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Improvement in Efficiency Under DEA-based Incentive Regulation of Electric Utilities  

in Brazil 

Abstract 

       This paper evaluates whether incentive regulation with Data Envelopment Analysis (DEA) 

benchmarking improves the operational efficiency of electric utilities. Using publicly available data on a 

panel of electricity distribution firms in Brazil from 2003 to 2012, we find that electricity distribution firms 

in Brazil have, on average, experienced significant efficiency improvement after the implementation of 

DEA-based incentive regulation in 2011, even though the DEA benchmarking model used by the Brazilian 

regulator has several basic deficiencies. The efficiency improvement is pronounced in private sector utilities, 

but not significant in state-owned utilities. These findings suggest that DEA benchmarking needs to be 

coupled with the incentives of a privatized industry to promote efficiency improvement. 

 

Highlights 

� We examine DEA-based incentive regulation in Brazil 

� Electric utilities experienced efficiency improvement after DEA benchmarking 

� Efficiency improvement is more pronounced in privately-owned utilities 

� Results are robust to controls for firm size and other contextual variables 
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1. Introduction  

       Data Envelopment Analysis (DEA) is a nonparametric econometric methodology to estimate 

production/cost frontiers of a group of homogenous organizations (Charnes, Cooper and Rhodes 1978; 

Banker, Charnes and Cooper 1984). Since the late 1980s, hundreds of academic studies have employed 

DEA to measure the efficiency of energy utilities such as electricity distribution firms and generation plants 

(Zhou, Ang and Poh 2008; Santos, Amado and Rosado 2011). Meanwhile, DEA is increasingly used by 

electricity industry regulators in European and Latin American countries to benchmark and improve 

operational efficiency of electric utilities (Bogetoft and Otto 2010; Agrell and Bogetoft 2012; ACCC 2012; 

Haney and Pollitt 2009). The main purpose of DEA benchmarking is to estimate the efficient cost of an 

electric utility by comparing it with a group of similar electric utilities and then the estimated efficient cost 

is used by regulators as a benchmark for setting electricity rate. The correct DEA methodology requires the 

use of more flexible variable returns to scale assumption and do not impose restrictive constant or non-

decreasing returns to scale assumptions on the empirical model (Banker 2011). Nonetheless, the Brazilian 

regulator, ANEEL, implements a deficient DEA model that specifies operating costs as a simple function 

of three outputs with non-decreasing returns to scale (NDRS). In this study, we use a panel of Brazilian 

electricity distribution firms to investigates whether DEA benchmarking model promotes managerial 

efforts towards efficiency and furthermore, whether the effectiveness of the DEA benchmarking is 

influenced by the characteristics (i.e., ownership, size) of electricity distribution firms.  

       The electricity industry was commonly regulated under a cost of service regime, which reimburses 

electric utilities for their operating expenses plus a fair rate of return on capital investment (Joskow 1997). 

However, under such a regime electric utilities do not have incentives to reduce costs, because their 

revenues are a function of their costs (Shleifer 1985). Consequently, many regulators switched to high-

powered revenue/price cap or yardstick competition, which allows utilities to retain the cost savings as their 

profits. Although economic theory advocates high-powered regimes and benchmarking for efficiency 

improvement, “there has been relatively little systematic analysis of the effects of the application of 

incentive regulation mechanisms on the performance of electric distribution and transmission companies… 

it is difficult to disentangle the effects of privatization, restructuring and incentive regulation from one 

another (Joskow 2006, P.7)” For instance, Giglioli and Marchi (2008) show that the electricity distribution 

price in the UK dropped by 34% from 1990 to 2005, but the average earnings before interest, taxes, 

depreciation, and amortization (EBITDA) of the distribution firms increased by 51%, implying significant 

cost reduction after the adoption of RPI-X price cap regulation. The study, however, only conducts a few 

univariate comparisons of electricity rate and EBITDA, and the improved performance was likely to be 

driven by the joint effect of the comprehensive reforms implemented during the same period.    
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        We use a sample of electricity distribution firms in Brazil from 2003 to 2012 to investigate the effect 

of incentive regulation and DEA benchmarking on operational efficiency in the electricity industry. In the 

1990s, the Brazilian federal government unbundled its vertically integrated electric utilities, and privatized 

nineteen of their state-owned utilities. Since 2003, ANEEL, the independent Brazilian regulator, has 

launched three cycles of periodic tariff review and implemented a price cap regulation with benchmarking 

for electricity distribution firms (ANEEL 2010, 2011). ANEEL used an engineering-based reference 

company model in the first and second cycles of the tariff review (2003-2010), and employed a two-stage 

data envelopment analysis (DEA) approach to benchmark operating costs of electricity distribution firms 

for the third periodic tariff review cycle (2011-2014). The regulatory reforms of electricity industry in 

Brazil provide us with a setting to disentangle the effect of incentive regulation from industrial restructuring. 

Because the Brazilian electricity industry had been restructured in the 1990s, the documented effect can be 

attributed to DEA-based incentive regulation but not to industrial restructuring. Since there are both state-

owned and privately-owned electricity distribution firms in Brazil during the sample period, we are able to 

further examine whether the effect of incentive regulation is moderated by different ownership types.  

       In 2011, ANEEL specified a simple DEA benchmarking model with one input (operating costs) and 

three outputs (number of consumers, electric power sold and network length), and imposed a non-

decreasing returns to scale assumption on the proposed DEA model. Banker (2011) points out that the 

imposition of restrictive constant or non-decreasing returns to scale assumption on a simple empirical 

production model is potentially fatal flawed, because the simple empirical model does not carry the same 

properties as those of its theoretical model. The theoretical production/cost function for electricity 

distribution is a rather complex mathematical representation regarding using various input factors to deliver 

electric power to different types of customers in different operating environment. In contrast, the empirical 

model that specifies costs as a parsimonious function of a few outputs is only a simple abstraction of reality 

which cannot fully capture the complexities of electricity distribution. Consequently, the more flexible 

variable returns to scale DEA model should be used to mitigate model specification limitations (Banker 

2011).  

      We employ a two-stage estimation methodology to first estimate the cross-sectional inefficiency scores 

of distribution firms using a variable returns to scale DEA model, and then to estimate the impact of 

contextual variables on efficiency using ordinary least squares (OLS) in the second-stage analysis. The 

results show that Brazilian distribution firms had, on average, experienced significant efficiency 

improvement from 2003 to 2012 even though the benchmarking model used by ANEEL is potentially 

deficient. Furthermore, the efficiency improvement is most pronounced for privately-owned firms, but not 

statistically significant for state-owned firms. This study contributes to the DEA and incentive regulation 

literature by examining the relationship between regulatory policies and managerial incentives for 
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productivity improvement. The findings suggest that privatization and incentive regulation with DEA 

benchmarking play a joint role in promoting electricity distribution firms to improve operational efficiency. 

To our best knowledge, this is the first empirical study that systematically documents the effect of DEA-

based incentive regulation and privatization on the performance of electric utilities. 

       The remainder of the paper is organized as follows: Section 2 gives a brief review of the literature and 

electricity industry regulatory reforms in Brazil, and presents the research setting of the study. Section 3 

uses economic theory to develop the research hypotheses. Section 4 presents the data and the proposed 

empirical models. Section 5 gives the results. Section 6 presents the conclusion and discussion.  

 

2. Research Background  

        In practice, regulators worldwide are increasingly relying on frontier based econometric techniques 

(e.g., data envelopment analysis, corrected ordinary least squares, stochastic frontier analysis) to estimate 

the efficient costs of electricity distribution companies for rate setting (Jamasb and Pollitt 2001; Haney and 

Pollitt 2009; Bogetoft and Otto 2010). Corrected ordinary least squares (COLS) and stochastic frontiers 

analysis (SFA) both are parametric methods, which require assumptions regarding the functional form of 

the production/cost function. However, valid statistical inference regarding the estimated production/cost 

functions can be made, only if the maintained assumption of functional form is correct. Compared to COLS 

and SFA, Data Envelopment Analysis (DEA) imposes only a few general assumptions (e.g., monotonic 

increasing, convexity, minimum extrapolation) on the production technology, and thus is robust to model 

specification errors (Banker, Charnes and Cooper 1984).        

       Furthermore, Banker (1994) indicates that under certain distribution conditions regarding inefficiency 

deviations, DEA generates a maximum likelihood estimator of the theoretical production frontier, although 

the DEA estimator is biased below for a finite sample size. Bogetoft (1994) shows that the DEA estimator 

of the production frontier provides regulators with sufficient information about managerial effort for the 

design of incentive regulation mechanisms. Bogetoft (1997) and Agrell, Bogetoft and Tind (2005) develop 

a DEA-based dynamic yardstick regime that solves various essential problems (e.g., excessive rents, ratchet 

effect) existing in the CPI-X model. Because of the flexibility of DEA, regulators in many European and 

Latin American countries have shown strong preference of DEA over other benchmarking techniques 

(Haney and Pollitt 2009; Bogetoft and Otto 2010; Schweinsberg et al. 2011; ACCC 2012). For instance, 

Agrell and Bogetoft (2012) show that European regulators have been routinely using DEA or a combination 

of DEA and other methodologies (e.g., SFA, COLS, Engineering approach) to set price/revenue caps for 

electricity distribution and transmission firms. Korhonen and Syrjanen (2003) describe a three-stage process 

of developing a DEA benchmarking model used in the price regulation of Finnish electricity distribution 
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industry. Similarly, Thanassoulis (2000) discusses the use of DEA in the price regulation of water 

companies in England and Wales in 1994. Assaf and Gillen (2012) use both DEA and Bayesian distance 

stochastic frontier model to measure the joint impact of governance structure and economic regulation on 

the efficiency of airport in several countries. They find that airports that are fully private under a “light-

handed” price regulation are the most efficient among all ownership/regulation forms. For instance, Yang 

and Pollitt (2009) use six DEA-based models that incorporate undesirable outputs and environmental 

variables to evaluate the efficiency of the Chinese coal-fired plants. Chen (2002) use DEA models to 

measure and compare the technical efficiency and cross-efficiency scores of 22 distribution districts in 

Taiwan where the electricity distribution industry remains dominated by a government-owned monopoly. 

Lins et al. (2007) propose a two-phase weight restricted DEA model to incorporate the preferences from 

the perspectives of regulatory authority and utilities. Migueis et al (2012) use a DEA-based Malmquist 

index to evaluate the impact of regulatory policies on productivity change of Norwegian distribution 

companies from 2004 to 2007. 

       In the 1980s, many Latin American countries had experienced severe international debt crisis, and the 

high inflation following the debt crisis forced the Brazilian government to freeze tariffs for electric power. 

The tariff freezing policy significantly damaged the financial positions of state-owned electric utilities 

(Almeida and Pinto 2001). Consequently, the Brazilian federal government started a series of regulatory 

reforms in order to attract foreign direct investment and solve the financial constraints of its electricity 

industry. First, the Brazilian federal government adopted a price cap regime in 1993 that allowed utilities 

to appropriate the benefits of efficiency gains in order to promote the privatization of state-owned utilities. 

From 1995 to 1998 the government virtually unbundled the generation, transmission and distribution 

businesses of vertically state-owned electric utilities. In 1997, the National Agency for Electric Energy 

(ANEEL), an independent federal agency, was established to regulate various segments of the unbundled 

electricity industry. From 1995 to 1999 the government privatized 19 state-owned utilities, most of which 

were electricity distribution firms (Almeida and Pinto 2001; Tovar, Ramos-Real and Almeida 2011). Since 

2000, both state-owned and privately-owned electricity distribution firms have been coexisting in the 

electricity industry in Brazil.  

       As of today ANEEL has launched three cycles of periodic tariff review (i.e., 2003-2006, 2007-2010, 

and 2011-2014) for electricity distribution firms, and employed benchmarking methods to set price caps 

for distribution services. In the first and second cycles of the tariff review, ANEEL used an engineering-

based reference company model, which defines key activities/processes within distribution firms and then 

determines the average operating costs for each parameterized activity/process (ANEEL 2010, 2011). The 

implementation of reference company model is expensive and time consuming for ANEEL because the 

regulator has to collect detailed information on customer demand, location and service area.  
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   In 2009, following the successful examples of European regulators, ANEEL started using a two-stage 

data envelopment analysis (DEA) approach to benchmark operating costs of electricity distribution firms 

for the third periodic tariff review cycle (2011-2014). ANEEL specifies operating costs as a function of 

three outputs or cost drivers (i.e., electric power delivered, network length, number of customers) and 

employs a DEA model with non-decreasing returns to scale (NDRS) to estimate the efficient costs for each 

distribution firm. In the second stage, the estimated efficient costs are regressed on a set of contextual 

variables to control for differences in operating environment across firms. Eventually, the adjusted efficient 

costs are used to set price cap for electricity distribution services. ANEEL argues that DEA models are less 

data intensive but more credible in practice than the reference company model used in the first two review 

cycles (ANEEL 2010, 2011). The timeline of regulatory reforms in Brazil is summarized in Figure 1. 

 

   ANEEL’s selection of DEA as its benchmarking method is appropriate because DEA use the observed 

data and minimum extrapolation to identify a reference group of companies for benchmarking (Banker 

2011).  However, the major flaw in ANEEL’s benchmarking model is that it imposes the assumption of 

non-decreasing returns to scale on its DEA model. Economic theory predicts the potential existence of 

natural monopolies in the electricity distribution industry based on two facts. First, the electricity 

distribution infrastructure requires substantial lumpy-sum capital investment. Second, in a given service 

area, the marginal costs of serving one more customer or delivering one extra unit of electric power are 

relatively small compared to the capital investment. As a distribution firm serves more and more customers, 

the average cost per customer decreases and the production technology exhibits economies of scale. 

However, such a prediction needs to assume that both the customers and operating environment of different 

distribution firms are homogenous. In reality, distribution firms need to use numerous resources to deliver 

electric power to customers with different characteristics located in different environment. For instance, 

2003 2007 2011 

Figure 1: Regulatory reforms in Brazilian electricity industry 

2003-2006 First 

Review Tariff  

Cycle (Reference  

Company 

Model) 

2011-2014  

Third Review 

Cycle (DEA 

Model) 

 

1993-2002 Privatization,  

Restructuring and  

Regulatory Reforms  

2007-2010 Second 
Review Tariff Cycle  
 (Reference Company 
Model) 
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some distribution companies in Brazil operate in geographically dispersed areas with irregular topography 

and poor road conditions, which make it much more expensive to maintain the distribution network. On the 

other hand, customers in major metropolitan areas usually require high quality of service, but frequent 

traffic congestion and difficulty in parking service vehicle increases the average time to reach customers 

and the costs of performing various maintenance tasks. Furthermore, because of “light-for-all” program 

initiated by Brazilian government, large distribution companies like Cemig and Eletropaulo, have grown 

large over the years by serving customers in difficult-to-operate areas where distribution companies need 

to deploy higher skilled and experienced work teams, resulting in higher labor costs (Banker 2011). 

   Therefore, the true production function requires rather complex mathematical representations of the 

relationship between multiple inputs, outputs, and environmental variables. Such complexities cannot be 

captured simply by the two-stage DEA approach, because the regression analysis in the second stage cannot 

directly measure the marginal costs of serving different types of customers (Banker 2011). The average 

cost per customer will increase for companies grow larger with higher proportion of customer in 

geographically dispersed areas or congested metropolitan areas. Mimicking the evolution of US electricity 

industry, Banker and Zhang (2015) discuss a scenario which distribution firms initially operate in most 

profitable areas, and grow larger by expanding distribution networks to remote rural area where the 

customers are costlier to serve. Their simulation results show that the empirical production function 

inevitably exhibits variable returns to scale with a region of decreasing returns to scale for large firms even 

when the theoretical production function exhibits increasing returns to scale. Thus, if the output is specified 

only as total number of customers or total electricity sold, these large companies may be in a decreasing 

returns to scale (DRS) region of the estimated model even though the true production technology may be 

increasing returns to scale. The estimated production function will be fitted more closely by variable returns 

to scale (VRS) model rather than a non-decreasing returns to scale (NDRS) model (Banker 2011). Therefore, 

even when it is true that the full and complete specification of production relationships between all inputs, 

outputs and environmental variables exhibits non-decreasing returns to scale (NDRS), it is not appropriate 

to impose such an assumption on the much simpler abstraction employed for empirical purposes. It is naive 

to say that the higher average costs of a large company caused by more special customers, or service areas, 

or operating conditions, can be reduced simply by breaking them down into smaller companies, or by 

reducing their revenue with a lower price cap (Banker 2011). 

 

3. Hypothesis Development 

   Network industries (e.g. electricity distribution and telecommunication) are often thought of existence 

of natural monopolies, and had been regulated under a cost of service regime to protect public interests 
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from abuse of monopoly power and to attract sufficient capital investment (Joskow 1997, 2007, 2014; 

McDermott 2012). However, these regulated firms do not have incentive to reduce costs under the cost of 

service regime, because their revenues are determined by costs (Shleifer 1985). Economists proposed high-

powered incentive regimes, such as a revenue/price cap, yardstick competition, and a menu of linear 

contracts, to encourage efficiency improvement and cost reduction (Shleifer 1985; Littlechild 1983; Laffont 

and Tirole 1986; Laffont 1994; Joskow 2007). Under these regimes, managers have incentives to exert 

effort to reduce costs because regulators decouple sales revenue from costs and allow firms to retain their 

cost savings as profits (Ai and Sappington 2002; Agrell and Bogetoft 2004; Joskow 2014).  

       Although ANEEL has implemented a price cap regime since 2003, the effectiveness of the price cap 

regulation depends on how the cap is set. ANEEL used an engineering-based reference company model 

during 2003-2010, which requires detailed information about activities/processes performed by distribution 

firms (ANEEL 2010, 2011). With better knowledge of their distribution networks, customer demand and 

operating environment, distribution firms might focus on negotiation with regulators on the cost parameters 

of efficient reference networks rather than make effort to improve operational efficiency and reduce costs. 

For instance, distribution firms might hide their true cost information and make effort to convince regulators 

that they are high-cost type distribution firms (Joskow 2014). Furthermore, as regulators will use realized 

costs to update their belief of the cost type, distribution firms might be reluctant to reduce costs to reveal 

their true cost type (ratchet effect). Thus, incentive regulation with reference company model provides only 

limited incentives for cost reduction.  

   Following the successful examples of the UK, Norway and other European countries, ANEEL has 

employed DEA models since 2011 to set price cap for electricity distribution services (ANEEL 2010). 

Economic theory shows that DEA benchmarking creates a pseudo market for distribution firms to compete 

because the service price is set based on the industry best practices, but not based on the costs of the 

distribution firm (Bogetoft 1994; Jamasb and Pollitt 2001). Consequently, each distribution firm achieves 

socially efficient level of cost reduction in equilibrium (Shleifer 1985). If a distribution firm failed to reduce 

costs, it would make substantial losses, threatening the long-term financial viability of the firm. As a result, 

we expect that electricity distribution firms in Brazil are more motivated to reduce costs after the switching 

to DEA based incentive regulation in 2011, which leads to research hypothesis 1.   

 

       H1: Electricity distribution firms in Brazil have, on average, experienced significant efficiency 

improvement after the implementation of DEA-based incentive regulation in 2011. 

     

       State-owned and private firms have different institutional arrangements and incentives, which result in 

differences in efficiency between the two types of firms (Laffont and Tirole 1991). Because the property 
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rights under state ownership are not clearly defined, state-owned firms often need to meet political 

objectives (e.g., excess employment) from politicians, government and the media and are more cautious 

about cutting jobs and other resources (Boycko, Shleifer and Vishny 1996; Mountain and Littlechild 2010). 

The ambiguous goals of state-owned firms, such as maximizing public interest, make it difficult for citizens 

to monitor managers and politicians and hold them accountable for the performance of state-owned firms 

(Ramamurti 2000; Megginson 2005). Furthermore, state-own firms are not disciplined by threats of 

bankruptcy and takeovers as they could receive government bailouts (i.e., soft budget constraints) for poor 

financial performance (Ramamurti 2000; Majumdar 1998). In contrast, privatization relocates controls 

rights from politicians to managers and private investors, who are much more incentivized to maximize 

profits through efficiency improvement. Privatization also substantially increases the cost of forcing private 

firms to remain inefficient because the subsidies to these private firms are politically harder to sustain 

(Boycko, Shleifer and Vishny 1996).  

       In line with the economic theory, a number of empirical studies document various cross-country or 

within-industry evidence that privatization yields significant improvements in operational efficiency and 

profitability (Megginson, Nash and Randenborgh 1994; Megginson 2005; Newbery and Pollitt 1997; 

Boubakri and Cosset 1998; D’souza and Megginson 1999; Bonin, Hasan and Wachtel 2005). Using a 

sample of 61 fully or partially privatized firms from 18 countries and 32 industries during the period 1961 

to 1990, Megginson, Nash and Randenborgh (1994) document that firms experienced significant increases 

in real sales, profitability, operating efficiency, capital investment spending, and their work forces after 

being privatized, while these firms significantly reduced their debt levels and increased dividend payout. 

Similarly, Boubakri and Cosset (1998) document significant improvement in profitability, operating 

efficiency, capital investment spending, output, employment level and dividends after full or partial 

privatization using a sample of 79 firms from 21 developing countries during the period from 1980 to 1992. 

D’souza and Megginson (1999) document evidence that privatization yields significant performance 

improvements, including increases in profitability, operating efficiency, and dividend payout, and 

significant decreases in leverage ratios, using a sample of 85 companies from 28 developed countries that 

were privatized through public share offerings. Bonin, Hasan and Wachtel (2005) investigate the effect of 

privatization on efficiency of banks in six transition countries (i.e., Bulgaria, Czech Republic, Croatia, 

Hungary, Poland, and Romania). Their empirical results show that the foreign owned banks are most 

efficient and state-owned banks are most inefficient. Among all bank types, early-privatized banks are more 

efficient than state-owned banks and later-privatized banks that may not benefit immediately from 

privatization. Majumdar (1998) uses data envelopment analysis to evaluate the cross-sectional relative 

performance of 67 Indian state-owned, 63 private sector and 27 foreign-owned companies in 1991. He finds 

that foreign-owned companies are on average most efficient and state-owned companies are least efficient 
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among three ownership types. The debt to equity ratio of state-owned companies (110:1) is significantly 

higher than the ratios for private sector (8:1) and foreign-owned (5:1) firms, indicating that non-performing 

state-owned firms had been supported by the cheap capital funded by Indian government. Using a 1981-

1995 panel of all state-owned and private Indonesian manufacturing firms, Bartel and Harrison (2005) 

document that the efficiency of state-owned firms can be improved through privatization, through 

regulatory reforms in the environment (i.e., soft budget constraint and competition) or through a 

combination of both approaches.     

       Particularly, previous studies on electricity distribution document positive effects of privatization. 

Newbery and Pollitt (1997) conduct social cost benefit analyses of privatization and restructuring of the 

Central Electricity Generating Board in England and Wales until 1990, and they document a permanent 

cost reduction of 5% per year, arising from generator efficiency gains. Scully (1998) find that because of 

privatization, labor productivity of electric power companies in New Zealand on average increased 10% a 

year from 1988 to 1994, primarily driven by reduction in 68% of employment. Kumbhakar and Hjalmarsson 

(1998) find that privately owned distribution firms in Sweden have significantly higher labor productivity 

than municipal or state owned utilities from 1970 to 1990. Celen (2003) document that private ownership 

is positively associated with estimated technical efficiency scores, using a panel of 21 Turkish electricity 

distribution firms from 2002 to 2009. Perez-Reyes and Tovar (2009) find that privately-owned distribution 

firms exhibited higher technical efficiency following the restructuring and privatization reforms of the 

electricity industry in Peru. Mountain and Littlechild (2010) report that privately-owned distribution firms 

in both Great Britain and Victoria managed to meet the increasing demand with higher quality service at 

constant or even declining costs per customer from 2000 to 2015, but the allowed operating and capital 

expenses per customer of those state-owned firms in New South Wales have substantially increased by 

more than 70% during the same period.  

       In the 1940s, the Brazilian government created many state-owned firms in industries (e.g., electricity 

and mining) that were considered crucial for national economic development (Musacchio and Lazzarini 

2014). As economic theory predicts, these state-owned firms had to meet various political objectives. For 

instance, the Brazilian state-owned firms increased employment while their private counterparts downsized 

their number of employees following the 1979 oil shock and the debt crisis in the 1980s (Musacchio and 

Lazzarini 2014).  Meanwhile, most of these state-owned firms are funded directly from government budgets, 

leading to the governance issue of soft budget constraints (Musacchio, Ayerbe and Garcia 2015). The fast 

rising losses and liabilities of the state-own firms forced the Brazilian government to start its privatization 

in the 1990s (Musacchio and Lazzarini 2014). The empirical evidence in the banking sector shows that the 

privatization of state-owned commercial banks in Brazil significantly improved their productivity during 

the period 1990 to 2002 (Nakane and Weintaub 2005).  
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         Because privately- and state-owned distribution firms have different objectives for decision making, 

the incentive regulation in Brazil is likely to have different effects on efficiency improvement for firms 

with different types of ownership. The primary objective of private electricity distribution firms is profit 

maximization, while state-owned distribution firms are subject to various political objectives. For instance, 

state-owned distribution firms in Brazil often have labor unions inside which constantly prevent the firms 

from reducing in-house labor costs through outsourcing. Additionally, state-owned distribution firms have 

the obligation to provide remote rural communities with access to electricity in compliance with the “Light 

for All” program introduced by Brazilian government (Banker 2011). Because privately-owned firms are 

more responsive to regulatory incentives, we expect mangers in privately-owned distribution firms make 

more effort to reduce costs than those in state-owned firms. This leads to research hypothesis 2.    

     H2: Privately-owned distribution firms in Brazil have, on average, experienced more efficiency 

improvement than state-owned distribution firms after the implementation of DEA-based incentive 

regulation in 2011. 

 

4. Data and Empirical Models 

4.1 Data 

   Our research sample includes a panel of electricity distribution firms in Brazil from 2003 to 2012. The 

dataset was collected by ANEEL for the improvement of benchmarking methodologies used in the fourth 

cycle of tariff review starting in 2015.1  The dataset contains operating expenses (OPEX) and a few 

outputs/cost drivers, including number of customers (Customer), electricity delivered (Power), and length 

of distribution network (Network). In this study, OPEX are converted to 2003 Brazilian Reals using annual 

consumer price index to adjust for inflation. 2  In addition to OPEX and output variables, a set of 

environmental variables, such as service area (Area), average slope (Terrain), density of lightning 

(Lightning), remaining vegetation (Vegetation), average precipitation (Rainfall), and non-technical losses 

(NTLOSS) were collected by ANEEL to control for variations in operating environment.  

   To capture the effect of DEA-based incentive regulation on operational efficiency, we construct an 

Incentive dummy variable, equal to 1 if a firm-year observation is from the third tariff review cycle (2011-

2012); Otherwise Incentive equals 0. The electricity distribution firms in Brazil have three types of 

                                                           
1 The dataset is publicly available on the website of ANEEL at: 

http://www.aneel.gov.br/aplicacoes/consulta_publica/detalhes_consulta.cfm?IdConsultaPublica=244  

The latest available year of the dataset is 2012.  
2 The CPI data is publicly available at: http://www.inflation.eu/inflation-rates/brazil/historic-inflation/cpi-inflation-

brazil.aspx. The average exchange rate from 2003 to 2012 is 1 Brazilian Real = 0.48 US Dollar.    
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ownership: foreign privately-owned, domestic privately-owned and state-owned firms. To capture the 

moderating effect of ownership, we define a Private dummy variable, equal to 1 if a distribution firm is 

foreign or domestic privately owned; Otherwise Private is equal to 0. We further define Foreign dummy 

variable for foreign privately-owned firms and Domestic dummy variable for domestic privately-owned 

firms. Additionally, Large is dummy variable indicating whether a firm belong to the large firm group 

defined in ANEEL (2010, 2011).3   

Table 1: Descriptive statistics of operating expenses, output and environmental variables of distribution 

firms from 2003 to 2012 

Variables Mean Std 25th 50th 75th 

OPEX 141,780.9 203,198.4 9,598.9 70,916.0 184,153.1 

Customer 1,032,859 1,428,008 53,586.5 410,148 1,359,880 

Power 5,697,605 8,874,502 283,656.3 1,440,463 7,637,447 

Network 46,439.9 72,505.6 2,258.0 18,558.0 62,037.8 

Private 0.716 0.451 0 1 1 

Domestic 0.600 0.490 0 1 1 

Foreign 0.116 0.321 0 0 0 

Large 0.483 0.500 0 0 1 

Area 45,409.0 74,791.8 1,836.1 7,428.2 69,797.6 

Terrain 6.852 4.066 3.984 5.350 8.902 

Lightning 6.824 3.043 5.324 7.049 8.738 

Vegetation 12750.0 21251.8 170.0 1177.4 17278.4 

Rainfall 1445.2 332.1 1312.5 1454.9 1698.8 

NTLOSS 0.153 0.211 0.034 0.079 0.196 

 

   The original dataset consists of 63 firms, and four firms (i.e. CEA, CERR, FORCEL and 

URUSSANGA) are deleted from the sample because of missing values of Customer, Power, Network or 

environmental variables. The summary statistics of operating expenses, outputs and environmental 

variables of Brazilian electricity distribution firms from 2003 to 2012 are presented in Table 1. Overall, our 

sample has 59 electricity distribution firms and 590 firm year observations. OPEX are measured in million 

2003 Brazilian Reals. Electric power delivered (Power) is measured in gigawatt hours. Number of 

                                                           
3 An electricity distribution firm is categorized by ANEEL as large firm group if its annual electric power delivered 

exceeds 1 Terawatt-hours (ANEEL 2010, 2011).  
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customers (Customer) is measured in thousands. Length of distribution lines (Network) is measured in 

kilometers. 

 

4.2 Empirical Model 

      We use a two-stage DEA estimation approach to evaluate the impact of incentive regulation with DEA 

benchmarking on operational efficiency of electricity distribution firms in Brazil. DEA is a nonparametric 

econometric method that has been widely used to estimate the production/cost frontiers of a group of 

homogenous organizations (Charnes, Cooper and Rhodes 1978; Banker, Charnes and Cooper 1984). The 

two-stage DEA approach first estimates the inefficiency scores of electricity distribution firms using DEA, 

and then regresses the logarithm of estimated inefficiency scores on contextual variables using OLS in the 

second stage. Banker and Natarajan (2011) show the OLS regression yields consistent estimators of the 

impact of contextual variables under certain regularity conditions. 4 Similar to ANEEL’s benchmarking 

model, we specify the operating costs of electricity distribution firms as a function of three key outputs or 

cost drivers, number of customers (Customer), electric power delivered (Power) and length of distribution 

network (Network). This model specification is widely used in regulatory practices and prior empirical 

studies (Pollitt 2005; ANEEL 2010, 2011; Kwoka and Pollitt 2010; Kwoka, Pollitt and Sergici 2010). In 

the first stage analysis, we use the following DEA model to estimate the cross-sectional inefficiency scores 

of electricity distribution firms, 5 
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where θ  refers to the estimated inefficiency score of an electricity distribution firm; x refers to operating 

costs (OPEX);  Y represents the vector of the three outputs or cost drivers, Customer, Power, and Network. 

                                                           
4 Simar and Wilson (2007) propose an alternative data generating process and advocate a truncated regression with a 

bootstrap procedure in the second stage. Banker, Natarajan and Zhang (2015) conduct extensive Monte Carlo 

simulations to compare the performance of the DEA+OLS approach with Simar and Wilson’s DEA+Bootstrap 

approach. The simulation results show that the DEA + OLS approach perform better than Simar and Wilson’s 

approach in terms of much lower mean and median absolute deviations, and more accurate coverage rates. 
5 DEA efficiency score ranges from 0 to 1. A distribution firm with efficiency score 1 is fully efficient and located 

on the estimated production/cost frontier. The inefficiency score is defined as the reciprocal of efficiency score, 

ranging from 1 to infinite.  
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The constraint 
1

1
n

j

j

λ
=

=∑  represents that the production technology exhibits variable returns to scale (VRS) 

(Banker, Charnes and Cooper 1984). As operating expenses are specified as a parsimonious function of 

three outputs, we use the VRS DEA model to mitigate potential model specification limitations (Banker 

and Zhang 2015). 

       In the second stage analysis, we run OLS regression to estimate the impact of price cap regulation with 

DEA benchmarking on operational inefficiency and the moderating role of ownership on efficiency 

improvement. The regression model is specified as follows, 

0 1 2 3
( ) * * * *

               

it it it

it

Ln Private Incentive Incentive Private

Environmentals

θ α α α α

ε

= + + + +

+
,      (2) 

where ln(θ ) represents the logarithm of inefficiency scores of electricity distribution firms’ estimated by 

DEA Model (1). Incentive is a dummy variable, equal to 1 if a firm-year observation is from year 2011 or 

2012 when ANEEL implemented DEA-based incentive regulation; Otherwise 0. Private is a dummy 

variable, equal to 1 if an electricity distribution firm is privately owned; Otherwise 0.  

        When the interaction term Incentive*Private is not included in the regression model (2), the coefficient 

estimate on Incentive, 2α , captures the overall effect of DEA-based incentive regulation on operational 

efficiency. According to research hypothesis 1, we expect that 2α  is significantly negative. When the 

interaction term Incentive*Private is included in the regression model (2), the coefficient estimate on 

Private, 1α , captures the difference in efficiency between privately and state-owned firms in the pre-

incentive regulation period (2003-2010), and 3α  captures the moderating effect of ownership on the 

relationship between DEA-based incentive regulation and operational inefficiency. We expect that 3α  is 

significantly negative according to research hypothesis 2. 

        

5. Empirical Results of Two-Stage DEA Approach 

       We pool all the firm year observations of 59 electricity distribution firms in Brazil from 2003 to 2012 

and employ the DEA model (1) to estimate the cross-sectional inefficiency scores of the distribution firms.6 

The average efficiency scores of state-owned, domestic and foreign privately owned distribution firms are 

                                                           
6 Here we pool all the firm year observations to estimate the cost efficiency of distribution firms compared to the 

overall cost frontier. An alternative approach is to pool the firm year observations by year and estimate the cost 

efficiency based on annual cost frontiers. However, the DEA efficiency scores estimated by the annual approach do 

not reflect the technical change (shifts in production/cost frontier), and thus are not comparable between the years.    
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summarized in Table 2. As we can see, the state-owned distribution firms on average have the lowest 

efficiency scores among the three ownership types in both pre- and post-DEA based incentive regulation 

periods, while foreign privately-owned firms are most efficient. Furthermore, domestic and foreign 

privately-owned firms both experienced significant positive efficiency improvement in the post-incentive 

regulation period (2011-2012). In contrast, state-owned firms did not have significant change in efficiency 

scores.  

Table 2: Average efficiency of different ownership types of distribution firms in pre- and post- incentive 

regulation periods  

Period State-owned 

distribution firms 

Domestic privately-

owned distribution 

firms 

Foreign privately-

owned distribution 

firms 

Pre-Incentive 

Regulation (2003-

2010) 

0.463 0.589 0.700 

Post-Incentive 

Regulation (2011-

2012) 

0.451 0.638 0.787 

Efficiency 

Improvement 
-0.012 0.049** 0.087*** 

 

       As Table 2 only provides results of univariate comparisons, we continue to run pooled OLS regression 

in the second stage to control for differences in operating environment. Because the regularity condition in 

Banker and Natarajan (2008) requires contextual variables be independent of output variables, we present 

the Pearson and Spearman correlation coefficients between outputs and contextual variables in Table 3. 

The lower triangle of the table shows the Pearson correlation coefficients between outputs and contextual 

variables, and the upper triangle of the table shows the Spearman correlation coefficients. As we can see, 

the correlation coefficients between the variable of interest, Private, and the three outputs (Customer, Power, 

Network) are close to 0, suggesting that Private is almost independent of the three output variables. Thus, 

the OLS estimator of the coefficient on Private has a desirable large sample property of consistency.  In 

addition, Table 3 shows that contextual variables such as Terrain, Rainfall and Lightning are only weakly 

correlated with these three outputs, while Large, Area, Vegetation and NTLOSS have much stronger 

correlation with the three output variables. As a result, we regress the logarithm of DEA inefficiency scores 

on Private, Terrain, Rainfall and Lightning using pooled OLS to generate consistent estimators of impact 

of these four contextual variables. We use clustered standard errors (by firm) to consider the serial 

correlation between DEA inefficiency scores.  
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Table 3: Correlation matrix between output and contextual variables 

 Customer Power Network Private Large Area Terrain Vegetation Rainfall Lightning NTLOSS 

Customer 1 0.974 0.936 -0.016 0.865 0.831 -0.056 0.782 -0.365 -0.168 0.470 

Power 0.943 1 0.896 -0.013 0.864 0.773 0.013 0.712 -0.316 -0.085 0.415 

Network 0.814 0.709 1 -0.049 0.822 0.942 -0.138 0.872 -0.348 -0.166 0.447 

Private -0.049 -0.060 -0.207 1 -0.048 -0.037 0.108 -0.110 -0.226 0.007 -0.150 

Large 0.673 0.610 0.566 -0.048 1 0.715 -0.106 0.717 -0.285 -0.096 0.525 

Area 0.657 0.528 0.918 -0.166 0.501 1 -0.269 0.914 -0.355 -0.222 0.424 

Terrain 0.016 0.093 -0.037 0.150 -0.137 -0.155 1 -0.364 0.095 0.225 -0.337 

Vegetation 0.475 0.317 0.718 -0.103 0.453 0.891 -0.274 1 -0.255 -0.222 0.555 

Rainfall -0.252 -0.116 -0.221 -0.216 -0.279 -0.167 0.116 -0.160 1 0.655 -0.146 

Lightning -0.053 0.099 -0.115 -0.114 -0.103 -0.101 0.132 -0.125 0.758 1 -0.231 

NTLOSS 0.094 0.046 0.015 -0.281 0.380 0.011 -0.178 0.093 0.093 0.111 1 
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Table 4: Average reduction in inefficiency in pre- and post-incentive regulation periods 

The empirical model is, 

0 1 2 3
( ) * * * *

               

it it it

it

Ln Private Incentive Incentive Private

Environmentals

θ α α α α

ε

= + + + +

+
,                                    (2) 

where θ  represents inefficiency scores of electricity distribution firms’ estimated by DEA Model (1). 

Incentive is a dummy variable, equal to 1 if a firm-year observation is from year 2011 or 2012 when ANEEL 

implemented DEA-based incentive regulation; Otherwise 0. Private is a dummy variable, equal to 1 if an 

electricity distribution firm is privately owned; Otherwise 0.  

VARIABLES Pred. 

Sign 

Dep. Var. Log(Inefficiency) 

 (1) (2) (3) (4) (5) (6) 

        

Incentive H1: (-) -0.0536** -0.0536** 0.0505 0.0505 0.0505 0.0505 

  (-2.377) (-2.377) (1.156) (1.156) (1.155) (1.153) 

Private  -0.244*** -0.286*** -0.215** -0.257*** -0.206**  

  (-2.820) (-3.252) (-2.494) (-2.962) (-2.485)  

Incentive*Private H2: (-)   -0.146*** -0.146*** -0.146***  

    (-2.954) (-2.954) (-2.951)  

Foreign       -0.338*** 

       (-3.578) 

Domestic       -0.184** 

       (-2.122) 

Incentive*Foreign H2: (-)      -0.168*** 

       (-2.835) 

Incentive*Domestic H2: (-)      -0.142*** 

       (-2.764) 

Log(Terrain)  -0.132 -0.116 -0.132 -0.116 -0.111 -0.0998 

  (-1.354) (-1.103) (-1.353) (-1.102) (-1.229) (-1.092) 

Log(Rainfall)  0.393***  0.393***  0.757*** 0.722*** 

  (3.172)  (3.169)  (3.454) (3.282) 

Log(Lightning)   0.0457  0.0457 -0.171** -0.159** 

   (1.197)  (1.196) (-2.659) (-2.471) 

Constant  -1.810** 0.956*** -1.831** 0.935*** -4.213*** -4.005*** 

  (-2.061) (4.444) (-2.083) (4.326) (-2.836) (-2.704) 

        

Observations  590 590 590 590 590 590 

R-squared  0.247 0.184 0.252 0.189 0.291 0.309 

Robust t-statistics in parentheses 

*** p<0.01, ** p<0.05, * p<0.1 

 

        The regression results are presented in Table 4. Because Rainfall and Lightning are highly correlated 

(Pearson correlation coefficient = 0.758), Column (1) and (3) show the results of average reduction in 

operational inefficiency in the pre- and post-incentive regulation period when only Rainfall is included in 

the regression model and Columns (2) and (4) present the results when only Lightning is included. Columns 

(1) and (2) of Table 4 show that the coefficient estimates on Incentive are both significantly negative at 5% 

level, indicating that the average inefficiency of Brazil distribution firms was significantly reduced after 
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the implementation of DEA benchmarking in 2011. The coefficient estimates on Incentive*Private in 

Columns (3), (4) and (5) are -0.146, indicating that compared to state-owned firms the operational 

inefficiency of privately-owned distribution firms had been significantly reduced in the post-incentive 

regulation period. In contrast, the coefficient estimates on Incentive in Columns (3), (4) and (5) become 

positive but are not significant from 0, suggesting that there was no significant change in operational 

inefficiency for state-owned firms in the post-incentive regulation period. In other words, the significant 

efficiency improvement in Columns (1) and (2) is mainly driven by the inefficiency reduction of privately 

owned distribution firms in Brazil. Column (6) presents the results of inefficiency reduction for foreign and 

domestic privately owned firms.  Consistent with the results in Columns (3), (4) and (5), the coefficient 

estimates on Incentive*Foreign and Incentive*Domestic in Column (6) are significantly negative, 

indicating both foreign and domestic privately owned firms experienced significant cost reduction in the 

post-incentive regulation period. Overall, these results support the second research hypothesis that 

privately-owned distribution firms in Brazil have experienced more efficiency improvement than state-

owned distribution firms after the implementation of DEA benchmarking. Ownership has an important 

moderating effect on the relationship between incentive regulation and efficiency improvement.  

        Meanwhile, the coefficient estimates on Private, Foreign and Domestic are significantly negative 

across model specifications, indicating that privately-owned distribution firms, on average, operate more 

efficiently than state-owned firms, consistent with the results documented in prior studies regarding 

privatization and operational efficiency (Scully 1998; Kumbhakar and Hjalmarsson 1998; Celen 2003; 

Perez-Reyes and Tovar 2009). Columns (1), (3), (5) and (6) show that the coefficient estimates on Rainfall 

are significantly positive at 1% level, suggesting distribution firms in area with more rainfalls are less 

efficient. The coefficient estimates on Lightning in Columns (2) and (4) are not significantly different from 

0, suggesting that Lightning does not have a significant impact on the operational efficiency of distribution 

firms. The significantly negative coefficients on Lightning in Columns (5) and (6) are likely to be caused 

by the multicollinearity issue between Rainfall and Lightning.  The coefficient estimates on Terrain in 

Columns (1) - (6) are not significantly different from 0. 
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Table 5: Results of robustness analysis in pre- and post-incentive regulation periods 

The empirical model is, 

0 1 2 3
( ) * * * *

               

it it it

it

Ln Private Incentive Incentive Private

Environmentals

θ α α α α

ε

= + + + +

+
,                 (2) 

where θ  represents inefficiency scores of electricity distribution firms’ estimated by DEA Model (1). 

Incentive is a dummy variable, equal to 1 if a firm-year observation is from year 2011 or 2012 when ANEEL 

implemented DEA-based incentive regulation; Otherwise 0. Private is a dummy variable, equal to 1 if an 

electricity distribution firm is privately owned; Otherwise 0.  

VARIABLES Pred. Sign Dep. Var. Log(Inefficiency) 

 (1) (2) (3) 

     

Incentive H1: (-) -0.0504** 0.0665 0.0655 

  (-2.170) (1.514) (1.480) 

Private  -0.241*** -0.211***  

  (-3.234) (-2.741)  

Incentive*Private H2: (-)  -0.151***  

   (-3.026)  

Foreign    -0.188* 

    (-1.855) 

Domestic    -0.215*** 

    (-2.700) 

Incentive*Foreign H2: (-)   -0.159** 

    (-2.351) 

Incentive*Domestic H2: (-)   -0.150*** 

    (-2.950) 

Large  -0.342*** -0.339*** -0.347*** 

  (-2.963) (-2.917) (-2.753) 

Incentive*Large   -0.0188 -0.0166 

   (-0.446) (-0.355) 

Log(Area)  -0.0268 -0.0266 -0.0256 

  (-0.476) (-0.472) (-0.454) 

Log(Terrain)  -0.0992 -0.0991 -0.101 

  (-1.299) (-1.296) (-1.297) 

Log(Vegetation)  0.0214 0.0213 0.0207 

  (0.469) (0.466) (0.453) 

Log(Rainfall)  0.350* 0.349* 0.347* 

  (1.898) (1.894) (1.870) 

Log(Lightning)  -0.0767 -0.0766 -0.0772 

  (-1.177) (-1.174) (-1.177) 

NTLOSS  0.284* 0.286* 0.289* 

  (1.978) (1.991) (1.972) 

Constant  -1.211 -1.232 -1.216 

  (-0.965) (-0.981) (-0.957) 

     

Observations  590 590 590 

R-squared  0.442 0.447 0.448 

Robust t-statistics in parentheses  

*** p<0.01, ** p<0.05, * p<0.1 
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        Furthermore, we regress logarithm of DEA inefficiency scores on Private as well as all the other 

contextual variables for robustness check. The regression results are presented in Table 5. The coefficient 

estimates on Large in Columns (1), (2) and (3) are significantly negative, suggesting the existence of 

economies of scale in the electricity distribution industry in Brazil. That is large distribution firms are more 

efficient than small distribution firms. However, the coefficient estimates on Incentive*Large in Columns 

(2) and (3) are not significantly different from 0, indicating that large distribution firms did not experience 

significantly more improvement in operational efficiency compared to small distribution firms. In addition, 

because Large is strongly correlated with the outputs, the coefficient estimates on Large and 

Incentive*Large are likely to be biased (Banker and Natarajan 2008). Similar to these in Table 4, Columns 

(1), (2) and (3) in Table 5 show that the coefficient estimates on Rainfall are significantly positive at 10% 

level and the coefficient estimates on Lighting are not significantly different from 0.  The coefficient 

estimates on NTLOSS in Column (4), (5) and (6) are positive significant at 10% level, indicating that 

distribution firms in area with more theft of electric power are less efficient. Other contextual variables 

such as Area, Terrain and Vegetation do not have a significant impact on operational efficiency of 

distribution firms. These insignificant results of contextual variables seem to be consistent with these 

documented in Yu, Jamasb and Pollitt (2009) which use a two-stage DEA approach to examine the effect 

of important weather factors (gale, hail, temperature and lightning) on the performance of electricity 

distribution networks. They find that the weather factors often do not have a significant impact on the 

performance of utilities.    
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Figure 2: DEA efficiency scores of CEMIG from 2003 to 2012 

 

Figure 3: DEA efficiency scores of ELETROPAULO from 2003 to 2012 

       As discussed before, ANEEL uses a simple DEA model with non-decreasing returns to scale to estimate 

the efficient costs for distribution firms. The basic assumption made by ANEEL is that the simple empirical 

benchmarking model carries out the theoretical property of the underlying true production function. As a 

result, the estimated efficient costs are extremely tight for large electricity distribution firms, such as 

CEMIG and ELETROPAULO, which are in fact in the region of decreasing returns to scale. The tight 

performance targets might lead to two completely different behaviors of large distribution firms (Hall and 

Foster 1977; Locke and Latham 2002). On one hand, a tight performance target may provide the large 

distribution firms with strong incentives to improve operational efficiency. On the other hand, the tight 

performance target may induce large distribution firms to exert less effort for efficiency improvement once 

the managers in large distribution firms find that the performance target is too high to achieve. Figures 2 

and 3 illustrate the DEA efficiency scores of CEMIG and ELETROPAULO from 2003 to 2013.  Both 

figures show that the efficiency scores of CEMIG and ELETROPAULO slightly increased after 2010, but 

the efficiency improvement were not significant. These results suggest that the unrealistic cost targets 

estimated by non-decreasing returns to scale DEA model are not likely to provide large distribution firms 

with strong incentive for efficiency improvement.   
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6. Conclusion and Discussion 

   In this study, we investigate whether incentive regulation with DEA benchmarking motivates electric 

utilities to improve operational efficiency and whether privatization affects the effectiveness of incentive 

regulation. Using a unique setting of electricity industry in Brazil, we are able to disentangle the effect of 

incentive regulation from industrial restructuring. Consistent with the predictions of economic theory, we 

find that electricity distribution firms in Brazil have, on average, significantly improved their operational 

efficiency after the implementation of DEA-based incentive regulation in 2011, even though ANEEL used 

a deficient DEA model that is likely to distort the estimation of cost frontier. Furthermore, the empirical 

results indicate that privately-owned distribution firms have experienced more efficiency improvement than 

state-owned firms, consistent with the prediction of economic theory.  

   Overall, our empirical results suggest that regulators should implement high-powered incentive 

schemes (e.g., price/revenue cap, yardstick competition) accompanied with DEA benchmarking methods 

to create strong external incentives for managers to improve operational efficiency. Furthermore, 

privatization is one important policy for electricity distribution firms to be responsive to external regulatory 

incentives. These findings shed light on the regulatory reforms in the electricity industries in many other 

developing countries (e.g., China, India). For the future research, it is interesting to investigate the effect of 

incentive regulation on other performance measures, such as quality of service, electricity price, financial 

performance and risk of electricity firms.   
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