological progress which decreases over the sam-

ple period since the sign of the squared time trend is negative. More precisely, we

estimate that output increased at a ratio of approximately 2.4% per annum due to

technological change. We can summarize that the SFA results are similar to the

DEA results. We observe some technological change in the electricity distribution

industry.

The stochastic cost frontier specification (SFA Model 3) identifies the minimum

costs at a given output level, the input factor prices, and the existing production

technology. The specification of the cost frontier is similar to Filippini et al.

(2004).8 Linear homogeneity in input prices is imposed by dividing the monetized

6The two sets of maximum likelihood estimates as well as the inefficiency predictions were
obtained using LIMDEP (Greene, 2002, 2007b).

7For the SFA run the outputs were logged and weighted 50% each.
8A Cobb Douglas functional form has been adapted, because we want to avoid the risk of

multicollinearity among second order terms due to the large number of parameters in a translog
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values by the price of the capital. We observe an increase in the annual average

cost inefficiency over the years from 30% in 1997 to 41% in 2002. From 1997-2002

50% of the largest companies operated on the same cost efficiency level as the

smaller utilities. This changed in the last two years of our observation panel when

the small utilities become slightly more inefficient than the larger ones.

5.5.3 Distinguishing firm-specific heterogeneity from inef-

ficiency

We now turn to the estimation results of SFA Models 4 and 5 where we define

total costs as regressor, so as an approximate for labor and capital input. In both

models the average efficiency decreases from 1997-2002 (see Figure 5.2). This effect

is stronger in the last two years. In 2002 the average efficiency dropped almost

3% in the fixed effects specification and 4% in the random effects specification,

respectively. The overall trend exhibited in the other models remains valid: there

is an increase in the cost inefficient use of the input factors in the Polish distrib-

utors. Factors that may account for the inefficiency include a decreasing amount

of electricity sold to end users in the last two years combined with higher costs

induced by new customers and new interconnections on the grid.

In comparison to the previous SFA Models 1-3 the inefficiency estimates ob-

tained from the fixed effects and the random parameter specification are 30% lower

on average. This result is consistent with the theory, since the models now distin-

guish heterogeneity from inefficiency, and thus allocate less of the error term to

the inefficiency term. We thus confirm recent studies such as Farsi et al. (2006),

suggesting that the inefficiency estimates are sensitive to the specification of un-

observed firm-specific heterogeneity. The inefficiency scores obtained from the

traditional specifications (including unobserved environmental factors) most likely

overstate the inefficiency of the Polish companies.

5.5.4 Consistency of results

Bauer et al. (1998) propose a set of consistency conditions for frontier efficiency

measures that we apply. They point out that the efficiency estimates should be

consistent in their efficiency levels, rankings and identification of best and worst

firms, consistent over time and with competitive conditions in the market and

consistent with nonfrontier measures of performance. To analyze the consistency

of our different models we apply two different conditions outlined in Bauer et al.

model, and the strong correlation between output characteristics (see Filippini et al., 2004).
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Figure 5.2: Average annual efficiency - fixed and random effects model

(1998): 1) we compare the efficiency distributions with each other, and 2) we look

at the rank-order correlations of the efficiency distributions.

The distributional characteristics of the efficiency scores across our different

model specifications are reported in Table 5.4. The nonparametric models feature

a mean of 0.718 and the parametric models a mean of 0.705, thus very similar

values within the different frontier concepts. We notice that the average standard

deviation from the parametric models (0.089) is significantly lower than for the

nonparametric models (0.141). The mean correlation across all specifications is

about 0.42. This indicates that the estimates of the levels of technical and cost

efficiency of the parametric and nonparametric frontier methods, as outlined in

Bauer et al. (1998) feature some differences. That is the reason why we focused

more on general trends and their consistency across specification and time rather

than on the interpretation of individual efficiency scores.

We now turn to the rank-order correlation of the efficiency distributions to

look whether different methods will generate similar rankings of the distribution

utilities. As Bauer et al. (1998) pointed out identifying the rough ordering of

which utilities are more efficient than others is important for regulatory policy

decisions. If different frontier approaches lead to different rankings, then policy

conclusions may be fragile and depend highly on the choice of the method. Table

5.5 shows the Spearman rank-order correlation coefficients for selected models.9

The average rank correlation among the nonparametric models was 0.52, whereas

the correlation among the selected parametric models was only about 0.2. Thus the

data suggests that the parametric techniques with the different specifications and

distributional assumptions give only weakly consistent rankings with each other.

9We based the rank of the firms for each approach on the average efficiency value over the
entire observation period of six years.
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DEA DEA DEA DEA DEA DEA DEA DEA
Mod. 1 Mod. 1 Mod. 2 Mod. 2 Mod. 3 Mod. 3 Mod. 3 Mod. 4
CRS VRS CRS VRS TE AE CE TE

mean 0.585 0.745 0.722 0.811 0.681 0.766 0.532 0.751
med 0.544 0.717 0.691 0.779 0.658 0.749 0.511 0.725
min 0.406 0.503 0.518 0.623 0.407 0.547 0.25 0.508
max 0.96 0.978 1.000 1.000 0.976 0.999 0.907 0.983
std dev. 0.146 0.156 0.149 0.12 0.173 0.129 0.198 0.152

DEA DEA SFA SFA SFA SFA SFA
Mod. 4 Mod. 4 Mod. 1 Mod. 2 Mod. 3 Mod. 4 Mod. 5
AE CE (BC 1992) (BC 1995) (BC 1992) FE RE

mean 0.764 0.587 0.597 0.472 0.757 0.908 0.88
med 0.747 0.574 0.581 0.454 0.723 0.909 0.881
min 0.527 0.307 0.419 0.278 0.529 0.893 0.813
max 0.998 0.98 0.973 0.942 0.976 0.912 0.95
std dev. 0.139 0.208 0.119 0.126 0.123 0.004 0.035

Table 5.4: Distributional characteristics of the efficiency scores

When we compare the selected nonparametric with the parametric ones, we obtain

an average Spearman rank-order correlation coefficient of 0.25. Thus we conclude

that when looking at the firm level, the different approaches do not lead to rank

the utilities in the same order. Therefore, as outlined above, the interpretation

of the results should be limited to the general trends with regard to the size of

the companies and the changes within time, rather to conclude detailed regulatory

policy conclusion at the firm level. More detailed and sophisticated models would

need to be applied in order to conduct an extensive firm level analysis.

5.6 Conclusions

In this chapter we have analyzed the efficiency of electricity distribution compa-

nies in Poland - one of the more advanced transition countries that has recently

joined the EU. We have observed that the reform process in this sector is heavily

influenced by the legacy of socialist energy policies and by attempts to modernize

the sector in the wake of EU-accession. We take as the point of inception the

results from Cullmann and Hirschhausen (2008a) of a rather low efficiency of Pol-

ish companies, and a large dispersion within the sample. The extensive data set

assembled for the current chapter contains technical, cost and price data for 1997-

2002, thus allowing for a range of model specifications and simulation analyses. We

also conducted a dynamic analysis to reveal the efficiency change throughout the
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DEA DEA DEA DEA SFA SFA SFA SFA SFA
Mod. 1 Mod. 1 Mod. 2 Mod. 3 Mod. 1 Mod. 2 Mod. 3 Mod. 4 Mod. 5
CRS VRS CRS TE BC 1992 BC 1995 BC 1992 FE RE

DEA Mod. 1
CRS

1.000 0.329 0.211 0.1 0.748 0.753 0.183 -0.165 -0.187

DEA Mod. 1
VRS

1.000 0.88 0.858 0.159 0.361 0.49 -0.086 0.262

DEA Mod. 2
CRS

1.000 0.732 0.006 0.137 0.446 0.107 0.307

DEA Mod. 3
TE

1.000 0.048 0.344 0.544 -0.097 0.247

SFA Mod. 1
(BC 1992)

1.000 0.899 0.262 -0.195 -0.143

SFA Mod. 2
(BC 1995)

1.000 0.467 -0.236 -0.051

SFA Mod. 3
(BC 1992)

1.000 -0.005 0.301

SFA Mod. 4 FE 1.000 -0.027
SFA Mod. 5
RC

1.000

Table 5.5: Spearman rank-order correlation coefficients for selected models

time period and verified if transition enhances technical and allocative efficiency.

We discovered that while technical efficiency increased during the transition

period for the distribution companies, allocative efficiency did not. This indicates

that the companies were able to adapt their physical ratio of outputs to inputs,

i.e. to deliver the same level of services using less inputs. On the other hand, the

price developments during the transition were not properly accounted for. We also

found that input factors were not allocated in a cost-efficient way.

We demonstrated that there were marked differences between the efficiency

scores of larger companies in comparison to the smaller ones (size being defined by

the amount of electricity sold). The results indicate that the smaller utilities are

on average less efficient, largely due to scale inefficiency. This effect is neutralized

when we introduce the inverse density index. The lack of scale efficiency does not

change over our observation period. It can be concluded that the process of merg-

ing 33 distribution utilities into a handful of larger groups is an appropriate policy.

The distribution company STOEN, which serves Warsaw, regularly achieves the

highest efficiency scores; this can be explained by the favorable structural condi-

tion that the company focus. From a methodological perspective, we find that

the results derived by nonparametric and parametric analysis are consistent and

largely robust with respect to the model specification. Correlation matrices gen-

erally yield relatively high values, whereas rank-order correlations are less robust.

Further research should focus on the effects of the merger effort that began in

2003 and the implications for the efficiency scores. It seems worthwhile to conduct

a dynamic comparative analysis with neighboring transition countries, such as

the Czech Republic, Slovakia and Hungary and with traditional West European

countries such as Germany or France.
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Chapter 6

Benchmarking and Firm

Heterogeneity in Electricity

Distribution: A Latent Class

Application to Germany

6.1 Introduction

In 2009 Germany begins to implement the incentive-based framework in the elec-

tricity and natural gas distribution sectors. The efficiency performance of the

companies is therefore evaluated against a reference performance by benchmarking.

This framework is favored by European regulators concerned about the robustness

and reliability of the empirical outcome of individual efficiency estimation. Em-

pirical evidence shows that the individual efficiency estimates are sensitive to the

adopted benchmarking models and approaches (Farsi and Filippini, 2004). Thus,

the choice of the empirical approach has a strong impact on the price cap setting,

and therefore the economic and financial conditions of the companies.

Further, implementation is always affected by the challenge of data availability.

Some firm-specific factors are either unobservable or no data is available for the em-

pirical analysis. However, these unobserved characteristics between firms such as

network and technological differences or variation in the customer structure may

have an important impact on the underlying production process and therefore

the efficiency frontier. Alternative econometric approaches have been proposed

in the literature concerning this matter to improve benchmarking methodology.

These new strategies are mainly based on panel data, attempting to isolate the

unobserved firm-specific factors that are not under managerial control from real
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inefficiencies. Thus, Greene (2004, 2005b) proposes an approach that integrates

an additional stochastic term representing inefficiency in both fixed and random

effects models, called “true random/fixed effects” model for SFA. One improve-

ment of this model that allows considering in a more detailed way the unobserved

heterogeneity can be obtained by including random coefficients for some of the

explanatory variables (termed the random coefficient model (Greene, 2005b)). An-

other approach is the latent class framework for stochastic frontiers where different

technologies and efficiency frontiers for different classes or groups of firms can be

identified (Greene, 2005a,b).

At present, the German regulator is collecting detailed cost and technical data.

However, in contrast to the US and the UK where the whole range of data (in-

cluding cost data) is publicly available, in Germany only information concerning

physical data is accessible. Therefore, the problem becomes one of modeling un-

observed heterogeneity. We propose two econometric SFA models: the first is the

true random effects model proposed by Greene (2004, 2005b), and the second is a

latent class model for stochastic frontiers to analyze the level of technical efficiency

of a sample of German electricity distribution companies. We use a multi-input

multi-output parametric input distance function for a balanced panel data set

(2001-2005) for regional and local German distributors.

The objective is to provide new insights about the use of benchmarking within

incentive regulation schemes. This chapter is structured as follows: Section 6.2

presents the econometric specification and Section 6.3 the data. Section 6.4 sum-

marizes the main empirical results of the distance functions estimation under dif-

ferent econometric assumption. Section 6.5 concludes.

6.2 Model specification

6.2.1 Distance function approach

Within a technical production setting, the majority of applied parametric efficiency

analyses uses the production function to describe the underlying technology of dif-

ferent firms. Single output Cobb-Douglas or translog functional forms are most

widely assumed but become critical, when firms produce more than one output

(Coelli, 2000). Applied work has managed the issue by either aggregating the

different outputs into a single index, or capturing multi-output production via

estimating a multi-output cost frontier function. Farsi et al. (2006) and Filip-

pini and Wild (2001) analyze the Swiss electricity distribution sector; Burns and

Weyman-Jones (1996) consider England and Wales, and Filippini et al. (2004) look
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at Slovenian distribution companies based on cost frontier functions.

Another approach to model multi-output production is the concept of para-

metric distance functions (Coelli, 2000). This approach has been proposed by

Shephard (1953, 1970) who derives a distance function representation of a multi-

output technology as a primal alternative that requires no aggregation, price and

cost information and behavioral assumption; see Coelli (2000) for a detailed de-

scription on the econometric estimation of the distance function representation.

The choice of the input distance function does not require the cost minimization

assumption which may be violated in the application of a cost frontier within

network industries.1 We apply a parametric frontier input distance function to

model the customers’ supply and the physical amount of electricity delivered to

final customers. The input distance function is defined on the input set as

di(x, y) = max{ρ : (x/ρ) ε L(y)} (6.1)

and considers how much the input vector x may be proportionally contracted by

the scalar distance ρ with the output vector held fixed (Coelli, 2000).2 di(x, y) will

assume a value greater than or equal to one if the input vector x is an element of

the feasible input set L(y). In addition, di(x, y) = 1 if it is located on the inner

boundary of the input set.3

The translog functional form is widely used for the distance function approx-

imation in empirical application due to its flexibility for econometric estimation.

However, we employ the stricter Cobb Douglas functional form excluding the

squared and cross terms of the exogenous regressors. A constant elasticity of

substitution and constant scale properties are therefore assumed because we want

to capture the parameter heterogeneity to define different technologies. The econo-

metric models for SFA including parameter heterogeneity are already characterized

by a sophisticated stochastic component. Moreover, parameter heterogeneity con-

cerning the squared and cross terms of the regressors does not have a real economic

interpretation. For the case of M outputs and K inputs the Cobb Douglas input

1For a discussion on advantages and disadvantages of the use of distance functions see Coelli
(2000), and Coelli and Perelman (2000).

2It is assumed that the technology satisfies the standard axioms: di(x, y) is non-decreasing,
positively linearly homogeneous and concave in x and increasing in y (Coelli, 2000; Färe and
Primont, 1995).

3Applications of this concept to estimate parametric distance functions using econometric
methods can be found in Coelli and Perelman (2000) for railways, Färe et al. (1993) for electric-
ity generation, Grosskopf et al. (1995) for hospitals, Saal et al. (2007) for water and sewerage
industry, and Growitsch et al. (forthcoming) for European electricity distribution.
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distance function is specified for the i-th firm as

ln di = α0 +
M∑

m=1

γm ln ym +
K∑

k=1

βk ln xk. (6.2)

To obtain the frontier surface (the transformation function) one would set di =

1, so the left side equals zero (Coelli and Perelman, 2000). The restriction for

homogeneity of degree +1 in inputs is

K∑
k=1

βk = 1. (6.3)

A convenient approach of imposing homogeneity constraints follows Lovell et al.

(1994) and Coelli and Perelman (2000) considering that homogeneity implies that

for any w > 0

di(wx, y) = wdi(x, y). (6.4)

Therefore, one of the inputs may be arbitrarily chosen, such as the K-th input

and set w = 1/xK . This yields

di(x/xK , y) = di(x, y)/xK (6.5)

and the Cobb Douglas input distance function becomes

ln xK = α0 +
M∑

m=1

γm ln ym +
K∑

k=1

βk ln(
xk

xK

)− ln di (6.6)

by dividing Equation 6.2 by an optional input and some rearranging; ln di is a

nonnegative variable which can be associated with technical inefficiency ui. Given

the stochastic error vi this model can be formulated in the common SFA form

with the combined error term vi − ui (see Section 6.2.2). Technical efficiency is

the ratio of observed output to frontier output. A radial input-oriented measure

of technical efficiency is then obtained by

TE =
1

di

= exp(−ui). (6.7)

The distance function provides a promising new solution to the single output re-

striction of the standard production functions. One concern in the econometric

estimation is potential regressor endogeneity which may introduce possible simul-

taneous equation bias.4 Some authors have proposed instrumental variables es-

4Ratios on inputs appear on the right side of the estimating equation which may involve
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timation (see Sickles et al., 1996; Atkinson and Primont, 2002). However, Coelli

(2000) found that under an assumption of cost minimization behavior, distance

functions do not face such bias and that OLS provides consistent estimates of the

parameters of an input distance function. A second issue is that estimated input

distance functions often fail to satisfy the concavity and quasi-concavity proper-

ties implied by economic theory. This sometimes leads to surprising conclusions

regarding the effects of input and output changes on productivity growth and rel-

ative efficiency levels. Therefore, the starting point before any interpretation of

inefficiencies is to check and to test for the properties.5

For the interpretation of the empirical estimates of a distance function it is

important to keep in mind the duality between the cost and the input distance

functions (Färe and Primont, 1995). For instance, the derivative of an input

distance function with respect to a particular input is equal to the cost share of

that input. This implies that the expected sign of the coefficients of the inputs

should be positive. Moreover, the elasticity of an input distance function with

respect to any output is equal to the negative value of the cost elasticity of that

output. This implies that the sign of the coefficients of the outputs should be

negative. Given that all the variables are in logarithmic form, these coefficients

can be directly interpreted as elasticities.

6.2.2 Stochastic frontiers and latent classes

6.2.2.1 Stochastic frontiers

SFA belongs to the parametric benchmarking methods. Contrary to the non-

parametric approaches, a functional relationship for the underlying production

technology is assumed. Within the benchmarking process we compare some mea-

sure of actual performance against a reference technology (the stochastic frontier).

The distance to the production frontier can be interpreted as a common measure

of technical inefficiency. In the SFA framework the error term is divided into two

uncorrelated components: a one-sided non-negative disturbance ui , half- normally

distributed, representing the inefficiency; and a symmetric disturbance vi, assumed

to be normally distributed, and capturing random noise in the sample (Greene,

simultaneous feedback problems because these input variables are assumed to be endogenous.
5Regularity conditions could also be imposed by estimating the model in a Bayesian framework

(O’Donnell and Coelli, 2005).
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2004). The most general cross-sectional formulation is

yi = β′xi + vi − ui

ui ∼ N+[0, σ2
u]

vi ∼ N [0, σ2
v ] (6.8)

where xi represents the set of explanatory variables (inputs in the case of a pro-

duction frontier) and yi the observed production of a firm. This model can be

estimated using the maximum likelihood approaches.

6.2.2.2 Panel data approaches for stochastic frontiers

A number of different stochastic frontier models for panel data have been proposed.

The first models define the random or fixed effect as the inefficiency component

meaning that the models deduce the efficiency estimates from the individual firm-

specific effects.6 These traditional models assume a common technology/frontier

encompassing every sample observation. This may be inappropriate in the sense

that the estimated technology is not likely to represent the “true” technology for

all observations (Farsi et al., 2006). Thus, the estimate of the underlying technol-

ogy may be biased. In addition, as unobserved heterogeneity was not accounted

for in the econometric models, parameter estimates also may have been biased.

Moreover, since all time-invariant heterogeneity was covered by the inefficiency

part, these models have a tendency to underestimate firms’ performance (Farsi

et al., 2007).

A wide range of newer models attempts to separate unobserved heterogene-

ity from inefficiency. One can model heterogeneity in the stochastic part, in the

mean or the variance of the inefficiency distribution ui. The literature proposed

to define a function of the mean or variance of observed variables (Battese and

Coelli, 1995; Alvarez et al., 2005). However, it became more important to model

both heterogeneity in the stochastic part and firm-specific heterogeneity in the

production or cost function of the underlying production process. Kumbhakar

(1991), Polachek and Yoon (1996), and Greene (2005b) have suggested extending

the original stochastic frontier model by adding an individual time-invariant ran-

dom or fixed effect. These models are called “true” models because they include

two stochastic terms for unobserved heterogeneity (one for the time-variant factors

and one for the firm-specific constant characteristics (Farsi et al., 2006)). As we

have a relatively short panel we use the true random effects model that belongs to

6See Pitt and Lee (1981) for the random effects SFA model and Schmidt and Sickles (1984)
for the fixed effects SFA model).
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the classes of the normal half-normal stochastic frontier model and is defined as

yit = αi + β′xit + εit

αi ∼ N(0, σ2
α)

εit = vit − uit

uit ∼ N+[0, σ2
u]

vit ∼ N [0, σ2
v ] (6.9)

The basic underlying assumption is the existence of firm-specific and time-invariant

factors that cannot be captured by environmental variables due to the variation

of the latter over time and/or omitted variables. With the additional inclusion of

heterogeneity terms by means of the random firm-specific effect αi the model is

expected to provide a finer distinction between inefficiency and other unexplained

factors (Greene, 2005b). The true random effects model is a special case of the

random parameters model, where the only random parameter is the constant term.

The model can be estimated by means of simulated maximum likelihood.7 One

could consider the model as a technological neutral shift in technology, given the

fact that only the constant term captures the heterogeneity between firms.

In the literature other formulations of the stochastic frontier model were pro-

posed that allow not only the constant but the entire function to vary more gener-

ally across firms: the random parameter as well as latent class models for stochastic

frontiers. Instead of the continuous parameter variation, the latent class formu-

lation can be interpreted as an approximation where the parameter variation is

treated as generated by a discrete distribution (Greene, 2004). With these newer

models unobserved differences in technologies may be accounted for which pre-

viously were inappropriately labeled as inefficiency. The unobserved firm-specific

heterogeneity could therefore be applied to marginal products and costs repre-

sented by the coefficients of the production cost or distance function. The objective

of the chapter consists in analyzing the characteristics of the different classifica-

tions and not to model continuous parameter variations.8 Therefore, to model

firm-specific heterogeneity of the German distribution companies this chapter ap-

plies, in addition to the true random effects model, the latent class formulation.

7For details on the estimation procedure and the identification problem see Greene (2004,
2005b, 2007a). He finds that the model with three-part disturbances can indeed be estimated:
it is a model with a time traditional random effect, with a further characteristic that the time-
varying disturbance is not normally distributed.

8For applications of the random coefficient model for SFA see Tsionas (2002), Huang (2003)
and Alvarez et al. (2005).
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6.2.2.3 Latent class specification

The latent class framework for SFA accounts for specific technological character-

istics of the observations in the sample; firms are classified into a set of different

technologies and efficiency distributions. However the specific classification is à

priori unknown (Greene, 2004; Kumbhakar and Orea, 2004), unlike the two-step

approach that classifies the sample observations à priori into categories using ex-

ogenous sample separation information (Kumbhakar and Orea, 2004). In this

model all parameters vary by class standing for the different technologies of the

different classes. Others have modeled technology heterogeneity within SFA via

the latent class formulation (Kumbhakar and Orea, 2004; Greene, 2005b; Caudill,

2003; Corral and Alvarez, 2008).9 Figure 6.1 shows a sample of firms operating

under different technologies (Technology A and Technology B). Assuming in this

framework a common technology, and therefore frontier, for the companies would

result in biased estimates of the distance function and efficiency. The latent class

Figure 6.1: Graphical interpretation of latent classes

model, in general, is a stochastic frontier model of the following form

ln(yit|j) = f(xit, βj) + vit|j − uit|j (6.10)

where j indicates the class or regime and J the total number of classes or regimes.

Class membership is unknown. One assumes that there is a latent sorting of the

9Kumbhakar and Orea (2004) extend the latent class model derived by Greene (2002, 2004)
to the Battese and Coelli (1992, 1995) specification. Greene (2002) models the inefficiency term
with a free variation over time; in the Kumbhakar and Orea (2004) specification, the inefficiency
term varies systematically over time in a deterministic fashion (Greene, 2007a).
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observations in the data resulting in J classes (Greene, 2007a). For one specific

observation from class j the model is characterized by the conditional density g(.)

determined by the class specific parameter vector βi.

g(yit|xit, classj) = f(βi, yit, xit) (6.11)

The contribution of the company i to the conditional likelihood (conditional on

class j) is

P (i|j) =
T∏

t=1

P (i, t|j) (6.12)

The unconditional likelihood for individual i is an average over the J classes. It

can be shown that the likelihood function can be expressed by (see Greene, 2005)

logLF =
N∑

i=1

log(
∑

Pij

T∏
t=1

LFijt) (6.13)

The class probabilities can be parameterized by a multinomial logit model:

Pij =
exp(δ′jqi)∑J
j=1 exp(δ′jqi)

(6.14)

where qi is a vector of firm-specific but time-invariant variables. These variables,

called separating or switching variables, are included to identify any regularity

in classifying the sample by means of the estimated coefficients of latent class

probability functions δ̂j (Greene, 2007a). A positive sign of the coefficient suggests

that the larger the variable the higher the probability that a firm belongs to this

class. Similarly, the significantly negative value of a coefficient indicates that the

probability of membership in this class decreases when the variable increases.

Under the maintained assumptions, maximum likelihood techniques will give

asymptotically efficient estimates of all parameters. Greene (2002, 2004) points

out that the technology as well as the probability to belong to a certain class are

estimated simultaneously. All observations in the sample are used to estimate the

underlying technology for each class. This can be viewed in opposition to the

standard two-step approaches, where observations that are allocated to a specific

class equal one, and zero for the others, are therefore excluded to estimate other

class frontiers (Kumbhakar and Orea, 2004). The estimated parameters can be

used to compute the conditional posterior class probabilities. In addition, Greene

(2004) suggests that the class probabilities apply unchanged to all years of the

observation period.
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In standard SFA, the individual efficiency is estimated to the common frontier,

since all firms are assumed to operate under the same technology. The latent class

specification estimates as many frontiers as the number of classes (see Figure 6.1

with two different classes). There is no unique technology against which inefficiency

is computed. There are different methods to measure the efficiency level of an

individual firm (see Kumbhakar and Orea, 2004, for a summary): first, the highest

posterior probability for class membership can be taken, and firms’ inefficiency is

computed using the frontier assigned for that class as its reference technology

(most likely frontier is used); second, technologies from every class are taken into

account, weighted with the respective probabilities.10

An ongoing discussion in the literature concerns the determination of the num-

ber of classes (Greene, 2007a). For estimation we assume that the number of

classes is known, but as Greene (2007a) has shown, there is no reason to expect

this. Using the likelihood ratio test from a J class model to a J − 1 class model

would lead to an ambiguous number of degrees of freedom. When we test up from

J−1 to a J class model and the correct model has J classes, the J−1 class model

is inconsistent. The empirical solution in the literature is to apply information cri-

teria such as the Akaike Information criteria (Greene, 2004, 2007a). Our empirical

model defines two latent classes (see Section 6.4.2).

6.3 Data

Two sets of variables are required to estimate the latent class model. First, the

variables in the production frontier model have to be defined including appro-

priate inputs and outputs for the process of electricity distribution. Second, the

variables in the class probabilities have to be chosen to determine if observable

information helps to classify the companies into different classes with different un-

derlying technologies. The variables to describe the underlying production process

are defined in the same manner for the different groups of companies. In the

empirical benchmarking literature, a variety of specifications is used depending

on what is being investigated. The choice of variables for input and output to

describe the underlying production process and technology must account for the

international experience with electricity distribution benchmarking (Cullmann and

Hirschhausen, 2008a,b). Further, it is constraint by data availability. In this re-

spect, Germany has to be ranked among the least developed for data collection.

10This is the strategy suggested by Greene (2002) to find firm-specific estimates of the para-
meters of the stochastic frontier model. The magnitude of the difference depends on the relative
importance of the posterior probability of the most likely cost frontier; the higher the posterior
probability, the smaller the differences.
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We therefore depend upon a limited data set of physical and technical data. We

must define a simple production process describing the basic input transformation

of the German companies. As a result we limit ourselves to the estimation of

technical inefficiency which does not require any data on costs or prices; however

as shown in Section 6.2, conclusions regarding cost efficiency can be drawn due to

the distance function specification.

The sample includes 200 companies and covers a five-year observation period

from 2001 to 2005. We estimate a base model using the traditional input variables

(labor and grid size) and the outputs are units sold and the number of customers.

* Labor input (xL) is estimated by the number of workers. We are aware

of the criticism of this choice of variable due to the potentially distorting

effect of outsourcing: a utility can improve its efficiency simply by switching

from in-house production to outsourcing. Some of the utilities have their

own generating plants and we only dispose of employment data covering

all workers in the electricity utility. To get an approximation of workers

employed in electricity distribution, we subtract one employee for each 20

GWh electricity produced (following Auer, 2002).

* Capital input (xNL) is approximated by the length of the existing electric-

ity cables and lines. We differentiate between voltage levels (high, medium

and low voltage) by introducing a cost factor for each type of line following

standard practice used by the German network association (VDN): factor 5

for high voltage, 1.6 for medium voltage, and 1 for low voltage cables.

* Delivery (yD) is defined as the annual amount of electricity sold to all final

customers (household, industrial and others) in MWh.

* Customers (yC) is defined as the sum of industrial, households and other

customers.

* Year dummies (d1− d4) 2001 to 2004.

We also include variables as determinants of the latent class probabilities in

order to analyze whether they deliver useful information in classifying the sample:

* Delivery to other distribution companies (dummy)

* Electricity generating activities (dummy)

* Operating high voltage cables (dummy)

* Operating high voltage aerial lines (dummy)
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* Annual investment in 1000 Euro

* Annual revenue out of domestic sales in 1000 Euro

* Delivery to households/total delivery in MWh

* Investment per km network in 1000 Euro/km

* Revenue per unit delivery in 1000 Euro/MWh

* Share of cables in total network in km

* Losses in MWh

* Density of inhabitants per km operation area.

For the q variables we use firm average values over the five-year observation

period. To summarize, we designed a model to describe the production process,

including two input variables, two output variables and year dummies to capture

the time dimension. We define labor (xL) as the numeraire input. By dividing

the remaining input over the labor input and rearranging we define the following

Cobb-Douglas input frontier distance function (see Section 6.2)

− ln xit,L = α0 + αNW ln(
xit,NW

xit,L

) + γC ln(yit,C) + γD ln(yit,D)

+ d1 + d2 + d3 + d4− ln dit (6.15)

with

ln dit = εit = vit − uit (6.16)

6.4 Empirical results

6.4.1 Distance function results

Table 6.1 provides a summary of the specifications and a description of the stochas-

tic terms included in the model. We apply two different models which are able to

separate firm-specific unobserved heterogeneities between the companies: first, the

true random effects model (Model 1), where we assume a technology neutral shift

in the production frontier. Here, all heterogeneity is captured by the randomly

distributed constant. Second, we estimate a latent class model (Model 2) with

two different classes to model parameter heterogeneity. Within this framework we
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allow firms to have different underlying production technologies, caused by unob-

served differences in technologies. The effects of both models on the estimation

outcomes and inefficiency estimates are studied by a comparative analysis.

Model 1 Model 2
True random effects Latent class

Firm-specific component αi αi ∼ N(0, σ2
α) None

Random error εit εit = vit − uit εit = vit − uit

uit ∼ N+(0, σ2
u) uit|j ∼ N+(0, σ2

uj)

vit ∼ N(0, σ2
v) vit|j ∼ N(0, σ2

vj)

Table 6.1: Summary of the model specifications

Table 6.2 and Table 6.4 show the regression results of the distance function

estimation using the two alternative models as presented in Table 6.1. All variables

are median-corrected to avoid outliers in the sample having a large impact on the

estimation outcome.

In both model specifications the estimated coefficients of the first-order terms

have the expected signs and are statistically significant (see Section 6.2.1). Thus

the estimated distance function appears to reasonably fit the observed data. The

coefficients of first-order output variables represent the cost elasticities with respect

to the corresponding outputs. The sum of the coefficients of the two output vari-

ables in Model 1 is 0.51. This result suggests the presence of important economies

of density, because, ceteris paribus, by increasing both outputs by 10 percent,

the total costs will increase by about 5.1 percent. The estimated coefficient of

the capital input, the normalized network length, is positive and significant. The

value of 0.896 shows an industry characterized by a high capital intensity. The

homogeneity assumption involves that the input coefficients sum up to one. Thus

we obtain a labor share of 0.114. The electricity distribution sector is obviously

characterized by a high capital cost share. Only the year dummy for the first year

of the observation period is significant and shows a positive sign of 0.022.

The estimated mean and variance of the random constant suggests that there

is considerable variation across companies. This result confirms the presence of

unobserved firm-specific heterogeneity. With this model we are already able to

account for the present technological neutral shifts in the frontier. In a further

step we will look at the outcome of the latent class specification and whether

technological differences are present.
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Variables Coefficient Standard error t-stat p-value

Lnx1 network 0.898 0.003 327.482 0.000
Lny1 delivery -0.377 0.003 -134.626 0.000
Lny2 customers -0.138 0.002 -63.522 0.000
Year-dummy 2001 0.022 0.007 3.121 0.002
Year-dummy 2002 -0.002 0.007 -0.277 0.782
Year-dummy 2003 -0.010 0.007 -1.268 0.205
Year-dummy 2004 -0.007 0.009 -0.737 0.461

Means for random parameter

Constant 0.143 0.005 26.452 0.000

Scale parameters for distribution
of random parameters

Constant 1.457 0.008 172.857 0.000

Variance parameter for v + / − u

Sigma 0.193 0.002 99.860 0.000

Asymmetry parameter, lambda

Lambda 11.661 1.748 6.673 0.000

Table 6.2: Estimation results of Model 1 (true random effects specification)

6.4.2 Firm-specific heterogeneity and latent classes

For latent class estimation within an SFA framework the number of classes is fixed

à priori. There is an ongoing discussion concerning the determination of the cor-

rect number of classes (see Section 6.2.2). We apply different number of classes up

to four within the maximum likelihood estimation, but the results do not converge

with more than two classes. Two latent classes are therefore defined for the empir-

ical analysis. The characteristics of both classes as well as the estimation results of

Model 2 are shown in Table 6.3 and Table 6.4. The prior class probabilities show

a quite equal latent sorting of the observations into both classes with a slightly

higher amount of companies belonging to the first class: 57% in Class 1 and 43%

in Class 2.

We start by characterizing both classes and calculate summary statistics of

important physical and technical data of the companies differentiated between the

two classes (see Table 6.3). We can derive one clear trend: Class 1 incorporates

larger distribution companies with a higher number of employees, higher amount of

delivery sold, more final customers and a larger network; Class 2 seems to include

the smaller German distributors. This separation already represents an interesting
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empirical result.

Next, we want to determine whether the production structures of both classes

(larger firms vs. smaller) differ and may be characterized by parameter hetero-

geneity. Table 6.4 shows that the year dummies in both classes are insignificant

which suggests no important technology shifts within the observation period. In

both classes the input and output coefficients have the expected signs and are

all significant. However, we note that the coefficients differ significantly: Class 1

is characterized by higher capital intensity with a coefficient of 0.81 vs. Class 2

of 0.759. Larger firms operating larger networks are therefore characterized by a

more capital intensive distribution. The coefficients of first-order output variables

represent the cost elasticities with respect to the corresponding outputs. The sum

of the coefficients of the two output variables varies (1.033 for Class 1 and 0.51

for Class 2). This result suggests the presence of important economies of density

for Class 2 while Class 1, the larger companies, operates under constant returns

to density.

Clearly, the empirical evidence shows that the two groups operate under dif-

ferent technologies. The latent class specification leads to different technological

production frontiers as references for the different companies. Estimating a com-

mon frontier without modeling the parameter heterogeneity would produce biased

estimates and therefore inconsistent individual efficiency measures.

Table 6.4 also shows the estimated coefficients of latent class probability func-

tions δ̂ together with their respective p-value. Thus, the class probabilities are not

fixed but dependent on time-invariant observable characteristics of the German dis-

tribution companies. Including these variables reveals whether they deliver useful

information in classifying the sample, more precisely if they provide information

on the probability of a distribution company belonging to a certain class.

The empirical results suggest that the supply to other electricity distribution

companies, the generation activity, the operation of high voltage cables, the per-

centage share of household customers in the total sum and the location in East or

West Germany do not have significant impacts on the probability of belonging to

a certain class. The p-value of these estimated coefficients is lower than the critical

value of 0.05. However, we note that the remaining observable characteristics have

an impact on classifying the sample into larger vs. smaller operators. The density

has a positive impact on the probability belonging to Class 1. In other words,

Class 1 consists of larger companies operating in more densely settled urban ar-

eas. Average losses of electricity (a type of quality index) lowers the probability

of being in Class 1, which indicates that the larger companies are characterized by

122



6.4. EMPIRICAL RESULTS

Variable Mean Standard deviation Confidence Interval 95%

Number of employees
Class 1 126 14 97 154
Class 2 74 8 59 90

Delivery in MWh
Class 1 626977 85713 458760 795195
Class 2 312335 50479 213268 411402

Final customers
Class 1 54641 6243 42388 66893
Class 2 31751 3142 25584 37917

Weighted km of lines
Class 1 822 168 493 1151
Class 2 97 8 81 113

Weighted km of cables
Class 1 2188 408 1387 2990
Class 2 752 58 637 866

Weighted km of network
Class 1 3010 504 2022 3998
Class 2 848 61 729 968

Density
Class 1 3368 63 3244 3491
Class 2 3142 73 2999 3285

Unweighted km of lines
Class 1 486 89 312 659
Class 2 75 6 63 87

Unweighted km of cables
Class 1 1860 354 1166 2554
Class 2 618 45 530 705

Unweighted km of network
Class 1 2345 403 1553 3137
Class 2 693 46 603 783

Delivery inland in MWh
Class 1 622306 85534 454440 790171
Class 2 308665 49903 210728 406602

Delivery to industry in MWh
Class 1 198341 27888 143610 253073
Class 2 84766 13213 58836 110697

Delivery to households in MWh
Class 1 165312 20786 124518 206105
Class 2 72113 6595 59170 85055

Table 6.3: Sample statistics of the two latent classes
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Variables Coefficient Standard error t-stat p-value

Model parameters for latent class 1

Constant 0.331 0.038 8.683 0.000
Lnx1 network 0.831 0.015 54.360 0.000
Lny1 delivery -0.575 0.027 -21.434 0.000
Lny2 customers -0.458 0.029 -15.899 0.000
Year-Dummy 2001 0.010 0.031 0.323 0.747
Year-Dummy 2002 -0.012 0.031 -0.393 0.695
Year-Dummy 2003 -0.017 0.031 -0.559 0.576
Year-Dummy 2004 -0.009 0.030 -0.285 0.776
Sigma 0.307 0.022 13.946 0.000
Lambda 1.473 0.331 4.448 0.000

Model parameters for latent class 2

Constant 0.014 0.084 0.160 0.873
Lnx1 network 0.759 0.027 28.443 0.000
Lny1 delivery -0.606 0.020 -30.119 0.000
Lny2 customers -0.132 0.022 -6.072 0.000
Year-Dummy 2001 0.000 0.042 -0.009 0.993
Year-Dummy 2002 -0.037 0.042 -0.863 0.388
Year-Dummy 2003 -0.017 0.042 -0.414 0.679
Year-Dummy 2004 -0.006 0.042 -0.135 0.893
Sigma 0.321 0.040 8.072 0.000
Lambda 0.833 0.484 1.719 0.086

Estimated prior probabilities for class membership

Constant 0.980 0.656 1.493 0.136
Dummy generation -0.434 0.460 -0.944 0.345
Dummy EDC -0.186 0.440 -0.422 0.673
Dummy high voltage cable 2.331 1.346 1.732 0.083
Dummy high voltage lines -2.534 1.048 -2.417 0.016
Dummy West/East -0.958 0.549 -1.743 0.081
Average Investment -3.465 0.652 -5.315 0.000
Average Revenue 3.923 0.639 6.137 0.000
Ratio delivery household/total delivery 1.003 0.646 1.553 0.120
Investment per network 3.289 0.653 5.039 0.000
Revenue per delivery -4.221 0.007 -583.532 0.000
Cable per network -0.989 0.010 -99.792 0.000
Average losses -0.572 0.007 -85.981 0.000
Density 0.184 0.008 23.590 0.000

Prior class probabilities at data means for LCM variables

Class 1 0.571
Class 2 0.429

Stochastic frontier model variance parameters

Lambda Sigma Sigma(u) Sigma(v)
Class 1 1.473 0.307 0.254 0.172
Class 2 0.833 0.321 0.206 0.247

Table 6.4: Estimation results of Model 2 (latent class specification)
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higher quality standards, i.e electricity losses.11 A higher average investment per

network length increases the probability of being in the class of larger distributors.

Thus, we conclude that larger companies on average invest more per km network.

Considering the average investment separately, without relating it to the net-

work length, we obtain a negative sign indicating that the probability of being in

Class 1 decreases. This would appear to contradict the previous result. However,

the relation to the capital input defined in our analysis by the length of the network

indicates more reliable results than considering it separately. The same argument

applies to revenue, included first as a separate variable and then in relation to

the units delivered. We argue that the revenue per unit delivered shows a more

reliable picture; here we obtain a negative coefficient.12 This empirical result is un-

expected as it suggests that higher revenue per unit electricity delivered decreases

the probability of being in Class 1. Smaller distribution operators therefore are

characterized by higher revenues per units. When we consider the average revenue

separately it indicates that higher revenues are related to larger operators.

The latent class estimation provides empirical evidence that on the one hand

we have to consider different technologies for different classes. We can also explain

the classification of companies by observable characteristics that provide more

sophisticated information about the groups. These are important for correctly

estimating the true technology frontier for efficiency analysis.

6.4.3 Efficiency analysis

Table 6.5 summarizes the technical efficiency scores obtained from both models

presented in Table 6.1. These values lie between 0 and 1, with no company show-

ing full efficiency. The values of the efficiency for Model 1 vary from 0.72 to 0.99,

and for Model 2 from 0.647 to 0.978. The values of the mean technical efficiency

indices are relatively high: 0.88 in Model 1 and 0.91 in Model 2. From a descriptive

perspective we observe that within the latent class model specification some of the

technological heterogeneity captured is labeled as inefficiency in the true random

effects model. The correlation between the efficiencies is quite low (0.310). The

same tendency is shown by a low Spearman’s and Kendall’s rank correlation of

0.283 and 0.20 respectively, an indication that the individual efficiency estimates

as well as the ranks of the companies are sensitive to the adopted model. Account-

11This may also be explained with the higher voltage levels that seem to prevail in Class 1:
electricity losses are inversely related to voltage levels.

12The correlation of the four variables is very low (0.161 for average investment and investment
per network; -0.277 for average revenue and revenue per unit delivered); therefore we can explain
the different coefficients. This also ensures that we do not have any muti-collinearity problems
including all variables as explanatory factors.
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Number of observation Mean Std.dev. Min Max

Model 1
True random
effects model 1000 0.883 0.069 0.720 0.993

Model 2
Latent class model 1000 0.910 0.041 0.647 0.978

Table 6.5: Descriptive statistics of efficiency estimates

Class Number of observation Mean Std.dev Min Max

Model 1
True random Class 1 535 0.882 0.003 0.72 0.993
effects model Class 2 465 0.885 0.003 0.72 0.989

Model 2
Latent class Class 1 535 0.9 0.002 0.647 0.978
model Class 2 465 0.921 0.001 0.791 0.967

Table 6.6: Descriptive statistics of efficiency estimates ordered by classes

ing for unobserved factors in the intercept (technological neutral shift) and also

in different technologies and therefore frontiers produces other conclusions about

firms’ performance. This empirical evidence shows that accounting for the true

frontier in each group is important for the benchmarking process.

This is confirmed by the sample statistics for each estimated class shown in

Table 6.6. In Model 1 all companies are benchmarked against the same technol-

ogy (apart from the technology neutral shift captured by the individual specific

randomly distributed constant). We do not note any significant difference in the

average efficiency in both classes. However, there is a difference in the latent class

specification (0.90 vs. 0.92). In our sample it appears that the smaller distribution

companies are operating under economies of density, but from a pure technical ef-

ficiency perspective show a higher performance compared to larger distributors.

The difference between the classes can be confirmed statistically by means of the

Kruskal-Wallis Test, testing the hypothesis that several samples are from the same

population. The results of the Kruskal-Wallis test are shown in Table 6.7. The

p-value for Model 1 is 0.787 and for Model 2 0.0001. These results indicate that we

cannot reject the hypotheses of equal distribution for Model 1 whereas for Model 2

we have to reject the hypothesis. This again leads us to conclude that when assum-

ing different technologies by capturing parameter heterogeneity in the econometric

model we obtain more robust results for the individual efficiency estimates. This
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Model 1 Model 2 Statistically more
efficient class

Class 1 vs Class 2 can be
535 465 confirmed
observations observations 0.787 0.0001 for Model 2

Table 6.7: Kruskal-Wallis test for both models

is due to the fact that we can adapt better the technology and therefore the pro-

duction frontier to different classes of firms with different characteristics.

6.5 Conclusions

In this chapter we analyzed the technical efficiency level for a sample of 200 Ger-

man electricity distribution companies subject to incentive regulation starting in

2009. The new regulatory instruments are based on benchmarking procedures to

determine the price caps of the individual companies. In the empirical application

of benchmarking, regulators and researchers are always faced with the problem of

a high degree of heterogeneity for environmental or network characteristics. Only

some of this heterogeneity is observed and can therefore be accounted for in the

econometric model. Another part will be unobserved. Regulatory bodies are in

possession of detailed and high quality data; however these are not publicly avail-

able. This implies that the problem of unobserved characteristics is even more

important when it comes to scientific benchmarking in Germany.

Therefore, the problem becomes one of modeling unobserved heterogeneity.

We propose two econometric SFA models: the first is the true random effects

model suggested by Greene (2004, 2005b), and the second is a latent class model

for stochastic frontiers. In the true random effects model the unobserved firm-

specific heterogeneity is accounted for by individual effects; thus we can capture

it by technological neutral shifts in the frontier. In the latent class model the

unobserved firm-specific heterogeneity is accounted for by parameter heterogeneity,

identifying different technologies for similar companies. Both models will partially

solve the unobserved heterogeneity problem in measuring the technical efficiency.

The empirical results suggest that the latent class specification is more appropriate

because it accounts for the fact that larger distributors operate under a different

technology than smaller companies and that different frontiers are necessary to

obtain more robust and reliable efficiency estimates.

We find that the estimated Cobb-Douglas distance function is a reasonable fit
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to the observed data and that the estimated input and output elasticities have

the correct sign and magnitude in both model specifications. Determining the

economies of density in both models we observe that the latent class specification

can differentiate between large and smaller distribution companies: in the latent

class model the estimated coefficients indicate that the larger distributors operate

under constant returns to density and the smaller firms under increasing returns

to density.

The application of alternative distance function frontier models shows that

the absolute values of efficiency estimates and firms’ ranking are sensitive to the

adopted model. In addition, we test the differences in inefficiency scores between

the two classes via a Kruskal-Wallis test. The results underline the importance of

modeling and estimating two classes. The latent class model used in this chapter

can be helpful in distinguishing unobserved heterogeneity in technologies from

inefficiency estimates. The results can be used as an additional instrument to

reduce the information asymmetry between the regulator and regulated companies.
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Catholique de Louvain, Louvain-la-Neuve, Belgium.

Banker, R. D. and Chang, H. (2006). The super-efficiency procedure for outlier

identification, not for ranking efficient units. European Journal of Operational

Research, 175(2):1311–1321.

Banker, R. D., Charnes, A., and Cooper, W. W. (1984). Some models for estimat-

ing technical and scale inefficiencies in Data Envelopment Analysis. Management

Science, 30(9):1078–1092.

Banker, R. D. and Morey, R. C. (1986). Efficiency analysis for exogenously fixed

inputs and outputs. Operations Research, 34(4):513–521.

Battese, G. E. and Coelli, T. J. (1988). Prediction of firm-level technical efficien-

cies with a generalized frontier production function and panel data. Journal of

Econometrics, 38(3):387–399.

Battese, G. E. and Coelli, T. J. (1992). Frontier production functions, technical

efficiency and panel data: with application to paddy farmers in India. Journal

of Productivity Analysis, 3(1):153–169.

Battese, G. E. and Coelli, T. J. (1995). A model for technical inefficiency effects in

a stochastic frontier production function for panel data. Empirical Economics,

20:325–332.

Bauer, P., Berger, A., Ferrier, G., and Humphrey, D. (1998). Consistency con-

ditions for regulatory analysis of financial institutions. a comparison of frontier

efficiency methods. Journal of Economics and Business, 50(2):85–114.

Baumol, W. (1977). On the proper cost tests for natural monopoly in a multi-

product industry. American Economis Review, 67(5):809–822.

Beesley, M. and Littlechild, S. (1989). The regulation of privatized monpolies in

the United Kingdom. Rand Journal of Economics, 20(3):454–472.

Brada, J. C., King, A. E., and Ma, C. Y. (1997). Industrial economics of transition:

determinants of enterprise efficiency in Czechoslovakia and Hungary. Oxford

Economic Papers, 49(1):104–127.

Brunekreeft, G. (2003). Regulation and Competition Policy in the Electricity Mar-

ket - Economic Analysis and German Experience. Nomos, Baden-Baden.

130



BIBLIOGRAPHY

Brunekreeft, G. and Twelemann, S. (2005). Regulation, competition and invest-

ment in the German electricity market: RegTP or REGTP. Energy Journal,

26(Special Issue):99–126.

Burns, P., Davies, J., and Riechmann, C. (1999). Benchmarking von Netzkosten

– Data Envelopment Analyse am Beispiel der Stromverteiler in Großbritannien.

Zeitschrift für Energiewirtschaft, 23(4):285–301.

Burns, P. and Weyman-Jones, T. G. (1996). Cost functions and cost efficiency in

electricity distribution: a Stochastic Frontier approach. Bulletin of Economics

Research, 48(1):41–64.

Caudill, S. B. (2003). Estimating a mixture of stochastic frontier regression models

via the EM algorithm: A multiproduct cost function application. Empirical

Economics, 28(3):581–598.

Caudill, S. B., Ford, J., and Gropper, D. (1995). Frontier estimation and firm-

specific inefficiency measures in the presence of heteroscedasticity. Journal of

Business and Economic Statistics, 13(1):105–111.

Cazals, C., Florens, J. P., and Simar, L. (2002). Nonparametric frontier estimation:

a robust approach. Journal of Econometrics, 106(1):1–25.

Chambers, R. G. (1988). Applied Production Analysis: A Dual Approach. Cam-

bridge University Press, New York.
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Chambers, R. G., Yangho, C., and Färe, R. (1996). Benefit and distance functions.

Journal of Economic Theory, 70(2):407–419.

Charnes, A., Cooper, W. W., and Rhodes, E. (1978). Measuring the inefficiency of

decision making units. European Journal of Operational Research, 2(6):429–444.

Coelli, T. J. (1996). A guide to FRONTIER version 4.1: A computer program

for stochastic frontier production and cost function estimation. CEPA Working

Paper 3, The Centre for Productivity and Efficiency Analysis, University of

Queensland, School of Economics.

Coelli, T. J. (2000). On the econometric estimation of the distance function rep-

resentation of a production technology. Working Papers, Université Catholique
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GmbH, Frankfurt am Main.

Viscusi, W. K., Vernon, J. M., and Harrington, J. E. (2000). Economics of Regu-

lation and Antitrust. MIT Press, Cambridge.

VWEW (2002). Jahresdaten der Stromversorger 2001. Verlags-und Wirtschafts-
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