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poor indicator of the utilities’ capital costs. An electric utility investing in a large-scale plant in

the year of yardstick assessment is likely to receive a flawed score with respect to a performance

index that is weighted by electricity consumption. This is because the utility’s book value

increases substantially while its electricity production does not increase proportionally.

Therefore, when a large-scale plant such as a nuclear power facility starts operating, the

performance index of book value per KWh significantly deteriorates. As a result, the electric

utility adding a large-scale plant to meet growing demand is penalized under yardstick regulation.

The rate system developed in 1996 was revised in 1998 when the electricity rate committee

decided to leave rate cuts to the electric utilities’ discretion. Yardstick regulation would apply

only when the utilities sought to raise rates. Moreover, the electric utilities were allowed to

determine the portion of their profits they would retain to lower their debt costs.
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3. Previous studies

A number of studies have addressed efficiency and related aspects of the electricity industry10.

The focus of many of these has been on the economies of scale and density or the relationship

between ownership type and efficiency (e.g. Kumbhakar and Hjalmarsson, 1998; and Nemoto,

Nakanishi, and Madono, 1993). Although some of these studies have a cross-country focus, there

are relatively few cross-country studies of the performance of electric utilities that involves

Japanese and UK electric utilities.

A small number of cross-country studies have involved relative efficiency in UK distribution

utilities. Jamasb and Pollitt (2001c) report a benchmarking study of 63 distribution utilities from

6 European countries based on the data for 1997/98. The study compares the results from DEA,

SFA, and COLS methods and uses different model specifications. The performance of the UK

firms do not significantly differ from the mean values in the various models. Pollitt (1995) reports

a comparative study of 136 US and 9 UK distribution firms using 1990 data with DEA and SFA

methods. The study finds that the relative performance of the UK utilities is comparable to US

firms. The IPART (1999) study, discussed later, while focused on Australian utilities also

includes UK companies in its analysis.

Two studies evaluate the relative performance of U.S. and Japanese electric utilities. Goto and

Tsutsui (1998), using DEA method, measured technical and allocative efficiency of the vertically

integrated utilities in the two countries. Hattori (2001), using SFA method, estimated technical

efficiency of electricity distribution of the two countries. Both studies found that, on average, the

Japanese utilities are the more efficient. These studies assume that input prices are given to the

utilities, implying that the higher electricity price in Japan can be explained by the higher input

prices (especially in capital).

                                                
10 See Jamasb and Pollitt (2001b) for references and overview of some of selected studies.
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Jamasb and Pollitt (2001c)

This study reports an efficiency analysis of 63 European electricity distribution utilities to assess

the potential of and issues involved in the use of cross-country analysis as input in incentive

regulation process. The sample includes utilities from the UK, Norway, Netherlands, Portugal,

Italy, and Spain. The study uses DEA, SFA, and COLS methods with different model

specifications to a set of data from 1997-8. Table 3.1 shows the main variables of the preferred

DEA model used in the study.

Table 3.1: Inputs and outputs in Jamasb and Pollitt (2001c)

Inputs Outputs

Total expenditures (in PPP) Units of energy delivered (GWh)
Number of customers
Length of network (km)

On the whole, the mean values of efficiency scores of UK firms calculated with different methods

and models are close to the sample mean.11 However, the efficient frontiers tended to be

dominated by smaller utilities than the UK firms. The results also indicate that there are

significant performance variations among the UK firms.

Pollitt (1995)

This study examines the effects of public versus private ownership on performance through an

international comparison of electricity generation, transmission, and distribution utilities. The

study of the distribution utilities includes a 1990 sample of 145 US and UK utilities and uses

DEA and an average cost function. The sources of data for the US utilities are the US Energy

Information Administration, Electric World Directory of Electric Utilities, and the American

Public Power Association. Data for the UK utilities are based on company accounts and annual

statistical reviews. Input and output variables used with the DEA are shown in Table 3.2.

                                                
11 Much of the country specific results in this study are suppressed due to data confidentiality reasons.
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Table 3.2: Inputs and outputs in Pollitt (1995)

Inputs Outputs

Number of employees Number of customers
Transformers (MVA) Residential sales (mKWh)
Circuit (km) Non-residential sales (mKWh)

Service area (sq. km)
Maximum demand (Mw)

The study separates distribution utilities into small, medium, large samples in order to increase

the likelihood that utilities are compared with similar firms. Purchasing Power Parity rates are

used to covert the operation and maintenance costs and wages into a single monetary unit. The

results do not find strong evidence that ownership affects performance of utilities. The study also

suggests that RECs in the UK prior to their privatisation were not less efficient than US

distribution utilities.

IPART (1999)

The IPART study is an international benchmarking sponsored by the New South Wales (NSW)

regulator in Australia. It examines the relative technical efficiency of 6 electricity distribution

utilities in NSW using a sample of 219 utilities from Australia, England and Wales, New

Zealand, and US from 1995 to 1998. The sources of data used for the study include solicited

information and regulatory returns submitted by the utilities. The input and output variables of the

DEA production function are given in Table 3.3.

Table 3.3: Input, output, and environmental variables in IPART study
Inputs Outputs Environmental

Variables
Total O&M expenditure
(1997/98 $AUS)

Total energy delivered
(GWh)

Customer density
(customers/sq. kilometres)

Rout length (km) Total customers
(number)

Network mix
(overhead wires/total wires)

Nameplate transformer
capacity (MVa)

Peak demand
(MW)

Customer mix
(residential/total customers)
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The efficiency scores are calculated using a CRS model based on the argument that distribution

utilities have no control over the scale of their operation. Operating expenses are converted from

national currencies into a single monetary unit using Producer Purchasing Power Parities. A

second-stage (Tobit) regression analysis is then used in order to adjust the efficiency scores for

the effect of environmental variables. The study estimates that the NSW utilities are, after

adjustment of efficiency scores for the effect of environmental factors, between 13 and 41% less

efficient than the frontier firms.

Goto and Tsutsui (1998)

This study measured technical efficiency and allocative efficiency of vertically integrated electric

utilities in the U.S. and Japan during 1983 through 1993, using Data Envelopment Analysis. They

have chosen 14 U.S. utilities that are large in scale and roughly comparable with the Japanese

utilities. These major electric utilities in the U.S. are privately owned and thus, difference in

performance may not be attributed to difference in vertical structure or ownership. Since their

study analysed the performance of vertically integrated utilities, the input variables include

generation capacity (MW), fuel consumed, labour, and power purchase. Output variables are

residential sales and non-residential sales (in MWh). They found that Japanese utilities are more

efficient during the sample period. Since the sample period does not cover the recent years, the

effect of regulatory restructuring in the industry may not be reflected to their findings. The

performance of different activities (generation, transmission and distribution, etc.) is not clear

from this study.

Hattori (2001)

This study also conducted U.S.-Japan comparison of performance of electric utilities during 1982

through 1997, but it focuses on electricity distribution and uses Stochastic Frontier Analysis to

estimate technical efficiency of the utilities. Hattori (2001) employed a translog multiple-input

distance function to model the technology of electricity distribution.  He also took into account
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environmental influences in the analysis of technical efficiency. The inputs and outputs as well as

environmental variables used in his study are shown in Table 3.4.

Table 3.4: Input, output, and environmental variables in Hattori (2001)
Inputs Outputs Environmental

Variables
Labour Residential sales

(GWh)
Load factor
(average demand/peak demand)

Capital (transformer
capacity in MVA)

Non-residential sales
(GWh)

Customer density (customers / line
transformers)
Sales per Customer

Hattori (2001) found that after controlling for the above environmental factors, on average, the

Japanese utilities have been more efficient. However, some the most efficient utilities in the U.S.

have not always been less efficient than the most efficient utility in Japan. He also noted that

inefficiencies in electricity distribution services have possibly been increasing over time,

particularly in Japan.

Lessons from Previous Studies

Benchmarking studies of distribution utilities have adopted different methods and a wide range of

input and output variables. This reflects the fact that there is not a firm consensus as to how the

basic functions of the utilities should be modelled. This is despite the fact that the technologies

and characteristics of the utilities are relatively similar. For example, a variable used in one study

as input can be used in others as output. The variety of the variables used may also, to some

extent, be explained by the lack of data.

However, the inputs and outputs used in previous studies can give an indication of which of

variables are more widely chosen. Jamasb and Pollitt (2001c) review the frequency with which

different input and output variables are used. They find that the most frequently used inputs are

operating costs, number of employees, transformer capacity, and network length whilst the most

widely used outputs are units of energy delivered, number of customers, and the size of service
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area. Although some studies have used operating and capital costs as input variables, in many

cases the physical measures of inputs are used. From a regulatory point of view, it may be

preferable to use monetary values of input variables. However, accurate measures of operating

and, in particular, capital costs are often difficult to obtain. The problem is compounded in

international comparison due to differences in accounting principles and the need to convert

different currencies into a single monetary unit.
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4. Methods used12

There are several approaches to the measurement of the relative efficiency of firms in relation to

an efficient frontier of a sample. These approaches can be placed into two broad categories of

programming (non-parametric) or statistical (parametric) techniques. Data Envelopment Analysis

(DEA) is a linear programming approach, while Corrected Ordinary Least Squares (COLS) and

Stochastic Frontier Analysis (SFA) are statistical techniques. As reviewed in Jamasb and Pollitt

(2001b) these are the most widely used techniques currently applied in efficiency comparison of

electric utilities. For this reason we use these methods and discuss them below. Recently

Weyman-Jones (2001) has shown that the hybrid stochastic DEA technique can be applied to

electric utilities. The technique is as yet under-developed and though we experimented with it in

our analysis we do not report our results here for reasons of simplicity of presentation.

4.1 Data Envelopment Analysis (DEA)

DEA is a non-parametric method and uses piecewise linear programming to calculate (rather than

estimate) the efficient or best-practice frontier of a sample (see Farrell 1957; Färe et al. 1985).

The decision-making units (DMUs) or firms that make up the frontier envelop the less efficient

firms. The efficiency of the firms is calculated in terms of scores on a scale of 0 to 1, with the

frontier firms receiving a score of 1. DEA can calculate the allocative and technical efficiency of

the firms. The latter can be decomposed into scale, congestion, and pure technical efficiency.

DEA models can be input and output oriented and can be specified as constant returns to scale

(CRS) or variable returns to scale (VRS). Output-oriented models maximise output for a given

amount of input factors. Conversely, input-oriented models minimise input factors required for a

given level of output. An input-oriented specification is generally regarded as the appropriate

                                                
12 This section draws mainly on Jamasb and Pollitt (2001c).
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form for electricity distribution utilities, as demand for distribution services is a derived demand

beyond the control of utilities that has to be met.

The linear program calculating the efficiency score of the i-th firm in a sample of N firms in CRS

models takes the form specified in Equation (4-1) where θ is a scalar (equal to the efficiency

score) and λ represents an N×1 vector of constants. Assuming that the firms use K inputs and M

outputs, X and Y represent K×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 respectively. The equation is

solved once for each firm. In VRS models a convexity constraint Σλ=1 is added. This additional

constraint ensures that the firm is compared against other firms with similar size.

0

0

0

..

min ,

≥
≥−
≥+−

λ
λθ
λ

θλθ

Xx

Yy

ts

i

i (4-1)

In equation (1) firm i is compared to a linear combination of sample firms which produce at least

as much of each output as it does and the minimum possible amount of inputs. Figure 4.1

illustrates the main features of an input-oriented model with constant returns to scale. The figure

shows three firms (G, H, R) that use two inputs (capital K, labour L) for a given output Y. The

vertical and horizontal axis represent the capital and labour costs per unit of output respectively

and the line PP shows the relative price of the two inputs.

Firms G and H produce the given output with less inputs and form the efficient frontier that

envelops the less efficient firm R. The technical and allocative efficiencies of firm R relative to

the frontier can be calculated from OJ/OR and OM/OJ ratios respectively. Technical efficiency

measures the ability of a firm to minimise inputs to produce a given level of outputs. Allocative
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efficiency reflects the ability of the firm to optimise the use of inputs given the price of the inputs.

The overall efficiency of firm R is measured from OM/OR.

P

P

I

R

I

M

G

H

O L / Y

K / Y

• = Regulated Firm

J

Figure 4.1: Data envelopment analysis

DEA can also accommodate environmental or non-discretionary variables. These types of

variables are generally factors that are beyond the control of the management of decision-making

units but affect the operating environment. Mathematically, non-discretionary variables can be

introduced through the additional sets of constraints to the model in (4-1) as shown in (4-2) where

the subscripts D and ND refer to discretionary (environmental) and non-discretionary variables

respectively.
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For example, for regulated electricity utilities, the size of the service area, climatic conditions,

and maximum demand are factors that are exogenous to the firm. When non-discretionary

variables are specified in DEA, the method measures the relative inefficiency of a firm only in the

direction of the discretionary inputs or outputs.

A central aspect of DEA is the choice of appropriate input and output variables. The variables

should, as far as possible, reflect the main aspects of resource-use in the activity concerned. An

advantage of DEA is that inefficient firms are compared to actual firms rather than some

statistical measure. In addition, DEA does not require specification of a cost or production

function. However, the efficiency scores tend to be sensitive to the choice of input and output

variables. Also, the method does not allow for stochastic factors and measurement errors. Further,

as more variables are included in the models, the number of firms on the frontier increases.

Therefore, it is important to examine the sensitivity of the efficiency scores and rank order of the

firms to model specification. DEA has been a method of choice because of its clarity.

The DEA techniques can also be used to calculate Malmquist Index of productivity change over

time (see for example Färe, 1989 and Coelli et al., 1998). This study uses the basic Malmquist

Index in (4-3) as described in Thanassoulis (2001). We use the notation:

to represent the CRS DEA efficiency score for a unit measured relative to a technology in year 0

and the unit data for year 1. The productivity change of a decision-making unit is defined as

geometric average of two ratios. The left-hand-side ratio measures the efficiency of unit j using

data set from period 1, (D1) with technology from year 0, (T0) to the efficiency of the unit with

data and technology of year 0, (D0 and T0). The right-hand-side ratio measures the efficiency of

unit j using data and technology from year 1, (D1 and T1) to efficiency of the unit with data of

year 0, (D0) and technology of year 1, (T1). The calculated Malmquist indices can be further

1
0_ D

TEFC
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broken down into a productivity catch-up and boundary shift (see for example Thanassoulis

(2001) and Coelli et al. (1998).

2/1
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The components of Malmquist index as specified in Equation (4-3) can be calculated separately

with DEA. The two technical efficiency components that are based on data and technology from

the same period can be calculated using the basic DEA program described in Equation (4-1). The

cross time efficiency based on year-0 technology and year-1 data can be calculated form Equation

(4-4) based on the specification in Thanassoulis (2001).
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The superscripts 1 and 0 for inputs y and outputs x of i th unit indicate the relevant time period

for data used for calculating the efficiency. The superscripts for input matrix X and output matrix

Y indicate the time period for technology used for calculating the efficiency. This procedure can

be modified in order to calculate relative efficiency for the remaining component of Equation (4-

4) with year-1 technology and year-0 data.
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4.2 Corrected Ordinary Least Squares (COLS)

An alternative frontier-oriented approach to measure relative efficiency of firms is to use

statistical methods to ‘estimate’ the best practice frontier and efficiency scores. COLS is one such

method based on regression analysis (Richmond, 1974). Similar to DEA, the method estimates

the efficiency scores of the firms on a 0 to 1 scale. The regression equation is estimated using the

OLS technique and then shifted to the efficient frontier by adding the absolute value of the largest

negative estimated error to that of the other errors (for a cost function).

The COLS method requires specification of a cost or production function and therefore involves

assumptions about technological properties of the firms’ production process. A drawback of the

method is that the estimated parameters may not make engineering sense. In addition, the method

makes no allowance for stochastic errors and relies heavily on the position of the single most

efficient firm. Similar to DEA, COLS assumes that all deviations from the frontier are due to

inefficiency.

The COLS technique can be used to calculate efficiency scores of models involving multiple

inputs and outputs by estimating distance functions. Following Coelli and Perleman (1999) and

Coelli, et al. (1998), Equation (4-4) show a translog input distance function.13 DIi is the input-

oriented distance for the i-th firm in a sample of N firms with K inputs and M outputs and where

α, β, and δ are unknown parameters. The function is homogeneous of degree +1 in inputs. Inputs

and outputs are denoted x and y respectively and x*
k=xk/xK. Equation (4-5) can be rewritten as in

(4-6) where TL is the translog function in (4-4) and “–Ln(DIi)” is an unobservable term

interpreted as the random error term µi.

                                                
13 See the above references for detailed descriptions and various steps involved in the technique.
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The function in Equation (4-6) is estimated using the Ordinary Least Squares (OLS) technique.

The estimated constant term of the function is then adjusted by subtracting the value of the largest

positive residual from those of all units. This transformation ensures that the function passes

through the most efficient unit and bounds the other units. The distance measures for the

inefficient units are then calculated as the exponential of their corrected residuals.

Although the above translog function is a flexible functional form, it often violates the

assumptions required in the input distance function, such as monotonicity or concavity. In

addition, multicollinearity often creates a problem in terms of the statistical significance of the

estimates. It became clear that these problems prevent us from obtaining meaningful results from

the translog specification for the present study on electricity distribution. Thus, as an alternative

we employ log-linear specification. Also, our model (discussed in next section) will be a single-

input (x) distance function. Thus, our single input distance function model with log-linear

specification simplifies the equation as follows:

imi
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m
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where ui is Ln(DIi) in Equation (4-6).
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Equation (4-7) does not account for technological progress in electricity distribution or

environmental influences on the efficiency. In order to account for such influences in a COLS

framework, we can include time trend variable (t) and the environmental variable (z) in the right

hand side of the equation. Assuming that all the environmental influences are log-linear, then

equation (4-7) can be modified as:

isi

S

s
stmi

M

m
mi uzLntyLnxLn −+++=− ∑∑

==

)()()(
11

0 γααα (4-8)

After estimating the above equation, we can simply follow the same procedure to obtain the

efficiency score of each firm (utility, in the present study). Technical efficiency scores in this case

are the scores “net of” environmental factors.

4.3 Stochastic Frontier Analysis (SFA)

SFA is another parametric method used to estimate the efficient frontier and efficiency scores.

The statistical nature of the method allows for inclusion of stochastic errors in the analysis and

testing of hypotheses. Similar to COLS, this method requires specification of a cost or production

function involving assumptions about the firms’ production technologies. Estimation of

efficiency scores in SFA is similar to that of COLS. In addition, SFA recognises the possibility of

stochastic errors (see Coelli, et al., 1998).

The notation of an input-oriented distance function for single/multiple input and output models is

similar to that described for COLS. However, when applying SFA a symmetric error term ν is

added to the random error term µ to account for noise. SFA reduces reliance on measurements of

a single efficient firm. However, accounting for stochastic errors requires specification of a

probability function for the distribution of the errors and distribution of inefficiencies (e.g. half
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normal). Thus, the basic SFA equation for single input distance function with environmental

influences in log-linear specification will be as follows:
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11

0 γααα (4-9)

where ν is, as noted above, a random disturbance distributed as iid N(0, σ2) and u is the (non-

negative) technical inefficiency term. The distributional form of this inefficiency term is usually

assumed to be half-normal, N+(0, σ2), or truncated normal, N+(u, σ2), where the superscript ‘+’

means that it takes only a non-negative value.

As for the result of stochastic factors and their effect on the position of the most efficient firm, the

estimated scores are higher than those estimated by COLS. Figure 4.2 illustrates a stylised

representation of COLS and SFA in a model with one cost input C and one output Y.

Figure 4.2: COLS and SFA

The cost equation COLS .�f1(Y) is estimated using OLS regression and then shifted by CA to

CCOLS �.�&$��I1(Y) on which the most efficient firm A lies. The efficiency score for an
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inefficient firm B is calculated as EF/BF. The figure also shows the estimated cost equation

CSFA=f2(Y) using SFA. A firm, such as A, which lies below the stochastic frontier might be

regarded as 100% efficient, i.e. the difference between its actual costs and its expected costs on

the frontier are effected by a negative cost shock. A drawback of the method is that even if there

are no errors in efficiency measurements, some inefficiency may be wrongly regarded as noise.

Although Equation (4-9) allows environmental influences, there is another way of accounting for

such influences in SFA. This alternative is to use the environmental variables to directly explain

the variation of mean inefficiency. In the efficiency effects model, originally developed by

Battese and Coelli (1993), this is done by assuming a truncated-normal distribution for

inefficiency and its mean to be specified as a linear function of environmental variables. Thus, the

technical inefficiency is assumed to have distribution N+(u, σ2), and its mean, η, is explained by a

set of environmental variables.  More specifically, u is specified as:

)(
1

0 si
S

s
s zLnu ∑

=
+= δδ (4-10)

With mean inefficiency as specified in (4-10), we can then estimate the input distance function

with environmental variables included in the one-sided error term:
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m
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The Maximum likelihood estimation procedure and an expression for the conditional expectation

to obtain a predictor of technical efficiency of each utility are found in Battese and Coelli
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(1993)14. The estimation procedure is automated in computer program, FRONTIER Version 4.1

developed by Coelli (1996).

5. Model specification and data

5.1 Preferred models

The models used in this study are based on some of the most widely used variables in efficiency

studies of electricity distribution networks. As mentioned earlier, we use DEA, SFA, and COLS

methods with our data set. In addition, we use three different models to examine the effects of

specification on the results. Table 5.1 outlines the input and output variables used in the preferred

models in this study. Common for these models is that they use a single measure of cost input in

monetary terms.

Table 5.1: Overview of preferred models
Model I Model II Model III

Input:
� 2SHUDWLQJ H[SHQGLWXUHV

    (OPEX)

Input:
� 7RWDO H[SHQGLWXUHV

   (TOTEX)

Input:
� 727(;

Non. Discretionary Inputs:
� 7RW� FXVWRPHUV QR��

    Tot. network length ratio
� 7RW� XQLWV QR��

    Max. Demand*8760 ratio

Non. Discretionary Inputs:
� 7RW� FXVWRPHUV QR��

    Tot. network Length ratio
� 7RW� XQLWV QR��

    Max. Demand*8760 ratio
Outputs:
� 7RW� units no.
� 7RW� customers no.
� 7RW� QHWZRUN OHQJWK

Outputs:
� 7RW� units no.
� 7RW� customer no.

Outputs:
� 5HVLGHQWLDO XQLWV QR�

� ,QGXVWULDO XQLWV QR�

The choice of variables in Model I resembles that of the model used by OFGEM in the 2000-

2005 distribution price control (OFGEM, 1999). However, the actual OFGEM model used a

composite output with COLS method and different underlying cost data. Models II and III use

                                                
14 See also Coelli, Perelman, and Romano (1999) for comparison of the two methods of accounting for
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total costs as the sum of operating and capital costs. In addition, the non-discretionary inputs

control for the effect of two main environmental variables (customer density per network length

and total units delivered relative to maximum demand) as factors beyond the control of

management.

5.2. Data

A common issue in efficiency comparisons of electricity distribution business involving pre-

privatisation periods is that often distribution costs need to be separated from costs of supply

activity or, in the case of vertically integrate firms, from those of generation or transmission. In

order to harmonise the costs over time and country, these are converted into 1997-98 price levels

and measured in terms of PPP.

The pre-privatisation (1985/6-1989/90) costs for the UK distribution firms are based on annual

reports and statistical reviews of the firms and companies’ share offer prospectus. The costs were

then adjusted for estimated share of their supply-related costs. The post-privatisation costs for UK

firms were obtained form OFGEM. The operating costs used are exclusive of depreciation, exit

charges to National Gird (transmission charges), and rates (local taxes) payable to authorities.

The capital expenditures include network expansion and non-operational expenditure.

Since the Japanese electric utilities are vertically integrated, it is necessary to identify the cost of

regional electricity distribution, which is equivalent to the regulated activities of UK RECs. In

other words, we have to construct the data for “virtual” regional electricity companies in Japan.

To do this, we must rely on accounting reports submitted by each electric utility. These reports

show the allocation of operating expenditure and capital expenditure into generation (which is

further allocated into hydro, steam, nuclear, and internal combustion engine), transmission,

transformation (substation), distribution, retail (includes billing and metering), and general and

administration. All categories except generation are related to UK regional electricity distribution

                                                                                                                                                             
environmental influences in SFA.
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business. Transmission and transformation involves high voltage transmission and associated

substations, which would be the activities of National Grid in UK, not RECs. Thus, we need to

somehow allocate the cost of transmission and transformation into the costs associated with

operating high voltage transmission and the costs associated with lower voltage, regional

transmission. We assume that the Japanese transmission system with voltage 154kV or less is

equivalent to the regional transmission system of UK RECs. The UK distribution businesses start

at a comparable 132 kV. In order to calculate the share of costs, we first multiply the length of

transmission line by the level of voltage (km*kV). Then the share of transmission with voltage

154kV or less in this km*kV is used to obtain the cost of regional transmission. Next, we need to

allocate the costs associated with retail into regulated activity and non-regulated activity. For

example, in the UK, RECs are responsible for metering as regulated activity but not for billing.

Therefore, we need to include only the cost associated with metering but not billing. This is quite

difficult and all we can do is to roughly estimate the retail costs that is solely used for metering.

This may underestimate the cost of Japanese regional distribution as a virtual REC.

Lastly, we need to allocate the costs associated with general and administration. We allocate this

category of costs into different activities based on the share of labour costs in each of the other

activities. In the end, the Japanese cost data for regional electricity distribution is the sum of a

part of transmission and transformation costs (based on the share of km*kV of regional

transmission), distribution costs, and a part of retail costs (only metering), and a part of general

and administration costs (based on the share of labour costs of regional transmission, distribution

and metering).

Output data, such as electricity distributed and the number of customers, and physical data, such

as the length of transmission and distribution lines and the peak demand are taken from the

Statistical Yearbook of Electric Utility Industry.
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Table 5.2 shows the aggregate values of the input and output variables for the UK and Japan

distribution businesses used in this study for 1985/86 and 1997/98. The figures show that the

Japanese distribution network is considerably larger than the UK system. The UK sector shows

significant reductions in the operating costs between 1985/6 and 1997/8. During the same period,

the operating costs for the Japanese sector show a marked increase. However, capital

expenditures show large increases as a result of growth in the main outputs of both sectors. The

ratios of the operating expenditures to main outputs confirm that cost saving efforts in the UK

firms have improved these indicators. For the Japanese sector, however, these OPEX ratios have

worsened. The ratios of capital expenditures to the main outputs indicate declining capital

efficiency (or at least, increasing costs) for both UK and Japanese utilities.

   Table 5.2: Summary statistics of UK and Japan electricity distribution
1985/86 1997/98

UK Japan UK Japan

Operating expenses (mill. $US PPP) 2,556 5,316 1,756 9,368
Capital expenditures (mill. $US PPP) 1,085 4,501 1,436 7,365
Units of energy delivered (GWh)
   � GRPHVWLF

   � RWKHUV 76,926
132,290

126,964
368,754

89,726
172,905

222,288
539,296

Number of customers (000) 21,476 51,019 23,830 63,853
Length of network (km) 609,974 896,971 651,484 1,058,954
Maximum demand (MW) 44,301 106,946 49,392 165,918
OPEX per customer 0.119 0.104 0.073 0.146
CAPEX per customer 0.051 0.088 0.060 0.115
OPEX per network km 0.004 0.006 0.003 0.009
CAPEX per network km 0.002 0.005 0.002 0.007
OPEX per maximum demand 0.058 0.050 0.036 0.056
CAPEX per maximum demand 0.024 0.042 0.029 0.044
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6. Results

In this section, we first discuss the results of Model I from different methodologies, and then

discuss the results of Model II.

6.1. Model I: Analysis of controllable operating expenditures

The DEA results for Model I with CRS restriction show a decline in average efficiency scores for

the UK firms during the last three years before liberalisation of the power sector (Figure 6.1). As

shown in the figure, after an initial increase in the immediate years following the privatisation,

the UK average score again further decline. A rather comparable trend is also observed for the

efficiency scores of the Japanese distribution business.

This result is unexpected and, in particular, in the light of cost savings in the UK distribution

firms in recent years to some extent counters intuition. The result also poses a question as to the

effectiveness of incentive regulation, since one of the main aims of such regulation is to close the

efficiency gaps in the sector. However, it should be noted that a decline in average efficiency

score does not necessarily represent reduced productivity. Rather, the trend indicates that the gap

in relative efficiency is widening. This can result from frontier firms increasing their efficiency

lead over other firms.

We examine the efficiency and productivity changes over time using the Malmquist index. The

indices are calculated for each year relative to the previous year as the reference period for

Models I using the DEA method. The results are exhibited in Figures 6.2. It shows  a large gain in

productivity for UK RECs in the post-privatisation period, while productivity changes for

Japanese utilities are somewhat low and unstable over the sample period.
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In the next step, we examine the effect of variable-returns-to-scale DEA (DEA-v) and COLS

(with no CRS restriction) methods. We apply the methods to our Model I using the 1997-98 data

for the two countries. Table 6.1 compares the results of the DEA and COLS scores with those

obtained by OFGEM in the last distribution price control. As shown in the table, the efficiency

gap between the UK and Japanese firms in DEA-v and COLS models is considerably reduced and

the scores are more in line with those calculated by OFGEM. The significant improvement in

DEA-v scores suggests possible scale inefficiency in Japanese utilities as these tend to be larger

than UK RECs.

Application of SFA to Model I did not return meaningful results. The stochastic frontier

estimation, which assumes the existence of inefficiency, did not give the results that are different

from those of OLS (which assumes that all the sample firms are efficient) in a statistically

significant manner. In other words, the explanatory variables (total sales, total number of

customers and the network length) explain most of the variation in OPEX while the residuals are

assumed to be normally distributed---there is no room for technical inefficiency to explain some

of the cost variation among the firms. This still warrants a closer examination of these results and

their causes.

6.2. Models II and III: Analysis of total controllable expenditures

We applied DEA and SFA to Model II and III to investigate the performance based on total

controllable cost (TOTEX) and to see if there are any changes in dynamics of efficiency and

relative performance of the two countries. Figures 6.3 and 6.4 exhibit a clear contrast in the

results from the non-parametric DEA to those from the parametric SFA method. These results

indicate that SFA attributes most of the variations in total expenditures to noise while in DEA all

variation is inefficiency. At the same time, the DEA and SFA results are not directly comparable

due to handling of time in the models. The DEA scores are calculated independently for each year
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while the SFA model includes a time trend variable to capture the technological progress in

electricity distribution that is assumed to be commonly available to both countries.

The average efficiency scores with DEA when applied to Models II and III reveal a relatively

similar pattern to those of Model I with declining average scores for both UK and Japan over

time. In particular, this decline is consistent during the 1989-92 period for both the UK and Japan.

However, the average and minimum average efficiency scores are now considerably higher. The

higher scores can be attributed to the inclusion of non-discretionary variables controlling for the

effect of consumer density and maximum demand.

The average efficiency score with SFA produced considerably and consistently higher scores for

both UK and Japanese sectors.  It is clear from the Figures that the efficiency gap between the

UK and Japan becomes larger in the last 3 to 4 years of our sample period when the UK

experienced rapid price and cost reductions.

The Malmquist indices are also calculated for each year relative to the previous year as the

reference period for Models II-III using the DEA method.  The results are very similar between

the two models and we chose the result of Model II to exhibit in Figure 6.5. The general tendency

in the indices for both models is that in the years prior to privatisation, the productivity of UK

firms decline.15 During the same period, the Japanese firms achieve efficiency improvements.

The overall trend however reverses after 1990 and while the UK firms on the whole show

productivity improvement in most years, the Japanese firms show a decline in productivity most

years.

Although the direction and magnitude of changes in Malmquist indices calculated here can

change from year to year, the length of the period under study allows us to examine the long-term

                                                
15 Domah and Pollitt (2001) also find that costs in the UK firms rise around this time reflecting the cost of
organisational change. IPART (1999, p 80) finds similar Malmquist indices for the UK, 1990/91-1996/97.
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trend in productivity. Table 6.2 shows the annual changes in Malmquist indices for the UK and

Japanese sectors. The results of the Models II-III (as well as Model I) indicate that average annual

productivity improvement in the UK sector has been between 3.25-6.5%. The estimates for the

Japanese sector vary between –2.5% and 0.6%. The results from Model I (based on operating

expenditures) exhibit the largest productivity growth gap between the UK and Japanese

distribution businesses.

Table 6.3 gives the results of some simple hypothesis tests (using analysis of variance tests) of

the differences in the sample means for Model I. Hypothesis 1 tests whether mean efficiency in

the UK and Japan samples are equal in 1985-86. The test statistic indicates that Japanese utilities

are significantly more efficient than UK utilities at the 6% significance level. Hypothesis 2

performs the same test for 1997-98. The test statistic now indicates that UK firms are

significantly more efficient than Japanese utilities at the 1% significance level. Hypothesis 3 tests

whether the mean Malmquist growth rates between the two countries are equal. The test statistic

indicates that in spite of high variance the UK firms growth rates are significantly higher than

Japanese firms’ at the 6% significance level.
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Figure 6.1: Average efficiency scores for UK and Japan – Model I
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Figure 6.2: Average Malmquist indices for UK and Japan – Model I
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Figure 6.3: Average efficiency scores for UK and Japan – Model II
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Figure 6.4: Average efficiency scores for UK and Japan – Model III
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Figure 6.5: Average Malmquist indices for UK and Japan – Model II

Table 6.1: Productivity change relative to previous year

UK Japan UK Japan UK Japan
Model I Model II Model III

1986-7 1.7% -7.2% -1.7% -11.1% -0.7% -12.6%
1987-8 3.5% -2.7% -0.8% -1.6% -0.3% -1.5%
1988-9 1.6% -0.6% -3.2% 1.7% -2.9% 4.2%
1989-0 -4.2% 4.9% -4.9% 7.4% -5.6% 9.4%
1990-1 -9.7% 1.4% 3.8% 1.2% 2.1% 2.8%
1991-2 7.7% -3.5% 10.5% -0.3% 9.8% 0.4%
1992-3 1.9% -5.7% -3.1% -6.5% -3.4% -6.7%
1993-4 -1.4% -6.1% -1.7% -10.2% -1.5% -10.7%
1994-5 8.0% 2.2% 8.6% 12.2% 7.4% 13.6%
1995-6 10.7% -8.9% 14.8% -4.3% 16.5% -3.3%
1996-7 28.3% 3.1% 11.4% 2.4% 10.7% 3.3%
1997-8 6.1% 2.9% 7.7% 8.0% 6.8% 8.7%
Average 4.52% -1.68% 3.45% -0.09% 3.24% 0.63%
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Table 6.2: Efficiency scores for 1997-98

1997-8 DEA DEA-V COLS OFGEM
UK1 81.1% 100.0% 87.9% 103%
UK2 58.3% 58.8% 76.5% 77%
UK3 67.4% 78.8% 85.9% 82%
UK4 65.6% 84.3% 78.7% 80%
UK5 63.9% 67.7% 81.2% 64%
UK6 51.5% 65.9% 71.0% 71%
UK7 56.3% 62.0% 77.6% 64%
UK8 84.5% 98.3% 90.4% 87%
UK9 100.0% 100.0% 100.0% 103%
UK10 49.5% 82.4% 67.9% 82%
UK11 93.5% 100.0% 81.8% 73%
UK12 74.5% 82.6% 86.9% 72%
JP1 41.6% 49.2% 65.0% -
JP2 28.5% 99.7% 58.3% -
JP3 34.1% 100.0% 63.8% -
JP4 40.3% 99.9% 64.6% -
JP5 40.9% 45.9% 63.4% -
JP6 43.8% 100.0% 70.2% -
JP7 31.6% 54.0% 60.2% -
JP8 34.4% 37.4% 62.5% -
JP9 32.7% 100.0% 60.9% -
Avg. UK 70.5% 81.7% 82.2% 77.17%
Avg. Japan 54.5% 76.2% 73.2% -

Table 6.3: Hypothesis testing – Model I

Mean Variance P(F<=f) one-tail

Hypothesis 1:
UK=Japan
1985-86

UK: 0.856

JP: 0.938

0.0117

0.0041
0.059

Hypothesis 2:
UK=Japan
1997-98

UK: 0.704

JP: 0.364

0.0268

0.0028
0.000

Hypothesis 3:
UK=Japan
MQ Growth

UK: 0.045

JP: 0.016

0.0087

0.0021
0.052
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7. Conclusions

One of the main aims of this paper was to shed light on the relative performance of distribution

activities under revenue cap vs. rate-of-return regulation. The benchmarking exercise reported in

this paper shows that, the UK electricity distribution firms operating under the revenue cap

regulation model appear to have performed better than the Japanese operating under the rate-of-

return regulation regime.

The Malmquist indices show a decline in efficiency in the UK sector in the run up to privatization

of the sector in 1990. The Japanese firms appear to achieve efficiency improvements during the

same period. For most of the post-privatisation period however, the UK sector exhibits an

efficiency lead over the Japanese sector. We also found indications of performance improvement

in the Japanese firms following the introduction of yardstick regulation in 1996. However, a

longer panel following this change is required in order to establish the effectiveness of the

changes in the regulatory regime.

However, the efficiency scores draw a picture of uneven improvements during the period under

study. The SFA scores produced considerably and consistently higher scores for both UK and

Japanese sectors. The decline in the DEA scores for individual years indicates that the efficiency

gap in the UK and Japanese electricity distribution may have been widening. This finding also

requires further examination possibly using samples exclusively consisting of domestic firms.

Our findings shed further light on the potential for international benchmarking as input into the

incentive regulation process. As we noted in our previous study (Jamasb and Pollitt, 2001c),

efficiency changes from one year to another may be significant. This paper confirms this. It is

therefore crucial that such studies use multi-year data and analysis.
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The multitude of methods suitable for efficiency comparisons and the choice of appropriate

technique may, at times, create a dilemma to regulators. Also, whether a particular data set used

with a certain technique may produce “unreasonable” or counter-intuitive results is difficult to

determine beforehand. It is therefore important to use different techniques. This can help to reveal

peculiarities in the data set and assess the results of individual methods for the purpose of

regulatory comparisons and benchmarking.

The make-up of the sample used in the benchmarking is important and should not be arbitrary.

The countries included in the sample need be relatively comparable in order to yield most

information on relative performance of domestic firms. In our sample, the UK firms dominated

the sample in most cases. From a regulatory point of view, our findings may not be particularly

informative for regulation of the UK sector while the opposite is perhaps not the case. However,

as it is difficult to determine a priori where international best practice lies, this is a valid exercise

for the UK regulator to undertake. For relatively efficient sectors such as those of the UK and

Japan, it is important that the benchmarking samples include international best practice. One

major step towards this task could be inclusion of efficient US utilities in the sample.

Data quality and reliability is a major concern of most regulators around the world. Cross-country

comparisons as we have experienced involve a large comparability problem. Differences in

definitions, utility boundaries, accounting rules, technical characteristics of electricity systems

across the countries require careful examination and revision of data for the purpose of

international benchmarking. While value of revised data from previous periods is generally

limited, the quality of data for benchmarking in the future can be improved through long-term

perspective and effort.

In summary, the transition from single to cross-country comparisons poses rather rigorous

requirements on data and methodologies used. However, from a regulatory point of view, cross-
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country efficiency analysis can also make valuable contributions to comparison of performance

of different regulatory regimes and regulated firms.
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