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Practitioners of network regulation are extensively using benchmarking measures in
defining their incentive regulatory schemes and—more specifically—the speed at which
those schemes require inefficient network utilities to catch-up to efficiency through cost
minimisation. This catch-up speed is usually set based on the incumbent inefficiency of
operators and the period of time they are granted to remove it. However, its computa-
tion lacks research and foundation as the allowed period to reach target performance is
not firm-specific and often set based on negotiated speculations on potential productiv-
ity improvement. We propose an approach to set a firm-specific catch-up period based
on historical cost efficiency change rates and the decomposition of an operator’s cost
efficiency into technical and allocative efficiency. We demonstrate that this decompo-
sition can be used to assess the source of a firm’s excess costs and thus the strategies
that need to be implemented to eliminate those costs. An econometric analysis is used
on a panel of 143 Swedish electricity distributors to validate the decomposition of cost
efficiency and a model is proposed to compute the catch-up period according to this

decomposition.
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Chapter 1

Introduction

Due to the high fixed costs that network infrastructure requires, distribution system
operators—or DSOs—manifest themselves as natural monopolies. Even though those
firms are operating legally they pose a risk for social welfare as they can abuse their
market position to gain excess profit at the expense of consumers. Because of this
risk the state has to designate a regulatory authority whose purpose is to represent
society and offer the regulated utilities a compensation scheme that will negate the risk
of monopoly pricing. Since network operators set their tariffs based on their allowed
revenue, by controlling the compensation they are granted the state can determine the

tariffs consumers will be facing.

In Europe, most regulators have adopted incentive-based regulation schemes such as
fixed-price contract which goal is to align the profit-maximising objectives of network
operators with those of the market (i.e. optimal quality at minimal cost). The most
widely used fixed-price scheme is revenue cap regulation which sets the revenue a DSO
is allowed to receive each year. The cap is corrected yearly for inflation and an expected
productivity improvement X—or X-factor—which purpose is to promote cost minimi-
sation by gradually decreasing the allowed revenue. The X-factor is at the heart of
incentive regulation as it is this factor which provides regulated entities with the proper

incentives for efficient processes and operations.

Because the regulator and DSO have asymmetric information on the DSO’s true cost
function, estimating the revenue cap—or compensation—is a non-trivial exercise re-
quiring extensive benchmarking analyses. In particular, the regulator has to impose a
firm-specific required improvement X accounting for both the expected technical im-
provement of the industry as a whole (i.e. technological progress) and the inefficiency
reduction that he expects inefficient firms to demonstrate each year (i.e. catch-up to

efficiency). This second component represents the inefficiency (i.e. inefficient costs) that

1



Chapter 1. Introduction 2

the regulator wants to reclaim each year in the name of society. Due to the capital inten-
sity of network operators the regulator can not require them to catch-up their incumbent
inefficiency overnight as this could halt the energy distribution altogether. Regulated
operators are thus given a number of years—or regulatory periods—to completely elim-

inate their inefficiency.

The motivation of this thesis stems from the lack of methodology regarding the com-
putation of the catch-up speed in network regulation. To determine the speed at which
network operators will be required to improve, authorities usually decide upon a certain
number of years—or catch-up period—that DSOs will be granted to reach efficiency.
Nevertheless the period over which inefficient operators must reach efficiency lacks foun-
dation and a considerable element of negotiation between the regulator and the firms

usually influence its decision.

The primary limitation of the approach currently used by regulators originates from the
fact that the catch-up period of their regulatory schemes is not firm-specific. The catch-
up requirement is usually computed based on the firm’s inefficiency and the number of

years firms have to reach optimal performance.

The objective of this thesis is to provide a review of the tools and methods currently used
in setting the catch-up requirement and to propose an approach and methodology to
assist the regulators in determining the catch-up that their fixed-price contracts should

require from the regulated DSOs. Our research question is the following.

How can regulatory authorities make use of the available benchmarking tools and mea-
sures to set the required firm-specific catch-up speed in the fixed-price regulation of net-

work utilities?

Even though our work can contribute to other fields than network regulation it is im-

portant to state that we are here focusing on electricity distribution.

The outline of the thesis is as follows. In Chapter [2| we present the fundamentals of
the incentive regulation of network utilities and the benchmarking measures commonly
used in regulation. In Chapter 3| we propose an approach and model to set the catch-up
requirement based on the decomposition of cost efficiency into technical and allocative
efficiency. Chapter [4] presents the empirical data that will be used in our analysis. In
Chapter [5| we perform the regulator’s exercise of efficiency assessment before applying
our model to the data and empirically demonstrating the hypothesis upon which it relies.

We conclude the research in Chapter [6]



Chapter 2

Methodology

In this chapter we first describe the need for regulation of network operators. The
regulatory tools currently in use are briefly introduced and defined with a focus on
incentive regulation. The use of benchmarking approaches in setting the improvement
requirement X in the context of the frontier-based revenue cap regulation is presented

and reviewed. Several European applications of incentive regulation are also reviewed.

2.1 Regulation of network utilities

Network companies such as electricity distributors are characterised by high fixed costs
of network capital and low marginal operating costs. Because of high fixed and start-up
costs for infrastructure and operations, distributor system operators manifest themselves
as natural monopolies. For each geographic region, distribution cost is minimised by
having a unique distributor supplying all the consumers. This leads to high barriers
to entry for potential new rivals in electricity distribution. Natural monopolies pose a
risk for social welfare as they can abuse their market position to gain excess profit at
the expense of consumers (Carrington et al.| (2002))). As stated in |Agrell and Bogetoft
(2013), the electricity distribution sector is thus subject to the risk of monopoly pricing,
where a firm can charge to consumers a price much higher than the one they would have
been charged with in a competitive market, while providing poorer services. Because
monopolies are not facing any competition they do not have the proper incentives to
reduce costs. There is also not any real substitute to the electricity and services provided

by the DSOs, which means that the demand is quite inelastid']

Even though those natural monopolies are provided with licenses to operate as legal

monopolies, they represent a risk for social welfare (Agrell and Bogetoft| (2013))). This is

! An increase or decrease in price does not have a significant impact on demand.

3
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why DSOs—whether they are state- or privately-owned—mneed to be regulated in order
to ensure that the energy is delivered at a fair price and good quality for consumers.
Failing to do so represents a risk of market failure. The government thus needs to
appoint a regulatory authority that will purchase the services of the distributors in the
name of all the consumers. The act of network regulation is “the prerogative by law
or decree to vest the authority to define, apply, monitor and enforce the technical and

economic conditions and rules for a set of operators”. (Agrell (2015))

“The economic requlation of electricity networks attempts to achieve two major goals.
On the one hand, it is important to stop a network business from exploiting its natu-
ral monopoly position by setting prices well in excess of efficient costs. On the other
hand, retaining strong incentives for network businesses to pursue profits is important
for driving efficiency in production and management decisions.” (Commission et al.
(2013))

Indeed, besides removing the risk of monopoly pricing the goal of regulation is also
to provide the regulated entities with the proper incentives for efficient costs. Theory
and empirical evidence suggest that weak competition leads to poor internal managerial
incentives for cost minimisation, leading to X-inefficiency (Commission et al. (2013))).
The concept of X-inefficiency was first introduced in |Leibenstein| (1966|) and represents
the difference between the assumed efficiency of firms under perfect competition and
their actual efficiency under imperfect competition. This business under-performance

results from poor efficiency incentives.

“The desire to create a competitive environment is now prevailing in infrastructure in-
dustries, and where competition is limited the search for efficiency gains is at the core

of the regulation debate.” (Coelli (2003)))

The main challenge regulators are faced with when trying to enforce cost minimisation
is the information advantage of regulated entities. Network companies possess exclusive
information and details on their cost function and opportunities, leading to information
asymmetry. Regulated firms have a tendency to use this exclusive information to their
advantage to increase their profit to the disadvantage of social welfare. The regulator has
imperfect information on the DSQO’s true underlying costs and improvement potential

and can only observe the realised costs in hindsight.

The fact that regulatory authorities are not completely informed about the specifics and
attributes of a regulated firm’s costs leads to two main issues (Armstrong and Sappington
(2007)). The first one is moral hazard, which is an issue arising when “individuals
engage in risk sharing under conditions such that their privately taken actions affect the

probability distribution of the outcome” (Holmstrom (1979)). Because of asymmetric
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information between the DSO and the regulator the individual actions of the regulated
entity can not be observed and therefore contracted upon. In the presence of high realised
costs it is not clear for the regulatory authority whether or not those are due to poor
managerial effort in the firm’s operations. The second issue arising from information
asymmetry is adverse selection which refers to a situation where the service provider
(i.e. the distribution system operator) has more information on the true value of its
services than the consumers—represented by the regulator (Jullien| (2000)). In the case
of electricity distribution this can lead to DSOs providing electricity at prices that are

excessively high relative to the actual costs of distributing it.

2.1.1 Regulatory mechanisms

Following |Laffont and Tirole| (1993)), two extreme regulatory mechanisms can be imple-

mented for electricity distributors (Joskow]| (2008)).

The first one is an ex antd? fixed-price contract?| that determines the price that the
regulated firm will be permitted to charge its consumers. This price is fixed throughout
a predetermined period of time and adjusts for changes in input price indexes (i.e.
inflation) and other chosen exogenous factors. The formula of the fixed-price regulation

for operator k can be expressed as follows (Joskow] (2008])).
PR(t) = P*(0)(1 + RPI — X) (2.1)

where P* is the allowed price, RPI is the rate of input price accounting for changes in

inflation, and X is a target productivity change factor.

Since the price is fixed ex ante for the whole regulatory period, the price cap regulatory
mechanism does not respond to changes in efficiency (i.e. managerial effort). This pro-
motes cost reduction by allowing the regulated firms to keep the gains from potential
managerial improvement (Liston (1993)). The main drawback of such a scheme is the
fact that the regulator is uncertain about the true cost opportunities the firms are actu-
ally faced with. The fixed price therefore needs to be high enough for the distributors to
cover their realised costs. If firms are incurring high costs despite being efficient, a fixed
price set too low may prevent them to break even and thus jeopardise the distribution of
electricity altogether. Because of this the fixed price tends to be biased upward leading

to poor informational rent extraction from distributors to consumers.

2« A priori”
3Suggested initially in [Littlechild| (1983).
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The second one is a pure ex posﬁ cost-recovery contract that compensates the regulated
firm for all the costs it has actually incurred through production. Following |Agrell and
Bogetoft (2013) the reimbursement in a given period t for distributor k£ can be set

through the following formula.
RF(t) = Cfpen(t) + DF(t) + (r + 6) K*(2) (2.2)

where RF is the allowed revenue, C’gpex the operating expenditure, D¥ the capital de-

preciation, r the interest rate of capital, ¢ a mark-up, and K* the capital.

Unlike the fixed-price contract, this mechanism fully extracts informational rent from the
firms for the benefit of society. Distributors are breaking even and can not accrue excess
profits through efficiency gains. Even though rents are completely removed there is not
any incentive for efficiency improvement under this mechanism. Since they know their
realised costs will be fully reimbursed by the regulator, DSOs do not have any interest
in exerting optimal managerial effort leading to inefficiently high costs. Despite the fact
that distributors are prevented from extracting profit from the market, this manage-
rial slack—or X-inefficiency—Ileads to higher prices for consumers. Those schemes also

provide strong incentives for over-investment in capital. (Agrell and Bogetoft| (2013]))

TABLE 2.1: Fixed-price contract vs. Cost-of-service contract

Contract type Advantage Drawback

Fixed-price Incentives for efficiency Poor informational rent extraction

Cost-recovery  Alignment of prices and costs No incentive for cost reduction

Table summarises the main advantage and drawback of those two regulatory mecha-
nisms. Those are two extremes schemes and most regulatory schemes will lie somewhere

in-between them.

2.1.2 Incentive regulation

The incentive regulation of network firms is designed to align the individual profit-
maximising objectives of distribution system operators with the goals of public policy:
optimal pricing and cost in electricity supply (Hackett| (2010)). Regulatory schemes
aiming at achieving this are called “incentive-based regulations”. Incentive regulation
can be defined as the “implementation of rules that encourage a regulated firm to achieve

desired goals by granting some, but not complete, discretion to the firm” (Uri (2001)).

4¢In hindsight.”
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Following this definition and looking at the two polar mechanisms presented in Section

we can see that they do not have the same incentive power.

Cost-recovery regimes such as cost-of-service, cost-plus, or rate-of-return regulationsﬂ
do not exhibit the proper incentives and result in poor performance. Those are called
low-powered regimes since they demonstrate weak incentive power. Fixed-price regimes
like price cap, revenue cap, or CPI-X regulations are high-powered regimes as they allow
the regulated firms to retain realised efficiency gains. In those regimes to maximise
profit DSOs need to minimise costs which is the key to incentive provision. (Agrell and
Bogetoft| (2013))

Another interesting high-powered regulatory scheme worth mentioning is the yardstick
regime. This scheme is aimed at mimicking the incentives of a real competitive market.
The cost function used to determined the allowed revenue of a firm is updated in each
period with real observations from other firms. Instead of relying on exogenous param-
eters to predict cost developments (i.e. parameters RPI and X in (2.1)), this scheme
uses real yearly data. FEach firm is therefore in pseudo-competition with other firms
operating under similar conditions. A yardstick scheme formula based on average coslﬁ
can be defined as follows (Agrell and Bogetoft| (2013)).

Assuming a set of firms h = 1,...,k— 1,k +1,..., K the allowed revenue of firm k is
defined as

RE(t) = K% St (2.3)
htk

where K is the number of firms, and C” the realised cost of firm h.

Two difficulties arise from this scheme concerning its implementation. For this mecha-
nism to be fair the K distributors of the set need to be comparable in terms of contextual
constraints and operating conditions. Also if the set of K firms is too small there may
be a risk of collusion. (Agrell and Bogetoft (2013]))

®More details on those regulatory schemes can be found in [Agrell and Bogetoft| (2013) and |Agrell
(2015).
®Yardstick scheme can also rely on best practice (optimal cost) or take other forms.
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TABLE 2.2: Some European regulation regimes (Agrell and Bogetoft| (2013)))

Country Regulatory scheme
Austria Revenue cap
Belgium Revenue cap
Switzerland Cost recovery
Germany Revenue cap
Denmark Revenue cap
Spain Revenue cap
Finland Revenue cap
France Cost recovery

Great Britain

Revenue cap

Greece Cost recovery
Hungary Price cap

Ireland Price cap
Netherlands Yardstick competition
Norway Yardstick competition
Sweden Revenue cap

Table shows us the regulatory schemes used in several European countries. We can
see that most of these countries (i.e. 10 out of 15) are using fixed-price mechanisms with

a preference for revenue cap[] over price cap regulation.

2.2 Benchmarking

“Relative performance evaluations or—using modern terminology—benchmarking is the
systematic comparison of the performance of one firm against other firms.” (Bogetoft
and Otto (2010))

Benchmarking allows us to assess and compare the relative performance—or efficiency—
of a firm against the rest of the industry. While it can be used to make intra-organisational
comparisons (i.e. comparisons of sub-units from a same company or organisation),
benchmarking is most often used for inter-organisational comparisons (i.e. comparisons

of firms from a same industry).

2.2.1 The technology set T

Efficiency can be defined as the use of the fewest resources (i.e. inputs) to generate to

most products or services (i.e. outputs). In order to properly define efficiency we first

"Revenue cap is developed in more details in Section
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need to define the concept of technology. Assuming a firm ¢ is producing a vector of
m outputs y; € R'' with a vector of n inputs x; € R”} the technology set T' represents
all the feasible input-output combinations (i.e. production plans) (Bogetoft and Otto
(2010)). Roughly, it tells us “what is possible” when converting resources x to products

or services y.

T ={(x,y) € R} xR | x can produce y} (2.4)

Several axioms are essential when defining the possibility set 7' (Daraio and Simar{ (2007)),

Shepherd| (2015)). We need to assume that the set 7" satisfies the following conditions.

Condition 1 - Free disposability The free disposability assumption is defined as
follows.
(z,y) €T,2' >2,0<y' <y=(2',y) €T (2.5)

This means that if the combination (z,y) belongs to the technology set 7', then the

combination (2/,y") that produces less output with more input is also in Tﬂ

Condition 2 - Convexity The set T is assumed to be convex, which means that if
two points (z1,¥y1) and (x2,y2) belongs to T' then every combination in-between those

two is also feasible (i.e. in T'). For « € [0, 1], we have

(z1,91), (22,92) €T = (2,y) = afz1,91) + (1 —a)(z2,92) €T (2.6)

The convex combination (x,y) is a mixture of input-output combinations (z1,y;) and
(z2,y2). The convexity assumption states that—if (x1,y1) and (z9,y2) are feasible—

(z,y) is feasible too.

Condition 3 - Returns to scale The shape of set T is defined by the assumed
returns to scale (RTS). RTS expresses “the relation between a proportional change in
inputs to a productive process and the resulting proportional change in output” (Daraio
and Simar| (2007))).

(x,y) €T = (A, \y) €T  where VA € A(r) (2.7)

8This assumption is sometimes called the “possibility of destroying goods without costs” (Daraio and
Simar| (2007))).
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The RT'S assumptions () most commonly used in regulation are constant (crs), variable

(vrs), and decreasing returns to scale (drsﬂ

TABLE 2.3: Returns to scale assumptions

Returns to scale (r) Assumption

Constant returns to scale  A(crs) = R
Variable returns to scale A(vrs) = {1}

Decreasing returns to scale A(drs) = [0,1]

Output Output

Input Input
Output

Input

FIGURE 2.1: Technology set T under constant (top left), variable (top right), and
decreasing returns to scale (bottom) assuming a DEA-based frontier (Bogetoft and
| Otto (2010))

Figure provides a graphical representation of the set for a single-input single-output
technology. We can see that the estimated technology is largest under the crs assumption
and smallest under the drs assumption, while the set under vrs has a moderate size.
Thus, depending on the chosen returns to scale assumption the efficient frontier—and

therefore the size of the technology set T—will be different.

9There is a total of six different returns to scale assumptions: free disposability hull (fdh), free
replicability hull (frh), variable returns to scale (vrs), decreasing returns to scale (drs), increasing
returns to scale (irs), and constant returns to scale (crs). See Bogetoft and Ottol (2010) for additional
details and comparisons.
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2.2.2 Efficiency measures

Now that we have defined the efficient frontier we can define the efficiency of a firm by
evaluating the distance between this firm’s production plan and the frontier. Debreu
(1951)) proposed a coefficient of resource utilisation and—based on this idea—Farrell
(1957) suggested to compute the efficiency of a firm by using the radial distance of its

production plan to its projection on the frontier.

2.2.2.1 Farrell efficiency

Farrell efficiency—or technical efficiency—can be used in a multi-input multi-output
setting by assessing to what extent inputs can be reduced without changing the outputs.
As defined in Bogetoft and Otto (2010) the input-based Farrell efficiency of an input-
output combination (z,y) is the smallest 6 such that it is still possible to produce y with
Ox.

E(z,y) = min{0 | Oz can produce y} (2.8)

F is the maximal proportional contraction of all inputs x that can produce y.

Figure shows a graphical representation of the input-based Farrell efficiency when
considering two inputd™]

Input 2

0 Input 1

FIGURE 2.2: Graphical representation of input Farrell efficiency E in a two-inputs
setting (Bogetoft and Otto| (2010))

The input isoquant is the set of Farrell-efficient production plans corresponding to the output level
that the firm is producing.
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2.2.2.2 Cost efficiency

A limitation of the approach of Section [2.2.2.1] is that it is not considering the relative
importance of the firm’s inputs when computing its efficiency. When input prices are
available they can be used to weight the input levels (i.e. quantities) and provide more
insight on the efficiency of the firm. Weighting inputs x with their respective prices w

allows us to estimate a firm’s input-based cost efficiencil1]

Assuming we have the vector of input prices w we can consider the cost-output combina-
tion (c, y)lE instead of the input-output combination (z,y). It is harder for a firm to be
efficient under the (c,y) model (i.e. cost efficient), this can be illustrated graphicallyﬂ

X

]

[soquant

v

X1

FIGURE 2.3: Graphical representation of the different efficiency measures (Bogetoft
and Otto| (2010))

Figure considers two inputs x; and x2. Assuming a firm currently producing at
production plan x, the isoquan@ represents the input-based technical efficient frontier—

or set of best practices—for the level of output currently being produced by that firm.

Cost efficiency CE can be calculated as the ratio of the minimal cost ¢* for the current

output level and the actual cost incurred by the firm c.

c* wx*

cp="="" (2.9)

C wIT

10One could also make no distinction between input levels and prices and consider the costs as inputs
(aggregation of quantities and prices). In this case cost efficiency is the Farrell efficiency of costs and
can not be decomposed into technical and allocative efficiency.

12Where ¢ = wz.

13The explanation that follows is taken from Bogetoft and Otto| (2010)).

14Get of technically efficient production plans for the level of output produced by the firm.
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where c¢* is the optimal minimal cost and z* its corresponding input combination for the

output produced.

Because the technical efficiency T'F is the maximal proportional reduction of input levels

it can be calculated as N N
TE = :5”‘: = (2.10)
x wx

where z is the projection of x on the technical efficient frontier keeping the ratio of

inputs x; and x2 constant (i.e. proportional scaling along the dashed line).

The isocosﬁ line represents the different input combinations corresponding to the effi-
cient cost C*E The difference in cost resulting from choosing input bundle  over z* is
due to a suboptimal allocation between x; and x2. Even though x and z* are both on
the efficient frontier (i.e. technically efficient), x* represents the least expensive input-

mix. The extent of this suboptimal allocation of inputs can be assessed by allocative

efficiency.
*
wx

AF = — 2.11
wT ( )

By using the additional information provided by input prices we can compute a firm’s
cost efficiency and decompose it into two non-additive and mutually exclusive compo-
nents, technical and allocative efﬁciencyﬂ

wx™ wr  wx*

CE=TEXxAE = — = — X — (2.12)

wr wx wr

“To be cost-efficient, the firm must be able to choose the right miz of inputs and use
them in a technically efficient manner. It must use the right resources, and it must use

them in the right way.” (Bogetoft and Otto (2010))

In order to become cost efficient (i.e. move from z to x*) two different kinds of improve-
ment are required. First, the firm needs to catch-up its technical inefficiency by moving
towards the isoquant. Assuming it does not change its input-mix, this is represented
by the firm moving from point z to point Z. This is done through a more efficient use
of inputs allowing the firm to maintain its outputs while proportionally reducing its
inputs. Then, in order to catch-up its allocative inefficiency, it will need to change its
input-mix—while staying technically efficient—to move along the isoquant from z to z*.
This requires the firm to change its input-mix towards the optimal one by reallocating

its resources between the different inputs—here, 21 and zo. It is easier for a firm to be

15Set of production plans for a constant level of cost.

8This is why the optimal input combination z* lies where the isoquant—or technical efficient
frontier—is tangent to the isocost.

"Kopp and Diewert| (1982) proposed a method for decomposing the deviations from the cost frontier
(i-e. cost efficiency) into the measures of technical and allocative efficiency developed by [Farrell (1957).
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efficient in a model only considering the level of inputs (i.e. technical efficiency). To be
cost efficient not only has the firm to be on a technically efficient point of the technology
set (Z), but it also has to allocate its inputs properly in order to have the least costly
input mix (z*). Hence, a firm will be cost efficient if and only if it is technically and

allocatively efficient.

TABLE 2.4: Technical vs. allocative efficiency

Efficiency measure  Requirement Catch-up strategy

Technical efficiency  Use of optimal processes  Proportional reduction of inputs

Allocative efficiency Use of optimal input-mix Reallocation of inputs

It is worth noting that this approach computes allocative efficiency as a “residual” that
explains the offset between cost and technical efficiency. Technical efficiency is calcu-
lated first and allocative efficiency is defined as “what is left”. Allocative efficiency as
we defined it is therefore measured presuming technical efficiency. The rationale behind
this approach is that the rate of substitution between the inputs can only be properly
defined at the efficient frontier. [Bogetoft et al.| (2006) proposed an alternative defini-
tion of allocative efficiency that does not assume that technical efficiency has first been
eliminated. This alternative efficiency assessment is to be considered when reallocation

is easier to promote than technical improvements.

2.2.2.3 Dynamic efficiency

In order to assess the change in a firm’s performance and productivity we need to
develop dynamic efficiency measures. One of the most famous dynamic measure used in

benchmarking is the Malmquist index.

Initially used in consumer theory by Malmquist| (1953)), the Malmquist index was first
introduced by |Caves et al. (1982)[T_g] in the benchmarking research. This bilateral index
measures the improvement of a firm’s efficiency between two periods ¢ and ¢ + jF_gl Let
E(a,b) be the Farrell—or technical—efﬁciencym of the performance in period a against
the technology set T' of period b. The Malmquist index MI(t,t+ j) is computed as the
geometric mean of the productivity improvement relative to the technology set of period

t and the improvement relative to the set of period ¢ + j.

MI(t,t+j) = \/Eg(:i)t) E%gﬁ;") (2.13)

18Nishimizu and Page (1982) were the first to compute the Malmquist index in an empirical context.
19For a lag of j periods.

20Developed in Section [2.2.2.1




Chapter 2. Methodology 15

Fare et al. (1994a)) proposed a decomposition of the Malmquist index. It was demon-
strated that an improvement in a firm’s performance can be explained by two factors,
an individual improvement at the firm level and a technological progress affecting the

whole industry equally.

They decomposed the Malmquist index into two non-additive and mutually exclusive
components. The first one is the efficiency change EC and represents the catch-up
demonstrated by a firm relative to its efficient frontier. An efficiency change index above
unity (i.e. EC > 1) means that the firm got closer to the efficient frontier and therefore
improved its technical efficiency. The second component is technological change T'C and
represents the change in efficient frontier—or frontier shift. A frontier shift above unity
(i.e. TC > 1) indicates technological progress, which means that the new technology

allows firms to produce more with less.

MI(t,t+j) =

E(t+ j,t+ j) \/E(tﬂ'ﬂf) E(t,1) (2.14)

E(t,t) E(t+j,t+j) E(t,t+7)

EC(t,t+j) TC(t,t+j)

“It is not sufficient for a firm to improve compared to itself. The firm must also improve
relative to others, and they have also benefited from general technological progress. Thus,

the only way to improve is to catch-up to the [...] frontier.” (Bogetoft and Otto (2010)))

The Malmquist index has two drawbacks. First—as showed by Fgrsund| (2002)—the

index is not circular which means that we might have
MI(t,t+2)# MI(t,t+1) x MI(t+1,t+2) (2.15)

Even though the whole index is not circular the efficiency change EC component is
(Daskovska et al.| (2010)). The second drawback is that the index is computed without
input prices and therefore only represents the technical efficiency (i.e. Farrell efficiency).
Maniadakis and Thanassoulis| (2004) addressed this issue by proposing a Cost-Malmquist

index C'M that takes into account input prices.
CM(t,t+j) =AOE(t,t+ j) x ACT(t,t + 7) (2.16)

where AOE is the firm-specific overall efficiency change (corresponds to EC' in (2.14)))
and ACT the cost-technical change of the industry (corresponds to T'C'). Note that the
overall cost efficiency change AOFE can be further decomposed into technical efficiency
change ATE and allocative efficiency change AAE (see (2.12)).

AOE(t,t+j) = ATE(t,t + j) x AAE(t, t + j) (2.17)
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2.2.3 Frontier models

Now that we have defined different efficiency measures we need a model to compute the
technology set T presented in Section The most common approach in modern
benchmarking is to use frontier models that only model the frontier of the technology

(i.e. the set of best practices).

Following Bogetoft and Otto| (2010)) frontier models can be classified into four categories
according to a simple taxonomy. We can distinguish between parametric and non-
parametric models. The parametric approach defines a set of parameters a priori while
the non-parametric one does not. This makes the latter approach not as restricted since
it does not assume as much as the former. We also distinguish between deterministic
and stochastic models. Deterministic models assume that any variation in the observa-
tions holds meaningful information that should be used in computing the technology.
Stochastic models—on the other hand—assume that observations can be affected by

random noise and aims at removing its impact on efficiency estimates.

TABLE 2.5: Frontier models (Bogetoft and Otto| (2010]))

Deterministic Stochastic

Parametric Corrected Ordinary Least Stochastic Frontier Analysis
Squares (COLS) (SFA)

Non-parametric Data Envelopment Analysis Stochastic Data Envelopment
(DEA) Analysis (SDEA)

Table summarises the four main frontier models used in the benchmarking litera-
ture. Among them two models have been given much more attention, especially in the
regulatory context: Data Envelopment Analysis (DEA) and Stochastic Frontier Analysis
(SFA). Both of these approaches have their advantages.

“An important property of a benchmarking approach is its ability to reflect and respect
the characteristics of the industry. [...] Another important property of a benchmarking

approach is its ability to cope with noisy data.” (Bogetoft and Otto| (2010]))

Being a non-parametric deterministic model DEA is the most flexible model as it will
adapt to the data without assuming anything about its structure and consider that any
variation carries relevant information on the industry. Despite being less flexible in the
mean structure of the data because of its a priori assumptions, SFA is better at dealing
with noisy data as it will try to mitigate the effect of random noise on its estimation of

the technology.
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We decide to use DEA as our frontier model. One should know that the main drawback
of DEA is that it requires a lot of data points in order to be accurate. Since the method
is non-parametric the shape of the frontier will be computed based on the observed
production plans. Fortunately, when assessing the efficiency of network operators, reg-
ulatory authorities have access to a wide panel of firms granting them with numerous

data points to make their estimation of the technology as accurate as can be.

2.2.4 Data Envelopment Analysis

The CCR DEA model proposed by |Charnes et al.| (1978) is “a linear programming method
that constructs a non-parametric production frontier by fitting a piece-wise linear surface
over the data points” (Coelli (2003)). As explained in Section [2.2.3] the model does not
make any assumption on the technology—or frontier—structure and exclusively use data

points to model it.

2.2.4.1 Models for technical and cost efficiency

Assume n firms each using a vector of inputs x to produce a vector of outputs y under the
technology T'. By observing the production plans (z,,y,) the model can compute the
technical efficiency T'F; developed in Section for a firm ¢ operating at production
plan (x;,y;). The DEA model calculates the technical efficiency E(x;,y;) as follows.

TE; = E(xi, yz) = Héin{el’(gzxz, yi) S T(T)} (2.18)

where T'(r) is the technology set under the returns to scale assumption @ The min-

imisation model is

E(z,y) = min {0} (2.19)
N
sty <D Ann (2.20)
n=1
N
0z > Ann (2.21)
n=1
An € A(T) Vne N (2.22)

As explained in Section [2.2.2.2] if we have access to a price vector w for the input vector

x we can weight those inputs to estimate firm ¢’s input-based cost efficiency. Following

21See Section m
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Agrell et al.| (2005) the DEA-based cost norm can be defined as
C(yi,w;) = rrglcm{wza:zl(xz,yz) eT(r)} (2.23)

By observing production plans (z,, y,) with input prices w,, the DEA model defines the

cost of the best practice producing y with at prices w as

Cy,w) = miAn {wx} (2.24)
N
sty <D Ann (2.25)
n=1
N
x> Ay (2.26)
n=1
An € A(r) Vn e N (2.27)

This function gives the optimal cost a firm producing outputs y at input prices w could be
incurring. The cost efficiency of firm ¢ can then be computed as the ratio of the optimal
minimal cost C(y;, w;) of producing the outputs y;—according to the best practice—on
the cost w;x; actually incurred by firm 3.
Oy, w;
cp, = CWinw) (2.28)

Wi Ty

As we showed in (2.12)), after having computed technical and cost efficiency we can easily

find allocative efficiency.
CE; C(yi, wy)

AE; = — 2.29

TE;, wiz;E(z,y;) (229

CE;=TE; x AE; =  E(v,y) X Gl w) _ (2.30)
——

wiri E(xi, yi)
technical efficiency ———
allocative efficiency

2.2.4.2 Non-discretionary variables

When benchmarking public utilities against one another the regulator should consider
the fact that they may not be operating under the same conditions. As |Coelli (2003)
pointed out “the least efficient firms are likely to try to convince the regulator that they

have good reasons for being less efficient”, and they are not necessarily wrong.

“The applicability of DEA [...] depends crucially on the underlying production process. It
1s essential that the model be consistent with known properties of the production process.”
(Ruggiero| (1998))
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Production is assumed to be determined by both discretionary@ inputs (e.g. operating
expenditure, capital) and non-discretionary environmental factors of production (e.g.
market density) (Bradford et al| (1969))). Compared to firms from denser and more
competitive industries, natural monopolies such as DSOs are few and spread out, each
taking care of its own region. They thus exhibit varying exogenous preconditions called
non-discretionary, non-controllable, or z-variables. Empirical evidence suggests that

such variables have a significant impact on the productivity of utilities (Ruggiero| (1998])).

Several extensions of the standard DEA model have been proposed to account for non-
controllable inputs. The rationale is to break the link between the efficiency and fixed
factors by assessing the efficiency of the discretionary inputs while controlling for the
non-discretionary ones. Banker and Morey| (1986) proposed an extended DEA model to
control for such fixed factors by adding a new set of constraints to the model developed
in . Assuming a vector of non-discretionary inputs z the model can be rewritten

as follows.

E(z,y,2) = min {0} (2.31)
N
sty <D Ann (2.32)
n=1
N
0z > Antn (2.33)
n=1
N
z > Z AnZn (2.34)
n=1
An € A(r) Vn e N (2.35)

where the set of constraints (2.34)) is similar to set (2.33)) except for the fact that it is

not assuming a possible reduction of inputs by 6.

The vector of non-discretionary inputs z is included to assure comparable technologies
but is considered fixed and therefore not minimised by the DEA model. Non-controllable
inputs must be computed in such a way that a lower value means more “efficiency-
friendly” conditions. (Agrell et al.| (2005)))

“This modification purportedly controls for fixed factors of production by requiring a
convexr combination of the referent production possibilities to have an environment no

better than the DMU under analysis.’@ (Ruggiero (1998))

22Controllable.

23Nonetheless—because the convexity and returns to scale assumptions presented in Section
are also defined for non-discretionary inputs—the technology set might be erroneously restricted, thus
leading to inaccurate efficiency measurement. (Ruggiero| (1996]))
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This approach is sometimes defined as sub-vector efficiency since it estimates the poten-
tial reduction of only a sub-vector (i.e. z) of the vector of all inputs (i.e. U z) (Fare

et al. (1994b)). The set of z-variables is considered as an additional set of inputs.

In order to simplify the DEA program used in computing sub-vector efficiency one can
also consider non-controllable inputs z as negative outputs (Bogetoft and Otto| (2010))).
The set of constraints ([2.34]) can thus be rewritten as follows.

—2z< g: An(—2n) (2.36)
n=1

The model for cost efficiency developed in (2.24]) can also be extended to consider sub-
vector efficiency by adding the set of constraints (2.34) to the model. We can thus
developed cost, technical, and allocative efficiency measurements taking into account
the idiosyncratic environments and conditions public utilities are operating under.
C(yi, w;, z; C(yi, w;, 2
CE; = Clyi, wi, z) = FE(x,vi, %) X (i, wi, 24) (2.37)

Wi —_—  wiriE(xi, yi, 2i)
technical efficiency

allocative efficiency

2.2.5 Benchmarking in regulation

“One of the more prominent applications of state-of-the-art benchmarking is in the reg-
ulation of natural monopolies in general and electricity and gas networks, in particular.
Benchmarking studies applied to inform such regulation has considerable economic im-

pact on firms and consumers alike.” (Agrell and Bogetoft| (2013]))

Distribution operators are few and operating under various exogenous conditions. By
using a benchmarking approach in regulation, competition is simulated among the regu-
lated entities. For lack of market competition benchmarking forces operators to compete
against one another by comparing them. Regulatory authorities are relying more and
more on benchmarking methods when establishing their incentive regulation schemes.
(Haney and Pollitt| (2009))

The Argentinean land transport regulator made very clear that promoting efficiency
among network utilities should be a priority in regulation (Campos-Méndez et al. (2001))).

Its three principal obligations were the following;:

e Secure that the decisions of the regulated operators take into account the interest
of consumers.
e Make sure that the sector is competitive and that consumers are supplied at a fair

price.
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e Provide the operators with the proper incentives to grow more efficient in their

operations and investments.

The use of benchmarking in regulation has many advantages. One of its most inter-
esting aspect is that regulators do not need much experience in the regulated industry
to compute meaningful efficiency measures. Thanks to benchmarking, regulatory costs
are greatly reduced. Another valuable feature is that benchmarking “externalises the
terms of service” (Lowry and Getachew| (2009)), which means that the regulatory re-
quirements are not based on a firm’s own cost structure but on external targets set by
the best practices of the industry. Those targets are established according to a relevant
set of comparators since benchmarking takes into account discrepancies in operating

conditions.

Nonetheless—despite its attractiveness for productivity assessment—using benchmark-
ing in the regulatory context has several limitations. A recurring critic made in the
regulatory literature is that a poorly defined benchmarking model can expose operators
to non-negligible risks. Even though its primary objective is to protect social welfare
and consumers, regulation should not jeopardise the stability of the regulated entities.
Empirical evidence shows that the computed efficiency measures vary greatly depend-
ing on the benchmarking methods that is being used (Jamasb and Pollitt| (2003)). In
Section [2.2.3] we briefly stated the pros and cons of the different frontier models, with
a focus on DEA and SFA. Because of their different approaches, the efficiency assessed
by the regulator can be significantly different whether he is using DEA or SFA—or any
other benchmarking model. The model specification and chosen set of variables has also

a great impact on efficiency measurement.

“Efficiency scores can be sensitive to model specification and choice of input, output, and

environmental variables.” (Jamasb and Pollitt| (2000)))

Shuttleworth| (2005) argued that the regulatory risk due to benchmarking makes it an
inappropriate tool for regulation. Since different productivity assessments can be ob-
tained depending on the chosen approach, relying on benchmarking when setting reg-
ulatory schemes poses a great risk. To mitigate the biases of the different available
measures, some authors and regulators proposed to consolidate the results from various
preferred approaches and model specifications in order to compute a robust and trust-
worthy efficiency estimate (Jamasb and Pollitt (2000)). [Bauer et al. (1998) defined
consistency conditions to assess if benchmarking results can be used in the regulatory
context. For instance, one may require the efficiency estimates resulting from the set of
selected models to have similar means and standard deviations before considering using

them in regulation. The gap between a firm realised cost and the cost efficient frontier
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can be in part due to factors that were not taken into account in the analysis and might

thus not be entirely explained by inefficient production (Makholm, (2007)).

Keeping those limitations in mind regulatory authorities should not, however, miss out
on the advantages of benchmarking. The aforementioned limitations have only been

presented to provide a critical view of benchmarking in the regulatory context.

2.3 Frontier-based revenue cap

In Section we showed that most of the European regulators are in favour of high-
powered fixed-price regimes. The most widely used high-powered mechanism is revenue

cap regulation.

Sometimes called CPI-X regulation, this scheme redefines the formula from (2.1) to set
a cap on the regulated firm’s revenue instead of its price. The formula caps the revenue
each firm will be allowed to earn throughout a pre-determined regulatory period of
T years—typically 3 to 5 years. The revenue cap is inflation adjusted and stipulates
annual productivity improvement. Following |Agrell and Bogetoft (2013), the scheme

can be defined using the following generic function.
Ri(t) = R;(0)(CPI — X)', t=1,...,T (2.38)

where R;(t) is the allowed revenue for firm i at year ¢, R;(0) its base allowed revenue
at the outset of the regulatory period, and (CPI — X) a yearly adjustment for price
developments (i.e. adjustment for inflation) and efficiency requirements. The consumer
price index (CPI) is typically used as a measure of inflation. Efficiency requirements are

embodied by the productivity offset factor X.

Ex ante —— Ex ante :

Year 1 Year T'

FIGURE 2.4: Ex ante regulation (Agrell and Bogetoft| (2013)))

We already stated in Section that fixed-price regimes such as the revenue cap
regulation are established ex ante (i.e. before the regulatory period). As shown in
F igure the revenue cap components (i.e. base revenue R;(0), price adjustment CPI,
and productivity requirement X) are reviewed every T' years at the outset of the next
regulatory period. Because the cap is fixed for the duration of the regulation, if firm ¢

manages to outperform the expected productivity improvement X it will be allowed to
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retain the profit resulting from those efficiency gains. The regulator should be careful
when setting the revenue cap as it should not compromise the financial integrity of the
firms under its regulation. Because the regulated entities should be able to cover their

real costs to avoid bankruptcy, regulators must be extremely careful.

As explained in [Agrell et al. (2005) and [Bernstein and Sappington| (2000), a poorly

defined revenue cap can lead to two practical issues:

e If the revenue cap is set too high informational rents will be too great and firms
will earn excessive profit at the expense of consumers. Because firms will get away
with poor cost efficiency, social welfare will be lowered.

o If the revenue cap is set too low the financial viability of the operators is put at

risk as they might not be able to break even.

The risks and rewards of under- or outperforming the efficiency expectations of the

regulator can have damaging repercussions if the cap is not set correctly.

2.3.1 X-factor

“The X-factor should reflect the extent to which the regulated industry has historically
achieved higher productivity growth and faced lower input price inflation than other in-

dustries in the economy.” (Bernstein and Sappington, (2000))

According to the risks stated in Section the X-factor should represent a reasonable

and surmountable challenge for the regulated entities@

Because the allowed revenue is fixed and decreasing at a yearly rate of X% —leaving
aside inflation—the only way for the operators to break even is through the minimisa-
tion of their actual costs. Any efficiency gains resulting from an improvement beyond
those required by the model will be retained by the firms, providing them with a major

incentive for incumbent inefficiency reduction (i.e. catch-up to best practice).

While using the consumer price index (CPI) as the price adjustment is quite straightfor-
ward, setting X is not as trivial. |Beesley and Littlechild| (1989) stated that the X-factor
is “a number specified by the government”. Bernstein and Sappington| (1999)) argued
that—when no major economical disruptions (e.g. structural changes) are expected in
the regulated industry—historical data on previously observed productivity growth rates
offers a reasonable estimate to assist the regulator in setting the X-factor. Most regu-

lators choose to set a firm-specific X-factor as firms might not be operating under the

24 An increase in X will results in a decrease in the cap R; (i.e. 9R;/0X < 0).
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same efficiency. Companies being less efficient would therefore be required to improve

faster than others operating closer to the efficient frontier.

The revenue cap from ([2.38)) can be redefined as follows (Bogetoft and Otto| (2010)).
Ri(t) = C;(0)(1 — x — x3), t=1,....,T (2.39)

where the cost level of the outset of the regulation C;(0) is used as the base revenue
R;(0) and X has been decomposed into a general and individual requirement, x and
Xi- Just like the X-factor those two components are estimated through benchmarking

analyses.

The general expected productivity improvement x is most commonly set based on the
technological change—or frontier shift—component of the Malmquist index (see )
in the years preceding the regulation. For example, if a frontier shift of o has been
observed in the industry for the past years it means that—on average—all the firms
from the industry demonstrated an improvement of (o — 1)% (or regression if o < 1).

Hence, the regulator could set the requirement x to max{(a — 1); 0}‘7@

The individual requirement y; is set based on the efficiency of firm i—most commonly
the Farrell efficiency E; developed in Section [2.2.2.T}—at the outset of the regulation.
While x can be associated with the efficient frontier shift, y; represents the extent to
which firm 4 needs to catch-up to the frontier each year. The rule of thumb is that the

lower efficiency FEj; is, the higher should y; be.

“There is [...] a considerable element of negotiation in the rules that are applied [when

setting the individual requirement].” (Bogetoft and Otto| (2010]))

As we will see in Section the number of years operators are granted to catch-up to
efficient varies greatly depending on the regulatory authority. Just like for the estima-
tion of the general requirement Y, the choice of x; should be based on an analysis of
past demonstrated catch-up rates (Bogetoft and Otto (2010])). Nonetheless, by setting
X; based on the past performance of firm i the regulator might encourage it to strategi-
cally hide its true productivity improvement potential by fear of being penalised for it in
subsequent periods. This “ratchet effect” arises from “the well-known tendency of plan-
ners to use current performance as a criterion in determining future goals” (Weitzman
(1980])).

25Tf the industry demonstrated technological regression (i.e. a < 1) the regulator would then set the
requirement x to zero.
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“Practitioners of the CPI-X regulation [...] stress that performance measures used to
set the X-factor for a firm must not be derived solely from the firm’s past performance,

because this will negate the incentives involved.” (Coelli (2003)))

As we will see in Section the approach used by most regulators is to decide on
the number of years every operator should be granted to catch-up to efficiency. All the
firms are therefore given the same amount of time to completely remove their incumbent

inefficiency.

Agrell et al.|(2005) proposed the introduction of a parameter § representing the fraction
of its initial cost efficiency deficit a DSO is required to eliminate each year. Following
the insights of this paper the model defined in (2.39) can be rewritten as

Ri(t) = Ri(0)(1 — x —6(1 — CE;(0)))", t=1,...,T (2.40)

where C'E;(0) is the cost efficiency of DSO i at the outset of the regulatory period—
computed through benchmarking—and 6(1—CFE;(0)) the yearly inefficient cost reduction
imposed by the regulator (i.e. x;). The parameter 0 has to be set such that the total
required efficiency improvement of the whole regulatory period of T years does not
exceed firm 4’s incumbent inefficiency (i.e. (1 — CEZ(O)))EL

1-(1-61-CE;(0))" <1-CE;(0) (2.41)

2.4 Practical cases

Some countries require DSOs to catch-up to best practice in only a year’s time (e.g.
Denmark) while others are allowing the firms up to two regulatory periods of 5 years to
remove their incumbent cost inefficiency (e.g. Germany) (Agrell and Bogetoft| (2013))).
By looking at the whole industry and its average historical catch-up rate, the regula-
tors usually decide on the number of years they will give the firms to eliminate their

inefficiency.

Schweinsberg et al. (2011) analysed the cost benchmarking approaches of different Eu-
ropean regulators in the energy sector of electricity distribution. We selected five of

them.

25Tn this scheme DSO i is not eliminating 6% of its initial cost inefficiency per year but reducing its
cost by §(1 — CE;(0))% each year.
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2.4.1 Austria - E-Control

Austrian electricity DSOs are operating under incentive regulation since 2006. A hy-
brid price cap regime was established for the 2006-2009 period. The formula was the
following.

Cy=Ci1 x[(1=X)x (1+ANPL)] x (1+ k x AM,) (2.42)

where C} is the cost expected in year t, X the efficiency requirement, and AN PI; and
kAM; accounts for inflation and change in output quantity, respectively. The X-factor
is firm-specific.

X=1-(1-Xyen) x VES (2.43)

where X, corresponds to the general requirement y, ES is the efficiency score (i.e.
Farrell efficiency) at the outset of the regulatory period, and N represents how many
periods of T" years DSOs have to catch-up their inefficiency (i.e. 1 — ES). The decision

of parameter Xy, was based on the frontier shift of various countries.

Concerning the efficiency score ES, it was computed as the weighted mean of the scores

given by three different benchmarking models.
ES =04 x ESDEA(I) + 0.2 x ESDEA(II) + 0.4 x ESvoLs (2.44)

where DEA(I) and DEA(II) are DEA models with different model specifications and
sets of variables, and MOLSZ] is a Modified Ordinary Least Squares model with the
same specification and variables as DEA(I). As we explained in Section the ra-
tionale behind this approach is to mitigate the individual biases of the three different

benchmarking approaches.

The regulator decided to put a lower bound of 74.76% on ES so that DSOs with lower
scores will be asked to catch-up as if they had a score of 74.76%.

2.4.2 Germany - Bundesnetzagentur

In 2009 the German regulator established a new revenue cap regulation. The formula

was the following.

Ry = Cer,t + [Cen,O + (1 - dt) X Cz‘,()] X (Zt - xgen,t) X eft (245)

?"Like Corrected Ordinary Least Squares (COLS), Modified Ordinary Least Squares (MOLS) is a
parametric deterministic frontier model (see Section [2.2.3)).
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where R; is the allowed revenue, Ce;; the non-controllable costsF_gL Cen,o the efficient
controllable costs, C; the identified inefficient costs, and (i; — Zg4en,s) X efy an update

factor accounting for inflation (i), frontier shift (z4en +), and investment incentives (e f;).

The assessed inefficient costs C;o had to be linearly removed through factor d;. The
regulated entities were allowed two regulatory periods of T' years to catch-up to best
practice (i.e. dy(T) =t/2T).

t
Cip = (1 —di)Cip = (1 - ZT) Cio (2.46)

The inefficient costs C; ; were identified through a complex benchmarking methodology

that used two DEA models and two SFA models.
ES = max(ESpga), ESprarn), ESsra): £Ssrar) 0.6) (2.47)
According to (2.47)) the German regulator selected to benchmarking model that com-

puted the most favourable efficiency score with a lower bound at 60%.

2.4.3 Norway - Norwegian Water Resources and Energy Directorate

In 2002 the Norwegian Water Resources and Energy Directorate (NVE) reforged its
regulatory scheme as a revenue cap with catch-up requirement. The expected individual
efficiency improvement was measured via DEA. Two different DEA models were com-
puted and the firms were assigned the most favourable score by the regulator. An upper
bound of 3% was set on the yearly requirement. The improvements target EF K was

computed as follows.
EFK =1—(1-(1-KE) x 0.3824)'/4 (2.48)

where KF is the TOTEX efficiency. The NVE decided that operators should recover

38.24% of their inefficiency in the next four years of regulation.

2.4.4 Spain - Comisiéon Nacional de Energia

Since Spain has established a new regulatory framework for electricity DSOs in 2009 the

regulator has been using the following revenue cap formula.

Ri=Ryx(14+A4)+Y 1+ Qi1+ L1 (2.49)

28Updated yearly.
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where the starting revenue Ry is updated every year with the index
A =0.2x (icp[ — :L') + 0.8 X (i[p[ — y) (2.50)

where icp; and i7p; are the inflation rates for consumer and industrial prices, while x
and y are their corresponding efficiency factors. The Spanish Ministry of Economics set

those two factors to 0.8% and 0.4% per annum without even consulting the commission.

2.4.5 Sweden - Energy Market Inspectorate

Starting in 2012 the Energy Market Inspectorate (EI) established a new regulatory

scheme designed as a revenue cap regulation.

Controllable Non-controllable
costs costs

! ! !

| Efficiency change target | Depreciation Return of capital
(WACC)
A v #

| Operating cost | | Cost of capital |

Capital base

Adjustments
regarding quality
v
Adjustments for earlier overcharge or

undercharge

!

Allowed revenue

FIGURE 2.5: Elements of the EI regulation (Schweinsberg et al.| (2011)))

The regulatory period lasted four years and the revenue caps were calculated following
the framework illustrated in Figure As we can see the regulator determined an
efficiency change target on the controllable costs only (e.g. labor and other operating
expenditures). The efficiency target for the controllable operating costs was set to 1%
per annum. No individual benchmarking was carried out to determine this required
catch-up which means that all DSO were asked the same efficiency improvement without
regard for their differences in terms of efficiency or catch-up potential. Nonetheless, this
efficiency target was not set arbitrarily but according to the result of a productivity

analysis of the sector through DEA and SFA.
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2.5 Summary and review

In the need for incentive regulation of network companies, regulators often rely of various
benchmarking tools to established their fixed-prices regimes. As we have seen in Section
it is clear that benchmarking measures like those presented in Section are used
extensively in the regulatory context. Nevertheless, regulators should be careful when
establishing their models as the choice of the benchmarking approach (i.e. parametric
versus non-parametric, deterministic versus stochastic) and model specification has a

great impact on the efficiency score estimates (see Section [2.2.5)).

When setting the firm-specific X-factor—or efficiency requirement—of their schemes,

regulators usually process as follows.

1. Definition of the benchmarking model(s) used to compute the efficiency scores for

the set of firms.

2. Definition of the number of years T inefficient firms will be granted to catch-up to

efficiency.

3. Calculation of the individual yearly requirement needed to reach the efficient fron-

tier after T years.

The limitation of this approach is that the allowed period to catch-up lacks foundation
and is not firm-specific. Leaving aside the various parameters and factors regulators
have been adding to their revenue cap formulas, most of the reviewed regulations rely
on computing the x; requirement as a function of firm ’s incumbent efficiency 6; and
the number of years T that the whole industry has to eliminate inefficiency. While the
efficiency 0; is computed through extensive benchmarking analyses, the catch-up period

T is usually set based on past productivity growth, but lacks research.

“The period over which companies must achieve target performance identified by bench-

marking is unclear” (Lowry and Getachew (2009))

“The key to effective regulation is found in the access to information” (Agrell et al.
(2005)). The X-factor and catch-up period should thus be given a deep and thorough
analysis in terms of individual cost efficiency improvement potential. In order to be able
to assess this improvement potential, regulators should fully use the different bench-

marking measures that have been developed.

Recall that our research question was “How can regulatory authorities make use of the
available benchmarking tools and measures to set the required firm-specific catch-up speed

in the fized-price requlation of network utilities?”
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Looking at the current state-of-the-art it is clear that benchmarking is extensively used
to compute the cost efficiency scores of the regulated firms. The incumbent cost ineffi-
ciency and allowed period to catch-up 1" are then used to compute the requirement y;.
Nonetheless, scant attention has been giving to the decomposition of cost efficiency into
technical and allocative efficiency. Even though those measures are often computed and
analysed in the benchmarking literature, the decomposition of cost efficiency has yet to

be used in the computation of the X-factor.

In Chapter [3] we propose an approach addressing how regulators can use this decom-
position to better assess the source of an operator’s cost inefficiency. Following this
decomposition we propose a model to define a firm-specific catch-up period T; based on

the assessment of a DSQO’s sources of cost inefficiency.



Chapter 3

Model

In this chapter we propose an approach and model for computing the allowed number
of years to catch-up cost inefficiency at the firm level. To answer the need for a firm-
specific catch-up period we propose an assessment of the decomposition of cost efficiency
into technical and allocative efficiency. We present in more details the definition of a
firm’s efficiency profile and its implications in terms of catch-up speed. We propose a
complexity factor computed from the efficiency profile and illustrating the complexity of
a firm’s catch-up strategies. From this complexity factor a linear model is proposed to
compute the firm-specific catch-up period. The strengths and weaknesses of the model

are then assessed.

It is important to specify that variable returns to scaleE] is assumed in our DEA models.

3.1 Decomposition of cost efficiency

“The availability and access to information is a key issue in the requlatory game and
requlators can use benchmarking to undermine the informational asymmetry.” (Agrell
and Bogetoft| (2013]))

When setting the revenue cap and—more specifically—its catch-up requirement y; reg-
ulators should extensively use the information and benchmarking tools at their disposal.
The more information a regulator possesses the more accurate he can pretend his regu-
latory scheme to be. While pure technical efficiency analyses are the most widely used
in regulation, by knowing and adding the input prices to its model a regulator is able
to assess where each firm is standing compared to the best practice with greater accu-

racy. Doing so allows him to conduct cost efficiency analyses and decompose this cost

1See Section

31
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efficiency into technical and allocative efficiency, providing him with a more detailed

benchmarking assessment.

When considering multiple inputs and outputs the total-factor productivity—or cost
efficiency—can differ between firms for four reasons: pure technical efficiency, scale
efficiency, input-mix allocative efficiency, and output-mix allocative efﬁciencyﬂ (Coelli
(2003))). As we have seen in Section we can get a more detailed assessment of the
sources of a firm’s cost inefficiency by decomposing it. By assessing this decomposition
we get a better understanding on why a firm is not operating at optimal cost. Choosing
which efficiency measures to use is to be done carefully and according to a controllability

principle (Bogetoft and Otto| (2010))).

3.1.1 Technical efficiency

In Section [2:2.2.] we focused on input-based technical efficiency. Before assessing the
technical efficiency of a production plan, one should determine whether the inputs or
outputs are controllable by the firm. In the case of network utilities, the level of outputs
is exogenously determined by the market size, profile, and density. Because DSOs are not
in control of their outputs (i.e. demand is determined by the energy market) regulators

should always assess input-based instead of output-based technical efficiency.

Technical input efficiency can be defined in the light of the input-based Pareto efficiency:
“A DMLE| is Pareto-efficient if it is not possible to lower anyone of its input levels without
increasing at least another one of its input levels and/or without lowering at least one

of its output levels.” (Thanassoulis (2013))

As we explained, input-based technical efficiency represents—for a given input—mixEF
the extent to which inputs can be proportionally reduced while still producing the same

outputs—according to the assumed technology set (Koopmans (1951))).

In the context of network regulation, technical eﬁiciencyﬂ can be interpreted as an es-
timate of managerial performance. Because it represents how efficiently an operator is
using its input-mix, catching-up technical inefficiency would mean eliminating manage-

rial sub-performance through better procedures and processes.

2In Section We only developed pure technical efficiency and input-mix allocative efficiency. This
is because—when regulating network companies—scale and output-mix allocative efficiency are generally
assumed not controllable.

3Decision-Making Unit.

1 The input-miz of a DMU is reflected in the ratio its input levels are to each other.” (Thanassoulis
(2013))

°From now on we will refer to “input-based technical efficiency” as “technical efficiency”.
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Let ¢;(t) be the unmeasurable managerial improvement effort of firm i in period t. We

assume there is an unknown function f(-) such that
TEC;(t,t+1) < f(¢:(t)|TE:(t)) (3.1)

where TEC;(t,t + 1) is the technical efficiency change between periods t and t + llﬂ and
TE;(t) is the technical efficiency in period t.

What (3.1) means is that—for an observed initial technical efficiency score T E;(t)—the
maximal possible technical efficiency catch-up is determined by the improvement effort

¢;(t) management demonstrated throughout period t—through function f ()ﬂ

Many regulators only consider technical efficiency when establishing the individual im-
provement that their regulatory schemes will require from the firms. The rationale is
that—in the short run—technical inefficiency is the most controllable type of inefficiency.
Nonetheless, the principal limitation of technical efficiency in the regulatory context is
that—because it is independent from the relative prices of resources used in distributing

energy—it provides a biased assessment of true production performance.

3.1.2 Allocative efficiency

By considering the values of the operators’ resources when comparing them, we get a
more meaningful assessment of efficiency. As we have seen in Section [2.2.2.2] it is harder
for an operator to be efficient when considering input prices. A firm may be operating
on the technical efficient frontier given its current input-mix (i.e. technically efficient)
but that input-mix may be sub-optimal and therefore imply inefficient costs compared
to other firms operating with a more efficient combination of inputs. Given the prices it
is facing, a firm’s input-based allocative inefﬁciencyﬂ reflects “how far” this firm is from

the least costly mix of inputs.

“Input-miz allocative efficiency is a firm’s ability to select the correct mix of input quan-
tities so as to ensure that the input price ratios equal the ratios of the corresponding
marginal products, that is, the additional output obtained from an additional unit of
input.” (Coelli| (2003))

Depending on the decision-making units being benchmarked, input prices might not
always be available. It is for instance the case for the benchmarking of schools where it

would be irrelevant to associate a price to the socio-economic background of a student

SCorresponds to component ATE(t,t + i) in .

"We assume that function f(-) is increasing in ¢;(t) (i.e. 8f(¢:(t)|TFE:(t))/d¢:(t) > 0) and decreasing
in TE;(t) (i.e. 0f(¢i(t)|TE;(t))/0TE;(t) <0)

8From now on we will refer to “input-based allocative efficiency” as “allocative efficiency”.
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(Thanassoulis| (2013)). In the case of network companies regulators have usually access
to a wide range of variables enabling them to compute input quantities, prices, and

costs.

“In the requlated case, allocative inefficiency is most likely the outcome of inefficient

mizes of capital and operating expenditures.” (Commission et al. (2013))

For example, let us assume a firm assessed as allocatively inefficient in a benchmarking
model considering labour and capital as inputs. If labour is marginally more expensive
than capital, then the firm could improve its cost efficiency by reducing personnel (i.e.
labour) and investing instead in some kind of automated system (i.e. capital) that will
fulfil the same need. Through this capitalisation, the firm would thus reduce labour and

increase capital, changing its input-mix for a more efficient one.

As stated in (Coelli| (2003)—despite the additional information it provides on a firm’s
X-inefficiency—when setting the individual requirement y; a regulator may want to
remove allocative efficiency from its analysis for different reasons. One of them is that
the network capital of a DSO (e.g. network length, substations) highly depends on
the density of the area it is operating in. Other non-controllable factors might also
influence the allocative efficiency catch-up potential of an industry. The access to capital
markets is also quite limited for distributors, preventing them from easily reallocating
their inputs. Compared to other resources, capital assets are generally long-lived and
can not be reallocated that easily. For a DSO it is quite difficult to trade those assets

since they are firm-specific and embodied in its operations.

“Limited access to capital markets and national agreements with unions unrelated to the
operator’s specialised employment needs are two common examples of sources of alloca-
tive inefficiency for which the operator should not necessarily be blamed. Understanding
that this is the case is a matter of fairness.” (Coelli (2003))

On the one hand—recalling the controllability requirement stated by |[Bogetoft and Otto
(2010)) for a fair benchmarking assessment and regulation—some regulators are not con-
sidering allocative efficiency and thus perform pure technical analyses for setting the
catch-up requirement y;. On the other hand, addressing allocative inefficiency provides
them with more precision in terms of efficiency assessment. Thanks to the currently used
benchmarking methods (e.g. DEA, SFA) regulators can greatly improve their schemes

by observing the decomposition of cost efficiency that those methods allow.

“At the end of the day, regulators are interested in the degree to which firms could be
reasonably expected to reduce costs, in real terms. Thus they should be interested in
allocative efficiency.” (Coelli (2003))
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In a network regulation considering long-term inputs such as network capital in its bench-
marking, catching-up allocative inefficiency would imply investment or disinvestment in
some of those long-term resources. Unlike technical inefficiency, allocative inefficiency is

not internally controllable as it requires purchasing and reselling resources.

Let 1);(t) represents the unobservable financial constraint of firm 4 in period ¢t. We

assume there is an unknown function g(-) such that
AEC;(t,t +1) < g(i(t)|AE;i(1)) (3.2)

where AEC;(t,t+ 1) is the allocative efficiency change between periods t and t + 1E| and
AEFE;(t) is the allocative efficiency in period ¢. The extent to which a firm can catch-up

its allocative inefficiency is constrained by its financial constraint {7

3.1.3 Assessment of efficiency profile

Because technical and allocative inefficiency are not eliminated through the same ac-
tions and strategies regulators should address the decomposition of cost efficiency when

setting the cost efficiency catch-up requirement of their fixed-price scheme.

Definition 1. The efficiency profile n; of firm ¢ represents the distribution of its cost

efficiency score C'E; into its technical and allocative components, TE; and AF;.

CE,
ni=|TE (3.3)
AE;

The efficiency profile n; allows us to assess the relative “impact” of technical and al-
locative inefficiency on cost inefﬁciency@ When setting the catch-up requirement this
assessment is crucial since eliminating technical and allocative inefficiency do not require

the same strategies and might not be reducible at the same pace.

Example 1. Let there be three DSOs A, B, and C. While they all have an identical cost
efficiency of 66.5%, a more detailed benchmarking analysis provides the results given in

Table 311

?Corresponds to component AAE(t,t +14) in (2.17).
Like for function f(-) we assume that function g¢(-) is increasing in ;(t) (i.e.
0g(i(t)|AE;(t))/0v¢i(t) > 0) and decreasing in AE;(t) (i.e. dg(v:i(t)|AE;(t))/0AE;(t) < 0).
Efficiency profile 7; is merely a vector consisting of the cost, technical, and allocative efficiency
scores.
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TABLE 3.1: Example - Efficiency profile 7;

Measure Unit DSOA DSOB DSOC

Cost efficiency % 66.5 66.5 66.5
Technical efficiency % 70.0 95.0 81.5
Allocative efficiency % 95.0 70.0 81.5

Even though those three network operators have an identical cost inefficiency of 33.5%,
the sources of that inefficiency—and their efficiency profile n;—greatly differ. We can
see that the inefficient costs of DSO A are primarily due to the firm being technically
inefficient—30% of technical inefficiency against 5% of allocative inefficiency. The main
reason behind DSO A’s inefficiency is managerial sub-performance. On the other hand,
DSO B is cost inefficient mainly because of his allocative inefficiency—30% of allocative
inefficiency and 5% of technical inefficiency. Unlike DSO A, DSO B is incurring excess
costs because of his costly and inefficient allocation of inputs. DSO C'’s efficiency profile
lies in-between those of A and B with a cost inefficiency equally explained by sub-optimal

managerial effort and input-mix—18.5% each.

Because of their different efficiency profile n;, the strategies and actions required from
those three DSOs to remove cost inefficiency are different. Let us suppose that the
regulator does not distinguish between those firms and set the x; such as they have to
catch-up to the frontier at the same speed—as it is done in network regulation now.
In order to meet the improvement requirement the main strategy DSO A needs to
implement is improved managerial effort for a more efficient use of its resources (i.e.
proportional reduction of inputs). For instance, this can be achieved by improving staff
performance or eliminating non-technical energy losses through a more optimal metering
system. On the other hand—in order to catch-up—DSO B primarily needs to change
its input-mix. That can imply reselling part of its network capital or capitalising part of
its operating expenditures{izl, which is—according to the insights of the literature—not

the easiest thing to do in a sector like energy distribution.

From Example [I] we can see that the efficiency profile 7; of a DSO should be assessed
and taken into account when setting the catch-up requirement. Hence, we propose the

following hypothesis.

Hypothesis 1. The catch-up speed—or cost efficiency change—of a distribution system

operator ¢ depends on its efficiency profile n;.

12 Assuming the benchmarking model considers TOTEX (i.e. operating and capital expenditures).
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3.2 Complexity factor ¢&;

If Hypothesis [1| holds, we can define a complexity factor &; that reflects the impact that

the efficiency profile n; is assumed to have on cost efficiency change.
& = h(ni) = h(CE;, TE;, AE;) (3.4)

where h(-) is a function defined by the regulator to translate the efficiency profile »; of

firm ¢ in its complexity factor &;.

The factor & represents the relative difficulty in catching-up cost inefficiency resulting
from n;. Hence, we need a function h(-) such that, as ; increases, the cost efficiency
change CEC} is expected to decreaselﬂ

We define two measures to assess “how much” of firm ’s cost inefficiency is technical
and allocative. Recall from Section that TE; and AFE; are two non-additive and

mutually exclusive components.
CFE; =TE; x AE; (3.5)
By taking the logarithm of we obtain
log(CE;) = log(TE;) + log(AE;) (3.6)

Now that we have converted the product to an addition we can compute the following

measures.

CTEi_mggEi;e[O;” VCOE; €]0; 1] (3.7)
CAEZEEEég;e[O;u VOE; €]0:1] (3.8)

where (7, and (4g,; are the proportion of firm ¢’s cost inefficiency attributable to tech-
nical and allocative inefficiency, respectively. On the one hand, if inefficient firm ¢ is
technically efficiency we will have (7, = 0 and (4g, = 1. On the other hand, if firm 7 is
allocatively efficiency then (7, = 1 and (4, = 0. Those are the two extreme situations
and most inefficient firms will be operating in an intermediary situation. We always

have (rg, + Cag, = 1.

One should be careful when using those measures as they are only defined for cost inef-

ficient firms (i.e. CE; < 1). Measures (rg, and (4p, are not defined for a cost efficient

13More complexity results in more difficult catch-up.



Chapter 3. Model 38

firm ¢ (i.e. CE; = TE; = AE; = 1) because it would result in dividing zero by zero—
since we know that log(1) = qﬂ

Ezample 2. Let us consider again the DSOs from Example[I] By computing the measures
developed in (3.7) and (3.8]) we obtain the following.

TABLE 3.2: Example - Efficiency profile n; and proportions (rg, and (4g,

Measure Unit DSOA DSOB DSOC

Cost efficiency % 66.5 66.5 66.5
Technical efficiency % 70.0 95.0 81.5
Allocative efficiency % 95.0 70.0 81.5
(TE; % 87.4 12.6 50.0
A, % 126 874  50.0

We can see from the above example that 87.4% of DSO A’s excess costs (i.e. cost
inefficiency) are due to managerial sub-performance (i.e. technical inefficiency) and
12.6% are due to a sub-optimal mix of inputs (i.e. allocative inefficiency)—the opposite
is true for DSO B. DSO C’s cost inefficiency can be equally attributed to technical and

allocative inefficiency.

In Section [3.1] we interpreted the implications of technical and allocative inefficiency in
the context of network regulation. From the insights of the regulatory literature and
the model specifications of European regulators, it seems that the allocative efficiency of

DSOs is not as controllable as their technical efficiencyl”} We thus assume the following.

Hypothesis 2. For distribution system operators, improving cost efficiency through a
reallocation of inputs (i.e. reduction of allocative inefficiency) is more complex and less
controllable than improving cost efficiency through a more efficient use of those inputs

(i.e. reduction of technical inefficiency).

The rationale behind Hypothesis [2]is that managerial efficiency is easier to improve than

input allocation efficiency. From Hypothesis [2] we can state the following.

Hypothesis 3. Controlling for cost efficiency, the lower a distribution system operator’s
allocative efficiency is (i.e. the higher its allocative inefficiency) the lower its subsequent

catch-up speed will be (i.e. the harder it is to improve cost efficiency).

1471t also true that lim+ log(z) = —oo, but this is not an issue as the efficiency scores of benchmarking
z—0

have non-zero values.
15« The requlator may specify that it is only interested in TE comparisons across firms (it may perhaps
believe that scale and AE are not controllable in the short run).” (Coelli (2003))
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If Hypothesis holdﬂ we can propose the following function A(-) that combines mea-

sures (rp, and Cap,.

& = h(ni) = Cap, — (rE, (3.9)
_ log(AE;) —log(TE;) _ . .
= log(CE;) € [-1;1] VCE; €]0;1] (3.10)

This complexity factor &; ranges from -1 to 1. At one extreme, a value of -1 indicates that
firm ¢ is allocatively efficient and that catching-up to the frontier would mean improving
its use of inputs (i.e. reducing technical inefficiency). At the other extreme, a value
of 1 indicates that the firm is technically efficient and that it would have to reallocate
its inputs in order to reduce its costs (i.e. reducing allocative inefficiency). Between
those two extremes a value of 0 indicates that firm ¢’s cost inefficiency is due as much
to technical as it is to allocative inefficiency. Just like (75, and (ag,, & is only defined

if firm ¢ is cost inefficient (i.e. CE; < 1).

1.0

0.5

Efficiency measure
0.0 == Technical

= = Allocative

Complexity factor &

-0.5

-1.0

0.6 0.7 0.8 0.9 1.0
Efficiency score

FIGURE 3.1: Complexity £ vs. efficiency profile n (cost efficiency of 60%)

Figure [3.1] illustrates the relationship between the complexity factor £ and the efficiency
profile n for a firm at a cost efficiency of 60%. The complexity £ is positively correlated
with technical efficiency and negatively correlated with allocative efficiency. The factor
¢ has a value of zero when both technical and allocative efficiency have a value of VCE
(i.e. V0.6 = 0.77)—since cost efficiency is equally distributed between technical and

allocative efficiency.

The function h(-) defined in (3.9)) assumes that allocative inefficiency is more complex
than technical efficiency (i.e. assumes that Hypothesis [3| holds). This function should

1 Hypothesis [3| will be empirically demonstrated in Section m
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be defined according to the industry under regulation. The regulator should define A(-)
such that a higher &; (i.e. higher catch-up complexity) is negatively correlated with the
cost efficiency change observed in the regulated industry. Other functions h(-) can be

developed to translate a firm’s efficiency profile 7; into its complexity &;.

3.3 Firm-specific catch-up period 7;

As we have seen in Section 2.5} —when setting the catch-up factor x;—most fixed-price
regimes are relying on computing the cost efficiency of each DSO and granting each of

them the same number of regulatory periods—or years—to reach the frontier.

More generally regulators are computing the y; requirement as a function of the incum-
bent efficiency of firm i (i.e. CE;(0)) and the number of years T' given to eliminate
it. Let us assume C;(0) and C,y are, respectively, the realised cost of DSO ¢ and the

optimal cost of the best practice of the industry at the outset of the regulation.

Assuming no technological development during the regulatory period (i.e. Cop is con-
stant throughout the regulatory period and y can be left out), from we compute
the following equation.

Copt = Ci(0)(1 — xi)T (3.11)

Since we know that the cost efficiency of firm 4 is the ratio of the minimal cost and its
realised cost (i.e. CE;(0) = Cypt/Ci(0)), we have

CE;(0) = (1 — ;)T (3.12)
xi =1 —CE;(0)/T (3.13)

As explained in Section the primary limitation of this approach lies in parameter
T which is not firm-specific. We propose to define a firm-specific catch-up period T;
defined as

T, = T() (3.14)

where T'(-) is a function defined by the regulator to compute 7; from the complexity

factor &;. We propose the following linear function.
T, =T+ a&; € [To —o; Ty + Oé] (3.15)

where Ty is the default catch-up period and « a sensitivity parameter for complexity.

The parameter Ty is the catch-up period granted to a firm which cost efficiency is per-

fectly distributed between technical and allocative efficiency (i.e. & = 0). The parameter
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« reflects the relative difficulty of catching-up allocative inefficiency compared to techni-
cal inefficiency in the regulated industry. This second parameter will determine of how
many years T; will increase or decrease according to complexity. In order to mitigate
arbitrariness in the choice of T and «, their values should rely as much as possible
on empirical data from the regulated industry. Like for function A(-) the regulator can

define another function F()E] to compute 7; from ¢&;.

Now that we have developed a firm-specific T;, we can use (3.13) and (3.15]) to define

the individual improvement requirement ;.

Xi = 1-— CEI((]) exp(l/(Tg + Oéfz)) (316)

Even though the catch-up speed is now firm-specific the regulatory period of T years
will still be the same for all firms. Therefore if T; < T' the requirement x; should be zero
after T; years and for the remainder (7' — T;) years of regulation. This is to prevent the
revenue cap from expecting further cost reduction from firms that have already reached

efficiency.

To prevent regulators from arbitrarily setting parameters Ty and o we propose guidelines

to base their value on empirical data.

3.3.1 Default catch-up period 7

Definition 2. The default catch-up period Tj is the number of years granted to a firm for
eliminating cost inefficiency if this firm’s cost efficiency is equally distributed between

its technical and allocative components.

Two approaches are possible for setting parameter Ty. The first one is to determine
its value based on previous empirical studies from similar industries operating under
similar conditions. Regulators can chose studies done on the same industry from the
same country but at a different point in time (e.g. several years or decades ago). Doing so
would make the estimate of Ty relevant in terms of time-invariant exogenous conditions
specific to the geographic area (i.e. the country). Nevertheless, by determining its
estimate of Ty based on an older study the regulator is neglecting time-variant conditions
that might have influenced the efficiency change at that time and that have changed ever
since. For instance, if different regulatory schemes have been implemented throughout
the years those might have had various level of incentive power in their regulation,

therefore influencing the catch-up of the set of regulated entities. Different studies may

"Instead of being linear I'(-) could for instance be quadratic. I'(-) must be continuous, strictly positive,
and monotonously increasing in &;.
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also have been using different benchmarking methods, model specifications, or sets of
variables in their analyses therefore influencing efficiency estimateﬂ Those are but a

fraction of the factors that may cause discrepancies in the results of those studies.

The second approach relies on using more recent historical observations of efficiency
change for the same industry. The regulator would then be using the average catch-up
that the set of firms under its regulation demonstrated in the previous years as a proxy
for average improvement potential. The main advantage of this second approach is that
the set of operators will most likely be identical to the one about to be regulated—Ileaving
aside potential mergers and bankruptcies. This means that the conditions under which
the industry will be operating in the coming years will most likely be close to those it
has been operating under in the previous years—since the time difference is moderate.
The benchmarking tools will most likely be consistent as the regulator can use the same
benchmarking approach he developed to compute current efficiency scores. There is
nevertheless one drawback: the ratchet effect. As mentioned in Section if the firms
are “aware” that their current performance will determine their future requirements
they will most likely hide their true potential by fear of being punished in a subsequent
regulation. Even though this is true at the individual level—or firm level—we can
assume that by averaging the past performances across the whole industry the ratchet
effect will be mitigated enough so that it will not be an issue for the incentive power of
the regulation’]

Regardless of the chosen approach, the parameter Ty will be computed as follows. Sup-
pose the regulator found an average yearly cost efficiency change (i.e. catch-up) of
CEC(t,t + 1) with an average initial efficiency score of CE(0). We want to find out
how many years T' a firm with an incumbent efficiency of CE(0) will need to reach cost
efficiency if its yearly catch-up is CEC(t,t + 1). Since the catch-up rate is a circular
index? we have

CE(0)x CEC(t,t+1)T =1 (3.17)

After rearranging (3.17)) to isolate T, we found

)
+1))

(3.18)

_ In(CE(0
T_I(CEC(t

189ee Section [2 -

19This assumption is reasonable as long as the set of operators is not too small. If it is not large
enough there is a risk of collusion.

20See Section
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Ezample 3. Assume an initial mean efficiency of 78.5% (i.e. CE(0) = 0.785) and yearly
catch-up of 1.021 (i.e. CEC(t,t + 1) = 1.021).

~ —In(0.785)

=11. 1
In(1.021) 65 (3:19)

A theoretical firm demonstrating those mean values should reach efficiency in 11.65 years

if it keeps the same catch-up speed.

Using empirical efficiency changes and scores, the regulator can therefore use the above

equation to empirically set parameter T OEL

3.3.2 Sensitivity parameter «

Definition 3. The sensitivity parameter « is the number of additional years a firm at

maximal complexity (i.e. & = 1) is granted compared to a firm at zero complexity (i.e.

& =0).

The parameter o can also be defined as the number of additional years a firm at zero
complexity is given compared to one at minimal complexity (i.e. & = —1). In other
words, it reflects the extent to which the regulator will differentiate between firms ac-
cording to their complexity when setting the catch-up period 7;. Parameter « should
therefore reflect “how complicated” the regulator assumes reallocating inputs is com-
pared to reducing them. Because the catch-up period must be greater than zero (i.e.

T; > 0), « has to be less than Tj (i.e. a < Tp).

Compared to Ty, computing « from historical data turns out to be much more compli-
cated. Developing a model to set this parameter based on empirical data is beyond the
scope of this thesis as more extensive econometric analyses on the relationship between
cost efficiency change and allocative efficiency are required. One thing that is certain is

that a and Ty should be set accordingly.

Ezxample 4. Considering once again Example [I] and using the formulas developed in

(13.9), (3.15), and (3.13]), we can compute the complexity &;, catch-up period T, and
catch-up requirement y; for DSOs A, B, and C. We assume Ty = 11.65 as computed in

(3.19) and a sensitivity « of 3.

T; = To 4 o = 11.65 + 3¢; € [8.65; 14.65] (3.20)

2!Since the regulator can choose the source of the empirical data used in computing Tp there is still a
form of arbitrariness in its computation.
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xi =1 — CE;exp(1/(11.65 + 3&;)) (3.21)

TABLE 3.3: Example - Complexity &;, catch-up period 7;, and catch-up requirement

Xi
Measure Unit DSOA DSOB DSOC
Cost efficiency % 66.5 66.5 66.5
Technical efficiency % 70.0 95.0 81.5
Allocative efficiency % 95.0 70.0 81.5
Complexity &; N/A =074 074 0.0
Catch-up period T; years 9.43 13.87 11.65
Catch-up requirement y; % 4.23 2.89 3.44

Because of their different efficiency profiles n;, DSO B is granted 4.44 additional years
to reach the frontier compared to DSO A. With a complexity factor of zero, DSO C has

the default catch-up period T to become cost efficient.

3.4 Discussion

The model we developed through this chapter offers a detailed approach to cost in-
efficiency assessment to make the computation of the catch-up requirement y; more
accurate. By using the benchmarking measures of technical and allocative efficiency the
regulator is provided with a more detailed analysis of a firm’s inefficiency. With the
use of the regulated firms’ efficiency profiles n; and complexity factors &;, the regulator
can differentiate between firms when setting the firm-specific catch-up period T; and
requirement ;. By understanding why a firm is cost inefficient and which strategies are
available for it to improve, regulatory authorities can make the improvement require-
ment of fixed-price regulations fairer in terms of controllability. By estimating the period
To based on empirical data and using « to differentiate between inefficient operators the

computation of the required catch-up y; is given economical sense and foundation.

Nonetheless, this approach has several limitations that should not be overlooked. First,
it implicitly assumes that a firm is not in control of its efficiency profile n;. Because
the catch-up requirement y; is determined by the complexity factor & which is in turn
determined by the distribution of the firm’s cost efficiency into its technical and allocative
components—or efficiency profile n;—there may be a risk of strategic behaviour that
would lower the incentive power of the regulation. An operator might make poor input
allocation decisions on purpose in order to get further away from the optimal input-

mix. Doing so would then increase its complexity score & and catch-up period T;,
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thus reducing its required catch-up speed. But this situation is only possible if the firm
manages to lower its allocative efficiency without decreasing its technical efficiency. This
situation seems highly unlikely since making poor expenditure and investment decisions
will most likely lower both technical and allocative efficiencies, keeping the complexity
score rather stabld?Z]

Second, the model fails to completely solve the issue of arbitrariness. Because we want
the computation of x; to rely on empirical observations as much as possible, we proposed
in Sections [3.3.1] and [3:3.2] guidelines to set parameters Ty and « according to empirical
data. Nevertheless, the regulator has a great control on the approach and set of data

used in estimating those parameters.

Third, we assumed that technical inefficiency is easier to remove relative to allocative
inefficiency. This assumption essentially originates from current regulatory approaches
relying exclusively on pure technical analyses and the theoretical definition of technical
and allocative measures along with their practical implications. Even though this as-
sumption empirically holds for network utilities such as distribution system operatorﬂ
it may not hold in other industries in need of regulation. Regulators should thus define
the complexity factor & (i.e. function h(-)) according to the profile of the regulated

industry.

Fourth, the benchmarking model specification and its set of inputs has a significant
impact on the calculated allocative efficiency scores. As the number of inputs considered
in the benchmarking model increases, allocative efficiency decreases thus impacting the
efficiency profile n;. Therefore functions h(-) and I'(-) should be defined according to the

model specification and set of inputs.

220r at least out of the control of the regulated firm.

23See Section m
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Data

In this chapter we are briefly introducing the set of data that is used in our analysis.
The set of variables used in our DEA model is presented and its descriptive statistics

are provided.

4.1 Dataset

The dataset consists of detailed information on the costs and assets of Swedish distri-
bution system operators for the period 2000-2006. This panel has been consolidated by
the regulator STEM.

Due to mergers that took place between 2000 and 2006—or data that is missing altogether—
the panel is unbalanced. Since we need to analyse the efficiency changes of each indi-
vidual DSO we need to have the exact same set of firms from 2000 through 2006 (i.e.
a balanced panel). We retroactively created the merged entities prior to their actual
merger event by consolidating their data in the panel and removed operators with miss-

ing data. The balanced panel consists of 143 DSOs.

Starting in 2003 the Swedish regulator established a new regulatory scheme called the
“Network Performance Assessment Model” (NPAM). Unlike many regulatory tools im-
plemented in Europe this scheme did not rely on a benchmarking assessment of efficiency.
The regulation was ex post and used data on consumers and revenues. Due to its lim-
ited information value, bad documentation, lack of investment incentives, and complex
application the NPAM failed as an incentive regulation. Even though its approach was
generally superior to most econometric models in use at the time, many operators un-
dertook administrative actions and the regulator backed down. NPAM was replaced in

2012 by an interim cost-recovery regime. Because of its lack of incentive power, the

47
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NPAM experience caused the industry to demonstrate poor productivity change during
this period. (Agrell and Grifell-Tatjé (2016))

4.2 Model variables

Like we explained in Section properly choosing the set of variables used in bench-
marking is crucial as it will have a significant impact on the computed efficiency scores.
After assessing the most widely used variables in network benchmarking studiesE] and

the data available we chose the following inputs and outputs.

4.2.1 Outputs

Unlike firms operating in a competitive market, DSOs are not in control of the level of

output they generate. We consider two cost drivers.

Output 1. The peak load is the highest energy requirement of the distribution system
during a given period of time—a year in our case. Fluctuations in peak demand of

electricity varies on a daily basis as well as throughout the year.

Output 2. The number of connections is the number of exit points the distribution
grid is providing with electricity. It primarily depends on the size of the market and its

density.

4.2.2 Inputs

Three controllable inputs are considered in our model.

Input 1. The energy losses is the difference between the energy transmitted through
the grid and the energy actually delivered to its exit points—Ilosses typically amount to
4-5% of the transmitted energy. As explained in Navani et al.| (2012) those energy losses
can either be technical or non-technical. Technical losses are caused by the physical
properties of the distribution grid. Part of the power will inevitably dissipate in some
of the system’s components such as the lines, cables, transformers, or substations. Even
though those losses are occurring naturally and cannot be completely eliminated, they
can nevertheless be observed and controlled. Non-technical losses—on the other hand—
are the result of external actions. Some common examples are energy theft and metering
inaccuracies. Although those non-technical losses are harder to assess than the technical

ones, they can be prevented.

!See [Jamasb and Pollitt| (2000) and [Jamasb and Pollitt| (2003) for more details on the inputs and
outputs most commonly used in the benchmarking of network utilities.
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Input 2. The weighted network length represents the level of inputs associated with
operating expenditure. The operating expenditure—or OPEX—includes the costs in-
curred for operating and maintaining the distribution network. Along with other costs,

OPEX is composed of the costs of metering and personnel.
OPEX = Cost of metering + Cost of personnel costs 4+ Other costs (4.1)

The weighted network length (WNL) is computed as the weighted sum of the lengths of
the grid’s low voltage lines (LVL), high voltage lines (HVL), low voltage cables (LVC),
and high voltage cables (HVC).

WNL; = B{LVL; + BiHVL; 4+ BiLVC; + B{HVC;, i=1,...,n  (4.2)

where weights 57, 85, B3, and 87 are the fitted coefficients of the following multivariate

regression.

TABLE 4.1: Weighted network length OLS results

Variable Coefficient 3] t-statistic p-value

LVL 27.751 3.140 0.00173
HVL 0.612 0.099 0.92140
LVC -12.521 -2.307 0.02122
HVC 140.814 10.493 < 2.2e—16

Input 3. The network capital represents the distribution assets and equipment of
the operator. The cost associated with network capital is the capital expenditure—or

CAPEX-—and is here calculated as the sum of the costs of finance and depreciation.

CAPEX = Cost of finance + Cost of depreciation (4.4)

4.2.3 Non-discretionary variables

As presented in Section [2.2.4.2] z-variables are included in the DEA model to account
for the exogenous conditions faced by DSOs. This allows for a fairer comparison and
more relevant productivity assessment. We propose two z-variables to account for the

profile of an operator’s market.
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Z-variable 1. The line proportion is the proportion of lines in an operator’s distribution
network—which consists of overhead lines and underground cables. Lines are installed
overhead on transmission towers and are easier and cheaper to install. For those reasons
they are primarily used in rural areas where the distance that needs to be covered is
greater and infrastructure less present. Cables are built underground and more expensive
and tedious to maintain. They leave more room for infrastructure, do not decrease
property value, and result in reduced electromagnetic fields (EMF) emissions. Those
are mainly used in urban areas. Assuming that overhead lines are exclusively used in
rural setting while underground cables are exclusively used in urban setting, we can use
the distribution of lines and cables length in a DSO’s total network length to assess the
extent to which the firm is providing a rural or urban market. We propose the following
variable.
Line length (km)

Line proportion (%) = Network Tength (km) (4.5)

where the line length (LL) is the sum of low (LVL) and high voltage line length (HVL)
(i.e. LL = LVL+HVL) and the network length (NL) is the sum of line and cable length
at low and high voltage (i.e. NL = LVL + HVL + LVC + HVC). The line proportion

provides us with a proxy to assess the extent to which a firm is operating in a rural

environment. A smaller value indicates that the environment is primarily urban while

a greater value indicates a rural setting.

Z-variable 2. The high voltage proportion is the proportion of high voltage lines
and cables in an operator’s distribution network. We can distinguish between circuit for
high voltage (HV) electricity—used to provide industrial customers—and for low voltage
(LV) electricity—used to provide households and other smaller customersﬂ Assuming
LV electricity is exclusively distributed to households and HV electricity is exclusively
distributed to industrial consumers, we can use the distribution of an operator’s grid

between HV and LV circuit length to assess the profile of its market.

High voltage network length (km)

High voltage proportion (%) = Network length (km)

(4.6)

where the high voltage network length (HVNL) is the sum of high voltage line (HVL)
and cable length (HVC) (i.e. HVNL = HVL + HVC). The high voltage proportion
allows us to assess the extent to which an operator is providing industrial consumers.
A smaller value indicates that the users are mainly households while a greater value

indicates they are mainly industrial companies.

2High voltage typically ranges from 1 to 35 kV. Low voltage is below 1 kv.



Chapter 4. Data 51

TABLE 4.2: Descriptive statistics of the model variables

Category Unit Variable definition Mean Median SD
Outputs y MWh  Peak load 155.40 56.00 576.56
c Connections 35,028.83 12,356.00 102,354.50
Inputs MWh  Energy losses 30,252.88 11,002.00 81,897.23
km Weighted network 62,631.25 20,580.69 198,823.90
length
kSEK  Network capital 422.243.20 96,288.00 1,444,795.00
Input kSEK/ Cost per energy losses 0.262 0.256 0.118
prices w MWh
kSEK/ Cost per connection-line 1.595 1.310 0.940
km meter
% Cost of capital 8.91 8.33 4.24
Costs wx kSEK  Cost of energy losses 7,387.75  2,685.00 20,361.00
kSEK  Operating expenditure 76,869.62 30,716.00 221,169.90
(OPEX)
kSEK  Capital expenditure 28,587.57  7,898.00 97,736.35
(CAPEX)
Z-variables % Line proportion 32.74 32.02 21.02
% High voltage proportion 33.65 33.23 8.51

Notes: ¢ = connection, km = 1000 m, kSEK = 1000 Swedish crowns (SEK), SD = standard
deviation.






Chapter 5

Analysis

In this chapter we apply the approach and model proposed in Chapter [3| to the data
presented in Chapter The significance of the proposed non-controllable variables
is empirically demonstrated. The benchmarking exercise is performed to compute the
measures of cost, technical, and allocative efficiency scores and changes. The efficiency
profile n of the different operators is assessed and analysed. Hypothesis [3]is empirically
demonstrated through a fixed-effects multivariate regression analysis before applying our
model by computing the complexity factor £. Finally we use the efficiency scores from
2006 to simulate the catch-up period T; and requirement y; of a fictional revenue cap

starting in 2007.

5.1 Significance of non-discretionary variables

In order to assess the significance of the z-variables proposed in Section we com-
puted the operators’ efficiency scores via a DEA model not including them. Table
provides the average descriptive statistics for the 143 DSOs through period 2000-2005.

TABLE 5.1: Efficiency scores without z-variables (2000-2005)

Measure Unit Min Mean Median Max SD

Cost efficiency % 18.75  57.52 57.24 100.00 18.35
Technical efficiency % 27.16  75.08 75.05  100.00 17.96
Allocative efficiency % 28.80 76.64 78.76 100.00 15.35

Notes: SD = standard deviation.
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To assess the significance of our z-variables we performed two of the following univariate

linear regression—one for each z-variable.

CE; = Bo + 1 Z; + €, i=1,...,n (5.1)

where C'E; is the cost efficiency, Z; the z-variable which significance is tested—either
“line proportion” or “high voltage proportion”; 5y the intercept, 51 the regression coef-

ficient of Z;, and ¢; an idiosyncratic error term.

TABLE 5.2: Analysis of the z-variables significance

Variable Z; Intercept By Coefficient 51 Coefficient t-statistic
Line proportion 0.732 —0.471 —19.04***
High voltage proportion 0.865 —0.863 —12.91***

Notes: *** p-value < 2.2e—16.

Figures and (see Appendix display the plots of cost efficient against our two
non-controllable variables along with the computed linear regression. When performing
the Student’s t-test for coefficient 31 significance both demonstrate a p-value below 5%,
therefore proving there is a significant linear relationship between our two z-variables
and cost efficiency. Both z-variables are negatively correlated with cost efficiency. Recall
from Section [2:2:4.2) that the non-controllable inputs must be negatively correlated with
efficiency as the DEA model will try to reduce them.

5.2 Benchmarking results

Now that we have proven the significance of our z-variables we can include them in our

DEA model and recompute efficiency.

5.2.1 Efficiency scores

Table gives once again the average descriptive statistics for the period 2000-2005,

this time including non-controllable variables.
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TABLE 5.3: Efficiency scores with z-variables (2000-2005)

Measure Unit Min Mean Median Max SD CV

Cost efficiency % 18.75  60.50 58.53 100.00 20.26 0.334
Technical efficiency % 2716 77.75 79.06 100.00 18.75 0.241
Allocative efficiency % 28.80 77.71 80.24 100.00 16.10 0.207

Notes: SD = standard deviation, CV = coefficient of variation.

Those descriptive statistics summarise the efficiency measures for 143 operators through
six years (i.e. from 2000 to 2005), thus amounting to 858 observations. The estimated
cost efficiency ranges between 18.75 and 100%, demonstrating a substantial variation
in efficiency among the DSOs and across the years. The mean cost efficiency is 60.50%
which means that—on average between 2000 and 2005—operators could have saved

39.50% of their total costs by performing like the best practices (i.e. the frontier).

The mean technical efficiency is quite close to the mean allocative efficiency, indicating
that cost inefficiency seems due to technical efficiency as much as it is due to allocative
inefficiency. Nonetheless, technical efficiency demonstrates a higher coefficient of varia-
tion (i.e. 24.1%) than allocative efficiency (i.e. 20.7%). This indicates that allocative
scores display a higher dispersion than technical scores. Figure shows the density
plots of the cost, technical, and allocative efficiency scores. Those density plots help us
visualise how efficiency scores are distributed for each of the three measures. Unlike al-
locative scores, technical scores seem much more concentrated towards higher efficiency
(i.e. 90-100%). Table and Figure display the mean yearly cost efficiency score
and its decomposition for the period 2000-2005.

TABLE 5.4: Mean efficiency scores by year

Measure Unit 2000 2001 2002 2003 2004 2005

Cost efficiency % 53.48 53.63 63.74 63.76 65.22 63.15
Technical efficiency % 75.39 7751 T78.48 76.92 77.61 80.58
Allocative efficiency % 70.84 69.05 80.92 83.25 84.32 T7.87
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FIGURE 5.2: Efficiency scores by year (2000-2005)

Figure [5.3] shows us that—as expected—the cost efficiency scores computed with the
DEA model considering z-variables are higher. As we explain in Section this is
due to the fact that the frontier model addresses non-discretionary factors to allow for

a fairer and more comprehensive benchmarking assessment.
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FI1GURE 5.3: Cost efficiency by year without and with z-variables
5.2.2 Efficiency profile n

Let us now take a closer look at the distribution of cost efficiency between its technical

and allocative components for our sample.

Figure [5.4] displays the plot of technical efficiency against allocative efficiency. The “iso-
cost-efficiency” curves represent the possible efficiency profiles n—or technical-allocative
combinations—for different scores of cost efficiency. By looking at the efficiency profile
we can assess whether the primary source of excess cost is technical or allocative ineffi-
ciency. Out of the 858 observed efficiency profiles, the primary source of inefficiency was
technical for 407 of them (i.e. 47.43%) and allocative for 451 of them (i.e. 52.56%).

Example 5. Let us consider operators “SEVAB Néat AB” and “Ystad Energi AB”. In
2004 those DSOs demonstrated the following efficiency profiles.

TABLE 5.5: Example - Efficiency profile i of operators SEVAB Nat AB and Ystad
Energi AB (2004)

Measure Unit SEVAB Nédt AB  Ystad Energi AB
Cost efficiency % 53.49 52.44
Technical efficiency % 53.83 100.00
Allocative efficiency % 99.36 52.44
CTE; % 98.98 0.00

CAE; % 1.02 100.00
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FIGURE 5.4: Efficiency profile 7

Only considering cost efficiency, SEVAB Néat AB and Ystad Energi AB are nearly iden-
tical with a small difference of 1.05% (i.e. both their efficiency profiles are near the
iso-cost-efficiency curve for CE=0.53). Nonetheless, an assessment of their efficiency
profiles reveals that the source of their excess cost—and thus the strategies needed to
eliminate it—are substantially different. After computing measures (7 and (4g we see
that the cost inefficiency of SEVAB Néat AB is due at 98.98% to technical inefficiency
while the cost inefficiency of Ystad Energi AB is exclusively due to allocative inefficiency.
While SEVAB Nét AB needs to demonstrate improved managerial effort to catch-up to

the frontier, Ystad Energi AB needs to implement resources reallocation strategies.

5.2.3 Efficiency changes

Table summarises the descriptive statistics for efficiency changes between 2000 and
2005.

TABLE 5.6: Efficiency changes (2000-2005)

Measure Min Mean Median Max SD CvV

Cost efficiency 0.653 1.045 1.000 2.724 0.168 0.160
Technical efficiency 0.524 1.024 1.000 2.481 0.153 0.150
Allocative efficiency 0.531 1.032 1.000 1.839 0.171 0.165

Notes: SD = standard deviation, CV = coefficient of variation.
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The cost efficiency change ranges from 0.653 (i.e. cost efficiency reduced by 34.7%) to
2.724 (i.e. cost efficiency improved by 172.4%), demonstrating a high dispersion. During
the 2000-2005 period operators showed—on average—a cost efficiency catch-up of 1.045,
corresponding to an improvement in cost efficiency of 4.5%. Allocative efficiency change

has a higher dispersion than technical efficiency change with coefficients of variation of

16.5% and 15.0%, respectively.

Table shows the mean yearly cost efficiency change and its decomposition.

TABLE 5.7: Mean efficiency change by year

Measure 2000/2001 2001/2002 2002/2003 2003/2004 2004/2005
Cost efficiency 1.007 1.213 1.008 1.029 0.968
Technical efficiency 1.036 1.024 0.985 1.017 1.060
Allocative efficiency 0.979 1.194 1.041 1.023 0.924

Except for the change between 2004 and 2005, operators generally demonstrated a mod-
erate but positive cost efficiency catch-up. The catch-up from 2001 to 2002 was partic-
ularly higher with a value of 1.213. Figure [5.5] displays the histogram for cost efficiency

changes for the period.
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FIGURE 5.5: Histogram for cost efficiency change
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5.3 Model application

Now that we have computed the efficiency measures for our set of operators with the
benchmarking tools presented in Section [2.2] we can apply the model proposed in Chap-
ter We are empirically testing Hypothesis [3| before computing and analysing the

complexity factor .

5.3.1 Hypothesis

Recall that Hypothesis [3] proposed in Section [3.2] assumed that:

“Controlling for cost efficiency, the lower a distribution system operator’s allocative
efficiency is (i.e. the higher its allocative inefficiency) the lower its subsequent catch-up

speed will be (i.e. the harder it is to improve cost efficiency).”

To see if our hypothesis empirically holds we need to test the relationship between a firm’s
allocative efficiency score and its subsequent cost efficiency change, while controlling for
the effect of cost efficiency. Recall from Section that the cost efficiency change of
firm i (i.e. CEC;(t,t+7 )EI) is an index number measuring the change in its cost efficiency
between periods t (i.e. CE;(t)) and t + j (i.e. CE;(t+ j)). We are here considering a

lag of one period (i.e. 7 = 1). Decomposing C'E; we have the following.

CEZ(t + 1) o TEZ(t + 1) X AEz(t + 1)
CEi(t)  TE;(t) x AE;(t)

CECi(t,t+1) = (5.2)
Hence, by definition, the base cost efficiency score C' E;(t)—along with its components—
is negatively correlated with the catch-up CEC;(t,t + 1). Since AFE;(t) is positively
correlated with C'E;(t), in order to assess the relationship between variables AF;(t) and
CEC;(t,t+1) we must control for variable CE;(t). We propose the following multivariate

linear regression.
log(CECLt) = 6o + b1 log(AEz‘vt) + B log(C'Eiﬂg) + € (5.3)

where CEC;; is the cost efficiency change of firm ¢ between periods ¢t and t + 1, AE;;
and CF;; its allocative and cost efficiency at period ¢, By the intercept, 51 and B2 the
regression coefficients, and ¢;; an idiosyncratic error term. We are taking the logarithm

of the independent and dependent variables in order to have a linear relationshirﬂ

"Where j is the lag.
2log(CEC’i,t) = log(CE;+4+1) — log(CE;+) has a linear relationship with log(CFE; ).
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Because the control variable log(CE; ;) is included in the model, the fitted coefficient Bl
is the partial—or ceteris pam’buﬂfeffect of log(AE; ;) on log(CEC; ;) when log(CE; ;)
is “held fixed”. The model in allows use to compute the predicted change in cost
efficiency change given a change in allocative efficiency—controlling for cost efficiency.

If the estimated change in log(CE;;) is held constant (i.e. Alog(CE;:) = 0) we have
the following.

AIOg(C/E\Ci,t) = BIAIO@,t) + B2A10g</é\Ei,t) (5.4)
Alog(CEC;,) = BiAlog(AE;,) (5.5)
%ACEC;; = PL%AAE; , (5.6)

What (5.6) means is that—assuming no change in C'E;;—a change of 1% in variable
AFE;; is estimated to change variable CEC;; by 31%.

Because we are dealing with panel data we should control for unobservable variables that
may have influenced cost efficiency changes. Those variables can be of two types. First,
there may be unmeasurable variables that change across DSOs such as business practices
or environmental factors. Those account for individual heterogeneity (i.e. firm-specific
unobservable factors). Second, there may also be unmeasurable variables that change
over time, but not across DSOs. Those account for time heterogeneity. We rewrite
as

log(CEC; ) = Bo + f1log(AE;+) + f2log(CE;+) + pi + ve +€iy (5.7)

where p; and v4 are the individual and time effects, respectively. To test for the signifi-
cance of those effects on our regression model we can compute the F-statistic comparing
regression models and . The F-test concludes that there are significant two-
ways effectd’] We can assess whether those effects are fixed or random with the Hausman
test (Hausman (1978)). The test rejected the null hypothesi.ﬂ in favour of fixed effects.
We can thus conclude that it is relevant to use the two-ways fixed-effects regression model

presented in (5.7 for our analysis.

Like every linear regression, model (5.7) relies on several assumptions. We need to run
some diagnostics on our regression model to confirm that its results are robust enough

to be trusted. We need to test for the following assumptions (Wooldridge (2015)):

e The model is linear in its parameters.

e The error term ¢;; of the model is normally distributed.

3«All other things being equal”

4p-value < 2.2e—16 in favour of the alternative hypothesis assuming significant individual and time
effects.

Sp-value < 2.2e—16
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e There is no perfect collinearity among the independent variables.
e There is no serial correlation.

o The variance of the error term ¢;; is constant (i.e. homoscedasticity).

We already know that the model is linear since we used the logarithms of the variables
instead of their true value. To test whether the residuals are normally distributed we
first take a look at the density and Q-Q plots of the standardised residuals of model
(see Figures and in Appendix . The standardised residuals do not seem to
follow the Normal distribution. The Shapiro-Wilk normality test confirms that intuition
by rejecting the null hypothesis of normalityﬁ Nonetheless—following the conclusion
of [Lumley et al. (2002)|Zkour data sample is sufficiently large for us to perform our

regression even though the distribution of its standardised residuals is not normal.

In order to assess whether the collinearity of our independent variables poses an issue
to the interpretation of the regression coefficients we compute the wvariance inflation
factor—or VIF. The VIF represents the increase in the variance of estimated coefficients
51 and By due to collinearity. A rule of thumb often used in the literature is to assume
significant collinearity if the square root of the VIF is above 2. There is no reason
for concern if the VIF is below 10 (Bowerman and O’connell| (1990))). The VIF has a
value of 1.75 for both our independent variables. We can thus conclude that there is no

significant collinearity among them.

When analysing panel data the error term should be serially uncorrelated. [Wooldridge
(2010) proposed a test for serial correlation in the errors of fixed-effects panel models.
This test did not reject the null hypothesis of serially uncorrelated residualsﬂ for our

model.

The last assumption we need to test is homoscedasticity. Looking at the plot of the stan-
dardised residuals against the values fitted by the model (see Figure in Appendix
the variance of residuals seems quite constant except for some data points around
0.3 and 0.8. Heteroscedasticity does not bias the estimation of the regression coefficients
but causes the OLS standard errors to be biased, preventing us from relying on the
t-test to see if the coefficients are significant (Wooldridge| (2015)). When performing the
Breusch-Pagan test for heteroscedasticity we rejected the null hypothesis of homoscedas-
ticityEI, concluding that the variance of the error term ¢;+ is not constant (Breusch and

Pagan| (1979)). [White (1980) proposed a heteroscedasticity-consistent covariance matrix

Sp-value < 2.2e—16

"“The t-test and least-squares linear regression do not require any assumption of Normal distribution
in sufficiently large samples. Previous simulations studies show that “sufficiently large” is often under
100.” (Lumley et al.| (2002))

8p-value = 0.6472

9p-value = 0.003147
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estimator to compute heteroscedasticity-robust t-tests. With this estimator we can test

the significance of coefficients (3; even if the homoscedasticity assumption is violated.

TABLE 5.8: Summary of the regression model from ([5.7))

Variable Estimate SD  t-statistic p-value
log(AFE; ;) 0.082 0.041 1.998 0.046*
log(CE; ) -0.783  0.071  -11.026 < 2.2e—16*

Notes: *significant (< 0.05), adjusted R? = 29.15%, SD = stan-

dard deviation.

Since log(AFE;;) has a significant positive eﬁec on log(CEC;,) (i.e. B > 0) we
can confirm that—controlling for its cost efficiency score and for out set of operators—a
firm’s allocative efficiency score is positively correlated with its subsequent cost efficiency
change. Hence, the lower an DSO’s allocative efficiency is—or the higher its allocative
inefficiency—the lower its subsequent cost efficiency change will be. We can conclude

that we have empirically demonstrated Hypothesis @

5.3.2 Complexity factor ¢

We now compute the complexity factor & proposed in ({3.9)).

51 N log(C’EZ)

(5.8)

Figure [5.6| plots the observed efficiency profiles along with the “iso-complexity” curves
representing the possible efficiency profiles n for different level of complexity £. By
definition, efficiency profiles which primary source of cost inefficiency is allocative have
a positive complexity factor while those which primary source is technical have a negative

complexity factor.

Table summarises the descriptive statistics of variables (rg,, Cag,, and & for obser-
vations with cost efficiency below 99%7]

YEven though the effect is small (i.e. log(CEC;,) increases of 0.082% when log(AE; ;) increases of
1%) the t-statistic shows that this effect is significantly different from zero.

10One should remember that correlation does not imply causation. We can not conclude that we have
proven Hypothesis |§| but only that we found a significant relationship with the available data.

12 A5 explained in Section the complexity factor &; is only defined for cost inefficient firms. We
thus only consider operators with at least 1% of cost inefficiency (i.e. 794 observations out of 858).
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FIGURE 5.6: Efficiency profile n and complexity &

TABLE 5.9: Proportions (rg and (4g, and complexity &

Measure Unit Min Mean Median Max SD

CTE; % 0.00 46.31 51.00 98.97 30.55
CAE; %o 1.02  53.69 49.00 100.00 30.55
& N/A -0.979 0.073 -0.020 1.000 0.611

Notes: Descriptive statistics for the 794 observations which cost

efficiency is below 99%. SD = standard deviation.

While cost inefficiency can be exclusively explained by allocative inefficiency, it seems
that—in our sample—mno operator is exclusively technically inefficient. Proportion (g,
has a maximal value of 98.97% indicating that technical inefficiency can be—at most—
responsible for 98.97% of an operator’s cost inefficiency. For this reason the minimal
observed complexity factor & is -0.979. The mean complexity is close to zero (i.e.
& = 0.073) indicating that the cost inefficiency of the average operator is equally due to

its technical and allocative components.

The density plot of the complexity factor (see Figure [5.7) exhibits a rather Gaussian
shape up to £ = 1 where density greatly increases. There is a high frequency of operators
with a complexity at unity as they reach technical efficiency before reaching allocative

efficiency.
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FIGURE 5.7: Density plot and histogram of complexity &

Example 6. Let us consider once again operators SEVAB Néat AB and Ystad Energi AB
from Example |5l While they are both operating around 53% cost efficiency, SEVAB Nét
AB has a complexity factor of -0.979 and Ystad Energi AB a complexity of 1.000.

5.3.3 Simulation

We have demonstrated the relevance of the complexity factor £ and analysed its statistics
and distribution for our sample of observations. We are now simulating its application
in the regulatory context by computing the firm-specific catch-up period T; developed
in Section for a fictional revenue cap regulation starting in 2007. Since we are only
interested in inefficient firms we are only considering operators with cost efficiency below

99913

13127 operators out of 143.
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TABLE 5.10: Results (efficiency scores, (rg,, Cap,, and &;) (2006)

Measure Unit Min Mean Median Max SD

Cost efficiency % 22.87  60.03 61.44 98.18 16.71
Technical efficiency % 32.75  77.25 76.44 100.00 16.88
Allocative efficiency % 41.92 77.69 78.60  98.18 13.05
CTE; % 0.00 46.64 50.01  92.81 28.86
CAE; % 7.18 53.36 49.99 100.00 28.86
& N/A -0.856 0.067 0.000  1.000 0.577

Notes: Descriptive statistics for the 127 observations which cost efficiency is

below 99%. SD = standard deviation.

The average complexity factor of operators is close to zero (i.e. £ = 0.067). Cost ineffi-

ciency is—on average—equally distributed between its technical and allocative compo-

nents. 63 out of the 127 inefficient operators have to implement reallocation strategies as

their primary mean of catching-up to the frontier. The main strategy that the remain-

der 64 DSOs should established is improved managerial performance for a proportional

reduction of inputs.

To put it differently, the primary source of inefficient costs of half of the regulated

operators has to be reduced through the reallocation of energy losses, weighted network

length, and network capital. This is done by at least two of the following:

e Increase or reduction of energy losses. Depending on the relative price of energy

losses the operator should allow more energy losses (if cheaper) or implement

solutions to prevent them (if more expensive).

e Increase or reduction of weighted network length. In other words, it represents the

inputs associated with operating expenditures such as labour, metering systems,

etc. For example the operator might have to let go of part of its personnel or hire

more people.

¢ Investment or disinvestment in network capital. This means purchasing or reselling

distribution assets and equipment which—as stated in Section is difficult

to do for DSOs.

After computing complexity & we need to set parameters Ty and «. Recall from Section

that we can set the default catch-up period T based on empirical data as follows.

— In(

Ty =

(
In(CEC(t,t

£(0))
+

1)

(5.9)
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where C'E(0) is the average cost efficiency and CEC(t,t + 1) the average yearly cost
efficiency change. As explained in Section the failed NPAM regulation was imple-
mented in 2003. Since post-2003 average efficiency improvement is poor we decide to
use the efficiency measurements from period 2000-2003 to estimate Typ. From Table
we know that the average cost efficiency score was 53.48 and 63.74% in 2000 and 2003,

respectively. Therefore the average yearly catch-up in this period was

— CE(2003)  ,/0.6374
EC(t,t+1)=JCEC(2 2 = = = =1. 1
CECt+1) \/C ¢/(2000,2003) C'E(2000) 0.5348 060 (5.10)

Using (5.9) we compute the default catch-up period Tj.

—In(0.5348)

0~ TIn(1.060)

=10.69 (5.11)

A firm with a complexity of zero will be granted 10.69 years to catch-up to the frontier.
The advantage of computing Ty as such is that it addresses the issue of arbitrariness by
exclusively relying on efficiency measurements computed with the same DEA model and

for the same set of operators.

As stated in Section [3.3.2] computing parameter « based on empirical data is beyond the
scope of this thesis as it requires more extensive econometric analyses on the relationship
between the complexity £ and the catch-up speed. Since we need to give o a value to
simulate the catch-up requirement we will arbitrarily set it to 2.5. This means that a
DSO which cost inefficiency is exclusively due to allocative inefficiency will be granted 5
additional years (i.e. 2a = 5) compared to a DSO which cost inefficiency is exclusively

due to technical inefficiency.
T; =Ty + & = 10.69 + 2.5¢; € [8.19;13.19] (5.12)
xi = 1 — CE;(2006) exp(1/(10.69 + 2.5¢;)) (5.13)

TABLE 5.11: Catch-up (T}, xi)

Measure Unit Min Mean Median Max SD

Catch-up period T; years 8.54 10.85 10.68 13.19 1.44
Catch-up requirement x; % 0.01 5.09 472 1451 2.85

Notes: Descriptive statistics for the 127 observations which cost efficiency is below
99%. SD = standard deviation.

If—starting in 2007—a fictional revenue cap was implemented with the catch-up require-
ment defined in (5.13]) the average operator would be granted 10.85 years to catch-up
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to efficiency. The DSO with the smallest catch-up period of 8.54 years is “Nynadshamn
Energi AB” which demonstrated a cost efficiency of 74.30% decomposed in 75.91 and
97.88% for technical and allocative efficiency, respectively. Among the firms which have
been granted the longest period of 13.19 years, “Herrljunga Elektriska AB” is the opera-
tor demonstrating the lowest cost efficiency of 41.92% exclusively explained by allocative
inefficiency. Figure[5.8|plots the cost efficiency scores against their catch-up requirement

x; along with the curve corresponding to a complexity factor of zero.
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FI1GURrE 5.8: Catch-up requirement x; vs. Cost efficiency

5.4 Summary of the results

In this chapter we empirically demonstrated Hypothesis [3| through regression analy-
sis. We can conclude that—for the same cost efficiency score—an operator with higher
allocative inefficiency demonstrates a slower catch-up than one with lower allocative
inefficiency. By applying the proposed complexity factor to our data we found that
the DSOs demonstrate various efficiency profiles. The average operator has its cost
inefficiency equally explained by poor managerial effort and allocation of inputs. The
proposed model for firm-specific catch-up period has been applied to the 2006 data with

an average catch-up period of 10.85 years.
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Conclusion

When determining the catch-up speed that their fixed-price regulation will require from
inefficient network utilities, regulators should make use of the benchmarking measures
of technical and allocative efficiency that the decomposition of cost efficiency provides.
Through this decomposition regulators can assess with greater precision the source of
a distribution system operator’s excess costs. Due to the different improvement strate-
gies technical and allocative inefficiency imply, the efficiency profile of a cost inefficient
network utility has a significant impact on its catch-up speed and must therefore be

assessed.

We reviewed the current state-of-the-art on the benchmarking tools and measures used
in network regulation and—more specifically—the computation of the X-factor in fixed-
price contracts. The lack of economical foundation for the catch-up speed that incentive
regulation requires from distribution system operators has been assessed. Benchmarking
measurements are extensively used in the estimation of an operator’s incumbent cost
inefficiency but the period over which network operators must eliminate that inefficiency

lacks research.

To address this gap in the literature we proposed a model to compute a firm-specific
catch-up period based on the historical efficiency improvements of the industry and the
efficiency profiles of its operators. Through a review of the literature on regulation and
regression analysis we showed that operators which primary source of cost inefficiency
is allocative demonstrate slower catch-up due to the more complex strategies they have
to implement in order to improve. From this assessment we proposed a complexity
factor computed from the efficiency profile that represents the extent to which the cost
inefficiency of an operator is due to managerial sub-performance or sub-optimal input-

mix. This complexity factor allows us to differentiate between firms with identical cost

69
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efficiency based on the complexity of their efficiency profile and to grant them a catch-up

period accordingly.

The primary contribution of this thesis to the literature on network regulation comes
from the analysis of the source of a firm’s cost inefficiency that enables us to better assess
its controllability. When setting the catch-up requirement the regulator must consider
the implications that this required cost reduction will have on the regulated utilities. By
addressing the source of cost inefficiency—whether it is technical, allocative, or both—
regulators are making the most out of the available efficiency measures in order to make

their regulatory scheme fairer and more relevant in terms of catch-up speed.

Our methodology displays some limitations that should be addressed. The conclusions
we came to result from analyses only considering a single benchmarking model. De-
cisions on the preferred frontier model, its specification and set of variables have a
significant impact on the computed efficiency measures, and therefore on the assessment
of an operator’s efficiency profile. More specifically, the implications of allocative in-
efficiency on the catch-up speed highly depend on the set of inputs considered in the
benchmarking model. The complexity of a reallocation of inputs is clearly determined

by the aforementioned inputs.

Even though we only considered the sector of electricity distribution the insights provided
in this thesis can and should be applied to other sectors. Incentive regulation is present
in many other industries such as transport (e.g. airports) or healthcare (e.g. hospitals).
The conclusions we proposed concerning the implications of technical and allocative
efficiency on the catch-up potential of regulated firms are only relevant for distribution
system operators. Further research is required to apply our approach to other industries

in need of regulation.
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Additional figures

A.1 Non-discretionary variables
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FIGURE A.1: Cost efficiency vs. Line proportion
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A.2 Regression diagnostics

0.6

0.4

Density

0.2

0.0

0 5
Standardised residuals

FIGURE A.3: Density plot of the standardised residuals of model (5.7))
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CD/USB content

Name

Extension Description

Raw dataset
Merging
Set up dataset

DEA without z-variables

Test for z-variables significance

DEA with z-variables

Test for hypothesis

Simulate catch-up requirement

.CSV

R

Unprocessed dataset from the regulator

STEM. (Section

R script to retroactively create the
merged operators. (Section [4.1)

R script to clean and prepare the
dataset for analysis. (Section

R script to compute the efficiency
measures without considering non-
discretionary variables. (Section .
R script to test the significance of the
proposed non-discretionary variables.
(Section

R script to compute the efficiency
measures while considering non-
discretionary variables. (Section

5.9

R script to demonstrate Hypothesis
(Section [5.3.1)
R script to simulate the catch-up re-

quirement of the fictional revenue cap
regulation. (Section |5.3.3)
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