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Abstract 

 

In rural areas, the task of ensuring electricity access and quality of service provision falls largely 

on the hands of electric cooperatives (ECs). Aside from economic, spatial and EC-specific 

characteristics of their franchise areas, another challenge to their service delivery is politico-

economic in nature. This paper examines the politico-economic determinants of EC performance 

in the Philippines. The study utilized ordinary least squares (OLS), ordered logit, fractional logit, 

and beta regression techniques to assess different measures of EC performance (i.e. consumer-

employee ratio, performance ratings, system losses, and collection efficiency rate) and how they 

relate to political variables.  

 

The results show that higher politicization, as measured by an increased share of fat political 

dynasties (Mendoza et al., 2019), is associated with more bloated staffing for ECs and relatively 

poor collection efficiency. Moreover, economic and EC-level variables, such as per capita income, 

gigawatt hour sold, and to an extent, consumers per circuit kilometers of line, are significantly 

correlated with EC performance. Given these findings, institutional measures to help ECs serve 

their mandate should be pursued such as upholding the independence of the EC Board of 

Directors, encouraging participation of member consumers, and protection from other forms of 

political lobbying. While a number of these measures already exist as enshrined in RA 10531 and 

under various rules and regulations issued by NEA and other government agencies, the results 

imply that their actual enforcement and implementation should be more guarded in EC areas with 

less political competition. 

 

 

 

Key words:  electrification, electric cooperatives, political economy, collection efficiency, 

consumer-employee ratio  

 

 

 

 

 

Electronic copy available at: https://ssrn.com/abstract=3688055



5 
 

I. Introduction 

 

The benefits of providing access to reliable, affordable and sustainable electricity are widely documented 

in the literature. In the Philippines and elsewhere in the world, grid electrification has led to an increase in 

household income and spending (Barnes, 2012; Chakravorty et al., 2016; Herrin, 1978; Khandker et al., 

2014).  This happens as a direct result of electricity being an important input in household, agricultural and 

industrial production. In the case of alternative modes of electrification, while the impact on income may 

be weaker, it has also contributed to social welfare through improvements in health and educational 

outcomes, including security (Grimm et al., 2017; Escresa et al., 2019).  

On the other hand, the impact of improvement in the quality of service provision is instrumental not only 

in sustaining economic growth but also in paving the way for structural change (Ravago et al., 2019). The 

transition from agricultural production to manufacturing and the so-called service economy requires a 

reliable supply of electricity at all hours of the day, without power outages.  

In rural areas, the task of ensuring electricity access and quality of service rests largely on the hands of 

electric cooperatives (ECs). 1 Their formation was encouraged and supported by the government during the 

early 1970s in order to energize poor rural areas that remain unelectrified. As private investor-owned 

distribution utilities flocked to urban areas and left the less profitable areas literally in the dark, the 

government deemed it fit to adopt the rural electrification model of the US that relied and harnessed the 

role of electric cooperatives (ECs).  

From the initial years of their inception, the ECs had been successful in bringing light and power to the 

rural areas. However, recently, attention has shifted to the remaining unelectrified households in the country 

which number to 2.3 million in 2016 based on the DOE Missionary Electrification Development Plan 

(MEDP). Quality of service provision is also observed to be less stable in ECs than their privately owned 

counterparts (Fabella et al., 2018). This prevents factories and manufacturing firms from locating in rural 

areas to take advantage of cheaper labor.  

There are two usual reasons cited for their relatively poor performance. The more salient of which is the 

claim that EC operations are politicized. Politicians have taken advantage of ECs’ structure to pursue rent-

seeking and other opportunistic activities. The other reason, and sometimes conveniently overlooked, are 

the economic and spatial characteristics of their franchise areas.  Unlike in urban areas, households are 

relatively widely dispersed which drives the cost of line extension, maintenance and operations up while 

 
1 For an overview of the Philippine rural energy sector, see Alonzo and Guanzon (2018). 
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demand from the marginal member-consumer is low. Hence, the marginal revenue from serving the 

marginal household is small when compared to the costs. The deficit is usually financed through subsidies 

and loans. 

This paper examines whether political factors influence the performance of some ECs and identify the 

channels by which these impact them. It also explores to what extent can it be explained by economic 

factors, such as the absence of scale economies, poor market demand and increasing costs. By doing so, the 

paper aims to contribute towards a greater understanding of the factors that ail the rural power sector and 

formulate policies to address them. More specifically, it focuses on the role of political and institutional 

factors which is seldom addressed in the literature, even if it plays an important, if not crucial role.  

 

II. Related Literature 

Most studies on ECs in the country have focused on economic and technical aspects of electricity service 

provision. While they recognize that politico-economic factors play a role in the ECs performance, they 

don’t consider them directly, except for a couple of recent studies.  

Usually, data envelopment or frontier analysis are employed wherein factor inputs are compared with the 

EC’s output to arrive at an efficiency frontier (Pacudan and De Guzman 2002, Lavado 2004, Posadas and 

Cabanda 2007, Valderrama and Bautista 2011). Among the earliest is Pacudan and De Guzman (2002) that 

used the actual number of employees, length of network line and network losses as inputs while electricity 

sales and number of customers are used as outputs. They find that the most significant source of technical 

inefficiency is the lack of economies of scale. The relative efficiency of large ECs over smaller ones which 

points to the existence of scale economies is supported by other studies (Valderrama and Bautista 2011, 

Gapay 2018, Fabella et al 2019).   

Valderrama and Bautista (2011) employed a similar method using more recent data and find that even after 

the passage of the EPIRA, there is a significant level of inefficiency among the ECs. For the same level of 

output, ECs can proportionately reduce their inputs by 18 percent. Other factors that are found to 

significantly impact the performance of ECs are sales and customer density, system loss and number of 

consumers. EC performance also improve with the age of the EC and the share of industrial and commercial 

connections which Gapay (2018) interpreted as evidence of learning-by-doing effect, and demand-for-

quality effect. The frequency of typhoon landfalls and other calamities in the EC jurisdiction also contribute 

to higher costs. Posadas and Cabanda (2007) on the other hand show the importance of technological 

innovation on the productivity. While these economic considerations are expected, according to Valderrama 
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and Bautista, their results imply that ECs should refuse external pressure, usually from politicians expand 

in areas characterized by low density. Further, ECs can improve their technical efficiency by addressing 

system losses and customer employee ratio. 

When compared with their private investor owned counterparts, Blank et al (2012) find that EC’s performed 

less well. Using OLS regression, they considered the reduction of system loss as a measure of output and 

find that its impact was lower for ECs, suggesting that energy losses manifested by ECs are non-technical 

in nature.  

A similar result is shown by Fabella et al. (2018). They discovered that electricity provided by ECs, on 

average, are less stable that private distribution utilities. Some of the reasons they cited for relatively poor 

EC performance are institutional, which include the lack of incentives to be financially sustainable due to 

their ownership structure, soft budget constraints, and failure to collect receivables from customers, 

especially from local government units (LGUs). They argue that low collection efficiency may have a 

political component as many EC board members are politically connected to local governments and have 

interests to protect. They also tested for other variables like having hybrid modalities for ECs (e.g. 

Investment Management Contracts) and membership in the Cooperative Development Agency, both of 

which resulted to primarily non-significant results. On the same vein, Galang et al (2020) focused on the 

ownership differences between the member-consumer owned ECs and privately owned DUs. They find that 

the latter tend to be more economically efficient, have lower system losses, and provide lower prices. ECs 

also exhibit greater sensitivity to local government quality using an index of good governance constructed 

by the National Statistical Coordination Board (NSCB) of the Philippines and social trust as shown by the 

existence of other cooperatives. 

Unlike previous studies, our paper explicitly examines the role of politico-economic factors in the energy 

sector (as outlined in Yap et al 2020), as specifically applied to the performance of ECs. In this respect, it 

is similar to Galang et al (2020). However, it is closely related to the literature on how public goods are 

allocated and how attempts by the government to address certain market failures may lead to outcomes that 

deviate from social welfare considerations when public officials pursue their self-interest (Bardhan and 

Mokherjee 2006, Cruz et al 2018). The closest study is Hasnain and Matsuda (2011) that looks explicitly 

at the political economy of distribution utilities in the country and identified the channels by which such 

rent seeking and opportunism takes place by looking at selected EC cases. Our study on the other hand is 

quantitative. This enables us to examine whether the theoretical results they obtained and observed could 

also be generalized. 
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Other empirical studies on the political economy of electricity provision looks at the relationship of electoral 

cycles and electricity theft. Min and Golden (2014) showed that transmission and distribution losses in 

Utter Pradesh, India peaks just before the holding of elections. The same trend is observed in other areas 

(Gaur and Gupta 2016, Razavi et al 2019).  

 

III. Background: Rural Electric Cooperative in the Philippines  

 

Electricity first arrived in the country in 1890 through the Sociedad Mercantil.  Its operations were limited 

to Manila. This enterprise was later bought by Manila Electric Company (Meralco) which is the biggest 

distribution utility in the country today. In 1960, the Electrification Administration (EA) was created by 

Congress in order to implement the government’s objective of total electrification in the country (See 

Patalinghug, 2003). It granted franchises to private entities to electrify rural areas. While it aided in the 

establishment of small electric systems, many of them eventually folded up (Patalinghug, 2003).  

Inspired by the success of rural electrification experience in the US which was led by the rural electric 

cooperatives, the Philippines adopted the US institutional model (World Bank, 1985). In 1965, a power 

survey and study were conducted which paved the way for the creation of two pilot ECs and served as their 

prototypes. The technical assistance team was composed of representatives from the US National Rural 

Electrification Administration (NRECA).  

In 1969, EA was transformed to the National Electrification Administration (NEA) with an expanded 

mandate as the central agency in charge of overseeing total electrification which was considered a national 

priority. Aside from granting franchises, it oversaw the creation of electric cooperatives, created and 

enforced operating guidelines and secured loans and financing for capital expenditures. The last was crucial 

as rural electrification required huge capital outlays in the initial period. The rural electrification program 

received financing from the World Bank, the USAID, the US PL 480 and Japanese capital assistance. By 

1978, there were already 90 ECs existing which placed the country as “the most advanced developing 

country in rural electrification” (World Bank, 1985). 

However, while the initial stage of electrification was considered a relative success, problems that would 

later plague ECs had become increasingly apparent. This could be attributed to a number of factors. First, 

the EC model also adopted the “area coverage rural electrification” approach (Foley, 1992). While the 

franchise provides ECs the exclusive monopoly to provide electricity, they also have the obligation to serve 

all areas, including those that are commercially nonviable that falls under their jurisdiction. This has led to 
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a pattern of development that can be characterized in two stages (Sathaye, 1987). The first phase involved 

the connection of households that are located in the densely populated areas of the franchise, usually located 

in the towns and along major roads where operation is relatively lucrative.  

The next stage is the connection of the household that are far from the existing grid or tapping points. They 

are usually located in sparsely populated areas with relatively lower energy demand and income. Hence, 

connection of these households at this stage is characterized by increasing marginal cost while the potential 

marginal revenue due to weak demand is low. Population growth also implies that settlement of land in 

hard to reach areas will expand. Another spatial disadvantage of ECs is their relative unattractiveness as 

places of employment for engineers and other skilled personnel.  

ECs are owned by member consumers. A one-time membership fee is paid upon connection to the grid that 

entitles them to vote for their district representative in the Board of Directors, which depending on the size 

of the EC, number between 5 to 15. However, voter turnout is usually low which can be explained by the 

costs associated with voting while the actual and perceived individual benefits may be small and not readily 

apparent. Elected public officials cannot run for the position. While the Board of Directors are responsible 

for general policy setting, the day-to-day operations of the ECs rests on the management headed by the 

General Manager.  

Reports that evaluate the loans granted to the Philippines by international agencies have already flagged 

down the interference of politicians in the operations of the ECs that undermine their economic viability 

(World Bank, 1985; Asian Development Bank, 2009). During the early period since their inception, ECs 

have been trained to conduct feasibility studies for their capital expenditures. However, these were 

sometimes discarded and resources were diverted to suit the interests of the politician. 

 

IV. Politico-Economic Determinants of EC Performance 

Government participation and regulation in electricity distribution is intended to address the two sources of 

market failure. First, electricity distribution is considered a natural monopoly. The installation of a network 

of wires that would connect consumers to the source of electricity requires a huge fixed cost. While the 

least cost way of service delivery implies that only one firm should serve the market, it could also lead to 

monopoly pricing. Hence, EC prices are regulated by the Energy Regulatory Commission, aside from the 

supervision by NEA. 

On the consumption side, the provision of electricity and service quality benefits not only the consumer but 

creates positive spillovers to the rest of society in the form of higher health and educational outcomes, 
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greater security and eventually pave the way for greater productivity. Hence, if these positive externalities 

are not priced in the market, there may be underprovision in electricity quantity and quality.  

The situation is exacerbated in poor rural areas with weak demand. Governments have struggled on how to 

adequately address these challenges. The Philippines has opted for a decentralized solution to rural 

electrification through the encouragement of the formation of ECs. This would have been ideal in a situation 

where member consumers have perfect information and zero transaction costs. However, unlike other 

goods, assessing the quality per price of electricity is quite complicated. The cost of acquiring information, 

as well as the cost of voting for their representation in the Board are not zero. When member consumers 

who own the EC have weak incentives to monitor the performance of their agents, politicians are less 

constrained to exert influence on its operations and management. This is especially true when institutions 

of governance are weak and political competition is weak or absent. A cross country study by Smith (2004) 

shows that while democratic governments tend to prioritize service delivery to households, authoritarian 

governments prioritize industry.  

In the case of ECs, there are different channels by which politico-economic factors may influence the 

delivery of electric services in the Philippines and translate to higher price, cost and poor service quality. 

Some of them are detailed by Hasnain and Matsuda (2011). Electricity grids are extended as part of the 

politicians’ campaign to win elections or get reelected, even if it may not be commercially tenable.  Line 

extension is accelerated without concrete plan for load growth or target a particular set of consumers to win 

votes. Politicians may also seek lenient treatment for non-paying customers in areas within their political 

bailiwick or to target swing voters. ECs may also be pressured to offer employment to the politicians’ key 

supporters or kin. 

Another is through the financial channel by influencing the bidding outcome of the purchase of equipment 

or the supply of power in order to fund their campaign or keep them as kickbacks. However, these translate 

to poor service quality, a higher ratio of employee per customer, higher prices, which will in turn affect the 

chances of the elected official from being reelected or aspiring for a higher position. Hence, whether an EC 

is politicized depends on the rational politician’s weighing of the benefits and costs of rent-seeking. 

According to Hasnain and Matsuda (2011), these benefits and costs differ between a local and a national 

politician. Since the electoral jurisdiction of the former is smaller, then the potential of EC as a source of 

rent when compared to other sources is higher. Local politicians therefore have more incentives to use ECs 

extractively. This is also true if his constituents use energy less intensively or if the quality of service 

provision plays a less important role in their income generation, such as in the case of agricultural 

production. National politicians on the other hand, owing to the larger electoral jurisdiction would have less 
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incentive to engage in such activities with the availability of other larger sources of rents. The expanded 

jurisdiction also most likely includes urban and industrial areas that use energy more intensively, and 

quality of likewise important. The authors showed that the extent of political interference in EC is 

determined not only by the individual net benefit of the local and the national politician from rent-seeking 

but from their interaction, as illustrated by six case studies.  

Hasnain and Matsuda derived the counterintuitive result that higher political competition raises the 

incentive to use ECs as platforms for rent-seeking and worsens the ECs performance. Their counterintuitive 

result appears to be rooted in the implicit narrow definition of political competition that they have adopted, 

which is equated to tight electoral contests. Competing candidates become more aggressive at winning 

swing voters through vote buying and other similar practices that would require the sourcing of funds.  

However, greater political competition can also be a race to the top resulting in better provision of public 

goods (Cruz et al., 2018; Acemoglu et al., 2014). The lack of political competition, especially in poor rural 

areas can be attributed to the dominance of members of political dynasties. Elections are dominated by a 

group of elite families or political dynasties that manage to perpetuate themselves in power through 

patronage (See Cruz et al., 2015; De Dios and Hutchcroft, 2003; Mendoza 2012; Mendoza et al., 2016). 

The delivery of certain goods and services, including cash are exchanged for votes. In some cases, this takes 

the form of explicit vote buying (Hicken et al., 2015) and forms of coercion and violence. While political 

parties exist, they don’t provide any information about the economic program or ideological inclinations of 

its candidates. Instead, electoral campaigns are centered around the personality of the individual.  

In a number of cases, members of these dominant clans run uncontested, depriving voters of a genuine 

choice to elect their representative or leader. Mendoza et al. (2019) distinguish fat or horizontal dynasties 

when members of the same clan run and occupy public elective positions at the same time. This would 

erode the de jure institutional checks and balances that exist between local, national and legislative elected 

positions as collusion among members of a political dynasty becomes simpler and more straightforward. 

Similarly, the interaction between local and national politicians that mediate the extent of EC politicization 

also disappears. 

In the next sections, we examine which of these is supported by evidence. The next section describes the 

data and the empirical approach.   
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V. Data and Empirical Approach 

Data Description 

The dataset includes EC-level characteristics, spatial and socioeconomic data, as well as political variables 

of interest. In particular, the following information were extracted: (i) EC fact sheets, (ii) EC financial 

profiles, (iii) EC overall performance assessment reports, and (iv) compliance reports on the performance 

of ECs. The end-2017 reports were utilized as they are the most complete and are closer to the other data 

sources in terms of year of measurement.  

EC-level characteristics include technical and financial indicators, as well as spatial and administrative 

information. In total, there were 121 ECs in the NEA database. These 121 ECs provide electricity to about 

60 million Filipinos across 78 provinces, electrifying about 56% of Filipino households.  

Spatial and economic characteristics were obtained from official statistics. For annual average per capita 

income at the municipal/city level, the 2015 small area estimates (SAE) of the Philippine Statistics 

Authority (PSA) were used. Meanwhile, population, land area, and population density statistics at the 

municipal/city level were secured from the 2015 Census of Population by the PSA.  

For political variables, the measure of fat political dynasties was derived from Mendoza et al. (2019). In 

particular, we use the estimates based on the results of the 2016 elections. Other political variables were 

generated, namely: (i) dummy variable on whether or not an EC covers more than one legislative district, 

and (ii) dummy variable on whether or not an EC covers more than one province.  

Table 1 shows some variables of interest regarding ECs (see Appendix). 

 

EC Coverage Area Adjustments 

EC coverage areas are not strictly aligned with administrative borders. A problem lies with the mismatch 

of data measurements, as most socioeconomic characteristics are quoted at the municipal/city level, while 

the variables from NEA are at the EC-level.  

Efficiency and spatial considerations govern the coverage of ECs rather than strict administrative location. 

Hence, there are overlapping coverages as some municipalities may be serviced by multiple ECs (and some 

ECs may serve multiple municipalities).  Certain barangays in municipalities, presumably those near 

municipal borders, may be connected to their neighboring ECs rather than their “home” EC. A map of the 

Philippines according to EC coverage areas may be found in Chart 3 of the Appendix. 
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To account for such discrepancies, a weighting system was used to translate municipal level statistics to 

EC-level characteristics. For municipalities being served by multiple ECs, statistical weights were 

computed based on the number of barangays covered by the EC out of the total number of barangays in 

said municipality. At the same time, statistical weights were computed based on the population share of 

municipalities relative to the total population of the EC coverage area.  

Obviously, a simple arithmetic mean of municipal level data would not suffice in computing EC-level 

estimates as different municipalities have varied contributions to EC socioeconomic characteristics. At the 

same time, a weighting system ensures that the EC-level characteristics computed would be mutually 

exclusive, i.e. no double-counting of municipal contributions, and collectively exhaustive. Equation 1 

details this process. 

 

Equation 1: Equation in computing EC level variables from municipal level data 

𝑦𝑙𝑘 =  ∑ (𝑤𝑖)(�̃�𝑖)(𝑥𝑖𝑘)𝑛
𝑖   

where ylk refers to the k-th variable of interest of the l-th EC; wi refers to the weight of the i-th municipality 

based on the number of barangays being serviced by the l-th EC in that municipality relative to the total 

number of barangays of the i-th municipality; �̃�i refers to the weight of the i-th municipality based on its 

population relative to the total population of the EC coverage area; xik refers to the k-th variable of interest 

of the i-th municipality; and n being the total number of municipalities covered by the l-th EC. 

For the political dynasty measure, the data used was at the provincial level (Mendoza et al., 2019). This is 

favorable is it will take into account regional and provincial political dynamics, which may affect the 

operations of ECs (Hasnain and Matsuda, 2011). A weighted average was once again used to translate the 

said measures to the level of ECs. Number of barangays in a province being serviced by the EC was used 

as the weighting variable. Details can be found in equation 2.  

 

Equation 2: Equation in computing EC level political dynasty statistics 

𝑦𝑙  =  ∑ (𝑤𝑖)(𝑥𝑖)𝑛
𝑖    

where yl refers to the political dynasty statistic of the l-th EC; wi refers to the weight of the i-th province in 

terms of the number of barangays in that province being serviced by the EC relative to the total number of 

barangays covered by the EC; xi is the political dynasty statistic of the i-th province based on the work of 

Mendoza et al. (2019); and n is the number of provinces covered by the l-th EC.  
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Other Adjustments 

A few observations were missing in the data set. For certain indicators, poorly-rated ECs would put “no 

data available” or would just not submit any data at all. This is an instance of “missing not at random” 

(MNAR) data, and dropping the said data points could potentially bias the estimates. One explanation is 

that some ECs prefer not to divulge indicators of their poor performance. In such cases, imputed values 

were utilized from the average of similarly-rated ECs.  

For instance, if a D-rated EC did not supply data on its collection efficiency, then the mean collection 

efficiency of all D-rated ECs would be used in its place. The method was employed for 3 ECs, all D-rated, 

as some values were missing in terms of system loss rates, collection efficiency rates, kWh sold, average 

system rate, average power cost, and consumer-employee ratio.  

Finally, some variables were scaled (by dividing by 10𝑛) since the range of values were quite diverse for 

certain predictors. At the same time, this method avoids very small marginal effects in the regression results 

(see the part after Table 1 in the Appendix). 

 

Descriptive Statistics 

By performance rating, 87 of 121 ECs were tagged as “AAA”, the highest score possible in the rating 

system of NEA (see Chart 1 in the Appendix). The remaining ECs were fairly distributed from “D” to “AA”. 

The rating system by NEA incorporates financial, institutional, technical, and reportorial indicators.  

By system loss rate, which captures how efficient ECs distribute energy, ECs averaged 11.6%. The range 

of values for ECs was 2.6% to 32.3%. Lower system losses imply more efficient operations as there is less 

leakage in energy distribution.  

On the other hand, collection efficiency rates averaged 94.0%, ranging from 33.3% to 100.0%. The said 

metric measures the capability of ECs to collect consumer accounts receivables. The higher the collection 

efficiency, the better for the EC. 

Note that system loss and collection efficiency can only take on values from 0 and 1 (or 100.0%) as they 

represent percentages. These results are summarized in Table 2 (see Appendix). 

Meanwhile, the consumer-employee ratio of ECs averaged 454, with a range of 16 to 1060. A higher 

consumer-employee ratio suggests a leaner EC bureaucracy, hence, more efficient operations other things 

being equal. 
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Descriptive statistics for other EC-level variables can be found in Table 3 (see Appendix). Some variables 

worth mentioning include EC area annual per capita income, with an average of PhP42,800; population 

density with a mean of 303 persons per square kilometer; and the computed EC-level political dynasty 

index, which averaged 27.5%. For more details, see Table 3 in the Appendix.  

Using NEA’s categorization, 59 ECs were classified as “Mega Large”, 32 as “Extra Large”, 21 as “Large”, 

4 as “Medium”, and 5 as “Small” (see Chart 2 in the Appendix). 

 

Methodology: Variable Selection for Predictors of EC Performance 

Ordinary Least Squares (OLS) regressions were used to find statistically significant correlations between 

the independent variables and EC consumer-employee ratio. Meanwhile, generalized linear models (GLM) 

were deployed in studying the other quality of service indicators, namely system loss, collection efficiency, 

and EC performance rating. The independent variables come in the form of spatial and socio-economic 

indicators, as well as political variables, which is the primary interest of this paper. 

Spatial indicators included in the model were the following: consumer per circuit km. of line, its squared 

term (to account for non-linear relationships), and population density.  

Meanwhile, socio-economic and EC-level indicators include: EC area per capita income, GWh sold, power 

cost, and peak load.  

Annual per capita income takes into account the level of development of the EC coverage areas. On the 

other hand, GWh sold, power cost, and peak load are technical variables that relate to the function of ECs. 

GWh sold can be seen as a continuous variable proxy for EC size, as larger ECs also sell more energy. Note 

that the EC size measure of NEA is categorical (i.e. “Small” to “Mega Large”) and would be harder to 

interpret in a regression model. Power cost is the EC’s total spending on its purchased electricity, while 

peak load measures the maximum electrical power demand for a given period on the EC’s grid. 

For the political variables, the EC area political dynasty index (computed from Mendoza et al., 2019) was 

used. Concentration of fat political dynasties is associated with weaker checks and balances and poorer 

development outcomes (Mendoza et al., 2019). This may lead to politicization of ECs, affecting their 

performance.  

Dummy variables were also generated for ECs servicing multiple legislative districts, and for ECs crossing 

provincial borders. This is to test the hypothesis that political division, for better (as politicians’ interests 

balance each other out) or for worse (due to fractionalization), affects EC performance. 
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These factors were taken to be the explanatory variables for the EC performance response variables. The 

only difference was that for collection efficiency, peak load was excluded as it’s more related to the 

technical operations of the EC. 

 

Methodology: Modeling Procedure 

For OLS, the well-known model assumptions are as follows: 

1. Errors are independent, i.e. 𝜀𝑖’𝑠 are independently distributed and Cov(𝜀𝑖 , 𝜀𝑗) = 0. 

2. The error term is centered at 0, i.e. E[𝜀𝑖 | 𝑥𝑖] = 0. 

3. Linearity in the response variable and the explanatory variables as shown in Equation 3.1.  

4. Variance of the error term must be constant (homoskedasticity). In other words, Var[𝜀𝑖 | 𝑥𝑖] = 𝜎2. 

5. Strict exogeneity such that the  𝑥𝑖′𝑠 are uncorrelated with the error term, i.e.,  𝐶𝑜𝑣(𝑥𝑖 , 𝜀𝑖)  =  0 

6. No perfect multicollinearity such that the explanatory variables must be linearly independent.  

7. And for statistical inference, we must also meet the normality of errors assumption, in essence, 

 𝜀𝑖 ~ 𝑁(0, 𝜎2). If the errors are non-normal, the estimator is still the best linear unbiased estimator 

(BLUE), but confidence interval and p-value estimates would not be reliable.  

 

Equation 3.1: General Linear Model 

𝑌𝑖 =  𝛽𝑖𝑜  +  𝛽𝑖𝑗𝑥𝑖𝑗  +  𝛽𝑖𝑘𝑥𝑖𝑘  +  𝛽𝑖𝑙𝑥𝑖𝑙  +  𝜀𝑖, 𝑤ℎ𝑒𝑟𝑒 𝜀𝑖  ~ 𝑁(0, 𝜎2)   

Here 𝑥𝑖𝑗 is the j-th spatial indicator for the i-th observation; 𝑥𝑖𝑘 is the k-th socioeconomic indicator for 

the i-th observation; and 𝑥𝑖𝑙 is the l-th political variable for the i-th observation; and 𝛽𝑖𝑗 , 𝛽𝑖𝑘  , and 𝛽𝑖𝑙 

are the parameter estimates for the respective observations and regressors. The error term is represented 

by 𝜀𝑖, which is normally distributed with mean 0 and variance 𝜎2. 

 

OLS regressions were used to model the consumer-employee ratio of ECs. The findings, diagnostics, and 

robustness checks in the OLS model can be found in the results and Appendix section. 

With GLM, EC performance, subject to a link function 𝜂, is posited to be a linear combination of these 

spatial, socio-economic, and political indicators.  
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Equation 3.2: Generalized Linear Model 

𝑔(𝜇𝑖) = 𝜂𝑖 =  𝛽𝑖𝑜  +  𝛽𝑖𝑗𝑥𝑖𝑗  +  𝛽𝑖𝑘𝑥𝑖𝑘  +  𝛽𝑖𝑙𝑥𝑖𝑙  

Here 𝜇𝑖  =  𝑬(𝒚𝒊|𝒙𝒊); the link function 𝜂 is the logit link function which relates the random component y 

with the systematic component 𝛽𝑖𝑜  + 𝛽i𝑗𝑥𝑖𝑗  + 𝛽𝑖𝑘𝑥𝑖𝑘  +  𝛽𝑖𝑙𝑥𝑖𝑙 ; 𝑥𝑖𝑗 is the j-th spatial indicator for the i-

th observation; 𝑥𝑖𝑘 is the k-th socioeconomic indicator for the i-th observation; and 𝑥𝑖𝑙 is the l-th political 

variable for the i-th observation; and 𝛽𝑖𝑗  , 𝛽𝑖𝑘  , and 𝛽𝑖𝑙  are the parameter estimates for the respective 

observations and regressors. In effect, we are modeling the conditional distribution of y (EC quality of 

service) with respect to the explanatory variables that affect EC performance. 

 

The use of GLM, specifically Beta regression and fractional regression, lies with the characteristics of the 

EC quality of service variables. For system loss and collection efficiency, these represent percentages and 

can only take on values from 0 to 1. Hence, ordinary least squares (OLS) regression would be unrealistic 

as they may produce predicted values lower than 0 and/or greater than 1. For collection efficiency, values 

over 100.0% imply collection beyond outstanding accounts receivables, while values below 0.0% may 

imply ECs giving back money to consumers. While possible, such situations are unrealistic (and maybe 

illegal), and this is validated by the data set where collection efficiency values were contained in the unit 

interval. For system loss, it would be physically impossible, as values beyond the unit interval would imply 

that total energy outputs (losses + energy distributed to consumers) exceed energy inputs.  

For EC performance rating, NEA employs a letter grade system from D to AAA. Thus, discrete choice 

models would be needed to analyze the factors that significantly affect the ratings. 

 

Generalized Linear Model 1: Beta Regression 

Beta regression falls under GLM, which is a broader category of linear models. Unlike OLS, which uses 

the least squares estimator, GLM uses Maximum Likelihood Estimation (MLE). MLE is a more general 

way of estimating parameters and is less restrictive in terms of assumptions. 

In fact, when errors are assumed to be independent and normally distributed with constant variance, i.e. 

𝜀𝑖  ~ 𝑁(0, 𝜎2) and Cov(𝜀𝑖 , 𝜀𝑗)  =  0, the MLE is equivalent to the least squares estimator.  

The following assumptions are made in a Beta Regression Model:  

1. Observations and errors are independent, i.e. 𝑦𝑖 ’𝑠 and 𝜀𝑖’𝑠 are independently distributed. 
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2. 𝑬(𝒚𝒊|𝒙𝒊) follows the Beta distribution 

3. Linearity in the transformed response variable, in terms of the logit link function, and the 

explanatory variables. In essence: 

𝑬(𝒚𝒊|𝒙𝒊) = 𝜂𝑖 = 𝒍𝒐𝒈(
𝝁𝒊

𝟏−𝝁𝒊
)  =  𝛽𝑜  +  𝛽𝑗𝑥𝑖𝑗  + 𝛽𝑘𝑥𝑖𝑘  +  𝛽𝑙𝑥𝑖𝑙  

4. No perfect multicollinearity such that the explanatory variables must be linearly independent.  

5. Strict exogeneity such that the  𝑥𝑖′𝑠 are uncorrelated with the error term, i.e.,  𝐶𝑜𝑣(𝑥𝑖 , 𝜀𝑖)  =  0 

 

Note that errors need not be normally distributed and constancy of variance (homoskedasticity) need not be 

met. The link function here is the logit link such that regression parameters will be interpreted in the ratio 

of log-odds scale. Marginal effects are provided in the results section for easier interpretation. 

Beta regression is advantageous in modeling system loss rates and collection efficiency rates. First, it 

models variables that assume values in the open unit interval, as with system loss rates in the data set 

(Cribari-Neto and Zeileis, 2010; Ferrari and Cribari-Neto, 2004). For observations that take on values at 

end points, particularly at 1 for collection efficiency rates, a straightforward transformation can be applied 

to truncate values within the open unit interval (Smithson and Verkuilen, 2006). This effectively shrinks 

the (0, 1) interval into [0.005. 0.995]. Equation 4 details this transformation. 

 

Equation 4: Dealing with 0’s and 1’s in Beta Regression 

𝑦′ =  
𝑦(𝑛 − 1) +  0.5

𝑛
, 𝑤ℎ𝑒𝑟𝑒 𝑛 𝑖𝑠 𝑡ℎ𝑒 𝑠𝑎𝑚𝑝𝑙𝑒 𝑠𝑖𝑧𝑒  

Second, beta regression naturally incorporates heteroskedasticity and skewness, which are commonly 

observed in modeling rates and proportions. Such variables often display non-constancy of variance as more 

variation is observed around the mean, and less variation as values approach the lower and upper bounds 

of the unit interval (Cribari-Neto and Zeileis, 2010; Ferrari and Cribari-Neto, 2004).  

The beta distribution is parametrized with a mean parameter (𝜇) and precision parameter (𝜙), where the 

variance is also a function of the mean. Hence, the variance automatically adjusts with the mean. The 

flexibility of the Beta distribution enables it to take on various forms, and accommodate heteroskedasticity 

and skewness in the data. Details on the Beta distribution, including its expected value, variance function, 

robustness to heteroskedasticity and estimation techniques can be found in Cribari-Neto and Zeileis (2010), 

Ferrari and Cribari-Neto (2004), and Smithson and Verkuilen (2006). 
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Generalized Linear Model 2: Fractional Regression 

Fractional regression is a GLM that utilizes MLE or quasi-maximum likelihood estimation (QMLE). It has 

the same set of assumptions as the Beta regression model, except the part which assumes that the conditional 

distribution of the response variable is Beta-distributed.  

QMLE maximizes a function of the log-likelihood, hence the words “quasi” and “maximum likelihood”, to 

obtain parameter estimates. For this method, the Bernoulli-based quasi-likelihood function is maximized 

(Ramalho, 2015). 

Like Beta regression, it is advantageous in modeling rates and percentages such that predicted values would 

lie in the unit interval (e.g. system loss and collection efficiency). An added advantage of fractional 

regression is that it can accommodate and account for clustering at the boundary values without a need for 

transformation. This is applicable to collection efficiency data where one-fourth of observations are 1. 

Furthermore, the fractional regression method is robust to distributional assumptions about 𝑬(𝒚𝒊|𝒙𝒊). Papke 

and Wooldridge (1996) have shown that Bernoulli QMLE of parameters ( �̂�)  are consistent and 

asymptotically normal regardless of the conditional distribution of 𝒚𝒊 on 𝒙𝒊, provided that the specification 

of the conditional expectation is correctly specified. Hence, fractional regression could be used to model 

all sorts of variables, whether discrete, continuous, or those having both discrete and continuous 

characteristics. 

And this is the third innovation of fractional regression methods, that is they can estimate two-part models. 

If it is believed that a different process governs positive y values and boundary values, then a discrete choice 

model (say logistic regression) can be deployed. Meanwhile, another part of the model could explain the 

magnitude of non-boundary outcomes, i.e. 𝑦 𝜖 (0,1). 

Ramalho et al. (2011) show that the model can be decomposed into two-parts: a fractional part and a binary 

part. Equation 5 shows a possible two-part model with the boundary value of 1.  

 

Equation 5: Two-Part Models for Fractional Regression 

𝐸(𝑦|𝑥)  =  𝐸[𝑦|𝑥. 𝑦 𝜖 (0,1)]  ∙  𝑃𝑟[𝑦 𝜖 (0,1) | 𝑥]  +  𝐸[𝑦|𝑥, 𝑦 = 1] ∙  𝑃𝑟[𝑦 = 1 | 𝑥] 

This paper only uses one-part models, that is the fractional part of the model, as there is no evidence that 

achieving 100.0% collection efficiency is governed by a different process. In fact, the NEA standard for 

collection efficiency is only 95.0%, which bolsters the use of a one-part model. Nevertheless, this flexibility 
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of fractional models would allow future analysis in the event that NEA raises the collection efficiency 

standard to 100.0%. 

More information on fractional regression, such as the log-likelihood of the Bernoulli distribution and 

optimality properties of the Bernoulli QMLE may be found in Papke and Wooldridge (1996), Ramalho et 

al. (2011), and Ramalho (2015). 

 

Generalized Linear Model 3: Ordered Logit Regression 

To complement the regressions on system loss and collection efficiency rates, this paper also models NEA 

performance ratings. As mentioned, these ratings are categorical and ordered in nature, with “D” being the 

worst and “AAA” being the best. To handle such explanatory variables, discrete choice models should be 

used. In particular, an ordered logistic model will be deployed in modeling EC performance ratings. 

The ordered logit model is often motivated with respect to a latent and unmeasured variable y*. This y* is 

a linear combination of explanatory variables and their corresponding parameters. The latent variable has 

various threshold points, 𝜅𝑚 , and the value of the observed y depends on whether or not a particular 

threshold 𝜅𝑚 has been crossed (Williams, 2015; Carroll, 2014). In this example, we can think of y* as a 

latent continuous variable measuring the financial, institutional, and technical performance of ECs. 

Equation 6 details this process. 

 

Equation 6: Ordered Logit Model as a Continuous Latent Variable 

𝑦𝑖 ∗ =  𝛽𝑖′𝑥𝑖  + 𝜀𝑖   

where 𝑦𝑖 ∗ is the latent continuous variable for the i-th observation; 𝑥𝑖  =  (𝑥𝑖1, . . . , 𝑥𝑖𝑘) is a vector of k 

explanatory variables; 𝛽𝑖  =  (𝛽1,, . . . , 𝛽𝑘) is the corresponding k-dimensional parameter vector; and 𝜀𝑖 is 

the error term. 

With 6 categories, namely “D”, “C”, “B”, “A”, “AA”, “AAA”, there would be 5 computed thresholds for 

𝜅𝑚. Put another way, the observed y can be thought of as a collapsed version into 6 categories of the latent 

variable y* (Williams, 2015). Equation 7 summarizes this process. 
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Equation 7: Ordered Logit Threshold and Observed Values 

𝑦𝑖 =  𝐷 𝑖𝑓  𝑦𝑖 ∗ ≤  𝜅1   

𝑦𝑖 =  𝐶 𝑖𝑓  𝜅1 < 𝑦𝑖 ∗ ≤  𝜅2  

𝑦𝑖 =  𝐵 𝑖𝑓  𝜅2 < 𝑦𝑖 ∗ ≤  𝜅3  

𝑦𝑖 =  𝐴 𝑖𝑓  𝜅3 < 𝑦𝑖 ∗ ≤  𝜅4  

𝑦𝑖 =  𝐴𝐴 𝑖𝑓  𝜅4 < 𝑦𝑖 ∗ ≤  𝜅5  

𝑦𝑖 =  𝐴𝐴𝐴 𝑖𝑓  𝑦𝑖 ∗>  𝜅5  

Given the latent variable motivation, here are the assumptions of the ordered logistic regression: 

1. The response variable is categorical and ordered in nature. 

2. Linearity in the transformed response variable, in terms of the logit link function, and the 

explanatory variables. 

3. No perfect multicollinearity such that the explanatory variables must be linearly independent.  

4. Proportional odds assumption, which means that the relationship between any pair of outcome 

groups is the same. 

5. 𝜀𝑖 is normally distributed with mean 0 and variance 1. Alternatively, it can follow a standard logistic 

distribution with mean and variance of 3.29 (Williams, 2015). 

 

Note that the proportional odds assumption implies that we would only need one set of coefficients to 

explain the ordered structure of the response variable. These parameter estimates explain the difference 

between “AAA” and the lower rating scales, or “AAA” and “AA” versus “D” to “A”, or any other pair of 

outcome groups.  

Meanwhile, the distribution of the error term refers to the latent variable y*, as explained in Equation 6. 

Hence, this cannot be directly measured as we only know the value of y. 

In summary, the ordered logit model estimates 𝑬(𝒚𝒊 ∗ |𝒙𝒊)  =  ∑ 𝛽𝑘𝑋𝑘𝑖
𝐾
𝑘=1  , and the values of the observed 

variable y would depend on the computed thresholds. The ordered logit model typically uses a logit link 

function, as with this study. Given a distribution for the error term, parameter estimates are obtained via 

MLE.  
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More details on ordered logit regression may be found in Williams (2015) and Carroll (2014), while the 

link functions are explored in Agresti and Tarantola (2018). Diagnostic and robustness checks on the 

generalized linear models can be found in the Appendix. 

VI. Discussion of results and summary  

Table 7: Regressions on Collection Efficiency Rate (with Political Dynasty Index) 

 Dependent Variable: Collection Efficiency 

 
Beta Regression: 

Odds 

Fractional Logit: 

Odds 

Beta Regression: Log 

Odds 

Fractional Logit: Log 

Odds 

Cons/km line 1.065** 1.041 0.063** 0.040 

 (0.028) (0.053) (0.028) (0.053) 

Cons/km line 

sq 
0.999*** 0.999 -0.001*** -0.001 

 (0.0004) (0.001) (0.0004) (0.001) 

Pop Density 1.011** 1.018** 0.011** 0.018** 

 (0.005) (0.009) (0.005) (0.009) 

EC p.c. income 1.035*** 1.073*** 0.035*** 0.071*** 

 (0.010) (0.022) (0.010) (0.022) 

GWh sold 1.003 1.023** 0.003 0.022** 

 (0.003) (0.009) (0.003) (0.009) 

Power Cost 0.996 0.969*** -0.004 -0.032*** 

 (0.005) (0.011) (0.005) (0.011) 

PolDy Index 0.962*** 0.912*** -0.038*** -0.092*** 

 (0.011) (0.022) (0.011) (0.022) 

Constant 2.985 6.578 1.094 1.884 

 (0.666) (1.367) (0.666) (1.367) 

Observations 121 121 121 121 

Note: *p < 0.10; **p < 0.05; ***p<0.01 
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Table 8: Average Marginal Effects for Collection Efficiency Regressions (with Political Dynasty 

Index) 

 Beta Regression Fractional Logit 

Variable Marginal 

Effect 

Standard 

Error 

P-

value 

Marginal 

Effect 

Standard 

Error 

P-

value 

cons_per_km 0.004 0.002 0.032 0.002 0.003 0.436 

cons_per_km_sq 0.000 0.000 0.011 0.000 0.000 0.160 

pop_den 0.001 0.000 0.018 0.001 0.001 0.102 

ec_income 0.002 0.001 0.001 0.004 0.001 0.005 

GWh_sold 0.000 0.000 0.371 0.001 0.000 0.011 

pcost 0.000 0.000 0.358 -0.002 0.001 0.010 

poldy_rate -0.002 0.001 0.001 -0.005 0.001 0.000 

 

With collection efficiency as the dependent variable, here are the significant explanatory variables, and the 

direction of their effect, based on the Beta and fractional regression models. The political variable of interest 

here is the political dynasty index: 

• Consumer per circuit km. line (+) : This variable is similar to population density, and states that 

more consumers per circuit km. line is associated with better collection efficiency. Note, however, 

that this variable was only significant for the Beta model. 

 

• Consumer per circuit km. line squared (-) : The squared term captures non-linearities in the effect 

of adding consumers per circuit km. line. In essence, when there are more consumers per circuit 

km., collection efficiency increases but at a decreasing rate (and eventually tapers off). Like its 

linear term, it is only significant for the Beta model.  

 

• Population density (+) : More dense coverage areas are associated with higher collection efficiency. 

It seems that ECs perform better in areas where households are not too far apart. 

 

• EC area per capita income (+) : More developed EC areas are correlated with higher collection 

efficiency. This is straightforward as areas with higher per capita income are more able to pay their 

electric bills on time. This variable can also be interpreted as a proxy for consumer demand for 

higher quality of service. More developed EC jurisdictions would presumably have more 

commercial and industrial locators, requiring more reliable power supply. For households, higher 

per capita income suggests more households willing to pay for quality service delivery. 
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These results are consistent with the findings of Gapay (2018) and Fabella et al. (2018) where 

customer quality effect, measured by the share of commercial and industrial connections in an 

EC, was found to be positively related to EC performance.  

    

 

• GWh sold (+) : Similar to results from system losses, it seems that there are economies of scale 

being experienced by ECs, such that collection efficiency also improves with more electricity sold. 

Note that this variable is only significant for the fractional model.  

 

However, there is strong evidence for scale economies as GWh sold is also significant related to 

improvements in system loss and performance ratings (see Tables 17 and 23 in the Appendix). 

Also, these results are consistent with Gapay (2018) and Fabella et al. (2018), where EC size 

measured via total connections was found to be positively related to EC performance.  

 

• Power cost (-) : Higher power costs for ECs is correlated with lower collection efficiency 

 

• Political Dynasty Index (-) : Increased concentration of fat dynasties is associated with lower 

collection efficiency. This might provide evidence that weaker checks and balances with fat 

dynasties, and local politicization (e.g. possible patronage behavior by non-collection of accounts 

receivables) adversely affects ECs. 
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Table 9: Regressions on Collection Efficiency Rate (with District and Province Dummy) 

 Dependent Variable: Collection Efficiency 

 
Beta Regression: 

Odds 

Fractional Logit: 

Odds 

Beta Regression: Log 

Odds 

Fractional Logit: Log 

Odds 

Cons/km line 1.053* 1.048 0.052* 0.047 

 (0.030) (0.060) (0.030) (0.060) 

Cons/km line sq 0.999** 0.999 -0.001** -0.001 

 (0.0004) (0.001) (0.0004) (0.001) 

Pop Density 1.005 1.007 0.005 0.007 

 (0.004) (0.010) (0.004) (0.010) 

EC p.c. income 1.033*** 1.099*** 0.032*** 0.094*** 

 (0.010) (0.024) (0.010) (0.024) 

GWh sold 1.002 1.014 0.002 0.014 

 (0.003) (0.010) (0.003) (0.010) 

Power Cost 0.997 0.981 -0.003 -0.019 

 (0.005) (0.013) (0.005) (0.013) 

District Dummy 1.082 1.191 0.079 0.175 

 (0.217) (0.477) (0.217) (0.477) 

Province 

Dummy 
0.919 0.806 -0.084 -0.216 

 (0.274) (0.554) (0.274) (0.554) 

Constant 1.531 0.200 0.426 -1.608 

 (0.648) (1.329) (0.648) (1.329) 

Observations 121 121 121 121 

Note: *p < 0.10; **p < 0.05; ***p<0.01 
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Table 10: Average Marginal Effects for Collection Efficiency (with District and Province Dummies) 

 Beta Regression Fractional Logit 

Variable 
Marginal 

Effect 

Standard 

Error 

P-

value 

Marginal 

Effect 

Standard 

Error 

P-

value 

cons_per_km 0.003 0.002 0.084 0.002 0.004 0.490 

cons_per_km_sq 0.000 0.000 0.030 0.000 0.000 0.243 

pop_den 0.000 0.000 0.244 0.000 0.001 0.610 

ec_income 0.002 0.001 0.002 0.005 0.002 0.003 

kWh_sold 0.000 0.000 0.535 0.001 0.001 0.195 

pcost 0.000 0.000 0.540 -0.001 0.001 0.220 

District dummy 0.005 0.014 0.716 0.009 0.025 0.710 

Province dummy -0.006 0.019 0.764 -0.011 0.023 0.624 

 

With collection efficiency as the dependent variable, here are the significant explanatory variables, and the 

direction of their effect, based on the Beta and fractional regression models. The political variables of 

interest here are the district and province dummy variables. The earlier explanations on how significant 

explanatory variables affect collection efficiency are also applicable here: 

• Consumer per circuit km. line (+) : More consumers per circuit km. line is associated with better 

collection efficiency. Note, however, that this variable was only significant for the Beta model. 

 

• Consumer per circuit km. line squared (-) : The squared term captures non-linearities in the effect 

of adding consumers per circuit km. line. Like its linear term, it is only significant for the Beta 

model.  

 

• EC area per capita income (+) More developed EC areas are correlated with higher collection 

efficiency. The arguments made earlier for EC per capita income as a proxy for higher demand for 

quality service and higher capacity to pay for consumers are equally applicable to these results. 

 

• Note that the district and provincial dummies once again proved to be insignificant in explaining 

collection efficiency of ECs. Nevertheless, the direction of effects suggest that the district dummy 

is associated with increased collection efficiency, while the opposite is true for the provincial 

dummy.  
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Table 11: Regressions on Consumer-Employee Ratio (with Political Dynasty Index) 

 Consumer-Employee Ratio 

 OLS Robust SE 

Consumer/km line 2.783 

 (3.410) 

Consumer/km line Sq -0.070 

 (0.045) 

Pop Density 0.764 

 (0.637) 

EC p.c. income 0.155 

 (1.886) 

GWh Sold 0.559 

 (0.631) 

Power Cost 0.343 

 (1.039) 

Peak Load -1.578 

 (4.257) 

PolDy Index -3.928** 

 (1.539) 

Constant 458.452*** 

 (90.308) 

Adjusted R2 0.245 

F Statistic 5.880*** (df = 8; 112) 

Note: *p < 0.10; **p < 0.05; ***p<0.01 
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Table 12: Average Marginal Effects for Consumer-Employee Ratio  

(with Political Dynasty Index) 

  OLS Regression (Robust Standard Errors) 

Variable Marginal Effect Standard Error P-value 

cons_per_km -2.167 1.116 0.052 

pop_den 0.764 0.634 0.228 

ec_income 0.155 1.312 0.906 

GWh_sold 0.559 0.552 0.311 

pcost 0.343 0.660 0.603 

Peak load -1.578 2.345 0.501 

poldy_rate -3.928 1.593 0.014 

 

With consumer-employee ratio as the dependent variable, and the political dynasty index as a regressor, 

here are the significant explanatory variables based on the OLS regression models. Note that robust standard 

errors were utilized in making statistical inferences to deal with heteroskedasticity (discussed in the model 

diagnostics portion below). Also, note that the marginal effects for consumer per circuit km. of line already 

incorporates the squared term. This is due to the presentation of marginal effects by the statistical software.   

 

• The political dynasty index (-): as suggested by the literature, higher politicization of ECs is 

associated with bloated staffing patterns as politicians may reward their supporters with 

employment in ECs. The regression results provide evidence to this as a marginal increase in the 

political dynasty index translates to lower consumer-employee ratio by 4 units. 

 

• Aside from the political dynasty index, no other explanatory variables were found to be 

significantly correlated with consumer-employee ratio.  
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Table 13: Regressions on Consumer-Employee Ratio (with Political Dummy Variables) 

 Consumer-Employee Ratio 

 OLS Robust SE 

Consumer/km line 2.158 

 (3.489) 

Consumer/km line Sq -0.065 

 (0.047) 

Pop Density 0.299 

 (0.655) 

EC p.c. income 0.990 

 (2.115) 

GWh Sold 0.422 

 (0.647) 

Power Cost 0.562 

 (1.033) 

Peak Load -1.754 

 (4.256) 

District Dummy 7.225 

 (32.216) 

Provincial Dummy 26.791 

 (41.922) 

Constant 339.128*** 

 (99.394) 

Adjusted R2 0.201 

F Statistic 4.352*** (df = 9; 111) 

Note: *p < 0.10; **p < 0.05; ***p<0.01 
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Table 14: Average Marginal Effects for Consumer-Employee Ratio  

(with Political Dummy Variables) 

  OLS Regression (Robust Standard Errors) 

Variable Marginal Effect Standard Error P-value 

cons_per_km -2.390 1.155 0.038 

pop_den 0.299 0.622 0.631 

ec_income 0.990 1.392 0.477 

GWh_sold 0.422 0.569 0.458 

pcost 0.562 0.673 0.404 

Peak load -1.754 2.422 0.469 

District Dummy 7.225 30.950 0.815 

Provincial Dummy 26.791 39.324 0.496 

 

With consumer-employee ratio as the dependent variable, and the political dummy variables as regressors, 

none of the explanatory variables were significant. Note that robust standard errors were utilized in making 

statistical inferences to deal with heteroskedasticity (discussed in the model diagnostics portion below). 

Also, note that the marginal effects for consumer per circuit km. of line already incorporates the squared 

term. This is due to the presentation of marginal effects by the statistical software.   

 

Results Summary 

In summary, the higher concentration of fat political dynasties was found to be significantly correlated with 

lower collection efficiency and lower consumer-employee ratio (meaning more bloated staffing). This 

provides evidence that politicization may adversely affect the quality of service of ECs.  

For other indicators like system loss and performance ratings, higher political dynasty index was 

consistently associated with poorer EC performance, although the results are not strong enough to be 

statistically significant (see Tables 17, 18, 23, and 25 of the Appendix).   

Meanwhile, there was no evidence found that quality of service is statistically different (whether better or 

worse) for ECs servicing multiple legislative districts or multiple provinces. This goes for collection 

efficiency and consumer-employee ratio as shown above, as well as for system loss and performance ratings 

(see Tables 19, 20, 26, and 27 of the Appendix). 
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Moreover, economic and EC-level variables, such as per capita income, gigawatt hour sold, and to an extent, 

consumers per circuit kilometers of line, are significantly correlated with most indicators EC performance, 

which is similar to the findings of previous studies. 

 

Model Diagnostics: GLM 

Goodness-of-fit: Beta and Fractional Regression Models 

The likelihood ratio tests (LRT) confirm the results of the regressions (see Appendix after Table 27). With 

collection efficiency as the dependent variable, the more complex model (meaning the model inclusive of 

the political dynasty index) provided a significantly better fit than the simpler model (meaning the model 

without political variables), as evidenced by the p-values of the likelihood ratio tests. This goes for both 

beta and fractional regression models. This supports the earlier assertion that a higher political dynasty 

index is strongly correlated with worse system losses. 

On the other hand, the LRT also affirm the non-statistically significant relationship between the political 

dynasty index and system losses. Hence, while higher political dynasty index is associated with worse 

system losses, evidence for correlation is inadequate. 

For the political dummy variables, the LRT once again establish that adding these variables don’t improve 

the goodness-of-fit of the models as far as explaining system losses and collection efficiency.  

The Akaike Information Criterion (AIC) of these models, a summary statistic that considers goodness-of-

fit and model parsimony, come to the same conclusions as the LRT (see Table 28 of the Appendix). 

 

Multicollinearity: Beta and Fractional Regression 

The assumption of “no perfect multicollinearity” is satisfied by the models, as no variables were dropped 

in the regression. Nevertheless, some variables exhibit serious collinearity, as shown by their high VIF (i.e. 

VIF greater than the rule of thumb of 15). This is problematic as it may lead to inconsistent standard error 

estimates, as well as unstable coefficient estimates.  

Particular variables with high VIF are gigawatt hour sold, peak load, and power cost. Consumer per km is 

excluded, as it is expected to have a high VIF since its squared term is also included in the model (see 

Tables 29 to 32 of the Appendix). The said variables were included in the model as economic theory 

suggests that these factors affect EC performance, notwithstanding possible collinearity.  
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Regressions were also conducted without the highly-collinear variables to demonstrate that these do not 

change the direction of the effect of the political dynasty index on system loss and collection efficiency. 

Also, higher political dynasty index remains to be significantly correlated with poorer collection efficiency 

(see Tables 33 and 34 of the Appendix). 

 

Goodness-of-fit: Ordered Logit Model 

For the ordered logit model, the LRT and AIC point that political dynasty index does not significantly 

improve the goodness-of-fit of the ordered logit model. Hence, even if higher political dynasty index is 

associated with lower performance ratings, the relationship is not statistically significant. 

For the political dummy variables, the same results were obtained, such that these variables don’t help 

explain EC performance rating (see Appendix after Table 27 and Table 28).  

 

Proportional Odds Assumption: Ordered Logit Model 

The Brant test shows that the political dynasty index variable does not violate the proportional odds 

assumption for the ordered logit model. However, some variables such as GWh sold, peak load, and power 

cost do not meet this assumption. This is not a really a problem as the political dynasty index is the primary 

variable of interest in the ordered logit model (see Table 36 of the Appendix). 

  

Multicollinearity: Ordered Logit Model 

The assumption of “no perfect multicollinearity” is satisfied by the models, as no variables were dropped 

in the regression. Nevertheless, some variables exhibit serious collinearity, as shown by their high VIF (i.e. 

VIF greater than the rule of thumb of 15) based on the other regression models. The same procedure was 

conducted as far as running the ordered logit regressions without the highly collinear variables (see Table 

35 in the Appendix). 
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Model Diagnostics: OLS 

Normality of Errors (with mean of 0, and variance 𝜎2) 

The OLS models pass the various tests for normality of errors, namely: Anderson-Darling test; 

Kolmogorov-Smirnov test; and the Shapiro-Wilk test. 

 

Multicollinearity: OLS Regression 

The assumption of “no perfect multicollinearity” is satisfied by the models, as no variables were dropped 

in the regression. Nevertheless, some variables exhibit serious collinearity, as shown by their high VIF (i.e. 

VIF greater than the rule of thumb of 15). Similar to the GLM models, regressions were also conducted 

without these highly-collinear variables, and the results on the political variables still exhibit the same signs 

and significance.  

 

Constancy of Variance: OLS Regression 

The OLS model does not pass the constancy of variance tests, namely the Breusch-Pagan test, whether we 

use studentized residuals or not. For OLS, this does not lead to biased estimates, but affects the computation 

of the standard errors. This is why the OLS model uses heteroskedasticity-consistent estimators, such that 

we can still make reliable estimates on p-values, confidence intervals, and the like. 

 

Linearity: OLS Regression 

The Ramsey Reset Test was utilized to test for non-linearities. The OLS model did not pass this test, which 

is why a more complex model was estimated, including the squared terms of all the regressors. 

Nevertheless, this did not affect the signs of coefficient estimates for the political variables.  

The regression diagnostics for the OLS models may be found in the Appendix, after Table 36. 
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VII. Recommendations  

Policy Implications  

Media reports, anecdotal evidence, and other studies point to political factors when a certain EC is 

performing poorly or makes suboptimal decisions. Apart from Hasnain and Matsuda (2011) which 

examined the issue using case studies, there is no study that examined it in a more systematic manner. Our 

study provides evidence that the lack of political competition in the form of fat political dynasties is 

negatively correlated with collection efficiency and consumer-employee ratio. Due to time and data 

constraints, we cannot offer evidence whether such effect also exists for other aspects of EC functions and 

services, but to the extent that they do, these should be addressed. 

Institutional measures to help the ECs serve their mandate should be strengthened and pursued. First, the 

EC Board of Directors should be independent. Under the present rules, a person who holds public office 

and his or her spouse are ineligible to run as Board Members. However, given the nature of the fat dynasty, 

this may be expanded to all first or second degree. Based on anecdotal accounts, Board elections may also 

involve the transportation of individuals to the polling stations and vote buying (Hasnain and Matsuda, 

2011). A cap on campaign expenditure may also be adopted. As an alternative, the campaign expenditure 

may be prohibited and instead subsidize a uniform amount for information dissemination. Suggestions of 

appointing sectoral representatives within the Board should also be studied. 

While such measures already exist as enshrined in RA 10531 or the NEA Reform Act of 2013, which 

recognizes and specifically states that EC management, operations, and strategic planning should be 

insulated from local politics to ensure its sustainability and economic viability, these should be actually 

enforced and implemented. In order to reap the consequences of the formal rules that are already in place, 

there should also be de facto EC independence. Cross-country studies show the de jure rules that guarantee 

the independence of an institution or organization do not necessarily lead to the latter (Voigt et al 2015). 

The results of our study imply that greater oversight or scrutiny could be applied on EC jurisdictions with 

less political competition as indicated by fat dynasties as these are areas that are likely to experience greater 

lobbying or pressure from politicians. The same applies to other noteworthy and positive steps such as the 

adoption of implementing rules and regulation of the Competitive Selection Process of Power Supply 

Agreement and procurement guidelines.  

Member consumers should also be encouraged to play a more proactive role in the election of their 

representatives to the EC. Voter turnout is usually low. Measures should be adopted to lower the cost of 

acquiring information, the costs of attending membership assemblies, and the costs of exercising their right 

to vote as member consumers. The use of technology and social media could serve to lower the costs of 

Electronic copy available at: https://ssrn.com/abstract=3688055



35 
 

acquiring information and streaming of membership assemblies. Fortunately, a platform already exists 

where these can be incorporated and addressed under NEA’s issuance last year of the EC Member-

Consumer-Owners-Program for Empowerment (MCOPE). A shift to prepaid metering technology may also 

address the issues related to collection inefficiency due to political considerations. 

Likewise, the management of the ECs should be shielded from political lobbying. Key to this is the 

recruitment and retention of highly competent general managers, top managers and employees. Skilled, 

informed and reasonably compensated managers and personnel would be in a better position to identify, 

scrutinize and resist various forms of implicit and explicit pressure and maneuvering from politicians. 

NEA’s supervisory role and periodical evaluation helps in setting benchmarks for EC performance. Its 

independence should also be maintained and strengthened. 

Proposals to reform the sector involving ECs should take into account the political economy of their 

respective franchise areas. While policy proposals, including innovative ones that aim to introduce 

economic efficiency should be pursued, their actual impact in a situation where there is weak local 

competition and less constrained rent-seeking should be carefully examined for unintended consequences. 

Finally, institutional reforms to increase political competition should be pursued to improve energy service 

delivery.  

Other reforms related to retail competition and open access, competitive selection process, demand 

aggregation, and stock ownership privatization of ECs may be found in Fabella et al. (2018). Further reading 

on recommendations for EC consolidation, considering economies of scale, may be gleaned from Fabella 

et al. (2018). 

 

Empirical Extensions 

Here are some extensions that may be explored related to this study: 

• Given ambiguous and insignificant results for the district and provincial dummies, quasi-

experimental methods like propensity score matching (PSM) may be explored to ascertain the 

impact of said political variables on EC performance.  

• Use other possible EC performance indicators like system average interruption frequency index 

(SAIFI), and system average interruption duration index (SAIDI). The advantage here is that OLS 

regression models may be used as these variables are continuous in nature and not limited to the 

unit interval. 
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• Panel regression methods (random effects, fixed effects, or mixed effects) may also be explored 

should municipal-level data be made available at an annual basis to correspond with the annual 

NEA data.  

• Consider more complex models: 

o Ordered Logit Partial Proportional Odds: to account for differentiated effects of the 

independent variables among the different EC Performance Rating levels (i.e. D, C, B, A, 

AA, AAA).   

o Consider a dispersion beta model for better fit, which can account for overdispersion (that 

is the variance is much more than the expected theoretical variance). In effect, we are 

modeling the mean and the variance of the random variable.  
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IX. Appendix 

Table 1: EC level variables 

Variable Data Source Description 

EC Performance rating 2017 EC Overall 

Performance Assessment 

Categorical variable ranging 

from D to AAA (worst to best) 

EC size 2017 EC Overall 

Performance Assessment 

Categorical variable ranging 

from Small to Mega Large 

EC net worth  Compliance Report on the 

Performance of ECs 2017 

Total value of EC assets less 

total liabilities  

Gigawatt-hour sold 2017 EC Fact Sheets Total kilowatt-hour sold 

(converted to GWh) to 

consumers of the EC 

Peak load 2017 EC Fact Sheets Measures maximum electrical 

power demand 

Circuit kilometers of line 2017 EC Fact Sheets Kilometers of electrical 

transmission or distribution lines 

Consumer per circuit km. of line 2017 EC Fact Sheets Number of consumers per 

circuit km. of line, measuring 

consumer density 

Power Cost  2017 EC Financial Profile Total EC spending on power   

Average power rate  2017 EC Financial Profile Power cost divided by MWh 

generated/purchased 

Average systems rate  2017 EC Financial Profile Gross Operating Revenue 

divided by MWh sold 

System loss rate Compliance Report on the 

Performance of ECs 2017 

Refers to the difference between 

energy input and energy output, 

indicative of distribution 

efficiency  

Collection efficiency rate  Compliance Report on the 

Performance of ECs 2017 

Refers to the capability of an EC 

to collect consumer accounts 

receivables 

 

 

Variable Scaling: 

• EC income – scaled to 1,000 pesos per unit 

• Population density – scaled to 10 persons/km2 per unit 

• kWh sold – scaled to gigawatt hour sold (GWh), that is kWh sold divided by 1,000,000 

• Peak Load – scaled to megawatts (MW), that is kilowatts (KW) divided by 1,000 

• Power Cost – scaled to 10,000 pesos per unit 
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Table 2: Summary Statistics of EC Performance Indicators 

 Overall 
(N=121) 

EC Performance Rating  

D 7 (5.8%) 

C 9 (7.4%) 

B 4 (3.3%) 

A 8 (6.6%) 

AA 6 (5.0%) 

AAA 87 (71.9%) 

System Loss (%)  

Mean (SD) 11.6 (4.53) 

Median [Min, Max] 10.9 [2.61, 32.3] 

Collection Efficiency (%)  

Mean (SD) 94.0 (12.3) 

Median [Min, Max] 98.0 [33.3, 100] 

Consumer/Employee Ratio  

Mean (SD) 454 (146) 

Median [Min, Max] 451 [16.0, 1060] 
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Table 3: Summary Statistics of EC Characteristics 

 Overall 

(N=121) 

Consumers per circuit km.   

Mean (SD) 35.2 (13.5) 

Median [Min, Max] 33.0 [6.49, 67.6] 

Population Density: 10 persons per square km  

Mean (SD) 30.3 (23.5) 

Median [Min, Max] 23.4 [4.61, 125] 

EC Per Capita Income (in 1000 PhP)  

Mean (SD) 42.8 (10.5) 

Median [Min, Max] 42.0 [23.2, 82.3] 

GWh sold (or 1,000 MWs)  

Mean (SD) 166 (158) 

Median [Min, Max] 115 [1.13, 839] 

Average Power Rate (PhP/kWh)  

Mean (SD) 5.95 (0.962) 

Median [Min, Max] 6.00 [0, 8.47] 

Peak Load in MWs   

Mean (SD) 35.1 (32.5) 

Median [Min, Max] 27.4 [0.430, 172] 

EC-level Poldy Index  

Mean (SD) 27.5 (8.10) 

Median [Min, Max] 27.2 [3.60, 49.2] 

Power Cost (in 10,000 PhP)  

Mean (SD) 112 (108) 

Median [Min, Max] 85.9 [0.654, 591] 
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Table 4: Other EC-level Characteristics 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 Overall 

(N=121) 

EC Size  

Small 5 (4.1%) 

Extra Large 32 (26.4%) 

Large 21 (17.4%) 

Medium 4 (3.3%) 

Mega Large 59 (48.8%) 

EC Net Worth (PhP)  

Mean (SD) 663000 (698000) 

Median [Min, Max] 623000 [-1940000, 3610000] 

Average Systems Rate (PhP/kWh)  

Mean (SD) 9.41 (1.57) 

Median [Min, Max] 9.44 [0.400, 15.2] 

Average Collection Period (days)  

Mean (SD) 61.6 (88.6) 

Median [Min, Max] 36.0 [12.0, 596] 
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Table 5: Two-way tables by EC Performance Rating 

 D 

(N=7) 

C 

(N=9) 

B 

(N=4) 

A 

(N=8) 

AA 

(N=6) 

AAA 

(N=87) 

Overall 

(N=121) 

System Loss (%)        

Mean (SD) 21.9 (7.67) 17.5 (5.67) 13.6 (3.41) 12.8 (2.82) 10.6 (1.80) 9.95 (2.19) 11.6 (4.53) 

Median [Min, Max] 21.9 [11.5, 32.3] 
15.3 [9.53, 

29.0] 

13.2 [9.98, 

18.0] 

12.7 [9.02, 

19.0] 

10.8 [7.47, 

13.0] 

10.4 [2.61, 

15.7] 

10.9 [2.61, 

32.3] 

Collection Efficiency (%)        

Mean (SD) 64.3 (17.3) 76.5 (17.6) 84.3 (28.0) 93.8 (4.92) 97.2 (2.01) 98.4 (1.64) 94.0 (12.3) 

Median [Min, Max] 64.3 [33.3, 89.5] 
78.5 [40.1, 

95.5] 

97.5 [42.4, 

100] 

95.1 [86.3, 

100] 

97.1 [95.1, 

100] 
98.8 [95.1, 100] 98.0 [33.3, 100] 

Consumers per circuit km.         

Mean (SD) 38.5 (13.9) 35.2 (13.3) 24.8 (8.90) 27.6 (11.8) 42.0 (20.3) 35.6 (13.1) 35.2 (13.5) 

Median [Min, Max] 37.5 [21.0, 64.0] 
28.2 [22.7, 

57.6] 
26.6 [12.5, 

33.6] 
24.0 [11.0, 

43.5] 
37.2 [22.0, 

67.6] 
33.4 [6.49, 

67.4] 
33.0 [6.49, 

67.6] 

Population Density: 10 persons per square 

km 
       

Mean (SD) 17.3 (15.7) 36.4 (33.2) 15.3 (6.27) 14.8 (9.26) 38.3 (33.2) 32.3 (22.8) 30.3 (23.5) 

Median [Min, Max] 12.0 [5.74, 51.1] 19.6 [8.18, 112] 
15.9 [8.15, 

21.1] 

13.3 [4.61, 

33.7] 

31.2 [6.65, 

96.1] 
27.1 [5.27, 125] 23.4 [4.61, 125] 

EC Per Capita Income (in 1,000 PhP)        

Mean (SD) 32.5 (10.0) 35.5 (10.2) 39.8 (12.4) 40.3 (10.4) 42.5 (11.4) 44.7 (9.77) 42.8 (10.5) 

Median [Min, Max] 29.1 [23.2, 46.9] 
32.5 [25.0, 

56.7] 
42.8 [23.6, 

50.2] 
38.2 [29.0, 

60.7] 
39.6 [30.6, 

61.2] 
43.5 [25.9, 

82.3] 
42.0 [23.2, 

82.3] 

GWh sold (or 1,000 MWh sold)        

Mean (SD) 82.8 (118) 162 (186) 124 (90.2) 90.8 (76.7) 238 (151) 176 (164) 166 (158) 

Median [Min, Max] 29.2 [1.13, 340] 93.3 [3.29, 527] 111 [36.9, 237] 
63.3 [21.3, 

228] 
210 [81.8, 467] 145 [3.83, 839] 115 [1.13, 839] 

Average Power Rate (PhP/kWh)        

Mean (SD) 4.40 (1.96) 5.83 (0.795) 5.49 (1.04) 5.89 (1.01) 6.25 (0.560) 6.09 (0.768) 5.95 (0.962) 

Median [Min, Max] 4.96 [0, 5.77] 
5.94 [4.61, 

6.84] 

5.70 [4.10, 

6.45] 

6.05 [3.83, 

7.14] 

6.22 [5.63, 

7.20] 

6.02 [3.63, 

8.47] 
6.00 [0, 8.47] 
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 D 

(N=7) 

C 

(N=9) 

B 

(N=4) 

A 

(N=8) 

AA 

(N=6) 

AAA 

(N=87) 

Overall 

(N=121) 

Peak Load in MWs (or 1,000 KWs) 

Mean (SD) 22.3 (27.7) 38.0 (42.9) 27.1 (17.8) 18.4 (13.2) 48.7 (29.7) 36.9 (33.3) 35.1 (32.5) 

Median [Min, Max] 
9.51 [0.430, 

80.7] 

22.0 [0.745, 

122] 

26.8 [8.89, 

45.8] 

14.5 [5.32, 

42.9] 

42.7 [17.2, 

94.2] 

28.6 [0.863, 

172] 

27.4 [0.430, 

172] 

EC-level PolDy Index        

Mean (SD) 31.4 (6.25) 28.8 (11.4) 28.1 (14.6) 24.2 (6.09) 27.8 (10.2) 27.3 (7.60) 27.5 (8.10) 

Median [Min, Max] 30.0 [20.6, 39.2] 
22.8 [18.0, 

43.4] 
23.9 [15.5, 

49.2] 
23.1 [18.2, 

37.4] 
23.6 [17.7, 

43.4] 
27.8 [3.60, 

43.4] 
27.2 [3.60, 

49.2] 
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Table 6: Two-way tables by EC Size 

 Small 

(N=5) 

Extra Large 

(N=32) 

Large 

(N=21) 

Medium 

(N=4) 

Mega Large 

(N=59) 

Overall 

(N=121) 

EC Performance Rating       

D 1 (20.0%) 2 (6.2%) 2 (9.5%) 1 (25.0%) 1 (1.7%) 7 (5.8%) 

C 2 (40.0%) 3 (9.4%) 1 (4.8%) 0 (0%) 3 (5.1%) 9 (7.4%) 

B 0 (0%) 1 (3.1%) 1 (4.8%) 0 (0%) 2 (3.4%) 4 (3.3%) 

A 0 (0%) 3 (9.4%) 2 (9.5%) 0 (0%) 3 (5.1%) 8 (6.6%) 

AA 0 (0%) 2 (6.2%) 0 (0%) 0 (0%) 4 (6.8%) 6 (5.0%) 

AAA 2 (40.0%) 21 (65.6%) 15 (71.4%) 3 (75.0%) 46 (78.0%) 87 (71.9%) 

System Loss (%)       

Mean (SD) 10.1 (3.85) 12.2 (2.42) 12.5 (6.68) 15.2 (10.1) 10.7 (3.91) 11.6 (4.53) 

Median [Min, Max] 11.3 [3.80, 14.1] 11.9 [8.01, 21.9] 10.7 [4.93, 32.3] 11.7 [7.52, 30.0] 10.3 [2.61, 24.8] 10.9 [2.61, 32.3] 

Collection Efficiency (%)       

Mean (SD) 83.4 (14.9) 93.5 (12.3) 90.9 (16.3) 83.3 (33.4) 96.9 (6.08) 94.0 (12.3) 

Median [Min, Max] 78.5 [64.3, 100] 97.5 [42.4, 100] 96.4 [40.1, 100] 100 [33.3, 100] 98.3 [61.6, 100] 98.0 [33.3, 100] 

 

Consumers per circuit km.  
      

Mean (SD) 34.8 (17.4) 36.1 (12.2) 29.3 (9.16) 24.3 (11.1) 37.6 (14.6) 35.2 (13.5) 

Median [Min, Max] 24.9 [22.7, 64.0] 32.4 [12.5, 61.0] 32.2 [11.0, 42.6] 21.3 [14.6, 40.2] 33.8 [6.49, 67.6] 33.0 [6.49, 67.6] 

Population Density: 10 persons per square km       

Mean (SD) 15.5 (6.55) 26.7 (20.5) 29.3 (33.2) 24.3 (18.6) 34.3 (21.8) 30.3 (23.5) 

Median [Min, Max] 12.8 [8.49, 24.7] 23.3 [7.60, 112] 17.9 [4.61, 125] 23.6 [6.17, 43.6] 27.7 [6.65, 96.1] 23.4 [4.61, 125] 

EC Per Capita Income (in 1000 PhP)       

Mean (SD) 41.8 (24.3) 40.0 (8.55) 40.4 (8.29) 37.4 (9.01) 45.6 (10.1) 42.8 (10.5) 

Median [Min, Max] 32.5 [23.2, 82.3] 40.0 [23.6, 56.7] 40.5 [25.0, 55.8] 37.8 [26.9, 47.3] 44.6 [28.6, 81.8] 42.0 [23.2, 82.3] 

GWh sold (or 1,000 MWh sold)       

Mean (SD) 4.86 (3.05) 87.9 (36.1) 43.9 (50.2) 19.7 (5.39) 275 (161) 166 (158) 

Median [Min, Max] 3.83 [1.13, 8.03] 81.8 [41.1, 178] 32.0 [16.9, 251] 19.5 [13.3, 26.5] 228 [77.1, 839] 115 [1.13, 839] 

Average Power Rate (PhP/kWh)       

Mean (SD) 5.38 (0.610) 5.86 (1.25) 5.87 (0.925) 6.05 (1.30) 6.06 (0.792) 5.95 (0.962) 
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 Small 

(N=5) 

Extra Large 

(N=32) 

Large 

(N=21) 

Medium 

(N=4) 

Mega Large 

(N=59) 

Overall 

(N=121) 

Median [Min, Max] 5.19 [4.61, 6.01] 6.01 [0, 7.55] 5.99 [3.63, 7.37] 5.71 [4.92, 7.86] 6.06 [3.83, 8.47] 6.00 [0, 8.47] 

Peak Load in MWs (or 1,000 KWs)       

Mean (SD) 1.24 (0.787) 19.7 (7.32) 9.71 (10.3) 8.93 (9.01) 57.2 (33.3) 35.1 (32.5) 

Median [Min, Max] 0.863 [0.430, 2.17] 18.7 [9.86, 39.9] 7.20 [3.78, 51.1] 5.11 [3.17, 22.3] 45.8 [18.0, 172] 27.4 [0.430, 172] 

EC-level PolDy Index       

Mean (SD) 30.0 (8.57) 26.6 (7.92) 27.1 (9.79) 25.2 (7.25) 28.0 (7.73) 27.5 (8.10) 

Median [Min, Max] 29.8 [19.5, 43.3] 25.7 [8.45, 49.2] 29.0 [3.60, 43.4] 27.2 [15.3, 31.3] 27.8 [7.59, 43.4] 27.2 [3.60, 49.2] 
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Chart 1: EC Distribution by Performance Rating 

 

Chart 2: EC Distribution by Size 

 

 

 

 

 

 

 

 

 

 

Chart 2: EC Distribution by Size 
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Chart 3: Philippine Map by EC Coverage Areas 

Chart 3: Philippine Map by EC Coverage Are
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Table 15: Regressions on System Loss Rate (no political variables) 

 Dependent Variable: System Loss 

 
Beta Regression: 

Odds 

Fractional Logit: 

Odds 

Beta Regression: Log 

Odds 

Fractional Logit: Log 

Odds 

Consumer/km line 1.005 1.010 0.005 0.010 

 (0.011) (0.012) (0.011) (0.012) 

Consumer/km line 

sq 
1.000 1.000 0.00001 -0.00004 

 (0.0001) (0.0002) (0.0001) (0.0002) 

Pop Density 0.997** 0.997* -0.003** -0.003* 

 (0.002) (0.002) (0.002) (0.002) 

EC p.c. income 0.985*** 0.984*** -0.015*** -0.016*** 

 (0.004) (0.004) (0.004) (0.004) 

GWh sold 0.994*** 0.993*** -0.006*** -0.007*** 

 (0.002) (0.002) (0.002) (0.002) 

Power Cost 1.005*** 1.004** 0.005*** 0.004** 

 (0.002) (0.002) (0.002) (0.002) 

Peak Load 1.014** 1.019*** 0.014** 0.019*** 

 (0.006) (0.007) (0.006) (0.007) 

Constant 0.214*** 0.209*** -1.544*** -1.564*** 

 (0.231) (0.256) (0.231) (0.256) 

Observations 121 121 121 121 

Note: *p < 0.10; **p < 0.05; ***p<0.01 
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Table 16: Average Marginal Effects for System Loss Regressions (w/o Political Variables) 

 Beta Regression Fractional Logit 

Variable Margina

l Effect 

Standar

d Error 

P-

value 

Marginal 

Effect 

Standar

d Error 

P-

value 

cons_per_km 0.001 0.001 0.626 0.001 0.001 0.375 

cons_per_km_sq 0.000 0.000 0.956 0.000 0.000 0.738 

pop_den 0.000 0.000 0.041 0.000 0.000 0.037 

ec_income -0.002 0.000 0.000 -0.002 0.001 0.003 

kWh_sold -0.001 0.000 0.000 -0.001 0.000 0.000 

pcost 0.000 0.000 0.007 0.000 0.000 0.026 

peak_load 0.001 0.001 0.026 0.002 0.001 0.027 
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Table 17: Regressions on System Loss Rate (with Political Dynasty Index) 

 Dependent Variable: System Loss 

 
Beta Regression: 

Odds 

Fractional Logit: 

Odds 

Beta Regression: 

Log Odds 

Fractional Logit: 

Log Odds 

Cons/km line 1.005 1.009 0.005 0.009 

 (0.011) (0.012) (0.011) (0.012) 

Cons/km line 

sq. 
1.000 1.000 0.00001 -0.00004 

 (0.0001) (0.0002) (0.0001) (0.0002) 

Pop Density 0.996** 0.996** -0.004** -0.004** 

 (0.002) (0.002) (0.002) (0.002) 

EC p.c. income 0.986*** 0.985*** -0.015*** -0.016*** 

 (0.004) (0.004) (0.004) (0.004) 

GWh sold 0.994*** 0.993*** -0.006*** -0.007*** 

 (0.002) (0.002) (0.002) (0.002) 

Power Cost 1.005*** 1.004** 0.005*** 0.004** 

 (0.002) (0.002) (0.002) (0.002) 

Peak Load 1.014** 1.019*** 0.014** 0.019*** 

 (0.006) (0.007) (0.006) (0.007) 

PolDy Index 1.002 1.004 0.002 0.004 

 (0.004) (0.005) (0.004) (0.005) 

Constant 0.202*** 0.189*** -1.597*** -1.665*** 

 (0.254) (0.282) (0.254) (0.282) 

Observations 121 121 121 121 

Note: *p < 0.10; **p < 0.05; ***p<0.01 
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Table 18: Average Marginal Effects for System Loss Regressions (with Political Dynasty 

Index) 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 Beta Regression Fractional Logit 

Variable Marginal 

Effect 

Standard. 

Error 

P-value Marginal 

Effect 

Standard. 

Error 

P-value 

cons_per_km 0.001 0.001 0.658 0.001 0.001 0.406 

cons_per_km_sq 0.000 0.000 0.931 0.000 0.000 0.779 

pop_den 0.000 0.000 0.035 0.000 0.000 0.033 

ec_income -0.001 0.000 0.000 -0.002 0.001 0.002 

GWh_sold -0.001 0.000 0.000 -0.001 0.000 0.000 

pcost 0.001 0.000 0.006 0.000 0.000 0.019 

peak_load 0.001 0.001 0.026 0.002 0.001 0.028 

poldy_rate 0.000 0.000 0.595 0.000 0.001 0.490 
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Table 19: Regressions on System Loss Rate (with District and Province Dummies) 

 Dependent Variable: System Loss 

 
Beta Regression: 

Odds 

Fractional Logit: 

Odds 

Beta Regression: Log 

Odds 

Fractional Logit: Log 

Odds 

Cons/km line 1.007 1.012 0.007 0.012 

 (0.011) (0.012) (0.011) (0.012) 

Cons/km line 

sq 
1.000 1.000 -0.00001 -0.0001 

 (0.0001) (0.0002) (0.0001) (0.0002) 

Pop Density 0.997* 0.997 -0.003* -0.003 

 (0.002) (0.002) (0.002) (0.002) 

EC p.c. income 0.985*** 0.984*** -0.015*** -0.016*** 

 (0.004) (0.004) (0.004) (0.004) 

GWh sold 0.994*** 0.993*** -0.006*** -0.007*** 

 (0.002) (0.002) (0.002) (0.002) 

Power Cost 1.005*** 1.004** 0.005*** 0.004** 

 (0.002) (0.002) (0.002) (0.002) 

Peak Load 1.015** 1.020*** 0.014** 0.020*** 

 (0.006) (0.007) (0.006) (0.007) 

District 

Dummy 
0.966 0.944 -0.034 -0.058 

 (0.078) (0.087) (0.078) (0.087) 

Province 

dummy  
1.111 1.124 0.105 0.117 

 (0.098) (0.107) (0.098) (0.107) 

Constant 0.204 0.197 -1.588*** -1.624*** 

 (0.242) (0.269) (0.242) (0.269) 

Observations 121 121 121 121 
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Note: *p**p***p<0.01 

 

Table 20: Average Marginal Effects for System Loss Regressions (with District and 

Province Dummies) 

 Beta Regression Fractional Logit 

Variable Marginal 

Effect 

Standard. 

Error 

P-value Marginal 

Effect 

Standard 

Error 

P-value 

cons_per_km 0.001 0.001 0.509 0.001 0.001 0.292 

cons_per_km_sq 0.000 0.000 0.961 0.000 0.000 0.639 

pop_den 0.000 0.000 0.062 0.000 0.000 0.065 

ec_income -0.002 0.000 0.000 -0.002 0.001 0.003 

GWh_sold -0.001 0.000 0.000 -0.001 0.000 0.000 

pcost 0.001 0.000 0.004 0.000 0.000 0.031 

peak_load 0.001 0.001 0.023 0.002 0.001 0.038 

district dummy -0.003 0.008 0.660 -0.006 0.008 0.484 

province dummy 0.011 0.010 0.294 0.012 0.013 0.360 
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Table 21: Regressions on Collection Efficiency Rate (with no political variables) 

 Dependent Variable: Collection Efficiency 

 
Beta Regression: 

Odds 

Fractional Logit: 

Odds 

Beta Regression: Log 

Odds 

Fractional Logit: Log 

Odds 

Cons/km line 1.055* 1.048 0.053* 0.047 

 (0.029) (0.060) (0.029) (0.060) 

Cons/km line 

sq 
0.999** 0.999 -0.001** -0.001 

 (0.0004) (0.001) (0.0004) (0.001) 

Pop Density 1.006 1.009 0.006 0.009 

 (0.004) (0.010) (0.004) (0.010) 

EC p.c. income 1.032*** 1.100*** 0.032*** 0.095*** 

 (0.010) (0.024) (0.010) (0.024) 

kWh sold 1.002 1.015 0.002 0.015 

 (0.003) (0.010) (0.003) (0.010) 

Power Cost 0.998 0.980 -0.002 -0.020 

 (0.005) (0.014) (0.005) (0.014) 

Constant 1.511 0.189 0.412 -1.665 

 (0.606) (1.248) (0.606) (1.248) 

Observations 121 121 121 121 

Note: *p < 0.10; **p < 0.05; ***p<0.01 
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Table 22: Average Marginal Effects for Collection Efficiency Regressions (without political 

variables) 

 Beta Regression Fractional Logit 

Variable Marginal 

Effect 

Standard 

Error 

P-

value 

Marginal 

Effect 

Standard 

Error 

P-value 

cons_per_km 0.003 0.002 0.076 0.002 0.003 0.469 

cons_per_km_sq 0.000 0.000 0.028 0.000 0.000 0.227 

pop_den 0.000 0.000 0.205 0.000 0.001 0.505 

ec_income 0.002 0.001 0.001 0.005 0.002 0.002 

kWh_sold 0.000 0.000 0.612 0.001 0.001 0.216 

pcost 0.000 0.000 0.617 -0.001 0.001 0.241 
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Table 23: Regressions on Performance Ratings (with and without PolDy Index) 

 Dep Var: EC Performance Rating 

 
OLogit Control:  

Odds 

OLogit Poldy:  

Odds 

OLogit Control:  

Log Odds 

OLogit Poldy:  

Log Odds 

Consumer/km line 1.047 1.047 0.046 0.046 

 (0.071) (0.072) (0.071) (0.072) 

Consumer/km line Sq 0.999 0.999 -0.001 -0.001 

 (0.001) (0.001) (0.001) (0.001) 

Pop Density 1.020 1.023* 0.020 0.022* 

 (0.013) (0.013) (0.013) (0.013) 

EC p.c. income 1.119*** 1.114*** 0.112*** 0.108*** 

 (0.031) (0.031) (0.031) (0.031) 

GWh sold 1.029* 1.032** 0.028* 0.031** 

 (0.015) (0.015) (0.015) (0.015) 

power cost 0.994 0.990 -0.006 -0.010 

 (0.016) (0.016) (0.016) (0.016) 

peak load 0.892** 0.887** -0.115** -0.120** 

 (0.054) (0.054) (0.054) (0.054) 

PolDy Index  0.970  -0.030 

  (0.028)  (0.028) 

Note: *p < 0.10; **p < 0.05; ***p<0.01 
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Table 24: Average Marginal Effects for Ordered Logit (without Political Dynasty Index) 

Variable MFX D MFX C MFX B MFX A MFX AA MFX AAA 

cons_per_km -0.002 -0.002 -0.001 -0.001 -0.001 0.008 

cons_per_km_sq 0.000 0.000 0.000 0.000 0.000 0.000 

pop_den -0.001 -0.001 0.000 -0.001 0.000 0.003 

ec_income*** -0.005 -0.006 -0.002 -0.003 -0.002 0.018 

GWh_sold* -0.001 -0.001 -0.001 -0.001 0.000 0.005 

pcost 0.000 0.000 0.000 0.000 0.000 -0.001 

peak_load** 0.005 0.006 0.002 0.003 0.002 -0.019 

Note *p < 0.10; **p < 0.05; ***p<0.01 

 

Table 25: Average Marginal Effects for Ordered Logit (with Political Dynasty Index) 

Variable MFX D MFX C MFX B MFX A MFX AA MFX AAA 

cons_per_km -0.002 -0.002 -0.001 -0.001 -0.001 0.007 

cons_per_km_sq 0.000 0.000 0.000 0.000 0.000 0.000 

pop_den* -0.001 -0.001 0.000 -0.001 0.000 0.004 

ec_income*** -0.005 -0.005 -0.002 -0.003 -0.002 0.017 

GWh_sold** -0.001 -0.002 -0.001 -0.001 -0.001 0.005 

pcost 0.000 0.000 0.000 0.000 0.000 -0.002 

peak_load** 0.005 0.006 0.002 0.004 0.002 -0.019 

poldy_rate 0.001 0.002 0.001 0.001 0.001 -0.005 

Note *p < 0.10; **p < 0.05; ***p<0.01 
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Table 26: Regressions on Performance Ratings (with District and Province Dummies) 

 Dep Var: EC Performance Rating 

 
OLogit Control: 

Odds 

OLogit EC Group: 

Odds 

OLogit Control: Log 

Odds 

OLogit EC Group: Log 

Odds 

Consumer/km line 1.047 1.044 0.046 0.043 

 (0.071) (0.073) (0.071) (0.073) 

Consumer/km line 

Sq 
0.999 0.999 -0.001 -0.001 

 (0.001) (0.001) (0.001) (0.001) 

Pop Density 1.020 1.019 0.020 0.018 

 (0.013) (0.014) (0.013) (0.014) 

EC p.c. income 1.119*** 1.125*** 0.112*** 0.118*** 

 (0.031) (0.031) (0.031) (0.031) 

GWh sold 1.029* 1.027* 0.028* 0.027* 

 (0.015) (0.014) (0.015) (0.014) 

power cost 0.994 0.996 -0.006 -0.004 

 (0.016) (0.015) (0.016) (0.015) 

peak load 0.892** 0.890** -0.115** -0.117** 

 (0.054) (0.051) (0.054) (0.051) 

District Dummy  1.584  0.460 

  (0.554)  (0.554) 

Province Dummy  0.906  -0.099 

  (0.679)  (0.679) 

Note: *p < 0.10; **p < 0.05; ***p<0.01 
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Table 27: Average Marginal Effects for Ordered Logit (with District and Provincial 

Dummies)  

Variable MFX D MFX C MFX B MFX A MFX AA MFX AAA 

district dummy -0.020 -0.023 -0.009 -0.014 -0.008 0.074 

province dummy 0.004 0.005 0.002 0.003 0.002 -0.016 

cons_per_km -0.002 -0.002 -0.001 -0.001 -0.001 0.007 

cons_per_km_sq 0.000 0.000 0.000 0.000 0.000 0.000 

pop_den -0.001 -0.001 0.000 -0.001 0.000 0.003 

ec_income*** -0.005 -0.006 -0.002 -0.004 -0.002 0.019 

GWh_sold* -0.001 -0.001 -0.001 -0.001 0.000 0.004 

pcost 0.000 0.000 0.000 0.000 0.000 -0.001 

peak_load** 0.005 0.006 0.002 0.004 0.002 -0.019 

Note *p < 0.10; **p < 0.05; ***p<0.01 

 

 

 

##REGRESSION DIAGNOSTICS FOR GENERALIZED LINEAR MODELS## 
##Beta Likelihood Ratio Tests## 
lrtest(beta_control1, beta_1) 

## Likelihood ratio test 
##  
## Model 1: sys_loss_rate ~ cons_per_km + cons_per_km_sq + pop_den + ec
_income +  
##     kWh_sold + pcost + peak_load 
## Model 2: sys_loss_rate ~ cons_per_km + cons_per_km_sq + pop_den + ec
_income +  
##     kWh_sold + pcost + peak_load + poldy_rate 
##   #Df LogLik Df  Chisq Pr(>Chisq) 
## 1   9 238.71                      
## 2  10 238.83  1 0.2524     0.6154 

lrtest(beta_control2, beta_2) 

## Likelihood ratio test 
##  
## Model 1: coll_eff_rate_2 ~ cons_per_km + cons_per_km_sq + pop_den + 
ec_income +  
##     kWh_sold + pcost 
## Model 2: coll_eff_rate_2 ~ cons_per_km + cons_per_km_sq + pop_den + 
ec_income +  
##     kWh_sold + pcost + poldy_rate 
##   #Df LogLik Df  Chisq Pr(>Chisq)    
## 1   8 225.82                         
## 2   9 229.86  1 8.0806   0.004474 ** 
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## --- 
## Signif. codes:  0 '***' 0.001 '**' 0.01 '*' 0.05 '.' 0.1 ' ' 1 

lrtest(beta_control1, beta_1_group) 

## Likelihood ratio test 
##  
## Model 1: sys_loss_rate ~ cons_per_km + cons_per_km_sq + pop_den + ec
_income +  
##     kWh_sold + pcost + peak_load 
## Model 2: sys_loss_rate ~ cons_per_km + cons_per_km_sq + pop_den + ec
_income +  
##     kWh_sold + pcost + peak_load + group2 + group3 
##   #Df LogLik Df  Chisq Pr(>Chisq) 
## 1   9 238.71                      
## 2  11 240.00  2 2.5903     0.2739 

lrtest(beta_control2, beta_2_group) 

## Likelihood ratio test 
##  
## Model 1: coll_eff_rate_2 ~ cons_per_km + cons_per_km_sq + pop_den + 
ec_income +  
##     kWh_sold + pcost 
## Model 2: coll_eff_rate_2 ~ cons_per_km + cons_per_km_sq + pop_den + 
ec_income +  
##     kWh_sold + pcost + group2 + group3 
##   #Df LogLik Df  Chisq Pr(>Chisq) 
## 1   8 225.82                      
## 2  10 226.07  2 0.4956     0.7805 

##Fractional Logit LR Tests## 
lrtest(glm_1_control, glm_1) 

## Likelihood ratio test 
##  
## Model 1: sys_loss_rate ~ cons_per_km + cons_per_km_sq + pop_den + ec
_income +  
##     kWh_sold + pcost + peak_load 
## Model 2: sys_loss_rate ~ cons_per_km + cons_per_km_sq + pop_den + ec
_income +  
##     kWh_sold + pcost + peak_load + poldy_rate 
##   #Df  LogLik Df  Chisq Pr(>Chisq) 
## 1   8 -14.892                      
## 2   9 -14.892  1 0.0011     0.9737 

lrtest(glm_2_control, glm_2) 

## Likelihood ratio test 
##  
## Model 1: coll_eff_rate ~ cons_per_km + cons_per_km_sq + pop_den + ec
_income +  
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##     kWh_sold + pcost 
## Model 2: coll_eff_rate ~ cons_per_km + cons_per_km_sq + pop_den + ec
_income +  
##     kWh_sold + pcost + poldy_rate 
##   #Df  LogLik Df  Chisq Pr(>Chisq)   
## 1   7 -12.204                        
## 2   8 -10.231  1 3.9465    0.04697 * 
## --- 
## Signif. codes:  0 '***' 0.001 '**' 0.01 '*' 0.05 '.' 0.1 ' ' 1 

lrtest(glm_1_control, glm_group_1) 

## Likelihood ratio test 
##  
## Model 1: sys_loss_rate ~ cons_per_km + cons_per_km_sq + pop_den + ec
_income +  
##     kWh_sold + pcost + peak_load 
## Model 2: sys_loss_rate ~ cons_per_km + cons_per_km_sq + pop_den + ec
_income +  
##     kWh_sold + pcost + peak_load + group2 + group3 
##   #Df  LogLik Df  Chisq Pr(>Chisq) 
## 1   8 -14.892                      
## 2  10 -14.896  2 0.0075     0.9962 

lrtest(glm_2_control, glm_group_2) 

## Likelihood ratio test 
##  
## Model 1: coll_eff_rate ~ cons_per_km + cons_per_km_sq + pop_den + ec
_income +  
##     kWh_sold + pcost 
## Model 2: coll_eff_rate ~ cons_per_km + cons_per_km_sq + pop_den + ec
_income +  
##     kWh_sold + pcost + group2 + group3 
##   #Df  LogLik Df  Chisq Pr(>Chisq) 
## 1   7 -12.204                      
## 2   9 -12.569  2 0.7309     0.6939 

##Ordered Logit LR Tests## 
lrtest(ologit_control, ologit) 

## Likelihood ratio test 
##  
## Model 1: ec_perf ~ cons_per_km + cons_per_km_sq + pop_den + ec_incom
e +  
##     kWh_sold + pcost + peak_load 
## Model 2: ec_perf ~ cons_per_km + cons_per_km_sq + pop_den + ec_incom
e +  
##     kWh_sold + pcost + peak_load + poldy_rate 
##   #Df  LogLik Df  Chisq Pr(>Chisq) 
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## 1  12 -111.49                      
## 2  13 -110.92  1 1.1403     0.2856 

lrtest(ologit_control, ologit_group) 

## Likelihood ratio test 
##  
## Model 1: ec_perf ~ cons_per_km + cons_per_km_sq + pop_den + ec_incom
e +  
##     kWh_sold + pcost + peak_load 
## Model 2: ec_perf ~ cons_per_km + cons_per_km_sq + pop_den + ec_incom
e +  
##     kWh_sold + pcost + peak_load + group2 + group3 
##   #Df  LogLik Df  Chisq Pr(>Chisq) 
## 1  12 -111.49                      
## 2  14 -110.89  2 1.2042     0.5477 
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TABLE 28: AIC Comparisons for Generalized Linear Models 

 

AIC for System Loss Models (Beta Regression) 

 Model AIC 

1 Beta control -459.4 

2 Beta w/ poldy index -457.7 

3 Beta w/ dummies -458 

 

 

 

TABLE 29: VIF Tables of Beta System Loss Models 

 

 

 

 

 

 

 

 

 

 

 

 

AIC for System Loss Models (Fractional Regression) 

 Model AIC 

1 FRM control 45.8 

2 FRM w/ poldy index 47.8 

3 FRM w/ dummies 49.8 

AIC for Collection Efficiency Models 

(Fractional Regression) 

 Model AIC 

1 FRM Control 38.4 

2 FRM w/ poldy index 36.5 

3 FRM w/ dummies 43.1 

AIC for Collection Efficiency Models 

(Beta) 

 Model AIC 

1 Beta Control -435.6 

2 Beta w/ poldy index -441.7 

3 Beta w/ dummies -432.1 

   

Beta Sys Loss Model (w/ Pol. Dummies) 

 Independent Variable VIF value 

1 cons_per_km 23.95 

2 cons_per_km_sq 24.07 

3 pop_den 1.49 

4 ec_income 1.42 

5 kWh_sold 63.84 

6 pcost 40.48 

7 peak_load 45.28 

8 group2 1.66 

9 group3 1.67 

Beta Sys Loss Model (w/ Poldy Index) 

   Independent Variable VIF value 

1 cons_per_km 23.55 

2 cons_per_km_sq 23.73 

3 pop_den 1.6 

4 ec_income 1.37 

5 kWh_sold 64.81 

6 pcost 41.54 

7 peak_load 45.65 

8 poldy_rate 1.2 
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TABLE 30: VIF Tables of Fractional Regression System Loss Models 

 

 

 

 

 

 

 

 

 

 

 

 

 

TABLE 31: VIF Tables of Beta Coll Eff Models 

 

 

 

 

 

FRM Sys Loss Model (w/ Pol. Dummies) 

 Independent Variable VIF value 

1 cons_per_km 24.1 

2 cons_per_km_sq 24.19 

3 pop_den 1.48 

4 ec_income 1.42 

5 kWh_sold 64.52 

6 pcost 40.49 

7 peak_load 43.66 

8 group2 1.67 

9 group3 1.67 

FRM Sys Loss Model (w/ Poldy Index) 

 Independent Variable VIF value 

1 cons_per_km 23.52 

2 cons_per_km_sq 23.68 

3 pop_den 1.58 

4 ec_income 1.37 

5 kWh_sold 65.92 

6 pcost 41.68 

7 peak_load 44.52 

8 poldy_rate 1.19 

Beta Coll Eff Model (w/ Pol. Dummies) 

 Independent Variable VIF value 

1 cons_per_km 23.82 

2 cons_per_km_sq 23.98 

3 pop_den 1.5 

4 ec_income 1.51 

5 kWh_sold 36.98 

6 pcost 34.61 

7 group2 1.66 

8 group3 1.65 

Beta Coll Eff Model (w/ Poldy Index) 

 Independent Variable VIF value 

1 cons_per_km 23.12 

2 cons_per_km_sq 23.33 

3 pop_den 1.64 

4 ec_income 1.5 

5 kWh_sold 37.1 

6 pcost 35.27 

7 poldy_rate 1.24 
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TABLE 32: VIF Tables of FRM Coll Eff Models 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

FRM Coll Eff Model (w/ Pol. Dummies) 

 Independent Variable VIF value 

1 cons_per_km 21.34 

2 cons_per_km_sq 20.94 

3 pop_den 1.33 

4 ec_income 1.28 

5 kWh_sold 52.75 

6 pcost 51.09 

7 group2 1.69 

8 group3 1.78 

FRM Coll Eff Model (w/ Poldy Index) 

 Independent Variable VIF value 

1 cons_per_km 21.82 

2 cons_per_km_sq 21.46 

3 pop_den 1.37 

4 ec_income 1.78 

5 kWh_sold 50.77 

6 pcost 50.53 

7 poldy_rate 1.29 
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Table 33: System Loss Regressions (with PolDy Index; without collinear variables) 

 Dependent Variable: System Loss 

 
Beta Regression: 

Odds 

Fractional Logit: 

Odds 

Beta Regression: Log 

Odds 

Fractional Logit: Log 

Odds 

Consumer/km line 1.006*** 1.010*** 0.006 0.010 

 (0.012) (0.104) (0.012) (0.104) 

Consumer/km line 

sq 
1.000*** 1.000*** -0.00002 -0.0001 

 (0.0001) (0.001) (0.0001) (0.001) 

Pop Density 0.997*** 0.997*** -0.003* -0.003 

 (0.002) (0.016) (0.002) (0.016) 

EC p.c. income 0.985*** 0.983*** -0.015*** -0.017 

 (0.004) (0.032) (0.004) (0.032) 

Poldy Index 1.000*** 1.002*** 0.0002 0.002 

 (0.004) (0.039) (0.004) (0.039) 

Constant 0.222 0.218 -1.504*** -1.522 

 (0.269) (2.392) (0.269) (2.392) 

Observations 121 121 121 121 

R2 0.195  0.195  

Note: *p < 0.10; **p < 0.05; ***p<0.01 
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Table 34: Collection Efficiency Regressions (with PolDy Index; without collinear variables) 

 Dependent Variable: Collection Efficiency 

 
Beta Regression: 

Odds 

Fractional Logit: 

Odds 

Beta Regression: Log 

Odds 

Fractional Logit: Log 

Odds 

Consumer/km line 1.063*** 1.026*** 0.061** 0.026 

 (0.028) (0.138) (0.028) (0.138) 

Consumer/km line 

sq 
0.999*** 0.999*** -0.001*** -0.001 

 (0.0004) (0.002) (0.0004) (0.002) 

Pop Density 1.011*** 1.017*** 0.011** 0.017 

 (0.004) (0.022) (0.004) (0.022) 

EC p.c. income 1.036*** 1.075*** 0.035*** 0.072 

 (0.009) (0.049) (0.009) (0.049) 

Poldy Index 0.964*** 0.929*** -0.037*** -0.074 

 (0.011) (0.053) (0.011) (0.053) 

Constant 2.817*** 4.706 1.036 1.549 

 (0.662) (3.517) (0.662) (3.517) 

Observations 121 121 121 121 

R2 0.166  0.166  

Note: *p < 0.10; **p < 0.05; ***p<0.01 
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Table 35: Performance Rating Regressions (with PolDy Index; without collinear variables) 
 

 Dep Var: EC Performance Rating 

 OLogit Poldy: Odds OLogit Poldy: Log Odds 

Consumer/km line 1.045*** 0.044 

 (0.069) (0.069) 

Consumer/km line Sq 0.999*** -0.001 

 (0.001) (0.001) 

Pop Density 1.021*** 0.021 

 (0.013) (0.013) 

EC p.c. income 1.120*** 0.113*** 

 (0.031) (0.031) 

PolDy Index 0.982*** -0.018 

 (0.028) (0.028) 

Note: *p < 0.10; **p < 0.05; ***p<0.01 
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TABLE 36: Brant Test for Ordered Logit Models 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Ordered Logit Model w/ Poldy Index 

 Independent Variable Chi-Sq DF P-value 

1 Omnibus 22.29 32 0.9 

2 cons_per_km 5.23 4 0.26 

3 cons_per_km_sq 3.72 4 0.44 

4 pop_den -0.08 4 1 

5 ec_income -41.98 4 1 

6 kWh_sold 14.85 4 0.01 

7 pcost 432.83 4 0 

8 peak_load 19.66 4 0 

9 poldy_rate 4.13 4 0.39 

Ordered Logit Model w/ Pol D 

 Independent Variable Chi-Sq DF P-value 

1 Omnibus 8 36 1 

2 cons_per_km 5.45 4 0.24 

3 cons_per_km_sq 3.75 4 0.44 

4 pop_den -1.99 4 1 

5 ec_income -9.1 4 1 

6 kWh_sold 12.37 4 0.01 

7 pcost 137.19 4 0 

8 peak_load 21.13 4 0 

9 group2 9.66 4 0.05 

10 group3 12.2 4 0.02 
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##OLS REGRESSION DIAGNOSTICS## 
 

ols <- lm(cons_emp ~ cons_per_km + I(cons_per_km^2) + pop_den + ec_inco
me + kWh_sold + pcost + peak_load + poldy_rate,  
          data=data) 
summary(ols) 

##  
## Call: 
## lm(formula = cons_emp ~ cons_per_km + I(cons_per_km^2) + pop_den +  
##     ec_income + kWh_sold + pcost + peak_load + poldy_rate, data = da
ta) 
##  
## Residuals: 
## Consumer/Employee Ratio  
##     Min      1Q  Median      3Q     Max  
## -345.48  -80.11    3.13   77.60  342.04  
##  
## Coefficients: 
##                   Estimate Std. Error t value Pr(>|t|)     
## (Intercept)      441.81577   99.09937   4.458 1.97e-05 *** 
## cons_per_km        3.28999    4.33871   0.758  0.44987     
## I(cons_per_km^2)  -0.07588    0.05491  -1.382  0.16971     
## pop_den            0.89302    0.65499   1.363  0.17549     
## ec_income          0.52354    1.35445   0.387  0.69983     
## kWh_sold           0.52658    0.56980   0.924  0.35740     
## pcost              0.52050    0.68138   0.764  0.44654     
## peak_load         -2.05942    2.42129  -0.851  0.39684     
## poldy_rate        -4.39422    1.64478  -2.672  0.00867 **  
## --- 
## Signif. codes:  0 '***' 0.001 '**' 0.01 '*' 0.05 '.' 0.1 ' ' 1 
##  
## Residual standard error: 130.9 on 112 degrees of freedom 
## Multiple R-squared:  0.2961, Adjusted R-squared:  0.2458  
## F-statistic: 5.888 on 8 and 112 DF,  p-value: 2.774e-06 

##Normality of Error Term## 
ols_plot_resid_qq(ols) ##QQ Plot 
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ad.test(ols$residuals) ##Anderson-Darling Test 

##  
##  Anderson-Darling normality test 
##  
## data:  ols$residuals 
## A = 0.19311, p-value = 0.8925 

ks.test(ols$residuals, "pnorm", mean=mean(ols$residuals), sd=sd(ols$res
iduals)) ##Kolmogorov-Smirnov Test 

##  
##  One-sample Kolmogorov-Smirnov test 
##  
## data:  ols$residuals 
## D = 0.051577, p-value = 0.9043 
## alternative hypothesis: two-sided 

shapiro.test(ols$residuals) ##Shapiro-Wilk Test 

##  
##  Shapiro-Wilk normality test 
##  
## data:  ols$residuals 
## W = 0.9961, p-value = 0.9853 

##Multicollinearity## 
vif(ols) 
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##      cons_per_km I(cons_per_km^2)          pop_den        ec_income  
##        24.010987        24.252327         1.660639         1.408344  
##         kWh_sold            pcost        peak_load       poldy_rate  
##        56.917210        37.957387        43.290757         1.243343 

ols_simple <- lm(cons_emp ~ cons_per_km + I(cons_per_km^2) + pop_den + 
ec_income + poldy_rate,  
                 data=data) ##estimating a model without collinear term
s 
summary(ols_simple) 

##  
## Call: 
## lm(formula = cons_emp ~ cons_per_km + I(cons_per_km^2) + pop_den +  
##     ec_income + poldy_rate, data = data) 
##  
## Residuals: 
## Consumer/Employee Ratio  
##     Min      1Q  Median      3Q     Max  
## -355.86  -80.88   -2.11   75.47  563.37  
##  
## Coefficients: 
##                   Estimate Std. Error t value Pr(>|t|)     
## (Intercept)      422.07908  108.41571   3.893 0.000166 *** 
## cons_per_km        2.59985    4.74888   0.547 0.585119     
## I(cons_per_km^2)  -0.05330    0.05992  -0.889 0.375634     
## pop_den            1.58437    0.70303   2.254 0.026115 *   
## ec_income          2.35878    1.38533   1.703 0.091327 .   
## poldy_rate        -4.91931    1.79636  -2.738 0.007155 **  
## --- 
## Signif. codes:  0 '***' 0.001 '**' 0.01 '*' 0.05 '.' 0.1 ' ' 1 
##  
## Residual standard error: 144.4 on 115 degrees of freedom 
## Multiple R-squared:  0.1209, Adjusted R-squared:  0.08265  
## F-statistic: 3.162 on 5 and 115 DF,  p-value: 0.01034 

##Heteroskedasticity## 
ncvTest(ols) ##Breusch-Pagan Test 

## Non-constant Variance Score Test  
## Variance formula: ~ fitted.values  
## Chisquare = 3.887691, Df = 1, p = 0.048641 

bptest(ols) ##Studentized Breusch-Pagan Test 

##  
##  studentized Breusch-Pagan test 
##  
## data:  ols 
## BP = 19.571, df = 8, p-value = 0.01209 
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cov_ols <- hccm(ols, type="hc1") ##heteroskedasticity-consistent SE est
imator 
ols_robust <- coeftest(ols, vcov.=cov_ols) 
ols_robust ##OLS model with robust SE 

##  
## t test of coefficients: 
##  
##                    Estimate Std. Error t value  Pr(>|t|)     
## (Intercept)      441.815765  93.167208  4.7422 6.271e-06 *** 
## cons_per_km        3.289985   3.491096  0.9424  0.348020     
## I(cons_per_km^2)  -0.075885   0.045656 -1.6621  0.099291 .   
## pop_den            0.893024   0.652153  1.3693  0.173630     
## ec_income          0.523542   1.969679  0.2658  0.790881     
## kWh_sold           0.526579   0.639967  0.8228  0.412357     
## pcost              0.520501   1.094141  0.4757  0.635203     
## peak_load         -2.059417   4.352521 -0.4732  0.637023     
## poldy_rate        -4.394221   1.652610 -2.6590  0.008987 **  
## --- 
## Signif. codes:  0 '***' 0.001 '**' 0.01 '*' 0.05 '.' 0.1 ' ' 1 

##Linearity 
resettest(ols,power=2,type="regressor") ##The OLS model  

##  
##  RESET test 
##  
## data:  ols 
## RESET = 1.9335, df1 = 8, df2 = 104, p-value = 0.06257 

ols_complex <- lm(cons_emp ~ cons_per_km + I(cons_per_km^2) + pop_den +
 I(pop_den^2) + ec_income + I(ec_income^2) + kWh_sold + I(kWh_sold^2)  
                  + pcost + I(pcost^2) + peak_load + I(peak_load^2) + p
oldy_rate ,  
                  data=data) 
cov_ols_complex <- hccm(ols_complex, type="hc1") ##heteroskedasticity-c
onsistent SE estimator 
ols_complex_robust <- coeftest(ols_complex, vcov.=cov_ols_complex) 
ols_complex_robust ##OLS model with all the squared terms 

##  
## t test of coefficients: 
##  
##                     Estimate  Std. Error t value Pr(>|t|)   
## (Intercept)      166.7452078 181.0242384  0.9211  0.35906   
## cons_per_km        2.1951116   3.5590757  0.6168  0.53870   
## I(cons_per_km^2)  -0.0711490   0.0456516 -1.5585  0.12206   
## pop_den            3.4456367   1.7249661  1.9975  0.04831 * 
## I(pop_den^2)      -0.0226680   0.0131873 -1.7189  0.08852 . 
## ec_income         10.5429818   7.1314404  1.4784  0.14224   
## I(ec_income^2)    -0.1072898   0.0714196 -1.5022  0.13598   
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## kWh_sold          -0.7739819   1.2845343 -0.6025  0.54809   
## I(kWh_sold^2)      0.0016811   0.0018825  0.8930  0.37385   
## pcost              1.2939019   1.6021101  0.8076  0.42110   
## I(pcost^2)        -0.0015588   0.0021430 -0.7274  0.46859   
## peak_load          3.3405293   6.2004490  0.5388  0.59117   
## I(peak_load^2)    -0.0354050   0.0348279 -1.0166  0.31165   
## poldy_rate        -3.9676754   1.6606211 -2.3893  0.01863 * 
## --- 
## Signif. codes:  0 '***' 0.001 '**' 0.01 '*' 0.05 '.' 0.1 ' ' 1 

 

Methodology: Proxies for EC Performance 

Four variables were identified as proxies for EC quality of service. The first indicator of EC quality 

of service is the consumer-employee ratio. Per the literature, ECs may be pressured to offer 

employment to the politicians’ key supporters, leading to more bloated EC bureaucracies. Note that 

this variable is continuous in nature and can take on non-zero, positive values. 

The second indicator is system loss, which measures the efficiency of ECs in distributing electricity 

to its consumers. It has technical and non-technical facets, and takes on values from 0 to 100 

percent, being the rate of loss in distributed electricity.  

Technical loss is incurred in the physical delivery of electric energy. This involves the equipment 

and devices being used by the EC such as transmission and/or distribution lines, power 

transformers, voltage regulators, capacitors, and losses due to technical metering errors, among 

other things. 

Non-technical loss, on the other hand, is mainly due to human error such as pilferage, meter 

tampering, and meter-reading errors.  

The third aspect of system loss is administrative loss, which refers to the electricity used by the EC 

in maintaining its operations, as well as unbilled energy for community-related activities.  

The third proxy for EC performance is collection efficiency. This is related to the political economy 

of ECs as it measures the collection of accounts receivables. In the review of literature, non-

collection of electric bills, particularly in electoral bailiwicks, can be a mechanism by which 

politicians interfere with the operations of ECs.  Like system loss, it takes on values from 0 to 100 

percent, as it represents the share of collected receivables to outstanding accounts receivables. 

The fourth indicator for EC performance is NEA’s performance rating, which is categorical in 

nature (i.e. D, C, B, A, AA, and AAA arranged from worst to best). As mentioned earlier, it is an 

Electronic copy available at: https://ssrn.com/abstract=3688055



78 
 

aggregation of financial, institutional, technical, and reportorial indicators, condensed into letter 

marks given to ECs. 

Financial indicators relate to EC’s liquidity and ability to pay off debts (e.g. debt ratio, debt service 

cover, quick ratio), payment to power suppliers and to NEA, average collection period, and 

profitability.  

Meanwhile, institutional indicators refer to compliance to management and governance standards 

(e.g. performance rating of Board of Directors and General Manager, internal or external audit 

results, employee-customer ratio), as well as customer service standards (e.g. days to 

process/approve applications for service connections, service-drop connection, response time on 

consumer complaints, and attendance in annual general membership assembly).  

Reportorial indicators refer to submission of required reports (e.g. Performance Standard 

Monitoring Report, Monthly Engineering Report, audited financial statement). 
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