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ABSTRACT

The electricity market in Norway has undergone substantial changes in recent decades, which
prompts the need for research on how the industry should be organized. In an indivisible
electricity industry that, on the one side, consists of market-oriented competitive entities in
production and power trading, and, on the other side, natural monopolies within transmission
and distribution, it is of interest to perform cost analysis within the productivity and efficiency
framework. The electricity industry is complex, owing to the fact that production and
consumption must happen simultaneously. After the Energy Act of Norway came into force on
January 1, 1991, only transmission and distribution remained regulated. The regulation of
transmission and distribution serves to avoid the typical disadvantages arising from natural
monopolies. Many countries have gone through the same or similar changes in their respective
industries. In a developing and increasingly global industry regarding power trading, more
regulation is probably needed, not less. The possible future changes in the power grid—owing
to private firms and the ability of households to take advantage of the technological
developments in solar and wind generation—will probably also affect the regulating task in the
future. The main objective of this thesis is to improve the understanding of efficiency measures
and methods, and to increase the knowledge of the market structure in the Norwegian electricity
distribution industry.

In Essay 1 “Economies of scale in Norwegian electricity distribution: A quantile regression
approach”, we investigate scale economies to see if the structure of the industry affects the
costs. If a restructure of the industry would reduce costs for the firms, and, hence, in the
industry, it would mean increased productivity and efficiency. In Essay 2, “Economies of Scope
and Scale in the Norwegian Electricity Industry”, we study scale and scope economies.
Economies of scope measures the synergies of producing more than one output. Some
electricity companies in Norway both generate and distribute electricity. If there exist some
positive synergies from producing more than one output, it means that the cost would be higher
if two separate firms produced the same amounts of output of each product as the one firm
producing both products. In Essay 3, “Lost economies of scope and potential merger gains in
the Norwegian electricity industry”, I investigate what are the potential gains from merging the
distribution companies in Norway. Both Essay 1 and Essay 2 state that there are economies of
scale in the industry, meaning that the industry would benefit from increasing the size of the
companies in terms of increased output. Because the output is given, this means that companies
must merge. In Essay 2, we report that there exist economies of scope. Due to the change in the
Energy Act of Norway in 2016, we find that the separation of the integrated firms producing
both generation and distribution services, would increase costs to the industry and, hence, incur
losses by not utilizing economies of scope. If disentangling generation and distribution of
electricity would lead to more mergers of the distribution companies, it is of interest to seek the
potential gains in terms of cost reductions to the industry from such mergers. In Essay 4
“Disentangling Costs of Persistent and Transient Technical Inefficiency and Input
Misallocation: The Case of Norwegian Electricity Distribution Firms”, we focus on the fact that
many efficiency studies neglect allocative efficiency, and only concentrate on technical
efficiency. In addition, we also disentangle costs of persistent and transient inefficiency, and
include determinants for both persistent and transient inefficiency.



INTRODUCTION

1 BACKGROUND AND OBJECTIVES

What is efficiency and productivity analysis? Basically, it is the relation between inputs and
outputs in any kind of production of equivalent products or services. If two firms, A and B,
have the same output, but firm A has lower inputs than firm B, we know that firm A is more
productive than firm B. However, is firm A more efficient than firm B? Yes, in this case, where
the two firms produce the same quantities of outputs, we can say that firm A is more efficient
than firm B. But what if the two firms do not have the same output? If firm B has higher output
than firm A, then firm A is not necessarily more efficient or more productive than firm B.
Whereas productivity is simply a performance measure, given by the ratio of output per input
for each firm, efficiency measures the relative performance of one firm against other firms. If
firm C has the same input as firm A, but lower output, by finding the ratio of the two firms’
productivity, we can measure what the output of firm C should be if it was equally productive
as firm A. This gives the efficiency measure of firm C. If we can find the maximum output
possible for every level of input, we have defined a production possibility frontier. Because this
frontier represents the maximum output possible for each input level, it also represents
maximum efficiency for each input and output level. If firms A and B are located on the frontier,
even with different levels of input and output, both of them will be fully efficient, but one of
them is more productive than the other. Every firm that is located below the frontier is less

efficient. Figure 1 illustrate this situation, for a one-output and one-input case.
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Figure 1. Production frontier, productivity and efficiency.

Firms A and B are located on the frontier, meaning that both are 100% efficient, whereas firm
C has the same input as firm A, but less output, and is thereby located below the frontier, which
means that the firm is less than 100% efficient. If we find the ratio of output and input for these

three firms, we will find that firm A has the highest ratio and is thus the most productive firm.!

In practice, it is never really possible to find the “true” frontier, by which we mean that we
know that, for each input level, it is not possible to have higher output, as shown in Figure 1. If
we have input and output data for several firms in an industry, we can use this information to
find a frontier. The firms with the highest ratio of output per input define the frontier. We do
not know whether this frontier represents the “true” frontier, but we know that the firms
deciding the frontier are the best firms with regard to the output — input ratios in this industry.
This kind of productivity and efficiency analysis performed on an industry is often called
benchmarking (Bogetoft and Otto, 2010), and refers to the firms that decide the frontier, by

setting a benchmark against which every other firm can be measured.

In this thesis we focus on Norwegian electricity distribution companies that are regulated by
the Norwegian Water Resources and Energy Directorate (NVE). The regulation model that

NVE uses is basically the same as the simple example we outline above. However, in a

! Reviews of models and recent applications in general are given in, e.g.,, Kumbhakar and Lovell (2000),
Coelli et al. (2005), Fried et al. (2008) and Kumbhakar et al. (2015a).
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benchmarking model used to regulate firms in an industry, there is often more than one input
and more than one output. It then becomes more difficult to calculate the productivity and
efficiency measures, and more advanced estimation methods must be applied, e.g. Data
Envelopment Analysis (DEA) or stochastic frontier analysis (SFA). NVE uses the non-
parametric DEA model.? Further, the Norwegian electricity distribution companies have more
than one output. The model NVE uses has three outputs, number of network stations, kilometers
of network, and number of customers. Costs are combined into one single input, total costs. For
the distribution companies, we assume that the output is exogenously given, meaning that the
output is decided by the demand of the customers. This means that a distribution company that
is not efficient can only increase their efficiency by reducing cost, e.g. see firm C in Figure 1.
If this firm is a Norwegian electricity distribution company, the only way for this company to
improve efficiency is to reduce their costs while producing the same output, giving a horizontal
right—to—left movement toward the frontier. So, what is the focus in terms of productivity and
efficiency analysis when applied to Norwegian electricity distribution companies? As should
be clear, it basically concerns the cost of production. The output for each firm is fixed given the
exogenously given demand and output. The only variable, in this case, is the costs and, for this

reason, studies on the costs of the companies are of interest.

This introduction proceeds as follows. Section 2 starts with a brief description of the Norwegian
regulation model and the industry. Further, for each of the essays, I provide some extended
explanations on the methodology and the empirical results. In Section 3, implications of data
are discussed, and Section 4 provides comments on future research. Section 5 contains

concluding remarks.

2 Amundsveen and Kvile (2015) give a review of the regulation model and application of DEA used by NVE.
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2 METHODOLOGY AND RESULTS

Brief description of the Norwegian regulation model and the industry

After the Energy Act of Norway came into force on January 1, 1991, transmission and
distribution of electricity, which are considered as natural monopolies, remained regulated
whereas production and power trading became more market oriented and competition was
introduced. The model used to regulate the Norwegian electricity distribution companies is a

form of incentive model with a revenue cap, Coelli et al. (2003).>*

Revenue cap = (1 —p)C + pC* (1)

where C represents the actual cost, C* is the cost norm that is calculated in two steps; and the
value of p determines the strength of the incentives in the regulation model. From 2009, p was
set equal to 0.6, meaning that 40% of the revenue cap is decided by the firm’s actual cost, and
60% is decided by the cost norm, calculated in the model. Some details in the regulatory model
change from year to year, but, from 2007, the model has been mainly unchanged. The actual
cost, C, for the company at year t is a combination of reported and calculated costs, based on
accounting values from year t-2, (see Bjorndal et al. (2010)). For 2018, the cost norm, C*, for

each company is carried out in two steps, as follows.’

Step 1: The efficiency score for each company is calculated using data for each company for
year t-2 (2016). These results are measured against the average (industry) efficiency, which is

on a frontier obtained from DEA using yearly averages for the period 2012-2016.°

Step 2: To account for firm heterogeneity originating from firms operating in different
environmental conditions, the DEA results from Step 1 are adjusted by the parameter estimates

of environmental variables on costs.

3 We can also refer to this model as a yardstick model. The regulator uses a yardstick model, using
benchmarking methods to assess relative efficiency.

4 For an overview on the development in the regulation model see Bjgrndal et al. (2010) and Amundsveen and
Kvile (2015).

5 This information is retrieved from NVE, see Langseth (2017).

5 This is done so that the companies can obtain super efficiency, meaning that fully efficient companies can
earn more than the normal rate of return, in order to secure increasing efficiency over time, see Bjgrndal et al.
(2010).



NVE performs a calibration of the results from Step 1 and Step 2 to ensure that the actual cost
in the industry is accounted for and that the industry in total receives a rate of return equal to
the NVE rate of return (ryyg).” Further, the calibration adjusts for the age effect from
differences in capital cost in new and old networks. Finally, the revenue cap for year t-2 is based
on CPI-adjusted actual costs for year t-4 as an estimate of expected costs at year t-2. The
revenue cap in year t (2018) is calibrated by the difference between estimated and actual cost

for year t-2 (2016) and the difference is adjusted by ryyg.

Figure 2 gives an overview of the Norwegian electricity distribution industry,® from which we
notice that length of network, number of customers, number of network stations, MWh
electricity, and operational costs show that the size of the companies vary. The environmental
variables describe the differences in the environments that the companies operate in, which can
affect the cost of production. These variables also vary, implying that it is important to include

them in the analysis to control for firm heterogeneity.

" Data Mean Min Max
v: % Length of network, in km 854 9 11,866
Number of customers 25,600 61 696,540
_.'__ Number of network stations 1,075 4 17,929
e MWh electricity 683,508 4,268 18,446,274
Operational costs, 1,000 NOK 29,858 468 695,246
= Environmental variables
b ¢ Proportion of underground cables 0.38 0.00 1.00
Sweden Proportion of sea cables 0.02 0.00 0.36
Proportion of air cables 0.12 0.00 0.40
Average slope of terrain 10.21 297 2222
Siotand Average distance to road 64.18 1.00 126.00
Number of islands 2.62 0.00 30.00
Proportion of deciduous forest 0.08 0.00 0.31
Baltic Sea Coastal climate 0.23 0.00 4.74

Figure 2. Overview of 120 Norwegian electricity distribution companies in 2016. Location and
descriptive statistics.

Similar data are not readily available for other countries. According to the Nordic Energy
Regulators, the number of electricity distribution companies in Sweden is 175, with 87 in
Finland, and 84 in Denmark. The mean values for market share, based on the number of

customers, are low in all three countries: 0.6% in Sweden, 0.8% in Norway, and 1.2% in

7 NVE rate of return is a regulated rate of return and is determined annually.
8 The data is collected by NVE. The map is created in R, using the package “ggmap” (Kahle and Wickham, 2013).
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Finland. The market share of the three biggest companies in Finland, Norway, and Sweden are

41%, 33%, and 51%, respectively. °

Essay 1: Economies of scale in Norwegian electricity distribution: a quantile regression
approach

Because the Norwegian electricity distribution industry consists of companies that are natural
monopolies within their concession area, we expect to find economies-of-scale properties
within the companies in the industry. It is interesting to investigate how the structure of the
industry affects the cost in the industry. Large economies of scale in the industry imply that the
companies should increase their outputs. However, the companies cannot increase their outputs,
because their outputs are exogenously given, decided by demand by customers. To increase the
outputs of companies, the companies need to merge. If the policymakers decide to change the
structure of the Norwegian distribution industry, it is important that there is knowledge on how
the existing structure affects the costs in the industry. By implementing a quantile regression
model, we find economies of scale for different firm sizes. To our knowledge, this is the first
attempt to study scale economies using quantile regression. By implementing panel data for the
period 2000-2013, we retrieve updated information on the economies of scale in the Norwegian
industry. Kumbhakar et al. (2015b), the last scale study for Norway, used panel data for the
period 1998-2010.'° Further, different from earlier studies of this industry, we retrieve
information on how the economies-of-scale results changed over time for each quantile. Our
results state that returns to scale (RTS) increase over time for all quantiles. One interpretation
of these results is that the Norwegian electricity distribution companies are too small, and this
is becoming increasingly more so over time. The technical explanation is that the firms in the
industry are further away from the optimal scale where RTS equals unity. Figure 3 illustrates

this situation.

9 Information is retrieved from Nordic Energy regulators, Economic regulation of electricity grids in Nordic
country, report 7/2011. http://www.nordicenergyregulators.org.

10 Other economies of scale studies on the Norwegian electricity distribution industry; (e.g., Salvanes and
Tjgtta, 1994; Fersund and Kittelsen, 1998; Fgrsund and Hjalmarsson, 2004; Growitsch et al., 2009; Miguéis et
al., 2011)
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Figure 3. Technical change and movement toward the new frontier.

The black dots in Figure 3 depict firms that initially are located on the frontier. We assume that,
due to technical change, the frontier shifts upward. The firms that are now not on the new
frontier will try to reduce input/costs to become more efficient. Because the output is
exogenously given, the movement toward the new frontier will be a horizontal movement from
right to left. Figure 3 shows that the firms are now further away from the new optimal scale on
the new frontier. If this scenario repeats itself over time, it explains the results in Essay 1 with

increasing RTS over time.

Essay 2: Economies of scope and scale in the Norwegian electricity industry

In the economies of scope literature within studies on electricity companies, the quadratic cost
function has been widely adopted (see, e.g. Kaserman and Mayo, 1991; Kwoka, 2002; Jara-
Diaz et al., 2004; Fetz and Filippini, 2010; Arocena et al., 2012; Meyer, 2012). In a dataset for
studying economies of scope, there will be some firms producing more than one output, and
other firms producing only one output (here output refers to a product or a service). Table 1

gives an example of what a dataset in an economies of scope study looks like.



Table 1. Example dataset in economies of scope study, quadratic cost function

Raw data Blanks replaced with zero
Firm Cost x4 Outputy; Output y, Cost x4 Output y; Output y,
1 156 100 182 156 100 182
2 105 58 52 105 58 52
3 191 84 67 191 84 67
4 170 35 73 170 35 73
5 144 67 45 144 67 45
6 222 112 172 222 112 172
7 194 34 57 194 34 57
8 111 87 111 87 0
9 162 126 162 126 0
10 167 49 167 49 0
11 165 59 165 59 0
12 165 101 165 101 0
13 132 55 132 55 0
14 183 101 183 0 101
15 157 46 157 0 46
16 200 54 200 0 54
17 144 60 144 0 60
18 155 81 155 0 81
19 138 4 138 0 4
20 166 120 166 0 120
Mean 161.35 74.38 79.57 161.35 48.35 55.70

In this example dataset, the raw data consist of firms 1-7 producing both outputs y; and y,.
Firms 8-13 are specialized in producing output y; and firms 14 — 20 are specialized in producing
output y,. The goal in an economies of scope study is to see if the output per input (cost) is
higher or lower for the specialized firms compared to the integrated firms producing both
outputs. If the costs are higher for the specialized firms, there exists economies of scope. To
estimate (with the standard approach) the costs for all three firm types jointly, the blanks need
to be filled in with zero. Then, an assumption on shared technology is imposed on the model,
which is not always a suitable assumption. The alternative is to estimate three separate cost
functions, one for each firm type. This implies an assumption on different technologies between
the firm types, but this is impossible to test. One of the advantages of the flexible technology
dummy variable approach, introduced by Triebs et al. (2016), which we adopt in Essay 2, is
that it is possible to test for shared technology. Another advantage by using the dummy variable
approach is that we estimate a different set of parameters for the zero values. If the number of
zero values represents a large proportion of the total number of sample observations, the

parameter estimates may be biased (Battese, 1997). One way of explaining this, is that the
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“blanks” in the output values in the dataset are not really zero, meaning they are non-existing.
In this simple example dataset, we see that the mean value of the output values in Table 1
changes quite much when including the zero values. This will of course affect the results. This

potential problem does not arise in Triebs et al.’s (2016) approach.

The translog cost function is far less applied in economies of scope studies within electricity
markets. The problem is that it is only possible to take the logarithm of positive numbers. This
is sometimes solved by replacing the zero values (blanks) in Table 1, with an arbitrarily chosen
small number. Table 2 gives an example of this method. By replacing blanks (or zero) values
with, say 0.0001, it is possible to take the logarithm of the data. As shown in Table 2, the small
numbers may have no or a very small effect on the mean value of the outputs compared to the
case where blanks are replaced by zero values in Table 1. However, Fraquelli et al. (2005) show
that with a translog specification, economies of scope are very sensitive to the value of the
arbitrarily selected small number. Even in this simple example the regression coefficient from
estimating x, on y; and y, varies quite considerably when one zero is added or subtracted from
the small number. By applying the flexible dummy variable specification, presented in Essay
2, the blanks can be replaced by any positive number, because outputs that do not belong to the

specific firm type, decided by the dummy variables, are eliminated in the estimation.
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Table 2. Example dataset in economies of scope study, translog cost function

Blanks replaced Blanks replaced Blanks replaced

Raw data with 0.00001 with 0.0001 with 0.000001

Firm Costx;  Outputy; Output y, Y1 Y2 Y1 Y2 Y1 Y2

1 156 100 182 100 182 100 182 100 182

2 105 58 52 58 52 58 52 58 52

3 191 84 67 84 67 84 67 84 67

4 170 35 73 35 73 35 73 35 73

5 144 67 45 67 45 67 45 67 45

6 222 112 172 112 172 112 172 112 172

7 194 34 57 34 57 34 57 34 57
8 111 87 87 0.00001 87 0.0001 87 0.000001
9 162 126 126 0.00001 126 0.0001 126 0.000001
10 167 49 49 0.00001 49 0.0001 49 0.000001
11 165 59 59 0.00001 59 0.0001 59 0.000001
12 165 101 101 0.00001 101 0.0001 101 0.000001
13 132 55 55 0.00001 55 0.0001 55 0.000001

14 183 101 0.00001 101 0.0001 101 0.000001 101

15 157 46 0.00001 46 0.0001 46 0.000001 46

16 200 54 0.00001 54 0.0001 54 0.000001 54

17 144 60 0.00001 60 0.0001 60 0.000001 60

18 155 81 0.00001 81 0.0001 81 0.000001 81

19 138 4 0.00001 4 0.0001 4 0.000001 4

20 166 120 0.00001 120 0.0001 120 0.000001 120

Mean 161.35 74.38 79.57 48.3500 55.7000 48.3500 55.7000 48.3500 55.7000
Reg.coef. - - 0.0206 0.2268 0.0016 0.0090 0.0012 0.0064

The flexible technology dummy variable approach is applicable to any functional form, e.g.,

the quadratic cost function:

1 1 1
X1 = Y1Y2 gum (ao + By + B2y. + 5,311}’12 + 5,322}’22 + Eﬁlz)ﬁ * )’2>
1 2
+ Y14um (“1 +61y1 + 55113’1)

1
+ Y2 qum (az + V1Y + §V11y22 )

or the translog cost function:
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1 1
Inx: = ¥1¥2 3m <a0 + B1(Iny1) + B2 (Iny,) + 5311(171}’1)2 + Eﬁzz (Iny,)?
+ B12(Iny, * lny2)>
1 2
+ Vigum (051 + 81 (Iny1) + 5511(1")’1) )

1
+ Y24um (052 + y1(Iny,) + §V11(l")’2)2)

where y1¥5 1,00 V1 gym @04 V2 4., TePresents the dummy variable for the integrated firm with

two outputs, the specialized firm with only output y;, and the specialized firm with only output

y,, respectively.

The results from Essay 2 show evidence of economies of scope and scale. We reject the null
hypothesis when testing for shared technology for the different firm types, implying that the
standard quadratic cost-function approach is not recommended. Further, in one of the models,
we find a clear relationship between firm size and economies of scope, more specifically that
the cost of separating the vertically integrated firms is costlier for the smallest firms in the

industry.

Essay 3: Lost economies of scope and potential merger gains in the Norwegian electricity
industry

In Essay 3 I investigate what are the potential gains from merging the electricity distribution
companies in Norway. Most efficiency studies focus on what can be gained by a firm
improving, whereas in this study, I focus on the improvement on the industry level from firms
merging. Both Essay 1 and Essay 2 state that there exist economies of scale in the industry,
meaning that the industry would benefit from increasing the size of the companies in terms of
increased output. Because output is given, this means that companies must merge. In Essay 2,
we report that there exist economies of scope. Due to the change in the Energy Act of Norway
in 2016, we find that the separation of the integrated firms, producing both electricity and
distribution services, increases costs to the industry, implying lost economies of scope. If
disentangling generation and distribution of electricity will lead to more mergers of the
distribution companies, it is of interest to seek the potential gains in terms of cost reductions to

the industry from these actions. An efficiency analysis on the Norwegian electricity distribution
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industry, including the integrated firms that are affected by the amendments in the Norwegian
Energy Act, provides answers to the changes in costs to the industry. In a recent study on
potential merger gains in the Norwegian electricity industry, Saastamoinen et al. (2017) focus
on potential merger gains from companies that are located geographically close. Recently, there
have been mergers between Norwegian electricity distribution companies that were not located

geographically close.

Gauldaf Nett AS

Norge

Askay nett AS

Bergen

Oslo
* Follo Nett AS

sty Fredrikstad Nett A5

Goteborg

Figure 4. Map of South Norway. Norgesnett (four merged companies).

Figure 4 illustrates four Norwegian electricity distribution companies, Askoy Nett AS, Gauldal
Nett AS, Follo Nett AS and Fredrikstad Nett AS, which from July 1, 2018 merged into
Norgesnett AS. As can be seen, these companies are not located near to each other. I provide a
method of investigating the optimal merger combination to the industry where the restrictions
on proximity are relaxed. However, the results show quite small potential merger gains

compared with the loss in not utilizing economies of scope presented in Essay 2.

Essay 4: Disentangling costs of persistent and transient technical inefficiency and input
misallocation: The case of Norwegian electricity distribution firms

In section 1 of this introduction, the term efficiency was introduced. Note that this referred to
technical efficiency. Cost efficiency (CE) consists of technical efficiency (TE) and allocative
efficiency (AE). Formally, the relationship is CE = TE = AE. All firms that are located on the

frontier, are fully technically efficient. To explain AE, it is useful to start with the standard
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microeconomic theory on cost minimization. Let us assume that two inputs, x; and x, are
needed to produce output y. The input prices for inputs 1 and 2 are w; and w,, respectively.

The condition for cost minimization is given by

MPy, _W" 2
MP,, w,

where M ij, J = 1,2, is the marginal product of input j given by dy/dx;. The marginal rate of

MP L
Mpxl and measures the substitution between the two
x2

technical substitution (MRTS) is given by

inputs, which indicates how much input x, must increase to keep output y constant if input x;
is decreased (see Mas-Colell et al. (1995)). In Figure 5 (a), the cost-minimized solution for one
firm is described. At point A, the slope of the isoquant, given by the MRTS, equals the slope of
the isocost line, given by the input price ratio.!! In this situation, the firm has no misallocation
of inputs and is therefore allocatively efficient. However, it is not possible to tell if this firm is
technically efficient without measuring its relative performance against other firms. We do not
know the “true” frontier and so we need more firms to find the CE and to identify the TE. In
Figure 5 (b), there are six firms (A-F) that produce the same amounts of output. It is important
to note that the frontier is not exactly the same as the isoquant in (a). Whereas the isoquant
shows different combinations of inputs to produce a fixed amount of output for one firm (or
identical firms), the frontier in (b) shows the firms that have the lowest input to produce a fixed
amount of output. This means that firms E and F produced the same amount of output as the
other firms, but they used more input to do so. Firms A-D are all located on the frontier; hence,
they are technically efficient. However, only firm A is cost efficient and, therefore, both
technically and allocatively efficient. Firm F is allocatively efficient but not technically

efficient. Finally, firm E is neither technically nor allocatively efficient.

Cc w. ox w
BC=wixp+wyx, x5, =—"—"tx =-—~2=—--1
X2 Wy 0x4q ws
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Figure 5. Cost minimization and cost efficiency.

The CE for firm E in Figure 5 (b) can be measured by the ratio g—‘g. AE is measured by the ratio

. . ) . . oh
g—i and TE measures the distance from point E to the frontier given by the ratio Z—E. To

summarize, CE can be decomposed in the following way.

CE =TE x AE
0

0g Oh* 0g

OFE OE Oh

In Essay 4, we report that the costs to the industry arising from input misallocation ranges, on
average, from 9.0% to 11.3%. This means that, even if all firms in the Norwegian electricity
distribution industry where technically efficient, the cost in the industry would still be 9.0%-

11.3% too high.

Essay 4 makes some important contributions on the modeling aspect. Filippini et al. (2018)
argue that regulators may fail to set optimal efficiency targets if they are unable to identify
systematic shortfalls in managerial capabilities that generate persistent inefficiency and to
distinguish these from non-systematic management problems in the short run. Our findings
emphasize that future efficiency studies should disentangle persistent and transient technical
inefficiency. This is supported by Kumbhakar and Lien (2017). Further, in our study we also
include determinants for inefficiency, both in the persistent and transient components of

technical inefficiency.
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3 IMPLICATIONS ON DATA

As highlighted by Coelli et al. (2003), when doing empirical economics research, the first rule
is “garbage inn, garbage out”. This applies no matter the method used, whether DEA or SFA.
In the four essays presented in this thesis, the data are a crucial factor. It is a great advantage
that these data, are also used in the regulation model, meaning that the regulator and the

companies in the industry are also interested in the data being correct.!?

From the point of view
of the regulator and the companies, it is an advantage that the data are used in research because
the researcher probably will control the data carefully. The Norwegian data used in the
regulation models are open access, and the model, data, and results are published on the
regulator’s web site. This is not the case for this industry in all other countries. In the selection

of methodology, the availability of data and likely noise in the data play a key role.

A regulator can determine the amount of data, together with the details that the regulated
companies are obligated to report. There is a trade-off between the desire to obtain enough data
and the details needed for use in the regulation model or in empirical research, and the time and

effort that current companies must put in to provide the data required.

Capital can be a challenging input to define in empirical research, especially because the
characteristics of capital are not the same as for most other inputs. Most inputs like labor, fuel,
and power are purchased and transformed into output within one period of production.
However, capital is often transformed into output for many years into the future. This makes it
challenging to decide how the input should be measured in each accounting period. In electricity
transmission and distribution, investments in the power grid are expected to last for 20-30 years.
A common method to allocate the cost for all the years in the life span of capital investments is
to use the depreciation cost for each year. However, Coelli et al. (2003, p. 110) states that this
might be problematic.

e “Price inflation will make the quantities (that is, the depreciation cost) of new capital

items appear larger than identical capital items purchased in previous years.

e Different firms could assume different asset lives or use different depreciation patterns,

such as declining balance, or use accelerated depreciation to minimize tax payments. ”

12 Note that the data on generation of electricity in Essay 2 “Economies of scope and scale in the Norwegian
electricity industry” is not retrieved from data used in the model used to regulate the Norwegian electricity
distribution companies.
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These are valid points to keep in mind when performing analysis, and evaluating results based

on capital measures.

In the regulation model in Norway, NVE uses the following outputs: number of network
stations, number of customers and kilometers of network. These variables are the main cost
drivers in the industry. Because the outputs are exogenously given, it is reasonable to model
cost as input(s). In the current model, all costs are summarized into one input. Table 3 shows

the input factors in the current regulation model.

Table 3. Input factors in the DEA model used by the Norwegian regulator!?

Input Input price

Labor (number of man-years) Company specific average wage

Capital, book values (NOK)' Depreciation factor + ryyg

Goods and services (NOK) 1

Power losses (MWh) Base on Nord Pool Spot’s system price of power
Value of lost load (VOLL) 1

In applying parametric methods in our estimations, we were concerned about strong
multicollinearity between the three outputs. In Essay 1, we dropped number of network stations
from the analysis to avoid strong multicollinearity. Further, the danger of summing all inputs
into one measure of total costs is that we can hide low or negative correlation between some of

the cost elements.

It would be interesting for regulators and researchers to have datasets from different countries
and to compare the various methods of analysis on these different electricity data. Further, it
would be possible to measure the relative performance of the companies in one country against
companies in other countries. This would strengthen the estimated efficiency measures, and it
could provide useful knowledge about how well the regulators of the companies in the different

countries were performing.

Finally, in this section, I would like to comment on the development within business analytics.

It is interesting to consider how developments within areas such as “business intelligence,”

13 Source: Bjgrndal et al. (2010).
14 NOK = Norwegian Kroner. 1 GBP = 10.74 NOK, 1 EUR = 9.59 NOK, 1 USD = 8.19 NOK, on September 15, 2018.
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“artificial intelligence,” and “big data” might open up new possibilities within the collection
and control of data. Of course, “garbage in, garbage out” still applies. However, we expect that
these developments can have significant effects on the efficiency of collection, control,

analysis, and reporting of data by researchers, regulators, and companies.
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4 FUTURE RESEARCH
An interesting question to address for future research is to investigate which firms in the
industry have experienced technical change in recent years, and if there are differences

associated with characteristics such as the size of firms.

It would be valuable to conduct an economies-of-scale study on the Norwegian electricity
distribution companies within a spatial econometric framework to test the effect of the
neighboring companies on scale properties. Orea et al. (2018) present a method in which they
combine a spatial econometric approach with SFA to control for unobserved environmental

conditions when measuring efficiency of electricity distribution utilities.

Further, it is valuable for future merger analysis to develop a method that facilitates the testing
of all possible merger combinations. Currently, there are some problems in performing
efficiency analysis on an industry level applying parametric methods such as SFA. It would be
worthwhile to expand the range of empirical methodologies other than nonparametric methods

such as DEA to further test the existing merger results.

In Essay 4, we include determinants of persistent and transient technical inefficiency. An
interesting expansion on this modeling framework would be to include determinants for
allocative inefficiency. This would provide important knowledge to the industry on how to
identify the misallocation in the existing inputs, and how to find the optimal input mixture to

become allocatively efficient.

Finally, it would be interesting to check the ideas for future research that have emerged from
this thesis, as well as the answers provided through our analysis, against data from other
countries. To check for robustness in the methods and to compare results from the Norwegian

electricity industry against other countries, a cross-country study would be of value.
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5 CONCLUDING REMARKS

Because the electricity market in Norway and throughout the world has changed rapidly in
recent decades, and is likely to change further, there is a need for more knowledge on the
market, the industry, regulation models, and on methods on productivity and efficiency
analysis. The power network, as we know it today, may well change due to increasing needs
for power. Moreover, developments in the technology of solar and wind generation of
electricity—which have made remarkable progress, thereby resulting in lower costs—have
created greater opportunities for investments by private customers. An increase in the supply
of electricity by private investments is likely to affect the organization of the network and the
regulation of the industry in the future. It is unlikely that the transmission or distribution
network will become redundant, but if new solutions to the network begin to play a larger role
in the future, the need to regulate the distribution services is likely to increase to make the
system function. The work presented in this thesis expands our knowledge on the electricity
industry in Norway and contributes to broadening existing methods of analysis of efficiency

and economies-of-scale and -scope studies.
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ABSTRACT

In this article, we investigate scale economies in Norwegian electricity distribution companies
using a quantile regression approach. To the best of our knowledge, this is the first attempt to
apply this estimation technique when analysing scale economies. We estimate the cost elasti-
cities of the two output components: network length and number of customers, to calculate
returns to scale. Our results show large potential of scale economies, particularly for the smallest
companies. We also find that returns to scale is increasing over time. These findings have
important implications for policymakers when they are deciding the structure of the industry

in the future.

I. Introduction

In this article, we investigate whether there are any
unexploited economies of scale among Norwegian elec-
tricity distribution companies across company size. To
address this issue, we apply a quantile regression model
to a unique data set with detailed information on the
characteristics of the distribution companies over the
period from 2000 to 2013. To the best of our knowledge,
this is the first attempt in the literature to apply this
method when analysing economies of scale. The quan-
tile regression approach is particularly useful in our
context as it allows us to examine the economies of
scale across the whole distribution of companies. That
is, while ordinary least square estimates only provide the
mean effect of the output components, and a corre-
sponding mean estimate of any returns to scale, a quan-
tile regression model provides the corresponding effects
across all quantiles of interest (see, e.g. Davino, Furno,
and Vistocco 2014). It is, thus, a more flexible modelling
approach, which also will provide more relevant results
for policymakers as the effects can be examined directly
by company size.

Our results show that there is a large potential for
economies of scale in the Norwegian electricity dis-
tribution sector, and particularly so for small com-
panies. That is, the returns to scale estimates based

KEYWORDS

Norwegian electricity
distribution companies;
policymakers; economies of
scale; returns to scale;
quantile regression

JEL CLASSIFICATION
(C23; D0O; D39; D42; D29

on our quantile regression are, in general, higher for
the lower quantiles (the smallest companies mea-
sured in total costs), compared to the higher quan-
tiles (the biggest companies). This means that the
efficiency gains from increasing the output compo-
nents for small companies are higher than for big
companies. An implication of this finding is that it is
beneficial from a productivity point of view that
small companies should increase in size before big
companies do so. Put differently, small companies
should either expand or merge.

Our results also show that the returns to scale has
increased over time. This means that the companies,
in general, have become less productive and/or effi-
cient under the given regulations. This finding holds
across all quantiles, but particularly so for big com-
panies. For policymakers, this means that there may
be a need to revise the current regulations to change
this negative trend.

A range of studies already exist concerning econo-
mies of scale in the electricity distribution industry
(e.g. Giles and Wyatt 1993; Filippini 1996; Burns and
Weyman-Jones 1996; Kumbhakar and Hjalmarsson
1998; Yatchew 2000; Kwoka 2005; Farsi et al. 2010;
Tovar and Ramos-Real 2011; Alaeifar, Farsi, and
Filippini 2014) from Norway (e.g. Salvanes and
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Tjotta 1994; Fersund and Kittelsen 1998; Forsund
and Hjalmarsson 2004; Growitsch, Jamasb, and
Pollit 2009; Miguéis et al. 2011; Kumbhakar et al.
2015). The findings of these studies are somewhat
mixed, both around the world and in Norway, but
most provide at least some evidence of unexploited
scale economies, including the recent Norwegian
study of the period 1998-2010 by Kumbhakar et al.
(2015).

In this study, we model the electricity distribution
sector as a single-input multi-output production
process, characterizing the production process with
a cost function. To control for firm heterogeneity,
we introduce several environmental variables in our
models. Moreover, as the effects from the multi-out-
put production process may vary in size and nature
across the distribution of the total costs (TOTEX),
we use a quantile regression approach. This method
allows us to estimate a range of conditional quantile
functions and, hence, provides a more complete
picture of the conditional density of the covariate
effects.”!

The remainder of the article is organized as fol-
lows. Section II gives an overview of the Norwegian
electricity distribution industry. Section IIT presents
model specification. Section IV describes the
Norwegian electricity distribution data followed by
discussion of the econometric models and cost elas-
ticities in Section V. Empirical results are presented
in Section VI and Section VII provides our conclud-
ing comments.

Il. The Norwegian electricity distribution
industry

The Norwegian electricity sector has undergone sig-
nificant reorganization and restructuring. Until
1991, Norwegian national, county and municipal
governments largely owned the sector, with electri-
city generation, wholesale and retail supply, and
transmission and distribution activities more or less
woven together. The basic premise of the 1991
restructuring under the Energy Act was to unbundle
services in the value chain of delivering electricity to
consumers and to expose some parts of the industry,

including electricity generation, wholesale and retail
supply, to greater competition. As the distribution of
electricity displays the characteristics of a natural
monopoly, this part of the industry continued to
consist of monopoly producers, with each distribu-
tion company operating its own concession area (see
Salvanes and Tjotta 1998). As part of the 1991
Energy Act, Norway’s regulatory agency, the
Norwegian ~ Water  Resources and  Energy
Directorate (in Norwegian: Norges vassdrags- og
energidirektorat or NVE), regulates the distribution
companies. The purpose of the regulation is to intro-
duce competition through the regulation model
given that the companies do not actually compete
with each other directly. The regulation of the dis-
tribution companies works through a revenue cap
system. NVE uses Data Envelopment Analysis to
calculate each company’s efficiency level. The most
efficient companies constitute a production possibi-
lity frontier and all of the other companies get a
measure of efficiency in relation to this frontier.
The efficiency scores determine 60% of the revenue
cap which the regulator calculate for each company.
As discussed by Kumbhakar et al. (2015), until 2013,
the revenue cap regulation system was specified in
such a way that it discouraged mergers among the
distribution companies. The current structure of the
electricity distribution network is partly the result of
the preexisting structure of the locally owned, verti-
cally integrated and regulated power sector prior to
the 1991 reforms. Consequently, the discussion
above and the ongoing policy debate about the struc-
ture of the electricity distribution network in
Norway (e.g. Reiten, Sergard, and Bjella 2014)
make it interesting to question whether there are
too many distribution companies in Norway and
how we can best describe the economies of scale
across distribution company size.

lll. Model specification

Based on NVE’s current regulatory model, firm out-
puts in the Norwegian electricity industry consist of
the numbers of costumers, the length of wires to
transport electricity and the amount of electricity

"For example, the effects from the various outputs (such as length of network or number of customers) could be different in the lower and upper tail of the

TOTEX distribution.

The Skewness and kurtosis indicate that our dependent variable, total costs (TOTEX) and In(TOTEX) are not normally distributed. This is supported by the
Shapiro-Wilk test which rejects the null-hypothesis of normal distribution in both TOTEX and In(TOTEX). See Table A1 in the appendix for test statistics.



delivered. We assume that the outputs of distribu-
tion companies are exogenous, whereas cost is endo-
genous. The cost function is then given by

C=f(¥) (1)
where C is the total costs and Y; is the output
variables. By taking the natural logarithm of
Equation (1), we obtain

InC=Inf(Y;)+v (2)

The above cost function is made stochastic by
including the standard error term v. We define
returns to scale (RTS) as follows:

1
= 32, 0InC/dInY,

where > 0InC/0InY; is the sum of the cost elasticity’s

RTS (3)

for input 1 and 2.
By adding a time component (#) to the model, we
can find technical change (TC), defined as

olnC
ot
If TC is larger, equal or smaller than zero, it means
there exists positive, zero or negative technical
change, respectively.

TC = — (4)

IV. Data

The data comprise economic and technical informa-
tion on Norwegian electricity distributors from 2000
to 2013, as collected by the NVE and historically
used to implement income regulation in the indus-
try. In total, there are 1750 firm-year observations,
constituting an unbalanced panel of 133 Norwegian
distribution companies.

We specify a model with a cost function with two
outputs based on NVE’s current regulatory model.
The outputs are the length of network (N) and the
number of customers (Q), representing the main cost
drivers in the industry.” The output variable length
of nmetwork is the length of the (high-voltage)

APPLIED ECONOMICS (&) 3

distribution network in kilometres. The number of
customers is the total number of entities (both
households and firms) that pay the net rent tariff.
The endogen variable in our model is fotal costs
(TOTEX), and include capital expenditure
(CAPEX), controllable operational expenditure
(OPEX) and external costs of interruptions for
customer.? For the entire industry in 2013, total
costs were about 12.2 billion Norwegian kroner
(NOK),” while average total cost per company was
approximately 100 million NOK.® Furthermore, in
2013, total cost for the largest company (Hafslund)
was 1.4 billion NOK and only about 3.1 million
NOK for the smallest company (Modalen Kraftlag).

Table 1 presents descriptive statistics for the total
cost and output variables, all of which exhibit sig-
nificant dispersion (large standard deviations). We
include various environmental variables (repre-
sented by the Z variables in Table 1), which are likely
to have an impact on each firm’s total costs.
However, the output variables N and Q will also, to
some extent, capture the heterogeneity of firms. For
instance, it is obvious that the length of network
relative to the number of customers will be higher
in rural areas than in urban ones, because rural areas
generally have a lower population and a more dis-
persed pattern of settlement. By including the envir-
onmental variables, proportion of underground cables
(Z1), proportion of sea cables (Z2), proportion of air
cables (Z3), average slope in terrain (Z4), average
distance to road (Z5), number of islands (Z6), propor-
tion of deciduous forest (Z7) and coastal climate (Z8),
we control better for firm-specific costs and thus
firm heterogeneity.

V. Econometric models and cost elasticities

We use panel data, but to simplify the notation, we
omit the subscripti (i = 1,2,..., N) (indicating the
distribution  company) and the  subscript
t (t=1,2,...T) (indicating time). However, we

®In the regulatory model of NVE, the number of network stations (NT) is also included. However, as one referee pointed out, there is a strong
multicollinearity between the output variables. The variance inflation factors (VIF) between the output variables reduce from (NT = 42.76), (Q = 18.04),
(N =16.92) to (Q = 6.60), (N = 6.61) when we drop number of network stations from the model to avoid strong multicollinearity.

*CAPEX includes annual depreciations and return on book values including 1% working capital. OPEX includes operational and maintenance costs. External
costs of interruptions for customers consist of a cost of interrupted effect in the powerlines and losses per MWh (300 NOK). All distribution companies in
Norway are by law obligated to report numbers on production and costs; see the website of the Norwegian Ministry of Petroleum and Energy: https://
www.regjeringen.no/no/dokumenter/forskrift-om-okonomisk-og-teknisk-rappor/id507169/.

1 USD = 7.72 NOK, 1 EUR = 9.56 NOK per 1 February 2018.

®All costs are in 2010 NOK. The evolution of total costs from 2000 to 2013 is presented in Table A2 in the appendix.
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include the time variable (tf) in the model
specification.

In our models to be estimated, we
use C = TOTEX. Outputs Y, and Y, are now repre-
sented by N and Q, respectively.

We express the econometric specification of the

translog function (TL) as

InC=a+p,InN+B,InQ+0.58,(InN)*
+0.58,(1nQ)* + B (InNln Q) + St
+ 0-5ﬁ7(t)2 + Bs(In Nt) + B4(In Q1)
+ ﬁlOZl + [;IIZ2 + ﬁ1223 + ﬁl?)Z4
+ B14Z5 + B1526 + B1sZ7 + ;28
+v (5)

where InN, and InQ are vectors of length of net-
work and number of customers, for all distribution
companies over the sample period, respectively. «
and f,-f,, are parameters to be estimated. Z1-Z8
are control variables (the environmental variables).

Using this specification, we calculate the elastici-
ties for each cost driver as follows:

0lnC
8lnN=eN=ﬁl—l—/)’3lnN—i-/351nQ—|—ﬁ$t (6)
dlnC
Bing Q= Bt BilnQ+ BInN Bt (7)
and the corresponding RTS is given by
1
RTSy, = —— 8
e (8)

Firm heterogeneity, unobserved factors and fixed
effects

The data used in this study include several firm-
specific environmental variables. By introducing all
the eight environmental variables, we control for
firm heterogeneity. One could argue that to fully
control for possible unobserved factors such as eco-
nomic, organizational, regulatory and additional
environmental factors, one should estimate a fixed
effect model. However, our main focus in this article
is to show that the quantile regression approach is a
better method to analyse economies of scale for
various outputs components by company size. To
introduce fixed effects to the quantile estimation is
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problematic due to the number of observations.
Hence, we estimate our models by including the
environmental variables that control for firm hetero-
geneity. To check the robustness of our results, we
estimate three different models: fixed effect, true
fixed effect stochastic frontier analysis (SFA) and
finite mixture model (latent class model). The esti-
mated cost elasticities and RTS from each of the
models are presented in Table A7 in the Appendix.

Quantile regression and returns to scale

The estimate of RTS in Equation (8) draws on the
conditional mean (OLS) estimates in Equation (5).
However, in our case, it is particularly interesting
to consider the effects in the tails of the distribu-
tion of the dependent variable, which will reveal
the range of differences in the individual covari-
ates and the range of the values of RTS more
generally.

In the general case, the simple linear quantile
regression model is as follows:

Yi.q = Qg + ﬁqu + Eig (9)

where the distribution &;, is left unspecified.” The
expression for the conditional g (quantile), 0 < g < 1,
is defined as any solution to the minimization problem
(see Koenker and Bassett 1978):

i=1

rgiﬁn d (q — ly,gaq+ﬁqx,) (Y,- - (“q + ﬂq&))

(10)

where

1 IfY, < 05q+/3qu
0 otherwise

1Yi§‘xq+ﬁqxr = { (11)

The least absolute error (the conditional median) is a
special case, but the quantile regression method
explicitly allows us to model all relevant quantiles
of the distribution of the dependent variable.

In our case, we define the quantile regression
version of the TL cost function using the following
notation:

’Not to be confused with the standard error term from OLS, as the distributional properties are not intended to meet the same criteria as standard

regression models.
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InCy = ay + ﬁlﬂ InN + [5’2"1 InQ+ 0.5[337q(lnN)2

+ o.sﬁw(an)2 +Bs ,(InNIn Q) + Bt

+0.56, ,(t)* + By, (In Nt) + B, (In Q1)

T Br0gZl + B11gZ2 + P12 gZ3 + Pr3 24

T Br1qZ5 + BisgZ6 + Pr6gZ7 + Bi7 428

(11)
and the corresponding RTS for each quantile as
1

(enq + 2q)

where g is a given quantile between 0 and 1. The two
elasticities (enq, €qq4) are calculated in the same way
as Equations (6) and (7), but for each quantile.

RTSpq = (12)

VI. Results and discussion
Results for OLS TL function

We initially tested the translog cost function model
against the restricted and more parsimonious Cobb-
Douglas cost function model. Statistical testing,
using Wald likelihood-ratio tests (Wald 1943),
rejected the Cobb-Douglas model at the 1 per cent
level of significance. To account for heterogeneity
across distribution companies, we included firm-
specific environmental (Z) variables. This is because
it is important to account for firm-specific cost fac-
tors, including the impact on costs of demographic,
geographic and climatic factors (Growitsch, Jamasb,
and Wetzel 2012).

As shown in Table 2, the output elasticity of
length for network is 0.374, meaning that if you
increase the output value length for network by 1
per cent, the total costs will increase by 0.374 per
cent. For the number of customers, the cost elasticity
is 0.544.°

Evaluated at the means of the variables, RTS
exceed unity (1.089).” This suggests the presence of

Table 2. Cost elasticities and returns to scale.

Components Mean Std. error
Cost elasticity with respect to output

Length of network 0.374 0.009
Number of customers 0.544 0.013
Returns to scale (RTS) 1.089 0.001
Technical change (TC) 0.001 0.001

Heteroscedasticity consistent standard errors (Davidson and Mackinnon,
1995).

scale economies. In this context, our results support
existing findings for the electricity distribution sec-
tor in Norway (Fersund and Hjalmarsson 2004;
Growitsch, Jamasb, and Wetzel 2012; Kumbhakar
et al. 2015) and in Sweden (Kumbhakar and
Hjalmarsson 1998). However, as depicted by the
histogram in Figure 1, there is a large variation in
the RTS estimates across the companies. We inves-
tigate this further by applying quantile regression on
our model.

In Table 2, we also present the value of technical
change. The value is small, but positive, meaning
that the production possibility frontier ‘shifts up’
indicating that at least some of the distribution
companies gets more productive over time.

Results for quantile TL function

We estimate the model in Equation (12) for 19
quantiles ranging from 0.05 to 0.95. From all of the
observations in each quantile (1750 x 19), we calcu-
late the elasticities and take the median elasticity for
each quantile.'™"!

The upper panels in Figure 2 depict the parameter
estimates for each of the two cost drivers. That is, for
each of the two coefficients, we plot 19 distinct
quantile estimates. For each quantile, we interpret
these point estimates as the impact of a one-unit
change in the covariate on total costs, ceteris paribus.
We also plot 95% confidence intervals for the quan-
tile regression estimates."> In the traditional OLS
approach, we would obtain the average percentage

8Data and model specifications are available from the authors upon request. Test statistics are available in Table A3 in the Appendix.
°RTS > 1 is to be interpreted as follows: if you double your inputs, you will more than double your output. At optimal scale RTS = 1, meaning that if you

double your inputs, your outputs will also double.

"%For the interested reader, tables with mean, median, standard errors, p-values and confidence intervals for each quantile for each cost elasticity and RTS

are to be found in the Appendix, see Tables A4-A6.

"Note that since we apply panel data from 133 firms, ranging from year 2000 to year 2013, some of the firms that have changes in input and output values
can appear in different quantiles. However, since our goal is to estimate cost elasticities and RTS on the industry, this will not violate the results obtained in
our estimation. If someone would like to use this method to derive firm-specific measures, this issue should be handled with caution. By reducing the

number of quantiles, the number of ‘shifts’ will be reduced.

The 95% confidence intervals are computed by the Delta-method. The Delta-method is a method for deriving the variance of a function of asymptotically
normal random variable with known variance using a Taylor series expansion; see https://cran.r-project.org/web/packages/modmarg/vignettes/delta-

method.html#fn7 for more details.
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Returns to scale
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Figure 1. Histogram of returns to scale for all companies, estimated using the OLS translog function.
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Figure 2. Median cost elasticity of outputs (multiplied by —1) estimates and RTS across quantiles, based on the TL function. The

scattered lines are 95% confidence intervals.

cost increase for a 1 per cent increase in the cost
driver. For example, an OLS parameter of 0.2 (in
absolute terms) for the variable measuring length of
network (log(N)) could be interpreted as meaning
that for a 1 per cent increase in the length of network,
total costs increase on average by 0.2 per cent, ceteris
paribus. However, with our quantile regression
approach, we can now see how much total costs

will increase for a 1 per cent increase in any of the
covariates within each quantile.

As shown in the upper left panel of Figure 2, the
parameter estimates of the length of network range
from about 0.33 for the lower quantiles to about 0.44
for the upper quantiles. For the highest quantile, the
estimated cost elasticity for the length of network is
0.37. There is a small upward trend, meaning that
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the increase in costs associated with a 1 per cent
increase in the length of network is somewhat lower
for small distribution companies. The length of net-
work describes the size of the network for each firm
and an intuitive economic interpretation of this can
be that small distribution companies have spare
capacity, while larger distribution companies are
producing nearer their capacity limit.

In the upper right panel, we present the quantile
regression estimates for the number of customers.
We see, from the figure, that there are only minor
differences in the estimated cost elasticities across
the quantiles. For the smallest quantile and the
highest quantile, the range is 0.571 and 0.568,
respectively. The minimum cost elasticity of 0.501,
we find in the 0.8 quantile, gives the curve a some-
what u-shape. It is likely that the smaller companies
generally have their concession area in rural areas,
where the population is lower and settlement is
more scattered. Increasing the number of custo-
mers can then be more costly if any new customers
are located far from existing customers. In urban
areas where the larger distribution companies are
typically located, it is more common for households
to reside in closely located apartment buildings and
houses, so the dispersion of residences is generally
over a much smaller area. This can explain the
downward trend of the cost elasticities. However,
we see that for quantiles above 0.8, the biggest
companies, the cost elasticities are increasing with
firm size.

The lower right panel reports the RTS across
quantiles. As shown, the results indicate that there
is a potential for scale economies, particularly for
small companies. The RTS exceeds one for all quan-
tiles but is larger in magnitude for the smallest
companies. In this situation, firms should increase
production. If we consider the Norwegian electricity
distribution industry as an autarky with fixed exo-
genous given demand, the only way for distribution
companies to increase their production is to merge
with other distribution companies. Based on these
plots, we can conclude that there is large potential
for scale economies among Norwegian electricity

distribution companies, and particularly for small
companies."

We have checked the robustness of our results by
estimating three different models: fixed effect, true
fixed effect SFA and finite mixture model (latent
class model). We find that the mean values of cost
elasticities and RTS are robust across the three
model specifications. RTS exceeds unity in all
models."*

RTS development across quantiles over time

In Figure 3, we present the development in RTS
across the quantiles over time. As shown, the dif-
ference in RTS for small distribution companies
(lower quantiles) compared with large distribution
companies (higher quantiles) appears to decline
over time. For example, the range in RTS for
lower/higher quantiles is larger in 2000 than in
2013. The RTS for each quantile exceeds one in all
time-periods. This supports our earlier results, sug-
gesting that smaller distribution companies should
merge.

Figure 3 also show that RTS is increasing over
time, which is an interesting result. If we regard
firms with RTS greater than one as being too small,
then an increasing RTS over time suggests that the
firms are getting smaller and smaller relative to the
optimal scale over time."” One interpretation of this
could be that only some of the companies cause the
technical change (reported in Table 2). All the other
companies will then be less efficient as the frontier
shifts up. Due to the regulation, they have incen-
tives to increase their efficiency. To get more effi-
cient, the companies have to reduce their inputs
and keep the outputs constant. We regard the
demand for distribution of electricity services as
given, so to increase their outputs is not an option.
As the companies move towards the new frontier as
they are getting more efficient by reducing their
inputs, they end up further away from the point
of optimal scale. This will lead to an increase in
RTS.'°

'3All Data and R-code used in this analysis are available on request.
"The results are presented in Table A7 in the Appendix.

SWe would like to thank the referee who correctly pointed out that the increase in RTS over time could be affected by firms merging over time. Since we
use unbalanced panel data in our analysis, this could be the case. However, to check this we have also run the model with a balanced panel data, and the

effect on RTS increasing over time is higher; see Figure A1 in the appendix.

'*There are several reasons that firms experience different RTS (see, e.g. Coelli et al. 2005).
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Figure 3. Returns to scale (RTS) across quantiles and over time.

VIl. Concluding comments

In this study, we investigate scale economies in
Norwegian electricity distribution companies using a
quantile regression approach. We find potential for
scale economies and especially for the smaller compa-
nies. By applying quantile regression, we find how the
costs will be effected by an increase in outputs for each
quantile, meaning that we can tell how the results vary
with firm size. Our results show highest RTS for the
smallest companies, which suggests that the smallest
firms in the industry should increase their outputs.
Since the demand for distribution services is fixed, the
distribution companies cannot readily increase their
production of distribution services. This implies that
there are too many small distribution companies in
the Norwegian electricity industry and it would be
expedient if the smallest companies would merge. Our
results also suggest that RTS is increasing over time,
implying that it is getting more and more expedient,
from a cost minimization point of view, to increase
outputs for the smallest distribution companies. There
might be several reasons for RTS to increase over time.
One explanation supported by our results is that some
of the companies in the industry experience positive
technical change, while others do not. An interesting
question to address for future research would be to find
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out which firms in the industry experience technical
change, and if there are differences between firm size.
The electricity industry plays an important part in
the economy, not only in Norway but also in most
countries. This naturally leads to political debate. We
believe that this article brings useful knowledge
when political strategy and visions within the elec-
tricity industry are being compiled in the future.
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Table A1. Descriptive statistics and Shapiro-Wilk test for normal distribution.

Descriptive statistics Shapiro-Wilk test, Ho: normal distribution
Variable Skewness Kurtosis z p-Value
TOTEX 5.158 37.278 16.195 0.000
In(TOTEX) 0.841 3.835 9.958 0.000

Skewness and kurtosis indicate that our dependent variable (TOTEX) and In(TOTEX) are not normally distributed. This is
supported by the Shapiro-Wilk test which rejects the null-hypothesis of normal distribution in both TOTEX and In(TOTEX).

Table A2. Evolution of total costs (all prices are in 2010 Norwegian Kroner).

Year Mean SD Min Median Max CPI
Total costs; 2000 61,381 94,795 5682 28,335 665,174 1.617
1000 NOK (2010) 2001 75,068 137,870 5831 27,469 840,839 1.523
2002 75,494 134,700 3070 28,483 859,966 1.445
2003 73,841 129,683 2559 29,670 857,095 1.373
2004 88,041 189,225 2491 30,980 1,656,051 1314
2005 85,317 176,397 2695 30,215 1,436,703 1.261
2006 90,766 187,983 2399 31,316 1,523,005 1.204
2007 90,028 189,119 2691 32,995 1,620,911 1.148
2008 96,627 202,989 2807 33,707 1,716,352 1.088
2009 95,726 197,202 3066 37,414 1,748,090 1.042
2010 97,069 195,365 3059 35,365 1,637,310 1.000
2011 108,389 214,386 3306 40,438 1,660,168 0.964
2012 98,326 187,757 3162 37,881 1,614,091 0.934
2013 107,435 207,284 3447 41,636 1,634,736 0.903

The consumer price index (CPI) is retrieved from Statistics Norway, Table 03363-Other services with wages as dominating price factor. http://www.ssb.no/en.

Table A3. Wald likelihood-ratio test.
Wald likelihood-ratio test, Cobb—Douglas versus Translog function.
F DF p-Value
24.75 7 0.000

Table A4. Results of quantile estimation, cost elasticities for network length (N).

Std. error p-Value 95% Confidence interval

Median Mean (Delta-method) (Delta-method) (Delta-method)

0.05 0.329 0.324 0.025 0.000 0.275 0.373
0.10 0.359 0.354 0.016 0.000 0.323 0.385
0.15 0.359 0.353 0.014 0.000 0.327 0.380
0.20 0.378 0.371 0.018 0.000 0.336 0.407
0.25 0.375 0.369 0.022 0.000 0.326 0.413
0.30 0.373 0.369 0.031 0.000 0.307 0.430
0.35 0.393 0.391 0.033 0.000 0.326 0.456
0.40 0.406 0.405 0.037 0.000 0.331 0.448
0.45 0410 0.410 0.040 0.000 0.331 0.489
0.50 0415 0.415 0.037 0.000 0.342 0.488
0.55 0.402 0.402 0.031 0.000 0.342 0.426
0.60 0415 0.416 0.033 0.000 0.351 0.480
0.65 0411 0.412 0.032 0.000 0.350 0.474
0.70 0.409 0.410 0.029 0.000 0.353 0.467
0.75 0419 0.422 0.027 0.000 0.370 0.474
0.80 0.430 0.434 0.024 0.000 0.388 0.480
0.85 0.436 0.440 0.029 0.000 0.384 0.496
0.90 0410 0.415 0.032 0.000 0.353 0.477
0.95 0.368 0.378 0.025 0.000 0.329 0.426

The Delta-method is a method for deriving the variance of a function of asymptotically normal random variable with known variance
using a Taylor series expansion; see https://cran.r-project.org/web/packages/modmarg/vignettes/delta-method.html#fn7 for more
details.
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Table A5. Results of quantile estimation, cost elasticities for number of customers (Q).

Std. error p-Value 95% Confidence interval

Quantiles Median Mean (Delta-method) (Delta-method) (Delta-method)

0.05 0.571 0.582 0.061 0.000 0.725 0.965
0.10 0.556 0.566 0.060 0.000 0.738 0.972
0.15 0.553 0.562 0.063 0.000 0.736 0.984
0.20 0.539 0.547 0.074 0.000 0.710 1.000
0.25 0.542 0.548 0.077 0.000 0.654 0.957
0.30 0.543 0.547 0.070 0.000 0.653 0.927
0.35 0.526 0.527 0.080 0.000 0.564 0.880
0.40 0516 0516 0.074 0.000 0.547 0.837
0.45 0.516 0.516 0.071 0.000 0.461 0.738
0.50 0.514 0.515 0.081 0.000 0.409 0.726
0.55 0.525 0.525 0.068 0.000 0.392 0.657
0.60 0.515 0.515 0.076 0.000 0.328 0.626
0.65 0.517 0.516 0.078 0.000 0.248 0.555
0.70 0.520 0.519 0.069 0.000 0.230 0.501
0.75 0.511 0.510 0.072 0.000 0171 0.455
0.80 0.501 0.500 0.079 0.001 0.108 0.417
0.85 0.503 0.500 0.071 0.001 0.097 0.374
0.90 0.527 0.526 0.074 0.003 0.077 0.368
0.95 0.568 0.564 0.098 0.016 0.045 0.428

Table A6. Returns to scale (RTS) across quantiles.

Std. error p-Value 95% Confidence interval

Quantiles Median Mean (Delta-method) (Delta-method) (Delta-method)

0.05 1.110 1.104 0.018 0.000 1.070 1.142
0.10 1.092 1.087 0.007 0.000 1.074 1.102
0.15 1.097 1.092 0.008 0.000 1.078 1.108
0.20 1.091 1.089 0.008 0.000 1.075 1.106
0.25 1.091 1.090 0.010 0.000 1.071 111
0.30 1.092 1.093 0.011 0.000 1.071 1.116
0.35 1.088 1.089 0.009 0.000 1.071 1.108
0.40 1.084 1.086 0.008 0.000 1.071 1.104
0.45 1.081 1.080 0.008 0.000 1.065 1.097
0.50 1.076 1.076 0.009 0.000 1.059 1.094
0.55 1.079 1.079 0.008 0.000 1.063 1.096
0.60 1.075 1.074 0.008 0.000 1.059 1.090
0.65 1.077 1.077 0.008 0.000 1.062 1.094
0.70 1.076 1.077 0.007 0.000 1.063 1.092
0.75 1.076 1.072 0.008 0.000 1.057 1.090
0.80 1.075 1.070 0.009 0.000 1.054 1.088
0.85 1.065 1.063 0.010 0.000 1.044 1.085
0.90 1.067 1.062 0.010 0.000 1.043 1.083
0.95 1.068 1.062 0.009 0.000 1.045 1.082

Table A7. Cost elasticities, returns to scale and technical change for alternative models.

Finite mixture model®

Fixed effect® True FE SFA® 1 Class 2 Class
Model Class Mean Std. error Mean Std. error Mean Std. error. Mean Std. error.
Cost elasticity
Length of network 0.33 0.05 0.38 0.16 0.32 0.02 0.31 0.02
Number of customers 0.46 0.05 0.54 0.16 0.45 0.02 0.57 0.02
Returns to scale (RTS) 1.28 0.10 1.09 0.22 1.34 0.03 1.15 0.01
Technical change (TC) 0.003 0.002 —0.001 0.005 0.006 0.003 —-0.005 0.003

?Fixed effect panel data estimator.

bTrue fixed effect stochastic frontier panel data estimator by Greene (2005).

“Finite mixture model, or latent class model (McLachlan and Peel 2000). Total costs (TOTEX) is used as independent variable for class probabilities. The
average total cost for sample ‘1. class’ is NOK 21,080,000, while for ‘2. class’ is NOK 165,163,000.
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Figure A1. Returns to scale (RTS) across quantiles and over time. Balanced panel data. Number of observations reduces from 1750

to 1414,
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ABSTRACT

In this paper, we use panel data for the period 2004-2014 to investigate economies of scope and
scale in the Norwegian electricity industry, with a focus on the distribution and generation of
electricity. We examine economies of scope and scale in unbundled and vertically integrated firms
using both quadratic and translog cost functions. We implement a new method of estimating
economies of scope and scale in which the technologies for unbundled (specialized) and integrated
firms are different. Our results show evidence of economies of scope and scale which have
important policy implications.

Keywords: Cost function, Economies of scope, Economies of scale, Flexible technology
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1. INTRODUCTION

Traditionally, the organizational structure of electricity industries worldwide has been one of
vertical integration. Electric utilities have typically performed all services from generation to
distribution in the electric supply chain. Vertical integration creates the potential for economies of
scope, which may reduce the total cost of providing services. However, electricity industries
worldwide have undergone profound changes involving strict separation of these services. In
Norway, the main motivation for the unbundling of services is to increase competition in the
electricity industry, avoid cross-subsidization, and ensure the distribution system operators (DSOs)
focus only on network operations.

The deregulation and market reforms in Norway during the 1990s have led to a more
market-oriented environment. The basic idea behind the deregulation of this sector was to
introduce competition where possible, namely in generation and supply (retail). Distribution and
transmission services were regulated because they are natural monopolies. To promote efficient
markets, regulatory rules for unbundling were developed. Accounting unbundling was introduced
in the 1990s. The European Union’s Third Energy Package, which consists of directives aimed at
unbundling energy generation and supply interests from the distribution and transmission of
electricity, was adopted in 2009. The directives impose rules on legal unbundling for firms with
more than 100,000 customers. In 2016, the Norwegian parliament amended the Energy Act, with
the changes taking effect from 2021. The amended legislation will introduce legal and functional
unbundling for all firms involved in electricity distribution regardless of the number of customers.
Ownership unbundling was also considered, but found to be infeasible because ownership is

mostly public. Functional unbundling was introduced as an alternative solution, which implies that
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the distribution company shall have its own board separate from the other companies in the group
and reduces the possibility of interference with decisions made by DSO managers. In addition,
goods and services are required to be purchased in the market, not within the group. The rationale
behind these rules is to minimize the risk of cross-subsidization (which will lead to less-efficient
electricity markets) and strengthen the neutrality of the DSO in its operations (by limiting the
possibility of favoring other services in the group).

The new legislation will obviously reduce the potential for cost savings from economies
of scope. However, society is supposed to benefit from economies of scale and increased
competition in the power market. These gains might be greater than the loss from not utilizing
economies of scope. We believe that this view is held by policy makers because the new rules
were implemented without referring to any economies of scope studies for Norway or any other
country that generates electricity mainly from hydropower.

In our analysis, we examine how these rules affect the Norwegian electricity industry.
Baumol et al. (1982) pointed out that economies of scope can exist because of synergies in the
joint utilization of labor and capital. The type of labor required in the distribution and generation
of electricity might be quite similar. Furthermore, combining all elements of electricity supply into
one value chain from electricity generation to distribution may minimize production costs.
Examples of positive synergies are advertising and billing costs, and what Waldman and Jensen
(2001) called “massed reserves,” which means that multioutput firms can exploit the same reserve
capacity during emergency repairs and maintenance.

In this study, we estimate three random effects cost models using data from 212
Norwegian electricity firms observed over a period of 11 years. We estimate a quadratic and a

translog cost function using Triebs et al.’s (2016) flexible technology approach. The flexible

45



technology approach is useful because it gives a more realistic estimate for the effect of separation,
and is more realistic because it actually allows the technologies of integrated and separated firms
to be different. To compare results, we also estimate a common cost function model. For the scope
and scale measures, we do not follow the standard practice of presenting the results at the mean or
median values of output. In our analysis, we seek to identify the costs and benefits of separating
an integrated firm into two specialized firms to see how the new legislation for Norwegian
electricity firms will affect the economic situation in the industry. Economies of scope estimates
are often sensitive to the actual output values used in the estimation. Therefore, we present scope
and scale estimates for all combinations of output values from all 42 integrated firms in our dataset.

The remainder of the paper is organized as follows. Section 2 presents a brief survey of
the literature. Section 3 describes the model specifications and methods. Section 4 describes the
data and Section 5 presents the results. In Section 6, we present a summary of our main results and

conclusions.

2. LITERATURE REVIEW

It is somewhat surprising that considering its policy importance, there is little research on
economies of scope in the electricity industry in Norway. We are aware of only one recent report
from the Norwegian Water Resources and Energy Directorate (NVE) that briefly addresses the
topic of economies of scope in the Norwegian electricity industry. Nevertheless, NVE (2015) finds
that the operational costs of vertically integrated companies are 15% lower than those of other
companies. One reason for the lack of studies in this area may be that it is difficult to obtain data
suitable for analyzing economies of scope. By examining both economies of scale and scope, this

study provides new insights for both policy makers and the electricity industry.
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Although many scope studies have been conducted within energy markets in other
countries, including the markets for electricity, gas, water, and coal, only a few have focused on
economies of scope and scale in the electricity industry. Mayo (1984) and Chappell and Wilder
(1986) found evidence of economies of scope in the US electricity and gas markets. Fraquelli et
al. (2004) and Piacenza and Vannoni (2004) examined the Italian electricity, gas, and water
distribution markets, while Farsi et al. (2009) examined the corresponding Swiss markets. Garcia
et al. (2007) studied North American water utilities, and Carvalho and Marques (2014) studied
Portuguese water utilities.

Based on our knowledge, there have been five scope studies of US electricity markets.
Using cross-sectional data examining US electric utilities, Kaserman and Mayo (1991), Kwoka
(2002), and Arocena et al. (2012) used data from 1981, 1989, and 2001, respectively. Meyer
(2012a) and Triebs et al. (2016) examined the US electricity market with panel data covering the
periods 2001-2008 and 2000-2003, respectively. These studies provide empirical evidence for the
existence of significant economies of vertical integration between generation and
transmission/distribution in electricity supply companies. The scope estimates ranged from 4% to
27%.!

Four studies of economies of scope of the European electricity industry exist in the
literature; all of them used panel data. Jara-Diaz et al. (2004) analyzed Spanish electricity
generation and distribution companies for the period 1985-1996. Piacenza and Vannoni (2009)
examined the Italian electricity market for the years 1994-2000, while Fetz and Filippini (2010)

investigated Swiss generation and distribution companies for the period 1997-2005. Gugler et al.

! A summary of the most important previous empirical economies of scope and scale studies within the electricity
sector is presented in Table A1 in the Appendix. Meyer (2012b) provided a review of the theoretical and empirical

literature within the field of vertical economies and the costs of separating electricity supply.
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(2017) studied 28 electricity generation and transmission firms from 16 European countries for the
period 2000-2010. These European studies reported evidence of economies of scope, ranging from
6.5% to 60%, which is higher than the estimates for the US. As this brief review shows, no
scientific published economies of scope studies of the electricity market exist for Norway or
Scandinavia.

The estimation approach in the previous economies of scope studies mentioned above
(except Piacenza and Vannoni (2009) and Triebs et al. (2016)) used either a quadratic or a translog
cost function for each firm type (integrated and specialized firms), jointly or separately. The
quadratic function’s violation of the linear homogeneity (in input prices) property is discussed in
Farsi et al. (2008) and Triebs et al. (2016). We do not use input prices in our cost models because
there is no input price variation cross-sectionally in our data and the temporal variation can be
captured in the time dummies or the time trend in the models. In Norway, union agreements
regarding wages and social benefits are centralized at a national level. Thus, the assumption of
constant input prices across firms is a reasonable assumption in a small country such as Norway.?
As a result, homogeneity (in input prices) violation is not a problem in our models. In estimating
a cost function that includes multiple firm types jointly, a common technology among firm types
is assumed. The question is whether the technology used by the specialized utilities is identical to
that used by the utilities providing more than one service. If the technologies are different, and one
assumes a common technology, the results are likely to be invalid. For instance, results suggesting
the presence of economies of scope may actually be a result of scale economies. One way to get

around this issue is to perform separate estimations for each firm type. This allows the technology

2 For fixed input (factor) prices, the cost function is written as a function of outputs. For example, see Varian (1992).

Temporal variations in input prices are captured by the time dummies or trend included in the cost function.
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to be different between the firms, which may also affect the results through the firm’s ability to
utilize factors of production. Triebs et al. (2016) introduced a method that allows us to test for
differences in technology. Another advantage of this method is that it avoids the problem of zero
values for output in a translog function.? Previous studies have shown that replacing zero values
by some arbitrary number can influence the results (e.g., see Pulley and Humphrey, 1993).
However, the flexible technology approach introduced by Triebs et al. (2016) avoids the zero-
value problem by allowing the technologies of the specialized firms to be different from the
integrated firms.

In addition, there might also be a problem with zero values when using a quadratic
function. If the number of zero values represents a large proportion of the total number of sample
observations, the parameter estimates may be biased (Battese, 1997). This potential problem does

not arise in Triebs et al.’s (2016) approach.

3. MODEL SPECIFICATION AND METHOD

In this section, we describe the specifications of three models and the estimation method used in
this study. We start by describing Model 1, which uses a common quadratic cost function, followed
by a description of Models 2 and 3, which use a flexible technology approach (Triebs et al., 2016).
Model 2 is a quadratic cost function and Model 3 is a translog cost function. Before introducing
the models, we provide definitions of scope and scale economies. For economies of scope, we

measure the difference between the cost of one firm producing two outputs and the costs (sum) of

3 In scope studies, one or several outputs are zero for specialized firms. This is a problem in the translog function
approach because the logarithm of zero is not defined (missing values will be created). The common way to handle

this problem is to replace zero values with a small number.
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two specialized firms producing the same outputs (see Baumol et al., 1982; Panzar and Willig,
1981).* Economies of scope are measured as:

_ (cp(D)+¢6(6)-C1(D,G)
Scope = o) ! o

where Cp, (D) is the estimated cost for the specialized firms in distribution and is usually obtained
by setting the output of generation (G) to zero in C(D, G),i.e.,Cp(D) = C(D,0). Likewise for
the specialized firms in generation, the estimated cost is C;(G) = C(0, G), and for the integrated
firms with positive outputs in both distribution and generation, the estimated costs are C;(D, G) =
C(D, G). If the scope measure is positive (or negative), economies (or diseconomies) of scope
exist.

Following Baumol et al. (1982), global economies of scale in a multioutput setting are

defined as:

c(D,G)

aC(D,G) aCc(D,G)* (2)
b aD +G aG

Scale =

If the scale measures are greater than, equal to, or less than unity, the returns to scale (RTS) are

increasing, constant, or decreasing, respectively.

3.1 Model 1: Common Quadratic Cost Function

Electricity generation in Norway is mainly based on hydropower. In our analysis, we use panel
data, but to simplify the notation, we drop the subscripts i and ¢z, where i denotes the firm, i =1,...,n

and ¢ denotes time, ¢ = 1,...,t. The common quadratic cost function is specified as follows:

4 To avoid any confusion, in previous studies, the term “economies of vertical and horizontal integration” was used

instead of “economies of scope and scale.” We believe these terms are synonymous.
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1 1
C = ay + apDdum + a; Gdum + L + 5,Q + EﬁllLZ + EﬁzzQz
1 5 1 5 1 1
+ B3E + B4N + EﬁssE + 5,8441\7 + 5,81211 *Q + Eﬂ13L * E (3)

1 1 1 1
+§ﬁ14L * N +Eﬁz3Q * E +§ﬁz4Q * N +5334E * N

where C is total operational cost, and Ddum and Gdum are dummy variables representing the
distribution and generation companies, respectively. Kilometers of high-voltage network (L) and
number of customers (Q) represent the electricity distribution outputs D (L, Q). Megawatt hours of
produced electricity (E) and number of generators (N) are the outputs in electricity generation
G(E,N). Note that we allow the cost functions to differ only in the intercepts, i.e., ap and o are
coefficients for the dummy variables representing the distribution and generation companies,
respectively. The coefficients @ and a represent the fixed costs of only the distribution and only
the generation companies, respectively, over the fixed cost of both the distribution and generation
(integrated) companies.

A single cost function in eq. (3) is estimated using all the data (pooled) and then the costs
for the specialized and integrated firms are obtained from the estimated cost function by using
their respective output values. Thus, substituting eq. (3) into eq. (1), the scope measure from Model
lis:

1 1 1 1 1
@ot+ap+ag—B13LE+5B14L¥N+-Br3Q*E+5B24Q*N+- B34 ExN
C1(D,G) '

“

Scopeyoder1 =

If the numerator of eq. (4) is positive, economies of scope exist, meaning that an integrated firm
producing both outputs has lower costs compared with a situation where the production is
separated across two specialized firms. If the numerator is negative, diseconomies of scope exist,

meaning that costs are lower if we have two specialized firms compared with one integrated firm.
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3.2 Models 2 and 3: Flexible Technology Approach

In Model 2, we use a quadratic cost function and add flexibility to it by allowing the technology
to vary across specialized and integrated firms. We do so by introducing dummies for specialized

and integrated firms so that the technologies are different. Thus, the specification of Model 2 is:
1 1 1
C = Idum (“0 + BiL + B,Q + 5.3111'2 + EﬂzzQz + B3E + B4N + 5.3335'2

1 , 1 1 1 1

+ = BN + = P12L *Q + 5 P13l * E + - f1al * N + 5230  E
2 2 2 2 2
1 1

+§:824Q*N+§,834E*N) (5)

1 1 1
+ Ddum (aD + 61L + 52Q + ESlle + E622Q2 + 561214 * Q)

1 1 1
+ Gdum ((ZG + YIE + )/ZN +EY11E2 +EY22N2 +EY12E * N)

By introducing the dummy variables Idum, Ddum, and Gdum for the integrated firms and
the two specialized firms in distribution and generation, respectively, Model 2 in eq. (5) combines
three separate cost functions, one for each firm type. The dummy variable approach makes it
possible to estimate the three cost functions jointly.>

Model 3 is also specified using the flexible technology dummy variable approach as in

Model 2, but with a translog cost function. The specification of Model 3 is:

> This is equivalent to stacking the three cost functions and then estimating the stacked cost function as a single cost

function.

52



InC = Idum <a0 + B,(InL) + B,(InQ) + %ﬁll(lnL)z + %ﬁzz(an)z

+ Ba(InE) + B, (0N + 5 Boa (MEY? + 3 Byu(InNY? + fyInk. + InQ)
+ Bi3(InL * InE) + B14(InL = InN) + By3(InQ * INE) + B, (InQ * InN)
+ B34 (InE = lnN))

6
+ Ddum <aD + 6, (InL) + 6,(InQ) + %611(lnL)2 + %622(an)2 ©

+ 8;,(InL * an))
1 1
+ Gdum (aG + y,(InE) + y,(InN) + EYu(l"E)Z + E)/zz(lnN)2

+ Y1, (InE * lnN)>.

The three models presented in eqs (3), (5), and (6) are made stochastic by introducing the
error term u;. To control for firm heterogeneity, we include random effects in all three models.
Thus, in our estimation, we replace the constant terms «,, ap, and a; in Model 1 in eq. (3), Model
2 in eq. (5), and Model 3 in eq. (6) with €; = (a; + w;), where the subscript 7 =0, D, or G. w; is
a time-invariant, firm-specific random term that controls for firm heterogeneity.®” Note that we
omitted the time subscript from «; and both the firm and time subscripts from the variables in the

cost functions.

¢ The Breusch and Pagan Lagrange multiplier test for random effects (against a standard OLS regression) rejects the
null hypothesis at the 0.000 level of significance in all three models.

7'We have low intertemporal variation in some variables in our data. Thus, we are more interested in between than
within variation. In addition, we use an unbalanced panel where a portion of the sample has four or fewer
observations per firm (i.e., panel data with a short time-series component). In cases such as this, based on Clark and
Linzer (2015), a fixed effect model exacerbates measurement error bias and the random effect model is preferable.

The fixed effect model will therefore not be appropriate in our analysis.
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How can one estimate the model in eq. (6) given that there are no output data for the
generation (distribution) utilities? If one estimates the technologies separately, then no output data
on electricity generation (E = N = 0, meaning that the firm is a distribution utility) will be used to
estimate the technology for the distribution utilities. To mimic this, in estimating eq. (6), we
replace the output data for electricity generation (E = N = 0) for the distribution utilities by any
positive numbers so that the log of these numbers can be defined. These numbers then disappear
when multiplied by Ddum, and the model reduces to one, for which only the output data on the
distribution utilities are used; the same applies for the generation utilities. Furthermore, this
approach applies for any kind of functional form specified, including the quadratic model
specification in eq. (5). For further details, see Triebs et al. (2016).

The scope measure expression in both Models 2 and 3 is different from the scope measure
in the common quadratic cost function in Model 1 presented in eq. (3). From the general definition

(CDdum (D)+CGaum (G))_Cldum (D,G)
Cldum (D'G)

of scope in eq. (1), we obtain: . See Fuss and Waverman (1981) for

more on this.

The dummy variable specifications of the translog and quadratic cost functions make it
possible to test whether the common technology assumption in Model 1 is appropriate. We can do
this by performing a joint likelihood ratio test with the following restrictions on both Models 2 and
3:

B1 =561, B2 = V2 B3 = Y1, Pa = V2, P11 = 611, B2z = 822, B33 = V11 (7)
Bas = V22 -

Note that the technology, e.g., for the generation companies is obtained by imposing the above
restriction together with Gdum = 1, which also implies Ddum = 0 and Idum = 0. Failure to reject

the null hypothesis with the above restrictions indicates the presence of a shared technology for all
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firm types. The specification in Model 1 does not permit us to impose these cross-equation

restrictions and thus test for the presence of a shared technology for all firm types.

4. DATA

The data comprise economic and technical information on Norwegian electricity companies from
2004 to 2014 and are collected by the NVE.? In total, there are 1,494 firm-year observations
constituting an unbalanced panel of 212 Norwegian electricity companies. Table 1 presents the
descriptive statistics of the variables used in our analysis.

Total operational cost for each firm consists of the sum of material costs, salaries and
other personnel costs (including pension costs), other operating expenses, losses on receivables,
losses on disposal of fixed assets, internally priced services, and allocated overhead costs. All costs
are adjusted for inflation by an industry commaodity price index, where wages are the main cost.’
The output variables for electricity distribution are kilometers of high-voltage network (km
network) and number of customers. We also considered including the number of network stations
as a proxy for electricity delivered. However, this will cause multicollinearity between the output
variables. The ratio between the number of customers and number of network stations, and that
between the number of customers and km network, captures the same effect. In urban areas, the
number of customers is high compared with the number of network stations and km network, while
in rural areas, the situation is the exact opposite. The output variables for electricity generation are
electricity production in megawatt-hours (electricity MWh) and number of generators. In a scope

study, the minimum value of the output variables will naturally equal zero because by definition,

8 The data used in this study are confidential. Readers who want to gain access to the data must apply to the NVE for
permission; see www.nve.no for details.

° The price index was retrieved from Statistics Norway, Table 03363. http://www.ssb.no/en.
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specialized firms do not produce some outputs. The minimum values for distribution and
generation outputs in parentheses are the minimum output values, given that the outputs are not
Zero.

To control for time effects, we also include a time component in our estimation. Note that
because the cost function does not include input prices, which only change over time, the time
components capture input price effects as well as other effects (technical change) that shift the cost
function. In other words, technical change cannot be separated from any temporal changes in input
prices.

Our data consist of three types of firms: integrated firms with positive outputs for both
distribution and generation, and specialized firms that have positive output only for distribution or
generation. There are large variations in firm size in our data. For example, the lowest total
operational cost is 255,000 Norwegian kroner (NOK), while the highest total operational cost is

about 275 million NOK. Large variation also exists in the outputs.
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Table 1: Descriptive Statistics

Variable Mean St.Dev. Min Median Max
Total operating costs (1,000 NOK):

Distribution firms 30,773 37,364 4,126 16,117 274,822
Generation firms 19,065 20,054 255 12,272 146,887
Integrated firms (distribution and

generation) 30,754 21,213 2,485 22,952 91,701
Outputs distribution firms:

Km network 479 520 037 269 2,909
Number of customers 13,943 22,315 0(178) 6646 134,854
Outputs generation firms.

Electricity MWh 276,804 296,476 0(2,391) 134,428 1,081,649
Number of generators 8.07 9.73 2 5 68
Outputs integrated firms:

Km network 486 337 31 368 1,185
Number of customers 7,939 6,236 391 6,335 25,748
Electricity MWh 91,430 108,907 3,861 14,640 535,554
Number of generators 4.35 2.73 2 3 15
Time 2004 2014
Firm type observations:

Integrated firms (distribution and

generation) 316 observations, 42 firms

Specialized firms (distribution)

Specialized firms (generation)

671 observations, 77 firms

507 observations, 93 firms

Total firms 1,494 observations, 212 firms

Note: Numbers in parentheses are the minimum positive outputs for distribution and generation.
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5. RESULTS

Using the estimated parameters from the three models, we calculated the marginal costs at the
mean values of our data for each of the four outputs (Table 2). These are the derivatives of the
estimated cost function with respect to each output.!® In Model 1, we assume joint technology and
do not distinguish between integrated or specialized firms. All of the marginal costs have positive
signs as expected, but only km of network is significant at the 1% level. This result shows that
increasing km of network by one, will increase cost by 51.86 (1000 NOK), ceteris paribus. In Model
2, we use the flexible technology dummy variable approach, and even though the cost elasticities
for each firm type are presented in different columns, the three cost functions are estimated
simultaneously. Compared with Model 1, the estimated marginal costs of km of network in Model
2 are lower for both integrated and specialized firms in distribution. In Model 2, all but Number of
generators for the integrated firms are significant at the 5% level. In Model 3, we estimate a
translog cost function, meaning that the data are in log form. To simplify comparison across
models, we convert the cost elasticities to marginal costs for the results in Model 3. The marginal
cost for number of generators for the integrated firms in Model 3 has a negative sign, which is
counterintuitive. However, this is not statistically significant. In Models 2 and 3, the estimated cost
elasticities for the specialized firms in generation (electricity MWh and number of generators) are

significant at the 1% level.

19 For the interested reader, the parameter estimates are available in the Appendix (see Table A2).
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Table 2: Marginal Costs

Model 1 Model 2 Model 3
All firms Integrated  Distribution  Generation | Integrated Distribution  Generation
?Lr;“ network 51.86%* 30.00%* 27.71%%* 24.60%* 30.82%*
(8.63) (10.06) (5.11) (10.74) 6.77)
?u‘;rt‘;‘;f;‘;f(o) 031 1.24% 1.17%% 1.50% 0.76%*
(0.50) 0.57) (0.15) 0.57) (0.18)
f/}ff,g‘(cg)y 0.04 0.06* 0.04%* 0.02 0.03%*
(0.03) (0.03) (0.01) (0.02) (0.002)
Ne‘;‘fc‘f;g;’sfm) 905.96 400.90 999 57+ -321.01 1116.97**
g (665.31) (897.95) (139.17) (922.37) (122.32)
Observations 1494 316 671 507 316 671 507

Notes: Standard error in parentheses. ** and * indicates significance at 0.01 and 0.05 levels respectively.
Model 1: Quadratic function, combined, random effects. Model 2: Quadratic function, separate technology, random effects.
Model 3: Translog function, separate technology, random effects.
In Model 3, the data are in log-form but we have converted the results into marginal costs.

To test the restrictions presented in eq. (7) for Models 2 and 3, we perform a joint

likelihood ratio test. The test results are presented in Table 3. At the 5% significance level, we

reject the null hypothesis of shared technology in both Models 2 and 3. Thus, the results based on

a common technology are likely to be incorrect. In the reminder of the paper, we focus on the

economies of scope and scale results from Models 2 and 3.

Table 3: Test for Common Technology: Likelihood Ratio Test

Model 2 Model 3
Hy: x? DF P x? DF P

By =61

B2 =6,

Bs =71

Bs=72 22.83 8 0.005 | 47.64 | 8 | 0.001
P11 = 611

B2z = 62,

B3z = Y11

Bas = V22
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The natural policy question to answer from this exercise is “What are the costs or benefits
from separating one integrated firm into two specialized firms?” Alternatively, we could ask what
would happen to costs if two specialized firms became one integrated firm. However, this is not
relevant for the Norwegian situation. Policy makers have decided to change the Norwegian Energy
Act so that all integrated firms within the industry will be strictly separated into specialized firms
by 2021. In previous economies of scope studies, it is normal to either use median or mean values
of the data to calculate the scope measures. Alternatively, a two-by-two table that gives different
scope estimates for different combinations of output levels can be constructed. However, these
approaches are not always recommended because they are likely to use combinations of output
values that do not actually exist in the applied data set, and which might not even be realistic in
the real world.!"" To overcome this problem we calculated economies of scope by using the
parameter estimates combined with all actual output combinations for the integrated firms in our
data set. We retrieve 316 economies of scope estimates for each of the two models from an 11-
year period for the 42 integrated firms. The distribution of these 316 estimated economies of scope
measures for each model is presented in percentiles in Table 4. The 1% percentile estimate
represents the smallest 1% of economies of scope estimates from the distribution. For Model 2,
we see that the 1% percentile gives diseconomies of scope (—0.10), meaning that for these
integrated firms, costs will be reduced by 10% if they are separated into two specialized firms. The
scope measure differs between the models. In Model 2, we find economies of scope at the 25%

percentile and above while in Model 3, we find economies of scope at the 75% percentile and

! For the integrated firms in our data set, median L = 383.5 and median E = 53,016. However, this company (with
this output combination) does not exist in our data set. This output combination for distribution and generation

might not ever exist or might not even be feasible in the Norwegian electricity industry.
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above. At the median, the estimated economies of scope estimates are 10%, and —4% for Models
2, and 3, respectively.'?

Table 4: Economies of Scope Results for Integrated Firms

Economies of scope

Percentiles Model 2 Model 3
1% -0.10 -0.22
5% -0.08 -0.18
10% -0.05 -0.15
25% 0.02 -0.10
50% (median) 0.10 -0.04
75% 0.21 0.02
90% 0.38 0.12
95% 0.53 0.24
99% 0.92 0.47
Mean 0.18 -0.02
Standard deviation 0.37 0.13

Table 4 shows the distribution of scope estimates using all the real output combinations
for the integrated firms from Models 2 and 3. This gives us an overview of the present economies
of scope in the Norwegian electricity industry. However, it is interesting to determine what
characterizes the firms with diseconomies and economies of scope. In Figure 1, a plot of the
economies of scope estimates by firm size shows that there is a clear relationship between firm
size and economies of scope. Figure 1 uses the scope measures in Table 4, but we plot the mean
scope measures for each firm from each model against total operational costs (we use total

operational cost for each observation as a proxy for firm size for each time period in our data, 42

12 We also estimated the models without random effects, and the scope estimates in the models at median values
change from: Model 2: 0.10 (random effect) to 0.18 (pooled OLS), Model 3: —0.04 (random effect) to 0.07 (pooled

OLS). The economies of scope results increase in all three models if we do not control for firm heterogeneity.
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firms and 316 observations over 11 years). The scope estimates from Models 2 and 3 are presented
in the left and right panels, respectively. The solid black line in each panel is a fitted line between
economies of scope and total operational costs to show the trend in the results. In both models,
there is a negative relationship between firm size and economies of scope. For Model 2, there is
an unambiguous relationship between firm size and economies of scope. The largest economies of
scope estimates are for the smallest firms, meaning that the costs of separating an integrated firm
into two specialized firms are highest for the smallest firms. The bigger the firms, the lower the
economies of scope; in both models, we see that there are even diseconomies of scope for some of
the biggest firms, meaning that the operational costs will be lower if production is separated across
two specialized firms. In Model 3, there is no clear relationship between firm size and economies
of scope. Although there is a negative trend, we also note that even for the smallest firms, there

are both economies and diseconomies of scope.
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Figure 1: Economies of Scope and Firm Size Using Total Operational Costs as Proxy for

Firm Size

Scope model 2
Scope model 3
2
1

T T T T T T T T T T
0 20000 40000 60000 80000 0 20000 40000 60000 80000

Costs Costs

Notes: The solid black line is computed by locally weighted scatterplot smoothing (LOWESS).

To further investigate the firm’s characteristics, we examine the economies of scope
results for different output levels in our sample of Norwegian integrated firms. In Table 5, we
present the mean values of the scope estimates for the firms within each output combination. To
measure the output value for distribution of electricity, we use km of network, and for generation
of electricity, we use electricity in MWh. In the upper and lower parts of Table 5 we see the results
from Models 2 and 3, respectively. For Model 2, we can see the same trend in the results as that in
Figure 1, where we used total costs as a proxy for firm size. We find the highest economies of
scope values for the lowest output combination values, suggesting that the smallest firms in terms
of output, have the highest economies of scope. For Model 3, the results are more dispersed, as in

Figure 1, and we do not find a clear trend. The overall economies of scope estimates are lower
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those that in Model 2, and the highest diseconomies of scope are found at the lowest and the highest
output level combinations. The highest economies of scope estimates for Model 3 are close to the

median of the output distribution.

Table S: Economies of scope and firm output

Model 2. Distribution (Km network)

200 400 600 800 1000 1200
—_ 5000 51% (2) 18% (1) 10% (1) * * *
<
. § 10000 51% (6) 17% (13) 18% (4) * * *
N =
T < 20000 36% (13) 14% (22) 10% (9) * 1% (1) *
° 9
EO = 50000 28% (30) 10% (35) 8% (3) * -2% (8) *
—
2 100000 29% (2) 3% (20) 5% (12) -0.8% (12) -8% (10) -3% (10)
()
O 300000 * 0.7% (19) 9% (6) 4% (11) 11% (7) 7% (27)
Model 3. Distribution (Km network)
200 400 600 800 1000 1200
= 5000 -11% (2) -2% (1) 2% (1) * * *
. § 10000 2% (6) -5% (13) 5% (4) * * *
N =
T < 20000 6% (13) -4% (22) 2% (9) * -4% (1) *
° 9
EO b= 50000 -5% (30) -6% (35) 7% (3) * -6% (8) *
—
I 100000 9% (2) -5% (20) 2% (12) -3% (12) -10% (10) -18% (10)
()
O 300000 * 2% (19) -2% (6) -6% (11) -8% (7) -8% (27)

Notes: * means no observations.

In Table 6, we present the economies of scale results for the integrated and specialized
firms in distribution and generation from Models 2 and 3. The economies of scale estimates in
Model 2 follow the definition in eq. (2). For Model 3 with the translog function, we have used the
inverse of the sum of the cost elasticities to compute the economies of scale measures.'*> Except
for the smallest percentiles, both models show increasing RTS across all three firm types, which

is consistent with previous scale studies using data from Norwegian electricity distribution firms

1
(el1L+e11Q +el]E+el]N)’

B RTS =

where el;;, eljg, elig, and el;y are the cost elasticities for the integrated firms

considering the outputs L, Q, E, and N, respectively.
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(e.g., see Mydland et al., 2016; Kumbhakar et al., 2015). An interesting research topic would be
to examine how costs in the industry change if separating the integrated firms leads to more
mergers among the distribution companies.'* By doing a merger analysis, one could see whether
the cost savings from optimal merges can balance the loss of not utilizing economies of scope.

This topic is left for future research.

14 The regulated distribution companies can represent “safe income” for an integrated firm because 40% of the
revenue cap is decided by the costs in the distribution company. By unbundling distribution and generation into two
totally separated firms, one can avoid any cross subsidizations or anticompetitive behavior. This might lead to an

increased interest in merging more distribution companies.
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Table 6: Economies of Scale Results for Integrated and Specialized Firms

Integrated firms

Percentiles Model 2 Model 3
1% 0.82 0.82
5% 0.92 0.84
10% 0.94 0.92
25% 0.99 1.01
Median 1.07 1.29
75% 1.21 1.69
90% 1.79 2.12
95% 2.67 2.94
99% 2.99 2,65
Mean 1.95 1.70
St. dev. 2.82 1.64

Specialized firms, distribution

Percentiles Model 2 Model 3
1% 1.03 0.89
5% 1.04 0.98
10% 1.06 1.02
25% 1.09 1.12
Median 1.15 1.23
75% 1.26 1.36
90% 1.44 1.48
95% 1.58 1.53
99% 1.92 1.65
Mean 1.21 1.24
St. dev. 0.19 0.18

Specialized firms, generation

Percentiles Model 2 Model 3
1% 0.02 0.72
5% 1.10 0.76
10% 1.22 0.78
25% 1.33 0.85
Median 1.50 1.01
75% 1.81 1.31
90% 2.34 1.73
95% 2.83 2.01
99% 4.35 2.37
Mean 1.80 1.15
St. dev. 4.38 0.40
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6. SUMMARY AND CONCLUDING REMARKS

In our study, we found evidence of scope and scale economies in the Norwegian electricity
industry. Using the new flexible technology approach, we obtained consistent estimates of scope
and scale economies. One important point is that this approach provides the possibility to test
whether specialized and integrated firms share the same technology. By applying the flexible
technology approach for both the quadratic and translog cost functions using new data from the
Norwegian electricity industry, we examined how the results vary among the functional forms and
model specifications. However, we found a negative relationship between firm size in terms of
total costs, and economies of scope in our models, which suggests that for the smallest companies
in the industry, the policy decision on strict separation between generation and distribution is
costly. In Model 2 the results show that firms characterized by low output values in both the
distribution and generation of electricity have the highest economies of scope. In Model 3, we also
find evidence of economies of scope, but the firm’s characteristics in terms of output values are
not as clear as those in Model 2.

From a political perspective, it might be desirable to separate generation and distribution
because natural monopolies in electricity distribution are being regulated, whereas electricity
generation occurs in competitive markets. If unbundling distribution and generation leads to
increased competition, less cross-subsidization, and more productive DSOs, this might be
beneficial for the electricity industry as a whole. However, as this study shows, the policy decision
on strict separation also comes with a cost. Moreover, this cost seems to differ across firms. The
overall conclusion of this paper is that for the larger firms, there are no incentives to keep the firms

integrated, but for the smaller firms, distribution and generation should not be unbundled.
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In policy making, all pros and cons should be considered before a political action is taken.
One of the cons of introducing strict separation between distribution and generation of electricity
is the cost of not utilizing economies of scope. In this paper, we provide new insights into this
issue, and our results are useful for the formulation of future political strategy and visions within
the energy sector.

For future research, it would be interesting to combine the analysis on both economies of
scope and merger gains from utilizing economies of scale to determine how we can expect the cost
structure in the Norwegian electricity market to evolve. If the policy of separating integrated firms
into specialized firms leads to more mergers, the net cost changes might be positive in the long

run, provided that the companies utilize unexploited economies of scale.
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APPENDIX

Table Al. Summary of Previous Empirical Scope and Scale Studies of the Combined
Generation and Transmission/Distribution Electricity Companies

Author(s) Data Functional form Established Economies of scope and scale*
method
Kaserman Cross-section Quadratic cost function | OLS Economies of scope (EOS) = 0.12 (at
and Mayo (1981, US) mean)
(1991)
Kwoka Cross-section Quadratic cost function | OLS EOS = 0.27 (at median). Reports
(2002) (1989, US) substantial costs of vertical integration
and highest for the smallest utilities
Jara-Diaz et | Panel-data Quadratic cost function | Seemingly EOS =0.065-0.28. Economies of scale
al. (2004) (1985-1996, together with cost share | unrelated returns to scale (RTS) = 1.07.
Spain) equations regressions
(SUR)
Piacenza and | Panel-data Multiproduct & Nonlinear EOS =0.24. RTS = 0.96. Reports
Vannoni (1994-2000, multistage Box—Cox SUR findings of both vertical integration
(2009) Italy) transformed cost gains and horizontal economies of
function scope
Fetz and Panel-data Quadratic cost function | Random EOS =0.50-0.60 (at median). RTS =
Filippini (1997-2005, effects GLS 1.40-1.70 (at median). Presence of
(2010) Switzerland) and Random considerable economies of vertical
Coefficient integration and economies of scale for
model most companies
Arocena et Cross-section Quadratic cost function | SUR EOS =0.04-0.10. RTS = 1.01-1.03.
al. (2012) 2001, US) together with cost share Reports positive sample mean estimates
equations of both vertical and horizontal
economies
Meyer Panel-data Quadratic cost function | OLS EOS =0.19-0.26, when separating
(2012a) (20012008, generation from distribution and retail.
Us) Reports that if generation and
transmission remain integrated but are
separated from distribution and retail,
EOS =0.08-0.10.
Triebs et al. | Panel-data Flexible technology SUR EOS = 0.04 (0.40 when zeros are
(2016) (20002003, translog cost functions replaced by small numbers in the
US) with different common cost function model). RTS =
specifications 1.10-1.13. Reports evidence of
economies of scale and vertical
economies of scope.
Gugler et al. | Panel-data Multistage quadratic Nonlinear EOS = 0.14-0.20. Reports that at the
(2017) (2000-2010, 16 | cost function SUR median integrated utilities have EOS =
European 0.14 while large scale utilities have
countries) EOS =0.20.

*Estimates of economies of scale (measured by RTS) are for integrated firms.
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Table A2: Parametric Estimate

Model 1 Model 2 Model 3
All firms Integrated  Distribution Generation Integrated Distribution Generation
L 25.67 29.28 22.29 0.23 0.96
(7.68) (24.72) (8.77) (1.98) (0.98)
L*L -0.02 -0.04 -0.01 0.87 0.22
(0.01) (0.07) (0.01) (0.85) (0.37)
Q 1.50 1.16 1.52 -0.09 -0.99
(0.19) (1.07) (0.20) (1.74) (0.72)
Q*Q -0.000 0.000 -0.000 0.51 0.29
(0.00) (0.00) (0.00) (0.54) (0.24)
E 0.04 0.11 0.04 -0.04 -0.70
(0.01) (0.05) (0.01) (1.13) (0.31)
E*E -0.000 0.000 -0.000 0.01 0.09
(0.00) (0.00) (0.00) (0.09) (0.03)
N 758.60 367.60 782.46 -1.48 -0.49
(219.60 (1727.86) (222.34) (1.84) (0.39)
N*N -24.79 -266.76 -26.63 -0.04 -0.03
(6.46) (245.35 (6.44) (0.35) (0.09)
L*Q 0.001 -0.001 0.001 -0.64 -0.20
(0.00) (0.01) (0.00) (0.65) (0.28)
L*E -0.000 -0.001 0.09
(0.00) (0.00) (0.21)
L*N 4.40 19.03 -0.25
(3.36) (9.45) (0.43)
Q*E 0.000 0.000 -0.06
(0.00) (0.00) (0.18)
Q*N -0.17 -0.55 0.42
(0.00) (0.45) (0.34)
E*N 0.004 -0.03 0.004 -0.07 0.08
(0.001) (0.02) (0.00) (0.15) (0.04)
ap -368.50
(1,719.07)
ag 530.92
(2,046.40)
t -744.05 -495.12 -1049.50 -549.24 0.002 0.08 0.09
(317.06) (676.33) (470.86) (557.39) (0.09) (0.03) (0.04)
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t2 121.86 —65.04 225.46 34.34 0.003 0.004 -0.01
(54.45) (109.90) (81.90) (94.84) (0.00) (0.00) (0.00)
t*L 3.83 -0.72 2.24 -0.001 0.008
(0.63) (2.08) (0.86) (0.02) (0.01)
t*Q -0,16 0.12 -0.13 -0.007 -0.02
(0.02) (0.11) (0.02) (0.02) (0.01)
t*E 0.004 0.01 0.01 0.006 -0.01
(0.00) (0.11) (0.00) (0.01) (0.00)
t*N -38,84 35.07 -25.05 -0.001 0.02
(29.41) (203.19) (32.90) (0.02) 0.01)
Const. 2,930.17 4,088.680 3575.15 4317.90 7.85 8.28 10.40
(1995.43) (3,714.10) (1974.99) (2095.94) (6.64) (1.70) (1.75)
Observations 1494 316 671 507 316 671 507
Log-
likelihood Model 1: -15670.5 Model 2: -15654.7 Model 3: -304.37
R? Model 1: 0.89 Model 2: 0.89 Model 3: 0.82

Standard errors in parentheses. Model 1: Quadratic function, combined, random effects. Model 2: Quadratic function, separate
technology, random effects. Model 3: Translog function, separate technology, random effects.
R? is calculated as squared correlation between estimated and observed costs, which is the equivalent to R? from OLS.

In Table A2, we present the parameter estimates for the three random effects models.
Model 1 in the first column is a quadratic cost function and assumes shared technology between
the specialized and integrated firms. Models 2 and 3 are the quadratic cost function and the translog
cost function, respectively, both using the flexible technology approach. Note that even though the
parameter estimates for each firm type are presented in different columns, the cost function for
integrated, distribution, and generation firms is estimated jointly in both Models 2 and 3. In Model
1, the constant term refers to «, in eq. (1), and in Models 2 and 3, it refers to Idum, Ddum, and
Gdum from eqs (4) and (5). In both Models 1 and 2, we use a quadratic cost function, which means
that the estimation results are in levels. In the translog cost function in Model 3, we have taken the

log of the variables, and we cannot compare the results in Models 1 and 2 directly.
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ABSTRACT

In 2016, the Norwegian Parliament amended the Energy Act, with changes taking effect from
2021. The amended legislation will introduce strict separation of all generation and distribution
companies within the electricity industry in Norway. Economies of scope studies from Norway
show evidence of economies of scope. Further, the companies in the industry could utilize the
economies of scale potential if they merged. In this paper, we perform merger analysis to
investigate best- and worst-scenario outcomes regarding the cost effects in the industry from
the amendments in the Norwegian Energy Act. By providing a method of testing for optimal
mergers, we can present the best merger combination to the Norwegian electricity industry.

Keywords: Potential merger gains, Energy, Policy, Energy Act, Lost economies of scope,

Optimized mergers.
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1. Introduction

The organizational structure of electricity industries has been one of vertical integration.
Up until the Energy Act of Norway came into force on January 1, 1991, electricity utilities in
Norway performed all of the services in the power delivery value chain, from generation of
electricity to supply. In a vertically integrated utility, the management benefits in terms of both
short- and long-term planning by controlling the entire value chain. The main motivation for
the unbundling of services is to increase competition in the electricity industry, to avoid cross-
subsidization, and to make the distribution system operators focus only on network operations.

The deregulation in Norway during the 1990s have led to a more market-oriented
environment in the electricity industry. The basic idea behind the deregulation of this sector
was to separate the services in the value chain, regulate the monopolistic services of
transporting electricity to consumers, and expose others (generation, wholesale, and supply) to
competition. To secure efficient markets, regulatory rules for unbundling were developed. The
European Union’s Third Energy Package from 2009 consists of directives meant to effectively
unbundle energy production and supply interests from the distribution of electricity. The
directives impose rules on ownership unbundling for the largest companies in generation and
distribution of electricity. In 2016, the Norwegian Parliament amended the Energy Act, with
changes to take effect from 2021. The amended legislation will introduce strict separation of
all generation and distribution companies within the electricity industry in Norway. The main
motivations for these changes in the Energy Act are as follows. (1) To increase competition in
the market. Generation of electricity is exposed to competition whereas distribution of
electricity is not, because distributors have the character of a natural monopoly. However, if
the integrated firms (electricity firms with both generation and distribution of electricity)
prioritize the distribution of electricity from their own generation, this could lead to market

failure because integrated firms have an advantage compared with firms that only have
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generation of electricity (specialized firms). (2) To avoid cross-subsidization. Because it is not
possible to impose competition directly into the market for the distribution of electricity, the
regulator, the Norwegian water and energy directorate (NVE), make the distribution companies
compete in a benchmarking model. Sixty percent of the revenue cap (the total amount of
income each distribution company can charge their customers in net rent each year) is decided
by the efficiency score for the company. Forty percent of the distribution company’s income is
decided by the annual actual costs for each company. Because a portion of the company’s
income is decided by its actual costs, this might be regarded as “safe income” that, no matter
what, the company will retrieve from its customers. This can be problematic for the following
two reasons. First, if there is some cross-subsidization within the integrated firms, between
distribution of electricity and generation of electricity, this will decrease competition because
the integrated firms have some advantages over the specialized firms. Second, previous studies
of the Norwegian electricity distribution industry have shown that the distribution companies
are too small, and several of them should merge to utilize unexploited economies of scale in
the industry (Kumbhakar et al., 2015; Mydland et al., 2018a). If the possibility to cross-
subsidize and to prioritize their own generation of electricity leads the companies to be less
willing to sell or merge their distribution services with other companies, this is problematic
because the Norwegian distribution electricity industry does not utilize economies of scale. (3)
To make the distribution companies focus on network operations only. To concentrate on both
generation and distribution might be challenging. The policy makers believe that, by
unbundling generation and distribution, the leaders of the distribution companies will be more
able to focus on distribution services, and to increase efficiency.

Although all of the arguments above seem valid, we also know that the policy of
unbundling generation and distribution of electricity comes with a cost. Mydland et al. (2018b)

report that, on average, the costs increase by 8% if the generation and distribution of electricity

81



is strictly separated in the Norwegian electricity industry. This cost increase is caused by not
utilizing economies of scope.! The aim for this study is to seek the potential merger gains in
the Norwegian electricity industry for the 55 distribution companies that will be affected by
the changes in the Energy Act of Norway. To perform this study, we follow the framework
introduced by Bogetoft and Wang (2005), based on a standard data envelopment analysis
(DEA), imposing different model specifications and assumptions on returns to scale (RTS).
The remainder of the paper is organized as follows. Section 2 gives an overview of
previous literature. In Section 3, the framework and model specifications in this analysis are
presented. The data are presented in Section 4 and, in Section 5, the results are presented.

Section 6 provides conclusions.

2. Literature overview

There is only one recent published study on potential merger gains in the Norwegian
electricity distribution industry, Saastamoinen et al. (2017), which investigates potential
merger gains between all distribution companies in Norway. They use both DEA and StoNED
models to estimate potential merger gains. The study reports some merger gains and illustrates
that potential gains from the mergers may vary on the assumption of the regulatory model about
the production technology. Saastamoinen et al. (2017) seek merger gains between all
distribution companies in Norway, whereas our study seeks to find potential merger gains
based on data for the companies that will be affected by the amended Energy Act of Norway.
Further, Saastamoinen et al. (2017) concentrate on potential merger gains between firms
located geographically close.

In the Norwegian electricity industry, there exist examples of firms merging without any

! Economies of scope, sometimes called economies of vertical integration, means that one firm producing two
products can do this at a lower cost than if two companies produce one of the product each.
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geographical proximity. Hence, it is interesting to find potential merger gains without
considering geographical proximity. One could argue that, if mergers were beneficial for the
distribution companies in Norway, they would already be merged. However, there are only a
few examples of recent mergers between Norwegian electricity distribution companies. Even
if there are potential merger gains, they might not be feasible because the companies in the
industry do not consider them as beneficial. The ownership structure in the Norwegian
electricity industry consists of many municipalities. These might find importance in owning
their own distribution companies to have security of supply, secure jobs, and be able to control
dividends from the companies. However, some of the motivation for the policy makers to
introduce strict separation between generation and distribution of electricity is that the
distribution companies might be more willing to merge after the reform.

Whereas Saastamoinen et al. (2017) use data for the period 2004-2012, we add two more
years, 2004-2014.

Agrell and Teusch (2016) study the effect from realized mergers within the Norwegian
electricity industry in the period 1994-2004. They report only small gains from these realized
mergers. There are few merger studies within the electricity sectors also for other countries.
Bagdadioglu et al. (2007) look at Turkish electricity companies for the period 1999-2003.
Kwoka and Pollitt (2010) report no merger gains from US panel data for the period 1994-2003.
Celen (2013) also uses panel data from the US for the period 2002-2009 and reports no
evidence of merger gains. Almost all these previous studies apply DEA in their analysis. Only
Celen (2013) conducts the merger analysis with stochastic frontier analysis (SFA). As pointed
out in Bogetoft and Otto (2010), there are some problems with the SFA approach. The main
problem is that one cannot rule out a “learning effect” (explained later in this paper), and it is
difficult to identify the pure merger gains from the results from the analysis. Saastamoinen et

al. (2017) apply the StoNED model to their analysis in addition to the more common DEA
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model. Their analysis shows that the results are quite sensitive to model specifications and the

method of estimation. In Table 1, we present a brief overview of the previous studies.

Table 1. Summary of previous merger studies on the electricity distribution industry.

Author(s) Data Viewpoints Est. Merger gains*
method/
model
Bagdadioglu et | Panel data | Effects on DEA Yes
al. (2007) (1999— productive efficiency
2003,
Turkey)
Kwoka and Panel data | Effects on DEA No
Pollitt (2010) | (1994— productive efficiency
2003, US)
Celen (2013) Panel data | Effects on SFA No
(2002— productive efficiency
2009, US)
Agrell and Panel data | Effects on DEA Reports rather small gains from
Teusch (2016) | (1994— productivity realized mergers in the period
Working paper | 2004, efficiency from 1994-2004. Largest effect from
Norway) | realized mergers internal efficiency increases
within the firms
Saastamoinen | Yearly Effects on DEA, Reports some merger gains and
et al. (2017) average productivity StoNED | illustrates that potential merger
(2004— efficiency with gains from the mergers may vary
2012, different on the assumption of the
Norway) assumptions on the regulatory model about the
regulatory model production technology
and the production
technology

3. Model specification and conceptual framework

This section introduces the Bogetoft and Wang framework for measuring merger gains. In

our model, we use total costs as an input measure because, in distribution of electricity in

Norway, the demand and, hence, the outputs are exogenous.
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3.1. Mergers

The merger gains can be explained by the reduction in costs relative to the outputs, after
one or more companies have merged. This is what is called unadjusted gains, and it can be
decomposed into several measures. Following Bogetoft and Wang (2005), the unadjusted gains

are defined by

oc(3,) 1 L

where c(.) is the estimated cost function; y* is the output vector for the i-th company; x* is the
actual costs for the i-th company; and H denotes the set of merging companies (|[H| = 2 means
that the measure shows the effect of two companies merging). If E¥! is less, greater or equal to
unity, it indicates potential gains, losses, or no effect from the mergers, respectively.

The learning effect is each company’s individual learning effect, meaning the potential to
be more efficient. Hence, this is not linked to the merger. Therefore, in our study, we rule out

this effect. The learning effect is given by

LEY = ZkEHc(y") /ZREH"R @)

By ruling out the learning effect, we get the adjusted gains, which is given by

P =e(Z) 50

The adjusted gains can further be decomposed into the harmony effect and the size effect. The

harmony effect is given by

0 =< (120" | (12 0) “

where we find the possible reduction in the average input in the production of the average

output. The size effect is given by
1
s e(3 )1 (el 3, )
keH |H| Leen
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The learning effect LE! is a measure of the cost reduction when we assume that every firm
learns best practices (become efficient) but do not merge with any other firm. HA" is the
harmony effect and is a measure of the minimal cost of the average output vector compared
with the average of the costs adjusted for LEY. The size effect SI'' is a measure of the cost of
operating at full (merged) scale compared with operating at average scale of the original firms.
The harmony effect, also called the scope effect, is linked to the ability of the companies to
better utilize inputs after the merger, whereas the size effect, also called the scale effect, is the
movement toward optimal scale from a merger. By using equations (4) and (5) above, we can
readily see that E* = HAH x SIH.

It is easy to illustrate the conceptual framework of potential merger gains. In Fig. 1, we
see two initial firms (A and B) and their production possibility set. There are two outputs (y;
and y,) relative to costs (x). If firms A and B merge into firm C, the unadjusted merger gains
in equation (1) correspond to the distance between C and C’’. However, we want to rule out
the learning effect, see equation (2), meaning firm A’s and B’s movement to the frontier to
point A’ and B’, respectively. The adjusted (true) merger gains in equation (3) correspond to
the distance between C’ and C’’. This measure can further be decomposed into the harmony
effect (equation (4)) and the size effect (equation (5)). Note that under constant returns to scale

(CRS), the size effect is zero, hence, E* = HA".
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Fig. 1. Conceptual framework merger gains.
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3.2. DEA estimator

To find the estimated costs and the efficiency scores for each firm, the following
minimization problem must be solved:

min e
el 2K

(6)
K
y% < Z Aky]k, Vi=1,..,n
k=1
Ak >0, vk=1,..,K.

This is an input-oriented DEA model, similar to the DEA model used in the regulation of
the Norwegian electricity distribution companies by NVE. The input orientation is because we
assume the outputs to be exogenous (demand is fixed), meaning that the companies can only
adjust their inputs (costs) to be more efficient. In (6), CRS is assumed, as in the regulator model.
From the regulators standpoint, it might be desirable to treat all the firms the same in regard to
size, hence, CRS is appropriate. This gives the firms incentives to merge if they are too small
or split up if they are too big. However, variable returns to scale (VRS) might be more realistic
to the actual technology in the industry. To implement VRS in the model, the convexity
constraint A¥ > 0 changes to YA¥ = 1. Introducing decreasing returns to scale (DRS) or
increasing returns to scale (IRS) would favor the small or the large firms, respectively, and is
therefore not interesting in this analysis.>

By solving the minimization problem in equation (6), we find the piecewise linear

2 DRS (IRS) are sometimes referred to as non-increasing (non-decreasing) returns to scale.

3 The free disposable hull (FDH) and the free requirement hull (FRH) are two more possible assumptions on
scale (not always called DEA-models). However, to implement these assumptions, the convexity constraint
must be avoided; see Bogetoft and Otto (2010).
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production frontier illustrated in Fig. 2. The frontier is determined by the efficient companies
(VRS) or company (CRS). All deviations from the frontier are regarded as due to inefficiency.
Therefore, all companies represented by the black dots, along the frontier in Fig. 2, are 100%

efficient, and all companies below the frontier are less efficient.
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Fig. 2. Illustration of DEA.

3.3. Adjusting for firm heterogeneity

The Norwegian electricity distribution companies are operating in different environments.
The weather conditions, the amount of rainfall/snowfall or the steepness of the terrain are
examples of variables that can affect the costs of the firm. To take the environmental variables
into account, but still following the Bogetoft and Wang (2005) framework, the costs are
adjusted. To do this, we follow the procedure by Barnum and Gleason (2008). By finding the
parameter estimates for the environmental variables by using a cost function model, the
observed costs in our data can be adjusted:
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Inx,=a+9%;0+1z;6 +u; (7)
where y; is a vector of logged output values for the i-th firm; @ contains the parameter
estimates; z is the vector of the environmental variables; and & is the vector of parameter
estimates for these variables, which gives the effect on costs from the environmental variables.
The observed costs are adjusted, as indicated in the following equation:

X; = exp(In(x;) — z;"6) = x; exp(—z;'6) (8)

4. Data

The data include yearly averages for 55 integrated firms during the period 2004-2014.
There are two main reasons why we use average data instead of yearly data. First, by averaging,
we reduce the effect of noise in the data; see Kuosmanen et al. (2013). Second, by using yearly
data, we would obtain potential merger gains at different points in time. This would be difficult
to analyze and to give meaningful conclusions. Further, the regulator in Norway also applies
average data to secure a more stable cost frontier; see Amundsveen and Kvile (2016).

The integrated firms have positive outputs in both generation and distribution of electricity
over the whole period. However, in this analysis, the aim is to investigate potential merger
gains between the distribution companies. In Table 2, descriptive statistics for the costs and
outputs for these firm’s distribution services are presented. The outputs representing the main
cost drivers in the industry are the number of network stations (NT), the length of network (N),
and the number of customers (Q). Length of network is the length of the (high-voltage)
distribution network in kilometers. The number of customers is the total number of entities
(firms and households) that pay the network tariffs. The single input is fotal costs (TOTEX).
For the entire industry in 2013, fotal costs were about 13.5 billion Norwegian kroner (NOK).*

whereas total cost on average was approximately 110 million NOK. In 2013, the largest

41 USD=8.53NOK, 1 EUR = 10.01 NOK on July 3, 2018.

90



company (Hafslund) had a total cost of 1.6 billion NOK while the smallest company (Modalen
Kraftlag) had a total cost of only about 3.4 million NOK. Considering the outputs and costs of
the firms in the industry, it is clear that there are large variations in firm size. In Table 2, the
environmental variables are also included, and there is large variation in the different variables
describing the environment in which each company operates. For example, the length of
network (km) range from about 32 km to over 6,000 km, and the environmental variable that
gives the proportion of sea cables shows a range from 2% to 30%. For underground cables, the
range is from 24% to 51%, and so on. This shows the existence of firm heterogeneity for which

we should control.

Table 2. Descriptive statistics. Yearly average 2004-2014.

Variables Label Mean SD Min Median Max
Number of network stations NT 507 511 30 318 2,974
Length of network, in km N 484 469 34 329 2,938
Number of customers Q 8,334 10,077 385 4,961 56,758
Total costs, 1,000 NOK (2010) TOTEX 48,738 51,631 2,912 31,610 285,327
Firm-type observations 55 distribution companies that are

integrated firms (positive outputs in
both generation and distribution of

electricity)
Environmental variables
Underground cables Z1 0.24 0.11 0.07 0.21 0.51
Sea cables 72 0.02 0.04 0.00 0.01 0.30
Overhead cables 73 0.09 0.09 0.00 0.06 0.39
Average slope of terrain 74 11.38 3.54 4.69 10.98 22.22
Average distance in km to road Z5 281.20 232.50 84.69 178.86  924.09
Number of islands 76 2.80 5.76 0.00 0.00 25.00
Deciduous forest 77 0.09 0.09 0.00 0.05 0.31
Coastal climate 78 0.17 0.42 0.00 0.02 2.30
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4.1. Pairwise mergers based on minimal distance

In this study, pairwise mergers of the 55 electricity distribution companies are examined.
First, the mergers are decided by minimization of the geographical distance between all the 55
distribution companies. This is done by listing all possible combinations (55*54 / 2 = 1485
combinations) and then finding the 27 pairs that gives the total minimum distance in kilometers
when each firm is only merged once.’

In Fig. 3, the map of Norway with all the pairwise mergers is presented. The map shows
the 27 mergers decided by minimization of geographical distance. Because we have 55
companies, and due to the large distances between distribution companies in the north of
Norway, we find that around Alta, three companies are merged. We want to find out how the

cost in the industry is affected if all these mergers where implemented.

5> The distance is measured by using the haversine formula, see Robusto (1957).
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Fig. 3. Geographical presentation of pairwise merges by minimization of geographical

distance. (South of Norway left. North of Norway right.)

4.2. Pairwise mergers based on maximum cost reduction

Because we have examples of mergers between distribution companies in Norway that are not
located geographically close, it is also interesting to find the potential merger gains if we
optimize the merger combinations while relaxing the geographical restrictions, meaning that
one merger can consist of two companies located in different parts of the country. By doing
this, we can find the total maximum potential merger gain in the electricity distribution industry
in Norway. Hence, the goal is to maximize the sum of gains from all the pairwise mergers.
While keeping the initial frontier constant, we run all the 1 485 possible combinations

of pairwise mergers. By sorting the result on potential merger gains, we can find the maximum
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cost reducing combination of potential merger gains when each firm is only merged once. This
gives us approximately the optimal potential pairwise merger gains from the companies

included in this analysis.®

5. Results

5.1. Potential gains from pairwise mergers based on minimal distance

In this section, the potential merger gains from the DEA analysis where geographical
distance is minimized are presented. The analysis is conducted with the assumptions of CRS
and VRS in the model. In addition, in both assumptions on technology, the models are
estimated with initial observed costs and with observed costs adjusted by the environmental
variables, following the procedure described in equations (7) and (8). This gives us four
different DEA models.

The results from the four model specifications in this analysis are presented in Table 3. In
the first column, the results from the CRS model with observed costs are presented. In the
second column, the results from the CRS Z model with adjusted costs are presented. When
assuming CRS, the size effect will, of course, be zero. It does not matter how big the companies
get after the merger because returns to scale are constant. Therefore, in the CRS models, we
see that E* = HA. In a convex function, HA will, by construction, always be less than or equal
to one; see equation (4). Here this means that HA will never be less than zero (the cost reduction
is non-negative). Hence, because E* = HA, the size effect when assuming CRS will never be
different from zero. For the two CRS models, the E* is the interesting result, and we have

presented the minimum, maximum, mean, and median values of the potential merger gains on

6 Let v(i, k) be the merger gains from merging firm i and k. In theory we can have a situation where
v(i, k) +v(j,1)>v(i,j)+v(k, 1) evenif v(i, j) gives the highest pairwise merger gains. In our analysis v(i, j) will
be chosen first, making v(i, k) and v(j, I) not possible.
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cost reduction. The standard deviation is also presented to show the variation in the results. At
the bottom of each column, we have calculated the total cost effect in 1000 NOK to the industry
if all mergers presented in section 4.1 were realized. The mean value for the CRS model shows
that the potential merger gains gives a reduction in cost of 1.18%, the maximum cost reduction
1s 3.79%, whereas the minimum value is zero. We see that the total potential merger gains from
these firms merging (see Fig. 3) represents a cost reduction of about 27 million NOK. In the
CRS_Z model, where the environmental variables have been used to adjust costs, we see that
overall the effect on reduced costs is lower. The total potential cost reduction to the industry is
10.5 million NOK.

In the VRS and VRS Z models, we see that the mean results of E* in both models gives a
cost increase to the industry. However, we can also see that the median represents a cost
reduction in the industry. We can observe that the minimum value is very high, meaning high
cost increases. In the two models where we assume VRS, the harmony effect can be different
from the adjusted gains effect because the size effect now also applies. We see from the
harmony effect that both the mean and median in the VRS- and the VRS Z-models are positive,
meaning cost reductions. The size effect is negative at the mean but positive at the median. The
minimum value in the VRS model gives a cost increase of almost 43% and 21% in the VRS Z
model. The total cost effect on the industry is negative in both VRS models owing to the gains
for several mergers being negative, meaning it will lead to a cost increase for these companies
and the industry, (cost increase of 116 million NOK in the VRS model, and a cost increase of

40 million NOK in the VRS Z model).
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Table 3. Potential gains from pairwise mergers based on minimal distance

CRS CRS Z VRS VRS Z
B
Min 0.00% 0.00% —35.40% —17.85%
Max 3.79% 2.39% 8.24% 6.19%
Mean 1.18% 0.67% —3.04% —0.10%
Median 1.11% 0.23% 2.23% 1.92%
SD 0.0011 0.0072 0.1073 0.0571
HA
Min 0.00% 0.00% 0.00% 0.00%
Max 3.79% 2.39% 6.20% 7.67%
Mean 1.18% 0.67% 1.97% 1.60%
Median 1.11% 0.23% 1.64% 1.11%
SD 0.0011 0.0072 0.0168 0.0185
SI
Min 0.00% 0.00% —42.81% —20.53%
Max 0.00% 0.00% 4.62% 4.12%
Mean 0.00% 0.00% —5.04% —2.41%
Median  0.00% 0.00% 0.92% 1.48%
SD 0.0000 0.0000 0.1183 0.0649
1000 NOK 27,631 10,467 —116,564 —40,072

Notes: E* = Adjusted merger gains; HA = Harmony effect; SD = standard deviation; SI

= size effect.

Negative numbers mean cost increases whereas positive numbers mean cost reductions

to the industry.

The results from the VRS models tell us that several of the suggested merger combinations
will lead to high cost increases if the mergers are being completed. Further, this indicates that
some of the firms are too big initially to have any positive effect on a merge with another firm,
which is surprising because these firms are natural monopolies. This also contradicts the
findings in other studies on scale economies on the Norwegian electricity distribution industry;

see Kumbhakar et al. (2015) and Mydland et al. (2018a). However, the findings in this analysis
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correspond to the results in Saastamoinen et al. (2017). They report very high size-related
diseconomies (cost increases) in both the DEA and the StoNED models when assuming VRS.
This might suggest that the assumption of VRS is not an appropriate assumption with respect
to the technology of the firms in this merger analysis. The Norwegian regulator assumes CRS

in the regulation model because this gives the firms incentives to merge if they are too small.

5.2. Potential gains from pairwise mergers based on maximum cost reduction

In this section, we focus on the results from finding the optimized merger combinations in
the CRS and the CRS_Z models. In Table 4, the results from the optimized mergers are
presented. Because we assume CRS technology, the SI effect will be zero, and, thereby, the
HA effect will be equal to E*. We, therefore, drop HA and SI from the presentation in Table
4. Note that the merging firms are not necessarily the same in the CRS and the CRS_Z models.’
It is an interesting result that even when we optimize the merger combinations, we still find
that some mergers will give zero effect on costs. However, compared with the situation where
the mergers were decided by minimal geographical distance, we see that these results give
higher cost reductions to the industry. In the CRS model, we find that if all these mergers were
implemented, the total cost reduction in the Norwegian electricity distribution industry would
be 68 million NOK and 28 million NOK in the CRS Z model. When we adjust the costs by
the environmental variables in the CRS_Z model, we see that the potential merger gains are
lower. This is because when we adjust the cost for the environmental variables, on average, the
cost for each firm reduces by about 22%. This means that we reduce the cost base and the

potential gains with respect to cost reductions before we run the DEA merger analysis.

"Figs. Al and A2 in the Appendix show which companies are merging in each model.
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Table 4. Potential cost reduction from optimized merger combinations. CRS and CRS Z.

CRS CRS Z
B
Min 0.00% 0.00%
Max 11.28% 6.50%
Mean 4.08% 2.13%
Median 4.51% 2.11%
SD 0.0342 0.0175
1000 NOK 68,369 28,388

Notes: E* = Adjusted merger gains.

6. Conclusions

This study provides insight into the potential merger gains for the electricity distribution
companies in Norway that are affected by the changes in the Norwegian Energy Act. The
results show evidence of potential merger gains for some of the companies in this study.
However, the potential gains are not very high. The sum of the costs for all firms included in
this study is about 2.5 billion NOK. When we optimize the merger combinations, the highest
total potential merger gain on costs to the industry is about 68 million NOK. This represents a
potential cost reduction of less than 3% from the total costs in the industry.

Mydland et al. (2018b) reports that, on average, the costs will increase by 8% if generation
and distribution of electricity are strictly separated in the Norwegian electricity industry. This
means that, by comparing the results from these two studies, we see that the losses from not
utilizing economies of scope, will lead to a cost increase in the industry, even if all the
suggested optimized merger combinations were implemented. The potential merger gains are
only one of the reasons for the action of the policy makers to amend the Energy Act of Norway.
However, this seems to be an important reason in justifying the new reform taking effect from
2021 for all electricity companies in Norway.
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To find the optimal mergers in this study, we have relaxed the restriction on the
geographical proximity by checking all possible pairwise merger combination across Norway.
This gives us the optimal mergers within the Norwegian electricity distribution industry. In
future work, it would be interesting to see the potential merger gains if also the restriction on
pairwise mergers where relaxed. By finding potential merger gains from companies merging
with more than one company, we might find different potential merger gains.

In this study we hold the initial frontier constant while performing the merger analysis on
all companies in the Norwegian industry. In reality the frontier might shift if one or several
merges would happen between some of the firms in the industry. If so, then the results from a
merger analysis on the other firms in the industry, that has not yet merged, might change. It
would be interesting to do a merger analysis where we take into account that mergers between

firms might affect the potential merger gains for other firms.
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Appendix

Finland

Fig. A1. CRS. Optimized mergers, with assumption on constant returns to scale.
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Finland

Fig. A2. CRS_Z. Optimized mergers, with assumption on constant returns to scale where costs

are adjusted for environmental variables.
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Abstract

Numerous studies have focused on estimating technical inefficiency in electricity distribution
firms. Most of these studies did not distinguish between persistent and transient technical
inefficiency. Furthermore, almost none of the studies estimated the cost of input misallocation
arising from non-optimal use of inputs. The cost function used to model inefficiency assumes
that all firms are fully efficient allocatively, which is a very strong assumption.

In this study, we estimate both the persistent and transient components of technical
inefficiency and input misallocation of Norwegian electricity distribution firms, using panel
data from 2000 to 2016. Our modelling and estimation strategy is to use a system approach,
consisting of the production function and the first-order conditions of cost minimization. Input
misallocation for each pair of inputs is modelled via the first-order conditions of cost
minimization. We also estimate the costs of each component of technical inefficiency and input
misallocation by deriving the cost function for a multiple-output separable production
technology. Our modelling and estimation strategy handles endogeneity of inputs. Finally, we
allow for the determinants of persistent and transient technical inefficiency. Our results show
that the costs of input misallocation of Norwegian electricity distribution firms are non-

negligible.

Keywords: Cost and production functions, Allocative and technical inefficiency, Determinants

of inefficiency, Norwegian electricity distribution firms

JEL Classification: C31; D21
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1 Introduction

Application of stochastic frontier analysis (SFA) to study inefficiency of electricity generation
and/or distribution firms has overwhelmingly focused on technical inefficiency. It is often
assumed that all firms are fully allocatively efficient, that is, there is no input misallocation
(under or overutilization) that results from failure to minimize costs exactly because of some
institutional, structural, and managerial problems. Furthermore, few studies go further to
distinguish between persistent (long-term/time-invariant) and transient (short-term/time-
variant) technical inefficiency. There is also a lack of empirical research investigating the extent
to which these omissions matter. The purpose of this paper is to address these questions using
panel data for Norwegian electricity distribution firms.

Electricity distribution firms in Norway have the characteristics of natural monopolies within
their service territories. As a part of greater market orientation introduced to the industry during
the 1990s, the firms are regulated. The Norwegian regulator, Norwegian Water Resources and
Energy Directorate (NVE), uses a benchmarking model to estimate each firm’s technical
efficiency score, while not identifying input misallocation. The efficiency scores, as the
regulator calculate for each firm, determine sixty per cent of the firms’ revenue cap. From a
regulator’s point of view, the main focus is to motivate the firms to increase productivity and
efficiency without going into micro management. However, in reality, the firms could reduce
costs in production by changing its input allocation. This could be important for the society, the
consumers of electricity and the owners of the electricity distribution firms. Because the NVE’s
regulation model is a one-year model, it does not distinguish between transient and persistent
technical efficiency. Again, this might not be a direct problem within the task given to the
regulator, but if the goal is to minimize overall (economic) costs, one should distinguish
between different sources of inefficiency because it is likely that the solution to the sources of

inefficiency might differ, and disentangling these sources might influence the overall technical
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inefficiency score. Also ignoring persistent inefficiency, for example, might affect the estimates
of the technology. In this study, we apply panel data that make it possible to disentangle
persistent (time-invariant) and transient (time-variant) inefficiency. Ignoring input
misallocation can be more serious (see Kumbhakar and Wang, 2006a) because the estimated
technology parameters may be inconsistent.

Previous studies that estimate both technical inefficiency and input misallocation have
widely adopted the dual approach that utilizes the duality between the cost and production
functions. However, estimation of a cost function with both technical inefficiency and input
misallocation is quite complex (Kumbhakar and Wang, 2006b). Estimation of the production
function alone cannot accommodate input misallocation. The alternative is to use a primal
system that uses the production function and the first-order condition for cost minimization.
Schmidt and Lovell (1979) used this approach, which is flexible enough to incorporate both
technical inefficiency and input misallocation, and costs therefrom. However, they used a
Cobb-Douglas (CD) production function. Subsequently, Kumbhakar and Wang (2006b)
extended their modelling approach and used a translog production function. Although they used
panel data, their model is essentially cross-sectional. An advantage of this approach is that in
addition to estimating technical inefficiency and input misallocation, the model takes into
account endogeneity of inputs. Some studies have used the production function and the first-
order conditions for profit maximization or a profit function and the implied demand system
using Hotelling’s lemma to estimate the profit loss from each component (see Kumbhakar et
al., 2015 and references therein). This approach takes into account endogeneity of both inputs
and outputs. Another approach is to study the observed demands to determine whether these
are the cost-minimizing demands consistent with observed prices. Alternatively, one can seek

to find the set of prices that would make observed demand cost minimizing. In all of the

108



described approaches above, a number of variations have been presented over the years (for
more details, see Kumbhakar, 2015, ch. 8, and Greene, 1993).

To the best of our knowledge, there exists only one recent SFA study on technical
inefficiency and input misallocation within the electricity distribution industry. Nemeto and
Goto (2006) used a CES cost frontier to study technical inefficiency and input misallocation in
the Japanese electricity transmission and distribution industry. Using panel data of Japanese
utilities for the period 1981-1998, they reported that technical inefficiency raises costs by 1—
28%, while input misallocation raises costs by 8-30%.

Our approach is an extension of Kumbhakar (1988), and it involves estimating a production
function frontier together with the first-order conditions of cost minimization. Kumbhakar
(1988) introduced a flexible functional form of production technology, which permits elasticity
of output to vary across firms, and introduced input misallocation separate from random errors
in optimization. In our paper, we consider some extensions of the Kumbhakar (1988) model to
study inefficiency in the Norwegian electricity distribution industry where we disentangle
persistent and transient technical inefficiency and at the same time estimate input misallocation
for each pair of variable inputs. We also estimate the costs of each of these inefficiency
components. Furthermore, our model allows for multiple inputs and outputs, handles
endogeneity of inputs and includes the determinants of persistent and transient technical
inefficiency.

Our study has two main contributions. First, we extend the sparse SFA literature on
modelling both technical inefficiency and input misallocation in electricity distribution
industries. Second, we extend the modelling and estimation approach by including additional
inefficiency components, decomposing them into persistent and time-varying components and

also include inefficiency determinants for both of these.
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The remainder of the paper is organized as follows. The model specifications and estimation
method are described in Section 2. Section 3 describes the data, and Section 4 presents the

results. In Section 5, we present a summary of our main results and concluding remarks.

2  Model specification and estimation method

2.1 The model

We consider the production function used in Kumbhakar (1988) extended to accommodate a

generalized error specification
F(Y.,) = ] x%) g wio—uittvie 1
( Lt) 24 Hj:l jit e ( )

where Y;, is output for firm i and time ¢t (i = 1,---,N; t = 1,--,T), X; are inputs (j = 1,--+,]),
and a, and q; are the parameters to be estimated.! v;, is the noise term that captures exogenous

shocks unknown to the producer, u;, is persistent inefficiency and u;; is transient inefficiency.
We extend the model to incorporate a multiple-output separable production technology.

Assuming a translog functional form of F(Yi); that is
InF(Y;) = InYyy + BylnYyy, +% BslnYyy - InYoy, (2)
and substituting (2) into the log form of (1), we can rewrite (1) as
InY1ie + BalnYy; +% BsinYy - InYoie = Inag + Z§=1 ajlnXj — ujo —uie + v (3)

If inputs are exogenous, direct estimation of the production function parameters is possible

by the maximum likelihood method using distributional assumptions on the inefficiency and

! This is referred to as the generalized production function and was introduced by Zellner and Revankar (1969).
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noise components when there is a single output. However, for regulated industries such as the
electricity distribution firms that we consider, output (outputs) is (are) treated as exogenous,
and inputs are endogenous.? In this case, estimating equation 3 will result in inconsistent
parameter estimates, even if there is a single output. If outputs are exogenous (not a choice
variable), maximization of profit is the same as minimization of cost. Since the distribution
industry is a service industry, and outputs then are exogenously determined, it is a standard
practice to estimate the technology using the dual cost function. One can then use the duality
results to derive the underlying features of the production function. For the production function
in equation 1, one can derive the cost function analytically. That is, from the parameters of the
cost function, we can derive the parameters of the production function, and vice versa.

From microeconomic theory, the firm is said to be allocatively efficient (no input
misallocation) if it equates the marginal rate of technical substitution between each pair of

inputs with the ratio of input prices. We therefore model input misallocation as

MPy.

jit _ ki (M) et j = 2,--- ] 4)

MPXlit Wiit

where the factors of proportionality kj; are firm and input specific, 1;;; are random errors in
cost minimization, M PXﬁ . are the marginal products of Xj;, and wj;, are the input prices. Apart
from input misallocation that arises from a non-optimal mix of inputs, the equation underlines
the fact that some inefficiency may also arise from uncontrolled random exogenous shocks;
e.g., uncertainty in input and output prices, quality of inputs, etc. Solving X;;; from equations
(3) and (4) yields the input demand functions (see Appendix A3) that can be used to derive the

cost function, which is

2 For example, the output of Norwegian electricity distribution companies is decided by their customers. This
means that there is no point for the companies to increase their amount of distribution services, if the customers

do not demand this increase.
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1 1 1
lnClt - _; (lTl 0{0 + Z§=1 O{J ln 0(1) + ;(l’l’lyllt + ﬁzlnYZit + E ,B3l1’lY1it . lTlYth) +
1 . 1 1 1
" Zf:l aj In wji, + In(ay + Z§=2 a; e i) +- Z§=2 a; Njit +;(ui0 +ui) — ” (Vie) + Ej¢
(5)

where
Eqx= In| +3Y_a; (ke ]_|_l Y _oailnk;— 1 [ +y/ e min)] (6
it njia; j=24j /( ji€ ) Y &j=2 a; N Kjj nja; ]=2(aj e )| (6)

From the expression of the cost frontier in (5), it is evident that any kind of inefficiency leads
to an increase in cost. The cost of technical inefficiency is given by % (u;o + i), whereas the
cost of input misallocation is given by (6). As the derivation of the cost function uses the FOCs
of cost minimization, the resulting cost function depends on input misallocation, and persistent
and transient technical inefficiency. In particular, the above cost function shows the amount of
cost (normally) increase because of input misallocation, and persistent and transient technical

inefficiency. Once the relevant parameters are estimated, the increase in cost because of input

misallocation, and persistent and transient technical inefficiency can be computed for each firm.

2.2 Estimation method

Equation (3) can be rewritten as (Appendix Al)

Xji
Xy = 80+ L)y §jin (F22) + pulntiie + wolnYaie + pslntiye = InVie + € (7)

1 1 1 1 .
where €; =u;, +u; +v; , Ujp= ;uio,uz‘t = JUin Vie = Vit andy = ™ From this
1

. . §j ,
specification, we can compute a; = —§;-y = —H—’for j=1,...J,a; =y — Z§=2 a; =
1
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i (1 + Z§=2 5j), and y = Z§=1 a;j, where y defines the returns to scale (RTS). Similarly, the

FOC:s for cost minimization (equation 4) can be expressed as

ueie) =y 4 g4
In(==2)=y,+6; +n (8)

Xjit'Wjit

a1

where y; = In (a—> for j =1,...,] (see Appendix A2). The parameter 6;; can be directly
J
calculated as éji = In6,, — 7;, where [né,, is the average across time of Indj; ie.,

%Zle In&j;;, where Indj;; = In <%) Furthermore, 6;; = Ink;;, which implies kj; =

exp{Hﬁ}. This allows us to estimate 1;; = Ind;;; — 7, — HAJL We can therefore substitute the

parameter estimates of a;, k;; and 7;; into (6) to calculate the cost of input misallocation. The

cost of technical inefficiency as defined earlier is the sum of persistent inefficiency (u;,) and

Xjit

transient inefficiency (u;;). Note that in (8), we find that are functions of input price ratios

X1it

. . . ~ Xijit . . . . . .
and input misallocation. Thus, ¥;;; = xL in (7) is exogenous as long as input misallocation is
1it

independent of u;; and v;;, which is a common assumption. Therefore, we can estimate (7)
without any endogeneity problems because our outputs are exogenous. However, estimation of
(7) will not help us to estimate the cost of input misallocation.

In our study, we define the composite error term ¢&;; in (7) across four different model
specifications. The numeraire input (X;) in all the models is capital. Model 1 is the SFA model
with a normal distribution of the noise term (v;;) and half-normal distribution of the efficiency
term (u;;) (Aigner et al., 1977). Model 2 is the “true fixed-effects” (TFE) model with
determinants for inefficiency, whereas Model 3 is the “true random-effects” (TRE) model with
determinants for inefficiency (both introduced by Greene, 2006a, 2006b). Model 4 is a

generalized TRE (GTRE) model with determinants for inefficiency (Badunenko and

113



Kumbhakar, 2017; Lai and Kumbhakar, 2018; Lien et al., 2018). The model specifications are

summarized in Table 1.

Table 1: Econometric specification of stochastic frontier models

Model 1 Model 2 Model 3 Model 4
&t it = Ui + Vi g =bitup+vy  Er=bitwet+vi & =bi+uptu;tvy

Firm effect b;~fixed parameter b;~iidN(0, o b;~iidN(0, o7

Noise v ~iidN (0, 02) v ~iidN (0, 62) v ~iidN (0, 62) v ~iidN (0, o2)

Transient u ~iidN*(0,0%) uitNiidN+(0lo—1%(Zit)) uit~iidN+(0, Uf(zit)) uit~iidN+(0, Uf(zit))

inefficiency = N*(0, exp(8yo = N*(0, exp(8y0 = N*(0, exp(8yo

+ 64 7it)) + 6,5 7it)) + 6,4 7ir))
Persistent ui~iidN*(0,02(z))
inefficiency =N* (0‘ exp(Yy0
+9.,2))

Main Aigner et al. (1977) Greene (2006a, b) Greene (2006a, b) Badunenko and

reference(s) Kumbhakar (2017), Lai
and Kumbhakar (2018),

Lien et al. (2018)

Details on the estimation issues can be found in the relevant papers (main references) cited
in Table 1. Model 1 corresponds to the specification in Kumbhakar (1988), and we include this
as a benchmark in our study. This model does not account for the panel structure of the data.
Models 2 and 3 are panel data models that separate firm heterogeneity from transient
inefficiency. The former models firm heterogeneity as a fixed effect, whereas the latter models
it as a random effect. Both models specify the time-invariant component (b;) as firm
heterogeneity, whereas, for example, in Kumbhakar and Heshmati (1995) this is considered as
persistent inefficiency. Model 4 is a generalized version of the TRE (Model 3). It decomposes
the error term into four components, where the first captures random firm heterogeneity; the

second, persistent inefficiency; the third, transient inefficiency; and the final, random shocks.
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Models 2 and 3 allow for determinants of transient inefficiency, whereas Model 4 in addition
allows for determinants of persistent inefficiency.

Models 1 and 2 are estimated by standard one-step maximum likelihood techniques. Model
3 is estimated using a simulation-based one-step maximum likelihood estimator (Filippini and
Greene, 2016). Estimation of Model 4 can be done in several ways. One is the single-step full
maximum likelihood procedure, first proposed in Colombi et al. (2014), and extended in
Badunenko and Kumbhakar (2017) and Lai and Kumbhakar (2018) to allow for
heteroscedasticity in the error components. In this study, Model 4 is estimated using a multi-
step procedure introduced by Lien et al. (2018), which is a modified version of Kumbhakar et
al. (2014), where the inefficiency components are not necessarily independently and identically
distributed (iid) but their variances are functions of exogenous determinants. All four models

are estimated in Stata.

3 Data

The data used in this study are an unbalanced panel of 146 Norwegian electricity distribution
firms for the years 2000 to 2016 compiled by the Norwegian Water Resources and Energy
Directorate (NVE). The data contain economic and technical information on the firms. We used
2,143 firm-years.

We use three inputs and two outputs. The inputs are capital, labour and operational cost, and
the outputs are the total number of customers and the size of the network, defined as the length
of the high-voltage power lines in kilometres. We define capital as the aggregate book value of

all assets owned by the firm, labour as number of man-years, and operational cost as total cost
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minus capital cost, labour cost and value of lost load. > We use the regulatory rate of return as
the input price of capital. This rate is calculated annually by NVE using the weighted average
cost of capital method (Amundsveen and Kvile, 2016). The price of labour is a year-specific
variable calculated by the regulatory agency as the annual average cost per man-year (yearly
average for the firms in the survey). The price of labour is measured in 2015 Norwegian kroner
(NOK).* Finally, we use the consumer price index compiled by Statistics Norway as the price
index for operational cost.

We include two environmental variables in the analysis, one as a determinant of transient
inefficiency and the other as a determinant of persistent inefficiency. NVE uses several
environmental variables in its regulation model, and these are intended to account for
heterogeneity in the firms’ production environments. In this study, we used the proportion of
underground cables as a determinant of persistent inefficiency, and the value of lost load per
kilometre network as a determinant of transient inefficiency. The value of lost load represents
the estimated amount in NOK that customers receiving electricity through contracts would be
willing to pay to avoid a disruption in the service, and this variable varies from year to year for
each firm.> As the value of lost load also varies with firm size, we divided it by the firms’
kilometre network to get a standardized measure.

Firms with fewer than two consecutive years of observations are dropped from the analysis
because this is a requirement for panel data models that exploit the within variation in the data.
Table 2 presents descriptive statistics of the inputs, input prices, outputs and environmental

variables.

3 We subtract labour cost from operational cost because this is included as an input variable in our analysis.
Similarly, the value of lost load is subtracted from operational cost because we include this as a determinant of
transient inefficiency.

41USD =8.14 NOK, 1 EUR =9.50 NOK on June 25, 2018.

5 The Value of lost load is calculated as lost load times a unit price, with different unit prices for various
customer groups (Bjerndal et al., 2010).
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Table 2: Descriptive statistics (N=2143, Year 2000-2016)

Variable Name Mean SD Min Max
Input

Capital (book-value, 1000 NOK) X1 265,290 570,248 1,605 6,873,112
Man-years (numbers) Xa 31.1 48.9 0.6 396.3
Operational costs (1000 NOK) X3 24,957 65,173 168 901,652
Price of input

Price of capital Wi 0.072 0.016 0.042 0.100
Price of labour (per man-year) W, 601 94 439 720
Price of operational costs (CPI) W3 1.145 0.103 0.965 1.325
Output

Number of customers Y 20,176 54,751 4 696,540
Network (Km) Y> 727 1,252 5 11,866

Environmental (Z) transient variable

Value of lost load per km of network (1000

NOK) Z, 2.70 2.92 0.000 31.32

Environmental (Z) persistent variable

Proportion of underground cables Z> 0.318 0.204 0.000 1.000
4 Results

Table 3 presents estimates of the input elasticities. Although the estimates exhibit some
variation depending on the model, we observe that across all models, the elasticity of capital is
the largest of the three, ranging from 0.67 to 0.85. This is followed by the elasticity of labour
(man-years) and finally the elasticity of operational costs, ranging from 0.56 to 0.64 and 0.43

to 0.53, respectively.
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Table 3: Input elasticities

Input elasticities Model 1 Model 2 Model 3 Model 4

Capital 0.847 0.672 0.676 0.788
Man-years 0.563 0.638 0.642 0.636
Operational costs 0.533 0.442 0.428 0.460

Table 4 presents the estimates of transient, persistent and overall technical efficiency across
all four models mentioned in Table 1. The mean transient (and overall) technical efficiency for
Model 1 is 0.76. Because this model does not account for unobserved firm heterogeneity, we
expected it to overestimate the level of inefficiency relative to the other models, and this is what
we observe. The mean transient technical efficiency for Model 3 is 0.93, a value slightly higher
than that found by Kumbhakar and Lien (2017) in their study of Norwegian electricity
distribution firms using the same model but over a shorter time frame (2000-2013). However,
transient efficiency in Model 4 is 0.92, which is higher compared with Kumbhakar and Lien,
who also use the same model but do not include determinants of inefficiency. However,
persistent inefficiency is virtually the same in both studies. The mean transient efficiency in the
TFE model (Model 2) is 0.85, which is within the range of values found by Kumbhakar et al.
(2015), who used Norwegian data for the period 1998 to 2010 and used the same estimator. In
this study, technical efficiency scores range from 0.82 to 0.87. Filippini et al. (2018), using data
for electricity distribution firms in New Zealand for the years 2000 to 2011, found mean
transient efficiency varying between 0.70 to 0.88 depending on the model, whereas persistent
efficiency varied from 0.88 to 0.94.

Models 2 through 4 in Table 4 show that the value of lost load per kilometre of network
increases the variance of transient inefficiency (illustrated by the positive 8 coefficient), which
implies increased inefficiency (or decreased efficiency). Similarly, for persistent inefficiency

in Model 4, we observe that higher proportions of underground cables increase inefficiency.
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Figure 1 graphically exhibits the marginal effects of value of lost load per kilometre of network
on transient inefficiency, as well as the marginal effects of the proportion of underground cables
on persistent inefficiency, showing a positive association that is increasing in both cases. The
value of lost load represents a cost to the distribution companies resulting from a disruption in
the service. High rates of disruption, more likely due to lack of maintenance, represent higher
costs to the companies and thus will have a negative impact on the efficiency scores. It is
therefore intuitive that the value of lost load per kilometre of network has a positive and
increasing effect on the marginal effect on transient inefficiency.

There is no intuitive explanation of why the proportion of underground cables has a positive
and increasing marginal effect on persistent inefficiency. One could think that the firms
investing in newer network solutions also had higher efficiency. One reason for these results
might be that the firms that have a high proportion of underground cables operate in an
environment that makes this type of network necessary. If so, it is not the underground cables
that increase persistent inefficiency but rather the environment. Kuosmanen (2012) reported
that for Finnish electricity distribution firms, the proportion of underground cables has a highly

significant positive effect on the total cost, which is consistent with our findings.
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Table 4: Estimates of technical efficiency and determinants of technical inefficiency

Statistics Model 1 Model 2 Model 3 Model 4
Transient technical efficiency

Mean 0.757 0.849 0.933 0.921
SD 0.121 0.083 0.083 0.028
PS5 0.561 0.686 0.760 0.872
P95 0913 0.943 0.982 0.953
Persistent technical efficiency

Mean 0.949
SD 0.064
PS5 0.868
P95 0.981
Overall technical efficiency

Mean 0.757 0.849 0.933 0.874
SD 0.121 0.083 0.083 0.065
PS5 0.561 0.686 0.760 0.764
P95 0913 0.943 0.982 0.928
Determinants of transient technical inefficiency

Value of lost load per km network 0.073* 0.091** 0.126™
Determinants of persistent technical inefficiency

Proportion of underground cables 7.177

* Significant at p > 0.10, ** Significant at p > 0.05, ™" Significant at p > 0.01.
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Figure 1: Scatterplot of marginal effects of lost load and proportion of underground
cables on expected value of inefficiency, based on Model 4. The left plot shows marginal
effects of value of lost load per km network on transient inefficiency. The right plot shows

marginal effects of proportion of underground cables on persistent inefficiency.

The estimates of input misallocation, where capital is used as the numeraire, are shown in
Table 5. K> and K3 respectively indicate whether the capital/labour and capital/operational costs
ratios deviate from unity (or the optimal proportion). Our findings show that the capital/labour
ratio is on average less than one, indicating excessive use of labour relative to capital. The
results show large variations both between and within the estimation models. For example, in
Model 4, we observe that more than 15% of the firms have a K; value greater than 1, indicating
over-capitalization for these firms. The capital/operational costs ratios, however, show
excessive use of operational costs relative to capital. This ratio is less than unity for firms at the
95 percentile across all models, illustrating the robustness of the mean values.

Our finding that increased capital investments are required in the electricity distribution
industry is not surprising. In an evaluation report commissioned by the Norwegian Ministry of
Energy and Oil, Reiten et al. (2014) clearly stressed the need for such investment in the

electricity distribution sector in the next few decades.
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Table 5: Estimates of input misallocation of labour and operational costs

Misallocation in labour (K>) Misallocation in operational costs (K3)
Statistics | Model 1 ~ Model2  Model3  Model4 | Modell  Model2  Model3  Model 4
Mean 0.564 0.806 0.806 0.685 0.487 0.510 0.491 0.452
SD 0.408 0.584 0.584 0.496 0.210 0.219 0.211 0.195
PS5 0.260 0.372 0.372 0.316 0.227 0.237 0.228 0.210
P95 1.650 2.360 2.360 2.010 0.827 0.865 0.833 0.767

As shown above, input misallocation increases cost; therefore, it is interesting to examine its
effect on costs. Table 6 presents estimates of the overall cost of inefficiency, which is
decomposed into technical and input misallocation costs. Apart from highlighting that there are
substantial costs arising from technical inefficiency, the findings show that input misallocation
also poses a significant challenge to the industry. Eliminating technical inefficiency can reduce
costs by between 6.7% (Model 3) and 24.3% (Model 1), while for input misallocation, the
corresponding cost reductions are between 9.0% (Model 2) and 11.3% (Model 1). From Model
4, we observe that the cost of input misallocation is larger than the cost of technical inefficiency
for 28% of observations in the sample, implying that for more than a quarter of all firms, input
misallocation is the main cost challenge. Nemeto and Goto (2006) find that for Japanese
electricity transmission and distribution firms observed over the period 1981 to 1998, the cost
of technical inefficiency increased overall cost by between 1% and 20%, whereas for input
misallocation, the increase was between 8% and 30%.° As is evident from the lower section of
Table 6, when input misallocation is taken into account, the overall cost of inefficiency is

significant for the sample of firms, ranging from 16.1% (Model 3) to 35.6% (Model 1).

¢ Our findings that both technical inefficiency and input misallocation contribute to the overall cost inefficiency
is consistent with a similar study (but not with the same estimation model) by Brissimis et al. (2010) of the
European banking industry.
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Table 6: Estimates of cost inefficiency

Model 1 Model 2 Model 3 Model 4
Estimates of cost of technical inefficiency
Mean 0.243 0.151 0.067 0.142
SD 0.121 0.083 0.083 0.102
PS5 0.087 0.057 0.018 0.076
P95 0.439 0.314 0.240 0.276
Estimates of cost of input misallocation
Mean 0.113 0.090 0.094 0.109
SD 0.085 0.096 0.099 0.096
P5 0.016 0.000 0.002 0.010
P95 0.276 0.292 0.303 0.307
Estimates of overall cost of inefficiency
Mean 0.356 0.240 0.161 0.251
SD 0.144 0.124 0.149 0.150
PS5 0.177 0.086 0.033 0.115
P95 0.565 0.473 0.454 0.484

S5 Summary and concluding remarks

In this study, we have estimated persistent and transient technical inefficiency and input
misallocation using a panel of Norwegian electricity distribution firms for the years 2000 to
2016. Our modelling and empirical strategy was to formulate and estimate a primal system
consisting of the production function (generalized Cobb—Douglas) and the first-order
conditions of cost minimization. We estimated the costs of technical inefficiency and input
misallocation by deriving the cost function for a multiple-output separable production
technology, extending the model in Kumbhakar (1988).

The results show that there exist non-negligible costs of input misallocation for Norwegian
electricity distribution firms and call into question a commonly imposed modelling assumption
under the SFA framework, that all firms are fully allocatively efficient. Even if we assumed

that all firms are technically efficient, the costs to the industry arising from input misallocation
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would be too high, ranging on the average from 9.0% to 11.3% in our analysis. The robustness
of these estimates across the different model specifications emphasize the importance of
estimating input misallocation in general, also in studies of electricity distribution firms.

Beyond the modelling aspects, our results may also have important implications for
regulators of electricity generation and distribution firms from across the world. The priority so
far has been to identify the best method for estimating technical efficiency for benchmarking;
see, e.g., Bogetoft and Otto (2011). The question that this study poses is as follows: given that
the goal of regulation is cost minimization, is it not imperative that allocative efficiency also
should be included in the benchmarking?

The results from the generalized true random effects model show evidence of persistent
inefficiency. Filippini et al. (2018) argued that regulators may fail to set optimal efficiency
targets if they are unable to identify systematic shortfalls in managerial capabilities that
generate persistent inefficiency and to distinguish these from non-systematic management
problems in the short run. For firms, however, investment decisions could be delayed and
incentives for innovation weakened. Therefore, in line with Kumbhakar and Lien (2017), our
findings further emphasize that future efficiency studies need to disentangle persistent and

transient technical inefficiency.
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Appendix

Al. Derivation of Equation 3

By taking the log of equation 1, we have
InF(Y;) = lnay + Z§=1 a;jlnXji — wjo — Wi + vyt (A11)
Inserting equation 2 into the left-hand side of equation A11 yields
InYy;e + BoInYyy +% BzinYyye - InYyye = Inag + Z§=1 a;inXjir — Ujo — Wie + Ve
which can be rewritten as
nay + a;lnXy;; = — Z§=2 a;jlnXj;e + InYy; + BolnYy,
+% BzinYyie - InYyie + U0 + Uir — vy (Al2)

By adding and subtracting Z§=2 a;lnXy;; to the right-hand side of Equation A12, we can

restate the equation as
1
lTLO{O + OlllnXlit = - Z§=2 ajlnlet + lTlYlit + ﬁzlnYZit + E ﬁglnylit ¢ lnYZit
+ujg + Uy — Ve + (Z] a;inXy — Y_, a;InXy; )
i0 it it j=2 XjtNA&qit j=2 AjtNA&qit ).

Taking —Z§=2 a;jlnX,;; to the left-hand side and simplifying, noting that inx —Iny =

In(x/y), we have
J _ J lanit
Inay + lnXlit(ijl a]-) =— 22 q (lnxlit) + InYi;
1
+p2InYy; + 3 PsinYy; - InYyie + wjp + Wye — Ve (A13)
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Finally, expressing equation A13 in terms of InX;;; yields equation 3.

A2. Derivation of Equation 8

The marginal product of input X;; is given by

_ OF(ip) _ a[ao(]‘g:lX;{)e—uio-uitwit]

MP, =
X1it 0Xqit 0Xqit

_ )iilt ] @\ ,—Uio—Uit+v;
= aoa; (1‘[ jzzle.t) e ‘ (A22)
The marginal product of Xj;; is similarly defined by changing the subscripts 1 in the
expression in equation A21 to j and amending the product within the parenthesis to include all
terms except the j;;. Inserting these marginal products into equation 4 and cancelling out the

common terms yields

MPx;i  ajXye k

= y (Wﬁt) elliit j =2, ]

MPx. ..  @1Xjic Tt \wyie
which can be rearranged to

X1itWait _ kj: (ﬂ) elljit (A22)

XjitWjit aj;

Taking the log of equation A22 results in the expression in equation 8.

A3. Derivation of the input demand functions

Equation A22 equates the marginal rate of technical substitution between inputs X;;: and X;¢

to the slope of the isocost line, which is the ratio of the input prices; that is (Wjit / Wlit). We can
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solve for X;;+ in the equation to obtain the expansion path, which represents all combinations

of inputs that are cost minimizing.

Xy = kj <a1inthit> et (A31)

XjWiit

Substituting equation A31 into the production function in equation 3 (i.e., substituting the

expression for X;;;) and solving for Xj;; yields the following log efficient input demand

functions
o
lTlle't = aj + Z§=2 (7] - 51]) lnkﬁt
1 1
+;(lnylit + BaInYy; + 7 B3lnYy;; - lnYZit)
I (% Wit
+30.(3) i (G2)
Ji 1
+ Z]-:z(aj/)/ — 8 )Mjic + " (ujo + uje — vye) (A32)
where

1
a; = Ina; —;(lnao + 2§=1 aj lna; ),y = Z§=1 @;, and

_rl ifj=i L
0ij _—[ 0 otherwise, J=12,]
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