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Abstract 

This paper uses a two-stage Data Envelopment Analysis approach to model the technical 

efficiency among the ~150 local electricity grids in Sweden. The analysis sets out to capture 

their heterogeneous environment and firm characteristics that might affect their efficiency. A 

novel aspect in this paper is the inclusion of the shares of distributed power from Small- and 

Micro-Scale producers such as wind farms and solar panels as environmental variables. To 

draw inference on how the environmental and firm specific factors affect the firms operating 

the grids, a Double Bootstrap Approach is employed. This is accompanied and compared to 

more naïve modelling approaches often used in the literature. The general findings in this 

paper are that Density, the Fraction of Wires underground and Small-Scale production is 

associated with higher efficiency as well as large geographical differences. The policy 

implications from this study are that the regulator should incentivise firms to increase their 

share of wires that are underground but it also presents a modelling framework for future 

studies of power grids and other regulated industries. 
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1. Introduction 
 

Allocating scares resources in an efficient manner is often the interest of economists and one 

way of doing it is through the free market. One problem that arises with this approach in a 

social welfare aspect is when firms have local monopolies and can extract monopoly-rents 

when left to their own devises. (Varian, 1992) 

 

 One such industry with local monopolies are local power grids and in the context of this 

paper, Swedish local Distribution Service Operators (DSO). These firms act as the supplier of 

electricity from producers to consumers and are vital for the workings of the electricity 

market. The local monopoly position that the firms enjoy stems from the fact that the DSOs 

are the only alternative for consumers in a particular geographical area if they wish to connect 

to the Swedish power grid. Since they enjoy a monopoly position does the Swedish 

government regulate them, to curb excess costs to consumers in the sense that the firms 

should not price above reasonable costs and mark-ups (Wallnerström et al., 2017). 

 

 To set a fair regulatory framework, the regulator can compare firms with each other to see 

which are acting efficiently and steer the inefficient firm to adapt more efficient production 

practises through regulatory incentives. However to do this must the regulator take into 

account the heterogeneous environments that the firms operate in to be able to set a fair 

regulatory framework. As for example missing that a firm is operating in a disadvantaged 

environment could make the regulator unjustifiably hard on that firm, and/or to lenient on a 

firm operating in a more advantageous environment. By being able to identify which factors 

that affect efficiency, the regulatory framework can be made to fit the goals of the regulator, 

taking into account its subjects heterogeneity in a fair way. (Armstrong & Sappington, 2006) 

 

The reason for trying to explain inefficiencies for this industry is mainly to see which firms 

that could operate in a more efficient manner, thus potentially improving the allocation of 

resources. The reason to include firm characteristics and environmental variables is to explain 

the part of inefficiencies that the firms might not have control over and capturing the 

heterogeneous environments that they are operating in. And finally, finding variables that are 

associated with efficiency can guide the regulator in which firm behaviour to incentivise or 

not. A novel aspect that I will look at is if production from Small- and/or Micro-scale 
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production have any external effects on the power grids that they are located in from an 

efficiency perspective. This is of interest as these forms of production concern wind and solar 

power, which is likely to increase in the future for Sweden (Hong et al., 2018). 

 

In a more general view, this paper can be seen as a way of looking at other regulated 

industries and how to capture heterogeneity. As DSOs are not the only type of firms that 

enjoy local monopolies, generalizing the methodology presented in this paper to other similar 

settings can guide regulation in those industries as well.  

 

The paper is built up in the following way to study how firm characteristics of Swedish 

DSO’s affect their efficiency. Section 2 gives a brief overview of the Swedish power 

distribution market. Section 3 provides a short literature review of previous literature about 

benchmarking and efficiency analysis of DSOs and other industries. The 4th section describes 

the data that is used in this study. The 5th section presents the econometric modelling 

approaches that I have used to study this question. In section 5.1, the Data Envelopment 

Analysis (DEA) method is described and how it is used for this context. Section 5.2 shows 

how to obtain a bootstrapped efficient frontier for the DEA and then calculate bias adjusted 

scores. In section 5.3 are the environmental variables presented on which my question 

regarding how firm characteristics and environmental factors that affect efficiency stem from. 

Section 5.4 gives a presentation of the Double Bootstrap Approach that is used to estimate the 

effects and draw inference on the estimates. In section 5.5 is an alternative estimation 

procedure presented, which is referred to as the Naïve Approach. The results from the 

estimations are found in section 6 and a discussion and policy recommendation in section 7. 

 

To conclude the results from the analysis, the choice of modelling framework is of great 

importance but some results are robust across specifications. Regarding the firm 

characteristics: Fraction of wires underground and density is associated with higher 

efficiency. There is also a clear pattern that there are significant differences between the four 

electricity zones in Sweden where the northern ones are more technically efficient. The results 

regarding the share of distributed electricity that comes from Small- and Micro-Scale 

production shows that, Small-Scale production is associated with higher efficiency and 

Micro-Scale is insignificant. However, there are likely some endogeneity issues with the 

effects from Small-Scale production and should not be interpreted as causal. The policy 

implication from this paper is that a regulator should incentivise DSOs to invest in 
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underground wires, but it also provides a framework for future research as there is still much 

more work to be done. 

2. Background 
 

Swedish retail power distribution consists of several small and large network operators that 

cover a specific geographical region that make up the Swedish electricity grid. Since they are 

private and operate as monopolists, they are heavily regulated by the state. This is to protect 

customers from excessive pricing due to the local monopolies that the companies enjoy and 

the Swedish Energy Market Inspectorate sets their revenue levels for fixed periods. 

(Wallnerström et al., 2017) 

 

The technical structure of the Swedish power distribution system is in three layers. The first 

layer is the “Stamnät” which is the backbone of the whole power system and has a voltage of 

between 220 and 400 kV. The second layer is the “Regionnäten” which are the regional 

distribution grids that distributes and transforms the power from the Stamnät to the local grids 

and has a voltage between 40 to 130 kV. The final and third layer is the “Lokalnät” which 

have a normal voltage level between 0.4 to 20 kV and distributes power to households and 

industries, except some high intensity industries that are directly connected to the regional 

grids.  (Ek & Sjöberg, 2006)  

 

This paper will analyse the efficiency among the Swedish local grids for power distribution, 

which are referred to as “Distribution System Operators” (DSO) in the literature. The Swedish 

DSO’s are local monopolies and the government regulate them through a revenue cap that is 

based on costs. The Swedish national regulatory authority for energy (NRA) and the Energy 

Markets Inspectorate (Ei) are tasked with developing this model. For the timeframe of this 

study, the revenue cap model can be broken down into three parts of revenue drivers: 

Controllable costs, non-controllable costs and an asset base. These are then adjusted 

according to efficiency requirement, return on investments, depreciations etc. and totals to 

almost 250 different input parameters. (Wallnerström et al., 2017) 

 

As an efficient allocation of resources is generally preferable in the economic science, 

measuring the efficient use of resources for monopolized companies should therefore be of 

interest. Since the Swedish DSOs are regulated through a revenue cap on remunerations that 
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is calculated on their individual costs, measuring the efficiency of the DSOs use 

remunerations for their operations will hopefully yield insights to the regulatory framework 

and its future development. 

3. Literature review 
 

Looking at differences in the efficient use of resources and relative performance evaluations 

are often referred to as benchmarking. The general idea is to compare different agents that 

perform a certain task with other agents that try to do the same. These agents can be firms, 

factories, and intra-organizational departments etc. that “produce” the same potential set of 

outputs from the same potential set of inputs. By comparing the performance measures 

between different agents it is possible to derive best practises and potential changes in in-

efficient firms that would make them perform better. (Bogetoft & Lars, 2011) 

 

When it comes to benchmarking DSOs, there are a number of studies that are of interest for 

this paper and covers the Swedish and international systems. According to Bogetoft & Lars 

(2011), out of 15 selected European countries, 9 use either Data Envelopment Analysis 

(DEA), Stochastic Frontier Analysis (SFA), a mix of the two or some other benchmarking 

strategy. Since the methodical strategy for regulating DSOs across Europe is far from 

homogeneous, there is a need for extensive studies to understand benchmarking in these 

settings.  

 

Hjalmarsson & Veiderpass (1992) looked at the productivity gains in productivity for 

Swedish DSOs between the years 1970 to 1986 through a data envelopment analysis and 

found significant productivity gains, but another interesting aspect of their paper is the 

evolution of the number of different firms that operated in Sweden. In the year of 1970, there 

was 890 DSOs, in 1986 there where 320 and today it is roughly 160 DSOs that are active. 

This consolidation in the market can indicate that there could be returns to scale, but there are 

still a substantial number of firms that are operating. In a similar study on Norwegian DSOs 

for the period 1983 to 1989, Førsund and Kittelsen (1998) found that the changes in 

productivity depended on the characteristics of their studied DSOs.  

 

For the Finnish system, Korhonen & Syrjänen (2003) describe the process of evaluating the 

cost-efficiency among DSOs in Finland and building a tailored DEA model of the sector. 
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Building on this and tasked by the Finnish regulatory agency, Syrjänen et al., (2006) built a 

benchmarking model on the basis of a SFA. As a mix between a DEA and a SFA, Kousmanen 

(2012) developed a StoNED method (Stochastic Semi-Nonparametric Envelopment of Data) 

for the Finnish regulatory systems efficiency benchmarking that replaced the previous DEA 

and SFA models. Comparing these benchmarking methods through a Monte Carlo study, 

Kuosmanen et al., (2013) showed that the StoNED estimator performed well, the DEA 

performed decently in small samples and the SFA hade severe problems with finding the 

efficient cost function. 

 

For further benchmarking studies of DSOs using DEA, see Arcos-Vargas et al., (2017) that 

also studies small DSOs in Spain. Zhang & Bartels (1998) studies sample sizes in DEA 

models with and application to DSOs in Australia, Sweden and New Zealand. A study by von 

Hirschhausen et al., (2006) covers German DSOs and takes both a DEA and a SFA approach 

to analyse the efficiency of the market. Jamasb & Pollitt (2003) look at benchmarking in an 

international context and have data on DSOs from Italy, the Netherlands, Norway, Portugal, 

Spain and the UK. 

 

As this paper will study the drivers of technical efficiency, a common way to analyse this is to 

employ a two-stage strategy where efficiency scores are calculated and then some sort of 

regression technique is used to explain the difference in efficiency among the decision 

making units (DMUs). In a recent paper by Xie et al., (2018), they studied Chinese DSOs by a 

meta-frontier approach where environmental factor was used to explain bootstrapped 

efficiency scores through a Tobit regression. Other studies that are looking at heterogeneity 

among DMUs in the context of DSOs are Dai & Kuosmanen (2014) that clusters the DSOs on 

the fraction of underground wires1. Çelen (2013) employs a two-stage DEA analysis of the 

Turkish market where a Tobit regression is used to explain efficiency scores. Llorca et al., 

(2014) uses a latent class approach to cluster DSOs in the US market according to technical 

differences and later conducts a DEA within the classes. In a later paper by Llorca et al., 

(2016) they study the US operators but through a stochastic frontier model and concludes that 

weather conditions are a major influencer of efficiency. Although using latent class models 

are appealing to handle heterogeneity, Agrell & Brea-Solís (2017) takes a critical stance on 

																																																								
1	They do this to proxy for the degree of urbanization within the DSO where the fraction is assumed to be highly 
and positively correlated with urbanization. 
2	The efficient frontier is by other words constructed by straight lines, connecting the efficient firms that are then 
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this by using Swedish data they show that problems with outliers are mostly driving the 

classifications. 

 

There is also a vast literature on benchmarking and using a two-stage approach in different 

settings where the DMUs are factories, hospitals etc. For a short survey and the problems with 

inference that comes with miss-specifying the data generating process (DGP) of efficiency 

scores, see (Simar & Wilson, 2007), (Hoff, 2007), (Ramalho et al., 2010), (Simar & Wilson, 

2011) and (Bădin et al., 2014). All these studies look at the underlying DGP that efficiency 

scores stem from and which assumptions that has to be made for proper inference. Although 

there are some highly significant problems with some modelling approaches that are still used 

in the literature, these concerns need to be addressed for proper inference. 

 

4. Data 
 

The data used for this analysis comes from the website of the Swedish energy market 

inspectorate and their two special reports: “Särskilda rapporten – ekonomiska data” and 

“Särskilda rapporten – tekniska data”. The reports contain a summary of all the Swedish 

DSOs financial and technological data respectively, which is used for regulation 

(Energimarknadsinspektionen, 2018). The data in these reports cover the years 2010 to 2016, 

but as to mitigate problems with different regulatory periods and since more data is available 

from 2014 and onward, will I use data from 2015 and 2016. For a summary of selected 

variables, see table 1 and a summary of all variables is in appendix (4). 

 

Table 1: Summary of selected variables 

Variable Min Mean Max Std. Dev. 
Total length of wires (km) 36 3340 104174 11241 

Number of low-voltage customers 150 34892 806522 102025 
Number of high-voltage customers 0 46 1542 142 

Total length per customer (m/num. customers) 23 115 332 63 
Total output low-voltage (MWh) 0 13296 611481 57603 
Total output high-voltage (MWh) 0 163624 3264715 411237 

 

To get an overview of the heterogeneity of Swedish the DSOs, figure 1 contains histograms of 

size (transformation capacity) and density (network stations/total wires) of DSOs in the 

sample for the year 2016. 
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Figure 1: Histograms of the DSOs, regarding Size and Density 

 
 

5. Econometric modelling 
 

To study the effects from firm characteristics and environmental variables on technical 

efficiency, a common approach is to conduct a two-stage DEA analysis. My approach is 

similar in flavour to Xie et al., (2018), Arcos-Vargas et al., (2017) and Çelen (2013) but with 

a tailoring to the Swedish market. Due to the inference and identification issues that Simar & 

Wilson (2007) presents with the practice of regressing environmental variables on DEA 

scores, I will follow their second algorithm, which is a Double Bootstrap procedure to 

conduct inference on how the factors affect efficiency. As an extension to this have I also 

conduct the more naïve but computationally lighter approach and follow the “miss-specified” 

literature and regress scores on environmental variables. This is done as a robustness test, but 

it also yields insights regarding the problems of “miss-specification” and non-conflicting 

inference between the models could indicate that the naïve approach could be used in some 

settings. 

 

5.1 First-stage DEA 
 

Measuring efficiencies have been extensively studied and there are several earlier studies that 

have employed DEA analysis for the analysis of power grids as previously mentioned. DEA 

is a non-parametric and deterministic method that sets up a linear programing (LP) problem 

that assigns efficiency scores to each decision making unit relative to those that make up the 

efficient best-practise frontier. The frontier is a piece-wise-linear 2  convex hull that 

																																																								
2	The efficient frontier is by other words constructed by straight lines, connecting the efficient firms that are then 
making up the best-practice production function. 
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encompasses the data and is defined by fully efficient firms. The derivation and setting-up of 

the Data Envelopment Analysis method that I will use stems from Bogetoft & Lars (2011), 

consult this source for further details.  

5.1.1 Theoretical setting 
 

Assume a general setting where there are K firms that use m inputs and produce n outputs. 

Adding to this, let 𝑥! = (𝑥!! ,… , 𝑥!! ) ∈ ℝ!
!  be the inputs that are used and 

𝑦! = (𝑦!! ,… ,𝑦!!) ∈ ℝ!
!  are the outputs produced by firm k, k = 1,…,K. To write the 

production plans for all firms in matrix notation, 𝑥 = (𝑥!, 𝑥!… 𝑥!) and 𝑦 = (𝑦!,𝑦!,… ,𝑦!). 

Also define the technology set for production as 𝑇 =  𝑥,𝑦  ℝ!
!×ℝ!

!  𝑥 𝑐𝑎𝑛 𝑝𝑟𝑜𝑑𝑢𝑐𝑒 𝑦}. As 

one rarely knows the technology 𝑇, DEA solves this problem by estimating 𝑇 with 𝑇∗ as an 

empirical reference technology and is constructed through the minimal extrapolation 

principle. This principle implies that 𝑇∗ is the smallest sub-set of ℝ!
!×ℝ!

!  that contains the 

data 𝑥! ,𝑦! , 𝑘 = 1,… ,𝐾  and satisfies the specific technological assumptions such as 

constant-, decreasing- or increasing return to scale for example. Define 𝑇∗  as 𝑇∗ 𝛾 =

{(𝑥,𝑦) ∈ ℝ!
!×ℝ!

! |∃𝜆 ∈ Λ! 𝛾 : 𝑥 ≥ 𝜆!𝑥!!
!!! ,𝑦 ≤ 𝜆!𝑦!!

!!! } , where Λ! 𝛾  is the 

technological assumption about the technically feasible production function. 

 

I will analyse the Swedish DSOs from an input perspective, as I am interested in how 

efficiently they use inputs in their production, as output is approximately constant in the 

short-run and are not in control for managers. To define input efficiency in the DEA setting, 

first define the Farrell input efficiency measure (Farrell, 1957) to be written as 𝐸 = min {𝐸 >

0|(𝐸𝑥,𝑦) ∈ 𝑇}. This measure gives us the input efficiency of a production plan (𝑥,𝑦) relative 

to the technology. The measure gives the maximal proportional contraction of all inputs x 

possible to still produce y. For example a value of 0.5 implies that the same level of output 

can by best practice be reached by 50 % of the inputs, yielding a possible saving of 50 %. In 

this study will I also use the Shephard input distance function, which is the reciprocal of the 

Farrell measure (1/𝐸) and both are a special case of directional efficiency measures (Färe & 

Grosskopf, 2000). 
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By combining the idea of the minimal extrapolation principle and the input Farrell measure as 

proportional improvements can I set up the DEA model as a mathematical program to be 

solved to obtain the efficiency measure. To do this, first write the Farrell efficiency of firm o 

as: 

𝐸! = 𝐸 𝑥! ,𝑦! ;𝑇∗ = min {𝐸 ∈ ℝ!|(𝐸𝑥! ,𝑦!) ∈ 𝑇∗} 

By inserting 𝑇∗ 𝛾  for 𝑇∗, this then becomes: 

min
!,!!,….,!!

𝐸 

𝑠. 𝑡.  𝐸𝑥! ≥ 𝜆!𝑥!
!

!!!

 

𝑦! ≤ 𝜆!𝑦!
!

!!!

 

𝜆 ∈ Λ!(𝛾) 

For the case when the technology is characterised by constant return to scale (crs): Λ! 𝑐𝑟𝑠 =

ℝ!
! and for variable return to scale (vrs): Λ! 𝑣𝑟𝑠 = {𝜆 ∈ ℝ!

!| 𝜆!!
!!! = 1}. 

 

To explain in general terms what a DEA does is that for each DMU this linear programing 

problem must be solved to obtain efficiency measure E. This measure is then a weighted 

distance from the best-practice frontier and as E is defined as a Farrell distance function, a 

value of 1 indicate full efficiency and any value below 1 means that the firm is inefficient. 

The efficiency scores can only take values bound by [0,1] and as will further be discussed, the 

DGP behind the scores has a probability mass point at 1 as at least one firm must define best-

practise, but as DEA assumes positive production is it not possible to have a score of 0. The 

analysis in this paper will regard the assumption of constant- and varying returns to scale, as 

theses are an important specification that will need to be assumed ex ante, but can and will be 

tested. As stated above, the CRS only sets the constraint on the 𝜆’s to sum to a positive real 

number, where as the constraint for VRS implies that the 𝜆’s have to sum to 1. By doing this, 

the result is a convexity constraint that makes inefficient firms only “benchmarked” against 

firms of a similar size.  

 

As the DEA model assumes that all inputs are variable, it might be problematic in a real world 

setting to benchmark firms where they do not have control of some variables in the studied 

time frame. To distinguee variables that are used for input that the firm has control over 
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between those that they have not; define variable inputs as discretional and fixed inputs as 

non-discretional. This then modifies the DEA problem to: 

min
!,!!,….,!!

𝐸 

𝑠. 𝑡.  𝐸𝑥!! ≥ 𝜆!𝑥!!
!

!!!

    𝑖 ∈ 𝑉𝐴 

𝑥!! ≥ 𝜆!𝑥!!  
!

!!!

    𝑖 ∈ 𝐹𝐼 

𝑦! ≤ 𝜆!𝑦!
!

!!!

 

𝜆 ∈ Λ!(𝛾) 

The difference here is that the inputs 𝑥 = (𝑥!", 𝑥!") are subset into variable (discretional) 

inputs, 𝑉𝐴 ⊂ {1,… ,𝑚} and the fixed (non-discretional) inputs 𝐹𝐼 = 1,2,…𝐾 ∖ 𝑉𝐴 = {ℎ ∈

{1,… ,𝑚}|ℎ ∉ 𝑉𝐴}. This is advantageous in my study as my time of reference is yearly, some 

variables that are used as inputs are fixed over the time period studied. 

 

5.1.2 Choice of variables, inputs and outputs 
 

There is no consensus for which variables to include in DEA models regarding DSOs in the 

literature and thus will make the choice of variables in this paper depend on my personal 

considerations. For a good overview of previous specifications, see Arcos-Vargas et al., 

(2017) that for their analysis uses remuneration as a discretionary input, assets as a non-

discretionary inputs, distributed energy and points-of-service as non-discretionary outputs and 

energy-not-supplied as a undesirable output (modelled as discretionary input). von 

Hirschhausen et al., (2006) uses numbers of workers, electricity losses, network length and 

transformation capacity as inputs. Xie et al., (2018) has network length, transformer capacity, 

number of employees and line-loss as inputs and non-residential users, residential power 

consumption and non-residential power consumption as output. Jamasb & Pollitt (2003) use 

total expenditures, operational expenditures, electricity losses and network length as inputs 

and distributed energy and number of customers as outputs. In some of their specifications 

they even use network length as an output, but of course not at the same time as they use it as 

an input. 
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For my specification have I followed a modelling approach close to Arcos-Vargas et al., 

(2017) as the Swedish system is regulated in a similar fashion in the regard that remuneration 

stem at least partly from technical calculations and reported figures on costs, assets etc. are 

used to calculate remuneration levels. The inputs that are chosen are total remuneration, 

regarding all the DSOs activities, as a discretionary input and for the non-discretional, total 

wires and transformation capacity where chosen. Since quality is hard to measure, but still 

something that has to be taken into account, I chose network-loss as input that is non-

discretionary. Other studies from other countries have used power-outs as quality measures 

and even though I have data on it, it is not useful in the Swedish context as power-outs are 

quite rare and efficiency would then likely rest on too much of a random component such as 

autumn storms for example. For outputs do I use distributed power low- and high-voltage, 

distributed energy in border-points and number of customers for low- and high-voltage. For 

summary statistics of the variables, see table 2. 

 

Table 2: Summary statistics of input- and output variables  

Input - discretionary Min Mean Max Std. Dev. 
Total remuneration, in 1000 SEK 918 190014 5378558 603738 

     Inputs - non-discretionary 
    Total wire length, km 36 3340 104174 11241 

Total installed capacity in network stations, MWh 0 319 7890 926 

     Outputs          
Distributed electricity, Low-voltage, MWh 1310 431294 10290748 1234393 
Distributed electricity, High-voltage, MWh 0 163624 3264715 411237 
Distributed electricity, Border-point, MWh 0 13296 611481 57603 

Number of Customers, Low-voltage 150 34892 806522 102025 
Number of Customers, High-voltage 0 46 1542 142 

     Quality measure: Input - Non-discretionary         
Total Network-Loss, MWh 149 22725 555035 63519 

The table summarises the input and output variables that are used in the DEA program, the full model uses all 
these variables, and the simplified aggregates the Distributed electricity variables to one variable and Number of 

Customers variable to a second output variable, Total Number of Customers. 
 

Due to the nature of DEA models, having a lot of variables yield a large number of fully 

efficient firms by construction. To combat this in my relatively detailed modelling above have 

also a simplified model been constructed where all distributed energy and number of 



	 12	

customers are aggregated. This makes the number of outputs go from 5 to 2, but the model 

then looks a lot more like the models used in the literature that are usually less detailed. 

 

The total remuneration is the sum if all remunerations that the firms receive in the given year 

of operations and is used to cover operational expenditures, “reasonable” profits and return on 

capital. The total wire length and installed capacity is used to proxy capital stock used in 

production and is treated as fixed in the analysis as they are assumed to be constant on a 

yearly basis. The use of number of customers and distributed energy is widely used in the 

literature as outputs in DEA models for DSOs (Arcos-Vargas et al., 2017). The technical 

substitution between these outputs might seem strange3, but with an input oriented DEA 

model the outputs are assumed to be fixed and the firm cannot substitute between them in the 

chosen time-frame. So this model will assume that the output levels are given, implying that 

customers are infinitely inelastic to remuneration levels in the short-run. This might seem 

strange, but still is a valid assumption as dropping out as a customer implies no-way to get 

electricity and new customers are by law only required to pay a “fair” price for being 

connected to the grid. Including both distributed energy and number of customers is also 

motivated from the view that the DSO’s task is both to provide the service of connecting 

consumers to the electricity market, but also to distribute electricity from producers to 

consumers which are not exclusively in the DSO of study but to the whole grid. As Network-

loss is used to capture the quality of the grid as it is calculated as inputted electricity minus 

outputted electricity, it is modelled as an input. This is done since power losses, can be seen 

as a “resource” used for operating the grid. By modelling it as an input, a DSO could improve 

their efficiency by reducing the network-loss of electricity. It is also treated as a non-

discretionary variable as I assume that the quality of the DSO’s infrastructure is fixed during 

the sample period. 

 

For convenience purposes for estimating the models have the non-discretionary inputs been 

transformed. By looking at the constraint for the fixed inputs, the similarities with the 

constraint on outputs are not initially obvious. However, by multiplying both sides of the 

constraint for fixed inputs with (-1) and thus flipping the inequality sign, it becomes clearer. 

By multiplying the non-discretional variables with (-1), the variables can be included in the 

set of outputs and the LP program is the same as the first program. By doing this, the result 
																																																								
3	By using these outputs, the model implies that a firm could move along the technological frontier and 
substitute between the number of customers and energy distributed. 
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from the LP program does not change but the practical implementation becomes easier given 

that the DEA estimator chosen can handle negative values. 

 

5.1.3 Outliers 
 

As outliers in a DEA setting might severely affect the frontier of best practice, these will have 

to be deleted before running the program. To do this will I use the method of Wilson (1993) 

to detect possible outliers that could potentially miss-specify the efficient frontier and bias the 

results. Caution must be had when using this method as all identified “outliers” need further 

inspection as they might yield additional insight. I will also delete observations that are 

problematic in other ways from manual inspection. Since a DEA model cannot handle firms 

that have 0’s in any input, both from a computational and intuitive sense4, will I omit the 

firms that reported zero remunerations. I also will delete firms with less than 3 km of power 

lines, as these are likely not acting as a proper power distributor in the way the average firm 

does with a total length of around 3000 km. As the time complexity for the method of Wilson 

is high with regard to the number of potential outliers to be deleted, the computation is done 

after the manual omission of suspected outliers. 

 

5.1.4 K-means clustering 
 

One approach that I use as a way to check the robustness of my analysis is by sub setting my 

sample into firms that are similar to each other. To do this will I use a K-means clustering 

approach and sub set the sample into two clusters and drop DSOs that are in the smaller one. 

The reason for this is that most DSOs in Sweden are relatively small, but there are a relatively 

small number of firms that are significantly larger. To use the K-means clustering approach to 

identify the larger cluster and omit the smaller, yields a data-driven approach to setting a cut-

off point for where and in which dimension you should sub-set your sample. This could be 

seen as an additional way of getting rid of outliers that accompany the previous method. 

 

The clustering algorithm that is used is that of Hartigan and Wong (1979) and I set k = 2 (the 

number of clusters to be identified). The clustering analysis takes the matrix of data on 

																																																								
4	By having a firm that can produce something from nothing, the best practice comparison would be hard to 
make for firms that have non-zero inputs 



	 14	

outputs and input and partitions the DSOs into k groups. The groups are chosen in a way that 

the sum of squares from the distance from the DSOs to their assigned cluster centroid to be 

minimized.  

 

5.2 Bootstrapped efficient frontier 
 

To conduct statistical analysis in DEA models such as hypothesis testing regarding return to 

scale assumptions and external factors, Bogetoft & Lars (2011) recommend a bootstrapped 

efficient frontier approach. The general idea behind bootstrapping is to take a sample from the 

data set with replacement and thus construct a new random data set of the same size as the 

original. From this set, one can then calculate the statistic in mind. By repeating this process 

the result is a sample of replicates and from this you can draw conclusions from the original 

sample. To outline the approach in DEA models that Bogetoft & Lars propose to obtain bias-

adjusted scores, first define:  

𝐸!: The true efficiency based on the true but unknown technology 𝑇. 

𝐸!: The estimated DEA efficiency based on 𝑇 the estimated technology. 

𝐸!": The bootstrap replica b estimate based on the replica technology 𝑇!. 

𝐸!∗: The bootstrap estimate of 𝐸!. 

𝐸!: The bias-adjusted estimate of 𝐸!. 

As the DEA estimator can be biased upward, to correct for this you need to estimate the bias 

as: 

𝑏𝑖𝑎𝑠! = 𝐸𝑉 𝐸! − 𝐸! 

As the distribution of 𝐸! is unknown, this is where the bootstrap becomes relevant. When 

using 𝐸!" as an estimate for 𝐸!, the bootstrap estimate for the bias becomes: 

𝑏𝑖𝑎𝑠!∗ =
1
𝐵 𝐸!" − 𝐸!

!

!!!

= 𝐸!∗ − 𝐸! 

The bias-adjusted estimator of 𝐸! is then: 

𝐸! = 𝐸! − 𝑏𝑖𝑎𝑠!∗ 

In my setting, the main interest is to obtain a test statistic for hypothesis testing regarding the 

return to scale assumption, but also bias-adjusted efficiency scores of analysis in the naïve 

approach.  
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5.3 Choice of environmental variables 
 

As the interest of this study is to look at what drives efficiency of Swedish DSOs with regard 

to firm characteristics, the choice of explanatory variables is of importance. The main 

variables that I will look at regarding DSO characteristics are; the Size, Density, Wire mix 

(earth/total), Vertical integration, Customer mix (num. of high-voltage/total num.) and share 

of power that are transmitted to border points. The main contribution that this study tries to 

make to the literature is to look if there are any effects on efficiency from Small- and Micro-

Scale production. As this is a new and growing part of the Swedish energy mix with for 

example personal solar panels (Micro-Scale production) and small wind farms (Small-Scale 

production). Any effects from these on the grid operators are therefore of considerable 

significance as nuclear fission is planned to be phased out and covering this by wind and solar 

can be problematic (Hong et al., 2018). To draw inference on this, I include the share from 

Small-Scale production and share from Micro-Scale production as explanatory environmental 

variables. I also included dummy variables for the four different energy regions to control for 

differences if overlying grids and differences in geography. Unfortunately due to data 

availability and likely multicollinearity5 between size and density, I could not include more 

detailed geographical controls that potentially can cause omitted variable bias. Hopefully 

these are not an issue but as with all empirical papers, one have to assume that the model is 

correctly identified. A summary of the included environmental variables is presented in table 

3. 

 

TABLE 3: Summary statistics of Environmental variables 

Variable Min Mean Max Std. Dev. 
Size 1 88.42 940 129.41 

Density 3.01 11.79 36.21 6.52 
Wire Mix, % 15.22 78.29 100 18.74 

Vertical integration, % 0 9.76 92.96 17.24 
Small-Scale production, % 0 5.9 96.41 11.93 
Micro-Scale production, % 0 0.17 21.24 1.56 

Customer mix, % High-voltage 0 22.47 80.32 16.52 
Border trans., % of total 0 2.7 69.71 10 

 

 

																																																								
5	Geographical characteristics such as forest-coverage and urbanization might be tightly linked with the density 
of the DSO for example 
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5.4 Double Bootstrap Approach 
 

For the Double Bootstrap Approach will I use Simar & Wilsons (2007) second algorithm, 

which will be presented below. It has been used before to study for example hospitals 

(Nedelea & Fannin, 2013) and energy efficiency in the Swedish industry (Zhang et al., 2016). 

For complete derivations, proofs and assumptions see the original source. I do need to slightly 

change the algorithm as it is presented in an output focused DEA whereas mine is focused on 

inputs. The main idea is as a usual two-stage DEA analysis where in the first stage efficiency 

scores are computed and later in the second-stage, a regression with environmental variables 

𝑍 are used. However, to be able to conduct valid inference, the following steps must be taken: 

1. Use the sample data and compute the DEA technical efficiency scores as 𝐸! 𝑓𝑜𝑟 𝑖 =

1, . .𝐾 

2. Obtain the estimates 𝛽  in truncated Gaussian regression 0 < 𝐸! = 𝑧!𝛽 + 𝜀! ≤ 1 by 

using the 𝑞 < 𝐾 observations when 𝐸! < 16. 

3. Loop over the following steps 𝐿! = 100 times to obtain a set of bootstrap estimates 

𝐵 = 𝐸!"∗ !!!
!! , 𝑖 = 1,… ,𝐾: 

3.1. For each 𝑖 = 1,… ,𝐾 draw 𝜀! from 𝑁(0,𝜎!) with left truncation at −𝑧!𝛽 and right 

at 1− 𝑧!𝛽. 

3.2. Compute 𝐸!∗ = 𝑧!𝛽 + 𝜀! , 𝑖 = 1,… ,𝐾 

3.3. Set 𝑥!∗ = 𝑥!𝐸!/𝐸!∗ and 𝑦!∗ = 𝑦! , 𝑖 = 1,… ,𝐾 

3.4. By using 𝑥!∗ and 𝑦!∗, compute 𝐸!∗, 𝑖 = 1,… ,𝐾 using a DEA estimator7 

4. For each 𝑖 = 1,… ,𝐾 , compute the bias-adjusted estimates 𝐸!  using the bootstrap 

estimates in B and the original estimates 𝐸!.8 

5. Estimate the truncated regression of 𝐸! on 𝑧! to obtain estimates 𝛽. 

6. Loop over the following three steps 𝐿! = 2000 times to obtain a set of bootstrap 

estimates ∆= 𝛽∗
!!!

!!
. 

6.1. For each 𝑖 = 1,… . ,𝐾, draw 𝜀!  from 𝑁 0,𝜎!  with left truncation at – 𝑧!𝛽 and 

right truncation at 1− 𝑧!𝛽 

6.2. Then compute 𝐸!∗∗ = 𝑧!𝛽 + 𝜀! , 𝑖 = 1,… . ,𝐾. 
																																																								
6	This implies that only inefficient firms (q) are used when running the truncated regression. 
7	Computing the DEA LP problem with variable return to scale as the technical assumption. 
8	See section 5.2 for an explanation 
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6.3. And from this, estimate the truncated regression of 𝐸!∗∗  on 𝑧! , to obtain the 

estimates 𝛽∗. 

7. By using the bootstrap values in ∆ and the original estimates 𝛽, construct confidence 

intervals for each element of 𝛽. The confidence interval chosen in this study is 95% 

(1− 𝛼), and the intervals for 𝛽! is constructed by finding values 𝑎!/! and 𝑏!/! such 

that 𝑃𝑟 −𝑏!
!
≤ 𝛽!∗ − 𝛽! ≤ −𝑎!

!
≈ 1− 𝛼. 

 

5.5 Naïve Approach 
 

The second approach that will be used in this analysis is the quite commonly used method of 

computing efficiency scores in a first-stage and later in the second-stage, running a regression 

of explanatory environmental variables, Z on the scores.  

 

5.5.1 DEA Scores 
 

The DEA scores that are used stems from four different set-ups, in two different data 

environments with the first containing the full sample and the other is the larger cluster, which 

implies a removal of further potential outliers. Firstly the “standard” program is used to obtain 

scores with the full specification of inputs and outputs. The second is akin the first but with a 

simplification of the output variables. The third and fourth models are the bias-adjusted scores 

from the two first models that are obtained through the bootstrap procedure described in 

section 5.2 with 2000 bootstrap replicas. Theses four models are also run with the further 

reduction in observations, yielding a total of 8 sets of scores to be analysed. 

5.5.2 Regressions 
 

The modelling in the second stage is not homogeneous in the literature and I have used three 

different regression models to explain the 8 sets of efficiency scores. The first is a Tobit 

regression with censoring at 1 that is commonly used and is often modelled as index functions 

(Greene, 2012):  

𝐸!∗ = 𝑧!𝛽 +  𝑢! 

𝐸! = 1   𝑖𝑓 𝐸!∗ ≥ 1 

𝐸! = 𝐸!∗   𝑖𝑓 𝐸!∗ < 1 



	 18	

 

The second approach to explain the scores is through a truncated normal regression model 

with conditional heteroscedasticity, truncated between 0 and 1. This model is estimated in the 

same way as in the double bootstrap algorithm above and is written as: 

0 < 𝐸! = 𝑧!𝛽 + 𝜀! ≤ 1 

 

Lastly, I will use OLS for a less restricted way of drawing inference from the environmental 

variables, as it does not constrain the error term. To compare the fit of the models through 

BIC values have I used GLM instead as it uses maximum likelihood for estimation and hence 

can be used and more easily obtain BIC values. Explicitly, the model to estimate is just the 

same as the earlier but without any constraints on the error term or projected values (Greene, 

2012): 

𝐸! = 𝑧!𝛽 + 𝜀! 

 

With the eight different scores and three different second stages will I in total estimate 20 

(8x3-4) regressions. The (-4) term comes from the fact that bias-adjusted scores do not have 

any “censored” values and thus a Tobit cannot be estimated for theses models. 

 

To comment on the proposed models above and their use in the literature, all are theoretically 

“wrong” with regard to the DGP that DEA scores stem from. The Tobit, used for example in 

Çelen (2013), states that values of 1 are all censored and in “reality” they take on a higher 

value. But in a DEA setting such as this, firms are constructed to have a value of 1 if they are 

fully efficient and thus the values are not censored. When it comes to the truncated regression, 

the theoretical problem lies mainly in the fact that DEA scores have a mass-point at 1, but the 

Gaussian distribution that it relies on is continuous. And finally, the theoretical problems with 

the OLS/GLM modelling is of the same nature as the common critique of Probit models for 

example, as predicted values can take on values above 1 and below 0, which do not make 

sense for the input DEA programs with Farrell measures of efficiency that I use.  

6. Results 
 

The results from the above two approaches to estimate the effects from environmental 

variables on efficiency is presented in this section with the Double Bootstrap Approach first 

and later the Naïve Approach. 
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6.1 The Double Bootstrap Approach 
 

For the Double Bootstrap Approach was the data pooled for the years 2016 and 2015, which 

results in a total of 315 observations for the full sample and 311 in the sample with the larger 

cluster. The reason for the increase in observations for this model compared to the naïve 

models, stem from the pooling of the data for this model was done before the outlier detection 

and for the pooling of data was made after for the naïve models. The estimation was done 

using the package rDEA by Simm & Besstremyannaya (2016) that implements Simar & 

Wilsons second algorithm in an R package, available at CRAN and GitHub. However, as I 

have previously run the DEA program as Farrell efficiencies, they implement it with the 

reciprocal DEA scores that are the inverse (1/E) of the Farrell efficiency measure, often 

referred to as Shephard distance function (Bogetoft & Lars, 2011). The only change needed to 

Simar & Wilson’s algorithm is to invert the scores and truncation points i.e. between 1 and 

infinity instead of between 0 and 1. The change in the truncation point’s above stem from the 

inversion of the Farrell efficiency measure. To see why, first define the Shephard measure as 

𝑆 ∶= (!
!
), it is easy to see that when the Farrell measure is 1 and the firm is fully efficient, 

𝑆 = !
!
= 1 and thus define the truncation point at 1. From lim!→!(

!
!
) = ∞! it is clear that 

the Shephard measure goes to infinity as the Farrell efficiency decreases and then defines the 

second truncation point. The results for the two models with the full sample are presented in 

table 4 and the two models with only the large cluster of firms in appendix (1). 

 

Table 4: Results from the Double Bootstrap Approach 

Full model: Double Bootstrap 
Variable Estimate ci 2.5% ci 97.5% Sign. 
Intercept 2.3105 2.1694 2.4480 + 

Size 0.0000 -0.0001 0.0001 
 Density -0.0353 -0.0429 -0.0285 - 

Wire Mix -0.0053 -0.0071 -0.0036 - 
Vertical int. -0.0005 -0.0023 0.0015 

 Small-Scale -0.0024 -0.0044 -0.0005 - 
Micro-Scale 0.0029 -0.0122 0.0164 

 Customer mix -0.0023 -0.0039 -0.0008 - 
Border trans. -0.0036 -0.0067 -0.0004 - 

Zone 1 -0.3920 -0.5106 -0.2766 - 
Zone 2 -0.2283 -0.3385 -0.1250 - 
Zone 3 -0.1007 -0.1613 -0.0405 - 
2016 0.0474 -0.0015 0.0950   
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Simplified model: Double Bootstrap 
Variable Estimate ci 2.5% ci 97.5% Sign. 
Intercept 2.2718 2.1198 2.4390 + 

Size -0.0001 -0.0002 0.0000 
 Density -0.0379 -0.0457 -0.0309 - 

Wire Mix -0.0036 -0.0057 -0.0016 - 
Vertical int. -0.0015 -0.0036 0.0006 

 Small-Scale -0.0023 -0.0044 -0.0001 - 
Micro-Scale -0.0013 -0.0186 0.0151 

 Customer mix -0.0001 -0.0017 0.0016 
 Border trans. -0.0017 -0.0051 0.0017 
 Zone 1 -0.2349 -0.3785 -0.1121 - 

Zone 2 -0.1198 -0.2281 -0.0108 - 
Zone 3 -0.0831 -0.1483 -0.0157 - 
2016 0.0597 0.0067 0.1124 + 

Table description: Shows the results from the Double Bootstrap Approach with 95 % confidence intervals. The 
column “Sign.” indicates if the association between the dependent variable and the environmental by “-“ for a 

negative significant and “+” for a positive significant association. 
 

Since I use the inverse of the Farrell measure, a negative coefficient implies that that variable 

is associated with higher efficiency and vice versa. In all of the models, the dummy for 2016 

takes a positive value and in 3 out of 4 it is significant at a 5% level. These results are 

implying a decreased efficiency between the years. Another consistent estimate over the 

models are the negative association between efficiency and both density and wire mix. These 

results would imply that DSOs with a high density are more efficient as well as if they have a 

higher degree of wires that are underground. The other estimates that are consistent across the 

models are that the three dummy variables are all negative, and zone 1 < zone 2 < zone 3. As 

the zones are ordered roughly from north to south, with 1 being the most northern, this 

strongly implies geographical effects on efficiency. And for my variables of interest, it is only 

Small-Scale production that is somewhat consistent (3 out of 4) across the models. The 

coefficient is significantly negative and implies that the higher the share of Small-Scale 

production of total power, the higher the efficiency of the DSO is. 

 

6.2 The Naïve Approach 
 

The results from the first-stage are obtained by constructing a technical frontier for each of 

the years, and then pooling the results used for the subsequent second-stage regressions. By 

doing this, the yearly dummy should not be interpreted as changes in technology, but as a 
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“robustness” control. If my modelling approach is valid for both years, and they have 

different efficient frontier, a significant value should only occur if the distribution of scores 

look different between the years. This could stem from an invalid model, given that the 

industry’s structure does not change between the years. So if the modelling approach is 

“correct”, the dummy should be insignificant, as opposed to in the Double Bootstrap 

Approach where they have the same efficient frontier and the dummy there reflects 

technological change. 

 

6.2.1 First-stage  
 

After the reduction of outliers and possibly miss-specified firms, the number of remaining 

DSOs in 2016 is 154 and 157 in 2015. The hypothesis test regarding technology rejected 

constant return to scale so I used variable return to scale as the technological assumption. 

From the k-means clustering that further reduces the sample, there where 141 and 143 DSOs 

left in 2016 and 2015 respectively. To get a overview of the results, see the histograms below 

in figure 2 that depicts the full and simplified models “standard” scores 𝐸! and bias-adjusted 

𝐸!. For the large cluster scores in 2016 and for all models in 2015, see appendix (2). 

 

Figure 2: Histograms, Efficiency Scores 
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Without going into a deeper description of the scores, the mean efficiency and weighted mean 

efficiency scores for the total industry is presented in table 5. 

 

Table 5: Mean- and Weighted mean technical efficiency of the whole industry 

Models Mean Efficiency Weighted Efficiency 
Full Model, 2016 0.833 0.83 

Simplified Model, 2016 0.747 0.725 
C. Full Model, 2016 0.843 0.874 

C. Simplified Model, 2016 0.769 0.8 
Full Model, 2015 0.823 0.825 

Simplified Model, 2015 0.747 0.73 
C. Full Model, 2015 0.838 0.869 

C. Simplified Model, 2015 0.77 0.806 
Table presents the mean and weighted mean efficiency with regard to remunerations of the DSOs from each of 

the DEA programs Farrell efficiency measures 
 

The mean values reflect the efficiency in which remunerations is used to produce the outputs 

and a value below 1, for example 0.8 implies that the DSO could have produced the same out-

put with 20% less remunerations if it employed the best-practice production plan. The mean 

efficiency reflects the average efficiency of the DSOs, but the more interesting measure is the 

weighted efficiency that weights the DSOs on their share of total remuneration and thus 

expresses the efficiency in the whole Swedish system. 

 

6.2.2 Second-stage 
 

The results from the regressions with 𝑆 ∶= ( !
!!
) , the Shephard efficiency measure as 

dependent variable on the environmental variables 𝑍 are presented below in table 6. As I have 

inverted the scores will I also need to change the censoring and truncation points in the 

regression models that are presented in section 5.5 to accommodate the change in the bounds 

of the efficiency scores. The censoring and truncation is now between 1 and infinity, instead 

of between 0 and 1 as before. For the second stage have I pooled the observations for both 

years, which result in the full sample having 311 observations, and the clustered models have 

284 observations. The results from the regressions when only the larger cluster is used are in 

appendix (3). 
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Table 6: Results from the Naïve Approach 

DEA F 
Second stage Tobit P-value Truncated P-value GLM P-value 

Intercept 2.0599 0.0000 2.4203 0.0000 1.9591 0.0000 
Size 0.0001 0.2890 0.0004 0.0780 0.0002 0.0781 

Density -0.0225 0.0000 -0.0706 0.0000 -0.0156 0.0000 
Wire Mix -0.0052 0.0000 -0.0052 0.0018 -0.0049 0.0000 

Vertical int. 0.0008 0.4422 0.0012 0.5255 0.0003 0.7083 
Small-Scale prod. -0.0020 0.0843 -0.0040 0.0348 -0.0019 0.0447 
Micro-scale prod. 0.0062 0.4701 0.0088 0.4220 0.0060 0.3817 

Customer mix -0.0030 0.0010 -0.0046 0.0023 -0.0023 0.0009 
Border trans. -0.0076 0.0001 -0.0120 0.0020 -0.0049 0.0007 

Zone 1 -0.3879 0.0000 -0.5772 0.0000 -0.3205 0.0000 
Zone 2 -0.2166 0.0003 -0.3236 0.0024 -0.1833 0.0001 
Zone 3 -0.0864 0.0118 -0.1316 0.0264 -0.0792 0.0028 
2016 -0.0209 0.4407 -0.0135 0.7689 -0.0045 0.8293 

Log-likelihood -54.02   229   94.35 
 BIC 188.4   -377.64   -108.34   

 

DEA S 
Second stage Tobit P-value Truncated P-value GLM P-value 

Intercept 2.0211 0.0000 2.1437 0.0000 2.0136 0.0000 
Size 0.0004 0.0002 0.0006 0.0001 0.0004 0.0000 

Density -0.0291 0.0000 -0.0496 0.0000 -0.0256 0.0000 
Wire Mix -0.0024 0.0196 -0.0016 0.1816 -0.0027 0.0046 

Vertical int. -0.0001 0.9381 -0.0004 0.7389 -0.0002 0.7905 
Small-Scale prod. -0.0024 0.0298 -0.0036 0.0109 -0.0024 0.0224 
Micro-Scale prod. 0.0008 0.9261 0.0010 0.9149 0.0010 0.8995 

Customer mix -0.0024 0.0046 -0.0028 0.0077 -0.0021 0.0070 
Border trans. -0.0051 0.0032 -0.0059 0.0108 -0.0043 0.0078 

Zone 1 -0.2661 0.0001 -0.3384 0.0000 -0.2678 0.0000 
Zone 2 -0.1194 0.0294 -0.1328 0.0596 -0.1256 0.0143 
Zone 3 -0.0756 0.0173 -0.0902 0.0312 -0.0776 0.0091 
2016 0.0019 0.9403 0.0015 0.9628 0.0022 0.9235 

Log-likelihood -0.34   114.52   58.35   
BIC 81.04   -148.69   -36.33   
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Bias adj. F 
Second stage Tobit P-value Truncated P-value GLM P-value 

Intercept - - 2.1125 0.0000 2.0320 0.0000 
Size - - 0.0003 0.0092 0.0002 0.0114 

Density - - -0.0209 0.0000 -0.0137 0.0000 
Wire Mix - - -0.0050 0.0000 -0.0049 0.0000 

Vertical int. - - 0.0000 0.9720 0.0000 0.9961 
Small-Scale prod. - - -0.0022 0.0318 -0.0018 0.0362 
Micro-Scale prod. - - 0.0051 0.4776 0.0052 0.4221 

Customer mix - - -0.0022 0.0069 -0.0017 0.0072 
Border trans. - - -0.0038 0.0259 -0.0032 0.0172 

Zone 1 - - -0.3500 0.0000 -0.3011 0.0000 
Zone 2 - - -0.2075 0.0001 -0.1763 0.0000 
Zone 3 - - -0.0934 0.0026 -0.0791 0.0016 
2016 - - -0.0040 0.8685 -0.0028 0.8864 

Log-likelihood     137.37   113.05 
 BIC     -194.38   -145.74   

 

Bias adj. S 
Second stage Tobit P-value Truncated P-value GLM P-value 

Intercept - - 2.1239 0.0000 2.0906 0.0000 
Size - - 0.0007 0.0000 0.0006 0.0000 

Density - - -0.0268 0.0000 -0.0214 0.0000 
Wire Mix - - -0.0032 0.0015 -0.0034 0.0003 

Vertical int. - - -0.0008 0.4278 -0.0007 0.4493 
Small-Scale prod. - - -0.0023 0.0366 -0.0020 0.0478 
Micro-Scale prod. - - 0.0003 0.9704 0.0003 0.9719 

Customer mix - - -0.0011 0.2014 -0.0009 0.2148 
Border trans. - - -0.0023 0.1819 -0.0022 0.1621 

Zone 1 - - -0.2968 0.0000 -0.2733 0.0000 
Zone 2 - - -0.1462 0.0081 -0.1393 0.0057 
Zone 3 - - -0.0906 0.0053 -0.0850 0.0036 
2016 - - 0.0029 0.9096 0.0030 0.8971 

Log-likelihood     77.5   64.57   
BIC     -74.65   -48.79   

Table description: DEA F is efficiency scores for the full model as dependent variable; DEA S is the simplified 
model. Bias adj. F uses the bias-adjusted scores from the full model as dependent variable; Bias adj. S is the 

simplified model. 
 

As can be seen above, the different regression models yield similar significant estimates of 

the explanatory variables. As these scores are the estimated coefficients in each model, should 

only the results in the GLM column be interpreted as marginal effects as the marginal effects 
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in Tobit and Truncated models are conditional on Z. For my analysis am I only interested in 

the sign of the coefficients and if they are significantly different from zero, hence I do not 

report the marginal effects. All three models are estimated by maximum likelihood and hence 

can I use the BIC values to evaluate and compare the fit of the models (Greene, 2012). As the 

lower the BIC, the better the fit of the model, can I conclude that Truncated regressions on 

efficiency scores generally perform better at explaining the scores for all sets of efficiency 

scores.  

 

By looking at the estimates in the table above, it is quite clear that the significant estimates 

tend to go in the same direction and regard the same variables. Caution should however be 

had to assume causality, as at most these results can be interpreted as being associated 

significantly with efficiency. To summarize the results, the variables that are associated with 

higher efficiency in the Truncated models at a 5% significance level are: Density, Wire Mix 

(percentage of wires underground), Customer mix (percentage of high-voltage customers), 

Border transmission (percentage of total power distributed in border points) and being in zone 

1, 2 or 3. The one negative association is with regard to size (Total transformer capacity). For 

the two main variables that where of interest in my analysis: Small-scale production and 

Micro-Scale production, only Small-Scale production (percentage of total power supplied by 

Small-Scale producers) seemed to be associated with higher efficiency.  

 

6.3 Comparison of the results 
 

Although the focus of this analysis is to see what environmental factors predict differences in 

efficiency among Swedish DSOs, another part is to compare different ways of modelling this 

that have been used in the previous literature. At first sight, the different models seem to 

produce similar estimates and significant values, but at a closer inspection, more nuances start 

to emerge. Take for example the column “DEA F: Tobit”, which corresponds to the paper by 

Çelen (2013). There he uses a Tobit regression on DEA scores and assumes that the inference 

is still valid on his variables of interest. In my results, ”Size” is insignificant in that model, but 

is significantly associated with worse efficiency in all (except DEA F) other naïve models and 

one of the Double Bootstrap models. “Small-Scale production” is also insignificant, but 

positively associated with efficiency in all other. This implies that drawing policy 

recommendation could be problematic, at least in the context of this analysis.  
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To choose the most appropriate model for analysis, one first has to think about both the 

theoretical DGP that “efficiency” comes from, and the practicality of estimation. As DEA 

scores are biased, correcting for this is needed. As Simar & Wilson (2007) showed that their 

algorithm produces consistent estimates and should then be used. The algorithm is relatively 

fast and with the R package rDEA, it is quite easy to implement. However, its time 

complexity with regard to the dimensions in the DEA model is extremely high9. 

 

To choose among the naïve models, the Bayesian Information Criterion (BIC) can be used 

and the lower the value, the better. In all the naïve regressions, the Truncated model 

performed best and should therefore be used.  

 

By looking at the results for the Truncated regression with full sample and bias adjusted 

scores, the estimates share a lot of similarities with the Double Bootstrap Approach. The 

estimates are all going in the same direction and not so different in magnitude. The 

coefficients that are identified as being significantly different from zero are the same except 

for three instances. The comparison can be seen in table 7. 

 

Table 7: Comparison between the two approaches 

 

Bias adj. 
F 

Sign
. 

Double Boot, 
F 

Sign
. 

Bias adj. 
S 

Sign
. 

Double Boot, 
S 

Sign
. 

Intercept 2.1125 + 2.3105 + 2.1239 + 2.2718 + 
Size 0.0003 + 0.0000   0.0007 + -0.0001 

 Density -0.0209 - -0.0353 - -0.0268 - -0.0379 - 
Wire Mix -0.0050 - -0.0053 - -0.0032 

 
-0.0036 - 

Vertical int. 0.0000 
 

-0.0005   -0.0008 
 

-0.0015 
 Small-Sc. prod. -0.0022 - -0.0024 - -0.0023 - -0.0023 - 

Micro-Sc. prod. 0.0051 
 

0.0029   0.0003 
 

-0.0013 
 Customer mix -0.0022 - -0.0023 - -0.0011 

 
-0.0001 

 Border trans. -0.0038 - -0.0036 - -0.0023 
 

-0.0017 
 Zone 1 -0.3500 - -0.3920 - -0.2968 - -0.2349 - 

Zone 2 -0.2075 - -0.2283 - -0.1462 - -0.1198 - 
Zone 3 -0.0934 - -0.1007 - -0.0906 - -0.0831 - 
2016 -0.0040   0.0474   0.0029   0.0597 + 

Bias adj. F/S are the results from the naïve Truncated regressions on Bootstrapped Adjusted scores. Double 
Boot, F/S are the results from the full sample in the Double Bootstrap Approach. The Sign. column indicates if 
the coefficients are significantly different from zero at a 5% significance level, + or – indicates direction of the 

significant coefficients. 
																																																								
9	On my MacBook (4 GB RAM, Intel Core i5), estimating the simplified model took approximately 3 minutes 
and the full took around 11 hours. Without closer inspection, this could be a result from both time complexity of 
the algorithm and bottlenecks in RAM memory.	
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As seen above, both approaches produce similar measures but the differences are large 

enough to motivate the more extensive, and complex Double Bootstrap Approach. So to 

summarize the findings in this analysis, the variables of interest: Micro-scale production does 

not seem to affect efficiency between DSOs. Small-scale production is associated with higher 

efficiency, but as it likely suffers a lot from endogeneity issues since Small-scale production 

plants are likely not randomized between DSOs, these results should not be interpreted as 

causal. For example, highly efficient DSOs with regard to remuneration (potentially lower 

fees for producers) might attract producers and thus raise the quota of Small-scale production. 

Another problem is that in the simplified model with further omission of firms, the estimate 

becomes insignificant and the results might not be so robust with regard to sampling. 

However, the striking results that go across all models are the large differences across zones 

and the pattern of the zones 1, 2 and 3 being more efficient than zone 4.  

 

So to summarize the results from this analysis, the model that I believe reflects the “truth” the 

best are the two models from the Double Bootstrap with the full sample. As the estimated 

coefficients differ among the models, this indicates that the specification of the in- and 

outputs matter a lot. Since high dimensionality is positive, as it should have a closer 

resemblance to reality, it should be favourable. However a lower dimensionality as in my case 

with aggregated variables, has the advantage of still approximating reality but with more 

simply identified proxies. I favour the simplified model with the Double Bootstrap Approach 

to explain efficiencies among the Swedish DSOs in this study due to its simplicity. The 

estimates from this model imply that there are no size effects, with the measure of size to be 

installed network capacity. A higher share of wires that are underground and the density of 

the network are associated with higher efficiency. The fraction of power that is produced by 

Small-Scale producers are associated with higher efficiency and for the zone dummies, the 

efficiency in zone 4 is lower than all the other. The yearly dummy for 2016 is also 

significantly positive which implies that firms are getting less efficient but one needs to take 

into account that the input is non-deflated remunerations and thus it also reflects the increase 

in remuneration and inflation that took place between the years. 
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7. Discussion 
 

As this paper sets out to analyse the effect of firm characteristics and environment on 

efficiency, the results can be used to indicate factor that might influence efficiency among 

Swedish Distribution System Operators of local power grids. The findings regarding firm 

characteristics are that having a higher density of the grid, share of underground wires and 

share of Small-Scale production is associated with higher efficiency, but with robustness 

concerns for Small-Scale production. The geographical aspect also plays a big role where the 

effects seem to be that the more north you go, the more efficient the firms are. However, a 

crucial point to have in mind when analysing the results is that efficiency in this paper solely 

refers to the modelled DSOs. This means that the efficiency is with regard to the given set of 

inputs and outputs that are modelled and do not regard efficiency in any other setting or 

dimension. 

7.1 Policy implications 
 

The policy implications of this paper are both regarding identification of potential drivers of 

efficiency and methodical aspects. As the government regulates the Swedish market, these 

results indicate that the regulator should encourage DSOs to dig down a larger share of their 

wires. Since all other significant variable are hard to change i.e. geographical location, 

increasing the fractions of underground wires could potentially increase the total efficiency in 

Sweden. For the Small-scale production, due to potential endogeneity and robustness issues, 

there are not any recommendations to be had but at least this study does not find any negative 

effects on grid efficiency. Regarding the mechanisms behind the observed effects, only 

speculations can be had from this analysis. As for example, the higher efficiency associated 

with a high degree of wires underground could be a result of lower maintenance costs, better 

insulation of the cables etc., but to get the precise mechanism behind how it affects efficiency, 

more research is needed. 

 

Due to the large regional differences, one major policy implication is to look at what drives 

the differences. As my analysis might suffer from omitted variable bias regarding 

geographical and labour market characteristics that are correlated with the different zones, the 

effects might be exaggerated. However, the effects are so large and consistent across 

specifications that it furthers future investigations. 
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The methodological implications from this paper are to give a framework for future studies 

into the Swedish system. As my results indicate, the sign and size of the coefficients are quite 

similar across modelling approaches, which helps in future studies. A possible work-schedule 

could be to start modelling the naïve way until a satisfactory model is obtained, and later run 

it through the Double Bootstrap algorithm to get consistent estimates. The gains from this 

would lie in the time of development of the models, likely a concern for a regulatory agency 

or researchers. As high dimensional models get very slow, this would be advisable if more 

detailed models are used and/or many time periods. 

7.2 Potential problems 
 

As previously hinted, there might be problems with omitted variable bias in this analysis, 

which could be affecting the coefficients. There is also the problem with potential 

endogeneity in the variable of interest “Small-Scale Production”. Due to these concerns, any 

conclusions with regard to causal effects from the environmental variables should be made 

with caution. Of course this is not unique about this study but generally applies to most 

empirical papers. Besides these concerns there is another major problem with these kinds of 

analyses that regards regulated industries in particular. The assumption about the data is that it 

is generated by a decision making unit DMU, that sets a production plan that is more or less 

efficient depending on the environment she is in. The problem with a regulated industry such 

as the Swedish is that the DMU responds to incentives that are a function of the regulatory 

environment. In a more classical industry, the assumption that the goal of the DMU is to 

maximize profit seems reasonable and thus the behaviour should mimic the assumptions in 

the DEA models in general. At first glance, this should also apply to DSOs but as their 

remunerations stem partly from costs, the incentive for allocating resources to their best use 

might not always be there. One cynical way of looking at the results could be that the 

inefficiency measured, is a result of how efficient the DSO’s are at rent-extraction. These 

concerns about firms responding to the regulatory environment are not new and in an early 

seminal paper by Averch & Johnson (1962), they outline these problems for regulated firms. 

 

The assumption that needs to be made in studies like these, and all other empirical studies 

regarding data from regulated industries, is that the mechanism of which the data is generated 

results in a truthful equilibrium strategy regarding reported values. This means that it is in the 

firm’s interest to report cost figures correctly, truthfully and that their reported production 

plan is in “their view”, an “efficient” allocation of resources.  In the Swedish context, this 
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might hold as the regulatory agency has quite good view into the firm’s books (has to be 

reported) and my analysis could then be seen as valid. However, rent-extraction by shifting 

costs, profits, fees and/or wages among posts to increase potential remuneration levels and 

thus lowering efficiency, is a concern that needs to be given attention. 

7.3 Future research 
 

Future research related to this question is to try and explain the large geographical differences 

in efficiency in Sweden. To do this, more data on geographical as well as socioeconomic data 

regarding each DSO is needed. This would then hopefully alleviate the potential omitted 

variable bias in this study and yield more insight to the drivers of efficiency.  

 

Regarding the study of Small- and Micro-Scale production and their effects on efficiency, 

perhaps a more extensive approach is needed. One-way of doing this would be to construct a 

time-series of efficiency scores and later do some sort of propensity-score matching for 

construction of wind-farms. Although this approach would need a very extensive data set on 

each DSO and its also problematic due to the fact that some grids cover several 

municipalities, but building permissions lie in each municipalities decision. 

 

Studying efficiencies of DSOs is a task of both importance and difficulty. As most of the 

world’s power grids are regulated in one-way or another, identifying what makes a grid 

efficient or not is therefore of great importance as it should be of interest of the policy maker 

and regulator. As there is no clear way of benchmarking and/or explaining efficiencies in the 

literature, more research is needed. Unfortunately, this analysis is not conclusive either but it 

does point out some important factors that likely affects efficiency and should be relevant for 

regulating the Swedish power grids. 
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Appendix 
	

1. Result Double Bootstrap Approach, Large Cluster 
	

Full model, Large Cluster 
Variable Estimate ci 2.5% ci 97.5% Sign. 
Intercept 2.3052 2.1687 2.4504 + 

Size 0.0001 -0.0001 0.0003 
 Density -0.0340 -0.0415 -0.0272 - 

Wire Mix -0.0055 -0.0073 -0.0037 - 
Vertical int. -0.0006 -0.0026 0.0013 

 Small-Scale -0.0025 -0.0046 -0.0006 - 
Micro-Scale 0.0033 -0.0108 0.0170 

 Customer mix -0.0022 -0.0037 -0.0007 - 
Border trans. -0.0029 -0.0061 0.0002 

 Zone 1 -0.4067 -0.5252 -0.2886 - 
Zone 2 -0.2435 -0.3502 -0.1364 - 
Zone 3 -0.0999 -0.1603 -0.0404 - 
2016 0.0481 0.0001 0.0942 + 

 

Simplified model, Large Cluster 
Variable Estimate ci 2.5% ci 97.5% Sign. 
Intercept 2.2747 2.1184 2.4355 + 

Size 0.0004 0.0001 0.0006 + 
Density -0.0399 -0.0473 -0.0327 - 

Wire Mix -0.0034 -0.0054 -0.0013 - 
Vertical int. -0.0017 -0.0038 0.0003 

 Small-Scale -0.0021 -0.0042 0.0001 
 Micro-Scale -0.0011 -0.0178 0.0149 
 Customer mix -0.0009 -0.0025 0.0008 
 Border trans. -0.0011 -0.0046 0.0025 
 Zone 1 -0.2900 -0.4255 -0.1596 - 

Zone 2 -0.1593 -0.2728 -0.0473 - 
Zone 3 -0.0921 -0.1592 -0.0254 - 
2016 0.0608 0.0079 0.1109 + 

Table description: Shows the results from the Double Bootstrap Approach with 95 % confidence intervals. The 
column “Sign.” indicates if the association between the dependent variable and the environmental by “-“ for a 

negative significant and “+” for a positive significant association. 
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2. Histograms, Efficiency Scores 
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3. Naïve Second-stage, Large cluster 
DEA F 

Second stage Tobit P-value Truncated P-value GLM P-value 
Intercept 2.0526 0.0000 2.4057 0.0000 1.9320 0.0000 

Size -0.0007 0.0796 -0.0003 0.7283 -0.0003 0.2822 
Density -0.0351 0.0000 -0.0946 0.0000 -0.0169 0.0000 

Wire Mix -0.0034 0.0037 -0.0027 0.1096 -0.0044 0.0000 
Vertical int. 0.0018 0.1312 0.0021 0.3537 0.0008 0.3394 

Small-Scale prod. -0.0031 0.0133 -0.0064 0.0031 -0.0026 0.0068 
Micro-Scale prod. 0.0055 0.5269 0.0122 0.2571 0.0067 0.3237 

Customer mix -0.0031 0.0022 -0.0046 0.0057 -0.0022 0.0025 
Border trans. -0.0097 0.0000 -0.0149 0.0004 -0.0056 0.0002 

Zone 1 -0.4232 0.0000 -0.5891 0.0000 -0.3196 0.0000 
Zone 2 -0.0734 0.2970 -0.0458 0.6858 -0.0874 0.0837 
Zone 3 -0.0920 0.0158 -0.1141 0.0646 -0.0806 0.0029 
2016 -0.0082 0.7868 -0.0072 0.8825 0.0005 0.9801 

Log-likelihood -51.42   252.93   90.11   
BIC 181.93   -426.78   -101.13   

 

DEA S 
Second stage Tobit P-value Truncated P-value GLM P-value 

Intercept 2.0336 0.0000 2.1993 0.0000 2.0231 0.0000 
Size -0.0004 0.1893 -0.0004 0.4914 -0.0004 0.1905 

Density -0.0337 0.0000 -0.0615 0.0000 -0.0249 0.0000 
Wire Mix -0.0019 0.0743 -0.0009 0.4721 -0.0028 0.0028 

Vertical int. 0.0000 0.9685 -0.0004 0.8029 -0.0001 0.9313 
Small-Scale prod. -0.0034 0.0028 -0.0050 0.0010 -0.0033 0.0017 
Micro-Scale prod. 0.0016 0.8425 0.0023 0.8049 0.0023 0.7640 

Customer mix -0.0024 0.0073 -0.0027 0.0207 -0.0018 0.0265 
Border trans. -0.0055 0.0023 -0.0067 0.0071 -0.0044 0.0074 

Zone 1 -0.3001 0.0000 -0.3741 0.0001 -0.2864 0.0000 
Zone 2 -0.0713 0.2543 -0.0672 0.4142 -0.0993 0.0747 
Zone 3 -0.0579 0.0866 -0.0764 0.0881 -0.0707 0.0176 
2016 0.0040 0.8812 -0.0007 0.9848 0.0021 0.9304 

Log-likelihood -11.03   140.92   62.38   
BIC 101.14   -202.75   -45.67   
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Bias adj. F 
Second stage Tobit P-value Truncated P-value GLM P-value 

Intercept - - 2.0891 0.0000 2.0058 0.0000 
Size - - -0.0001 0.8577 -0.0001 0.5694 

Density - - -0.0230 0.0000 -0.0135 0.0000 
Wire Mix - - -0.0045 0.0000 -0.0046 0.0000 

Vertical int. - - 0.0007 0.5080 0.0007 0.4298 
Small-Scale prod. - - -0.0032 0.0051 -0.0025 0.0051 
Micro-Scale prod. - - 0.0064 0.3832 0.0063 0.3322 

Customer mix - - -0.0021 0.0147 -0.0017 0.0148 
Border trans. - - -0.0051 0.0050 -0.0041 0.0036 

Zone 1 - - -0.3397 0.0000 -0.2884 0.0000 
Zone 2 - - -0.0960 0.1171 -0.0892 0.0627 
Zone 3 - - -0.0923 0.0055 -0.0778 0.0025 
2016 - - 0.0028 0.9162 0.0026 0.8976 

Log-likelihood     132.65   105.15   
BIC     -186.23   -131.21   

 

Bias adj. S 
Second stage Tobit P-value Truncated P-value GLM P-value 

Intercept - - 2.1415 0.0000 2.1053 0.0000 
Size - - -0.0003 0.3908 -0.0003 0.2683 

Density - - -0.0252 0.0000 -0.0189 0.0000 
Wire Mix - - -0.0034 0.0005 -0.0038 0.0000 

Vertical int. - - -0.0002 0.8847 -0.0001 0.9130 
Small-Scale prod. - - -0.0035 0.0013 -0.0032 0.0014 
Micro-Scale prod. - - 0.0017 0.8271 0.0019 0.7916 

Customer mix - - -0.0008 0.3551 -0.0006 0.3946 
Border trans. - - -0.0031 0.0751 -0.0027 0.0768 

Zone 1 - - -0.2987 0.0000 -0.2784 0.0000 
Zone 2 - - -0.1130 0.0573 -0.1138 0.0322 
Zone 3 - - -0.0777 0.0157 -0.0725 0.0106 
2016 - - -0.0018 0.9427 -0.0011 0.9599 

Log-likelihood     90   76.23   
BIC     -100.92   -73.37   

 
Table description: DEA F is efficiency scores for the full model as dependent variable, DEA S is the simplified 

model. Bias adj. F use the bias-adjusted scores from the full model as dependent variables, Bias adj. S is the 
simplified model. 
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4. Summary of technical and economical data 

Technical variables Min Mean Max 
Std. 
Dev. 

Wire length low-voltage, un-isolated air wire 0 37 2599 213 
Wire length low-voltage, isolated air wire 0 370 11632 1342 

Wire length low-voltage, ground wire (km) 11 1631 49612 5223 
Wire length high-voltage, un-isolated air wire 0 348 8644 1078 

Wire length high-voltage, isolated air wire 0 178 7470 814 
Wire length high-voltage, ground wire (km) 2 777 27521 2886 

Total wire length 36 3340 104174 11241 
Number of network stations 15 1137 36070 4057 

Total installed transformation capacity in network stations, 
(MWh) 0 319 7890 926 

Meter of wire per network station 
180
0 3300 5647 716 

Total amount of customers, producers 0 52 2859 197 
Which of customers, Small-Scale, low-voltage production 0 37 2351 151 
Which of customers, Small-Scale, high-voltage production 0 9 328 32 

Customers in border point 0 10 343 37 
High-Voltage Customers 0 46 1542 142 
Low-Voltage Customers 150 34892 806522 102025 

Total amount of Customers 150 34938 808064 102156 
Total wires per Customer, meter/n. 23 115 332 63 
Total Subscribed Power, (MWh) 0 185 17800 931 

Sum maximum amount of power inputted to unit 0 172 17188 876 

Total amount of power dist. To unit 
162
6 

63093
9 

1438144
5 

172561
8 

Which of produced by unit 0 71489 2121726 235997 
Which of produced by Small-Scale producers 0 28558 762005 96094 
Which of produced by Micro-Scale producers 0 872 274611 12916 

Transmitted power to Customer, Low-Voltage (MWh) 
131
0 

43129
4 

1029074
8 

123439
3 

Transmitted power to Customer, High-Voltage (MWh) 0 
16362

4 3264715 411237 
Transmitted power to Border point (MWh) 0 13296 611481 57603 

The years network-loss (MWh) 149 22725 555035 63519 
Produced power to cover network-losses 0 261 13133 1462 

Consumption per Low-Voltage Customer, (kWh) 
673
6 13215 46339 3334 

Num. of Customers with power-outs, 12-24 h 0 317 40991 2195 
Num. of Customers with power-outs, >24 h 0 112 17189 954 

Reimbursed Num. of Customers with power-outs, 12-24 h 0 303 39068 2113 
Reimbursed Num. of Customers with power-outs, >24 h 0 108 16238 915 
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Economic variables Min Mean Max Std Dev. 
Revenue from subscribers, in-flow 0 1944 44088 6086 

Revenue from subscribers, border points 0 875 53898 4961 
Revenue from high-voltage subscribers, out-flow 0 22351 626799 64499 
Revenue from low-voltage subscribers, out-flow 918 164844 4895804 532937 

Total remuneration 918 190014 5378558 603738 
Costs for connections to other grids 0 53 23262 1090 

Costs for subscriptions to other grids 50 41858 1402024 138793 
Cost for purchase of power to cover power-losses 0 8346 214549 23637 

Cost for own production to cover power-losses 0 16 1582 122 
Reimbursement to power producers for power input 0 2408 95646 9488 

Sum of transmission and purchase of power 170 52681 1627868 170539 
Cost for operations and standby, ink. Social payments 76 9354 420732 30377 

Cost for pre-emptive maintenance 25 9555 324877 29083 
Cost for measurement and reporting 10 9538 405262 35649 

 


