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Lightning the future of education in Brazil:  

the impact of rural electrification on educational outcomes 

Daniela López Cajiao* 

 

 

Abstract 

We analyze the impact of rural electricity access on different educational 

outcomes for children by taking advantage of the priorization criteria of the 

brazilian program Luz Para Todos (LPT) which determines an assignment variable 

that extracts the exogenous variation in rural electricity access. Using test scores 

and census data at the school and child level we establish that having electricity 

access through LPT has a positive and significant effect on Language and Math 

test scores for 5th and 9th graders, on literacy likelihood and on approval rates. 

We argument that the effect is driven by an increase in electricity access and use 

within schools which empirically remarks the importance of electrical device 

access and technology use on modern education.  
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Iluminando el futuro de la educación en Brasil:  

El impacto de la electrificación rural en resultados educativos 

Daniela López Cajiao** 

 

 

Resumen 

En este documento analizamos el impacto de la electrificación rural sobre la 

educación infantil utilizando una variable de asignación determinada por el 

programa brasilero Luz Para Todos (LPT) que extrae la variación exógena del 

acceso a electricidad. A partir de pruebas estandarizadas y datos censales 

encontramos que el acceso a electricidad a través de LPT tiene un efecto positivo 

y significativo en los puntajes de Lenguaje y Matemáticas de 5to y 9no grado, las 

tasas de aprobación en ambos grados y la probabilidad de ser alfabeta. Este 

efecto se explica por el incremento del acceso y uso de electricidad dentro de los 

colegios, lo cual reitera empíricamente la importancia del uso de tecnología y 

aparatos electrónicos en la educación moderna. 

 

Palabras clave: rural, electrificación, educación, infantil, infraestructura 

JEL: H54, L94, H52, O18, Q4 
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1. Introduction 

In between a rapidly developing world where numerous activities depend on energy and 

electrical appliances, access to basic electricity service is still far from fully covered. According 

to the World Bank (2017) up to this date, approximately 1.06 billion people worldwide do not 

have access to electricity and most of them live in rural areas1. It is not hard to imagine how 

energy connection can stop the perpetuation of global poverty: it can boost economic activity, 

increase time dedicated to work or study at night, generate jobs, create safer environments in 

rural areas and improve the quality of health services (IEG, 2008).  

Despite the vast difference that energy access can make inside a household or community, 

specially in rural areas, its effects have been largely unexplored in the microeconometric literature 

(Estache, 2010). Mainly, because governments design electrification policies focusing on 

attending rural and poor population which automatically induces selection bias in any type of 

model. Additionally, there exists an intrinsic double causality problem, it is hard to discern if a 

lower level of development causes low electrification coverage or if the relationship holds the 

other way around. 

In this context, our paper aims to fill this literature void by evaluating the impact of rural 

electricity coverage on an important development measure: educational outcomes for children. 

We take advantage of the Luz Para Todos (LPT from now on) program in Brazil, a massive rural 

electrification project that started in 2003 and until 2015 had attended more than 15 million 

people (Planalto, 2015). To correct for the biases we mentioned, we use the National Census 

and School Census for 2010 and Prova SAEB2 data for 2011 and we estimate the impacts of 

electricity on Portuguese and Math tests scores, literacy, school attendance, years of schooling 

and approval rates for 5th and 9th graders through a regression discontinuity (RD) design. 

More specifically, electrification projects in municipalities where less than 85% of the 

population had access to electricity in 2000 were given priority for receiving light through LPT 

between 2003 and 2010. We exploit the fact that the priorization criteria were established at the 

national and federational level which means that municipalities, individuals or schools had no 

                                                        
1 Data from EIA (2017) showed that 96% of urban population had access to electricity in 2014 but this number decreased 
to 73% when considering rural inhabitants. Having this in mind, it comes as no surprise that rural electrification projects 
have been in action for more than three decades now (IEG, 2008) and that reaching full electricity coverage around the 
globe is included as one of the seventeen United Nation’s Sustainable Development Goals (United Nations, 2015). 

2 The Prova SAEB (Sistema de Avaliação da Educação Básica) is a national test that evaluates students’ performance in 
Language and Mathematics. It is applied to students in both urban and rural areas, in public and private schools. 
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control over the 85% cutoff established to be priorized by the program which allows us to deal 

with assignment variable manipulation concerns associated with RD design. Even though the 

program had eleven priorization criteria, we show that the main criterion for prioritizing 

municipalities to be benefited by the program was this low coverage criterion. To ensure that 

our results are exclusively driven by the discontinuity at the 85% cutoff, we divide our sample 

according to the compliance to an additional criterion that gave priority to projects in 

municipalities with a HDI (Human Development Index) lower than the Federal Unit’s average3. 

Methodologically, we expect to see that once the low HDI rule is met the coverage criterion has 

no effect and, conversely, when the low HDI rule is not met the coverage criterion is the main 

driver for LPT effects on children’s educational outcomes.  

Evaluating this type of result variables is relevant in public policy design, mainly because 

life conditions -which include infrastructure access-  in the initial stages of life play an important 

role at determining adult life socioeconomic outcomes4. However, the existing evaluations that 

link children’s outcomes to infrastructure projects are focused on access to water and sewage 

system and are mostly related with health variables instead of effects on education5.  

There are some studies that use econometrical tools to overcome the methodological 

problems that arise in infrastructue impact evaluation to estimate the impacts of electricity access 

on children’s educational outcomes, but they are mostly focused on projects developed in Asia 

and Sub-Saharan Africa. For instance, Khandker, Samad, Ali & Barnes (2012) find that 

household’s access to electricity in India has a positive effect on attendance rates and translates 

into an increase of more than one hour in studying time. Similar results have been found in 

Bangladesh (Khandker,Barnes & Samad, 2009), Vietnam (Khandker, Barnes y Samad, 2013), 

Phillipines (Esmap, 2002) and in Bhutan for literacy rates (Asian Development Bank (ADB), 

2010).  Fewer evidence is found for Latin American countries, Aguirre (2014) estimates that 

electricity access through the “General Law of Electrification” increased children’s study time 

by 93 min/day. In contrast, Squires (2015) finds a negative and significant effect of electricity on 

attendance rates and completed schooling years, the author supports these results with an 

increment in child labor rates upon the arrival of electricity.   

                                                        
3 Brazil is divided in municipalities that are distributed across federational units. Then, this HDI criterion focuses on 
whether municipalities have a HDI lower than the average HDI of the federational unit in which they are located. 
4 Robertson & Symons (1996), Currie & Thomas (2001), Cunha & Heckman (2007), Gould, Lavy, & Paserman (2010) 

5 Galiani, Gertler & Schargrodsky (2005), Lee, Rosenzweig & Pitt (1997) and Jalan & Ravaillon (2003) 
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In this context, the main contribution of our document to the rural electrification literature 

is to evaluate the impact of electricity on test scores along with other educational outcomes for 

children. Moreover, as far as we know, this is the first study that uses a RD design to analyze 

such effects and to study multiple channels through which electricity access impacts these 

outcomes.  

Our results suggest that electricity access through LPT translated into gains in literacy 

likelihood, approval rates and test scores for both 5th and 9th graders. Specifically, RD estimates 

show that lying below the cutoff set by LPT increases children’s test scores in Portuguese (Math) 

by 0.5 (0.8) standard deviations (sd) for 5th graders and by 0.7 (1.3) sd for 9th graders.  We explore 

different channels that can be driving our results and conclude that electrification effects on 

education are mainly driven by changes induced on electricity access and use at the school level. 

The results suggest that schools just below the cut point are more likely to have access to 

electricity and to use computers and computer labs in educational acitivities. Even though LPT’s 

design guarantees that individuals, schools or municipalities were not able to manipulate the 

assignment variable we also perform robustness and falsification tests to validate our strategy, 

that reinforce the results we find.  

The document is organized as follows. The second section explains rural electrification in 

Brazil and the LPT program, the third section details our empirical strategy, the fourth section 

describes the data and the sample we use, the fifth section presents the main results, the sixth 

section evaluates the channels that can drive these results,  the seventh section presents 

robustness tests, finally, the eighth section concludes.  

 

2. Rural electrification in Brazil and the “Luz Para Todos” program 

The first attempts to bring electricity6 to rural areas in Brazil started around the 1920’s 

and, in most cases, consisted on charging lower rates to rural households for the access to the 

service depending on the region they were in. In other cases, a family would ask directly for the 

installation of the service inside the property, however, this implied that the family had to cover 

all of the costs related to the installation and maintenance of the connection and pay normal fees 

of consumption from then on. The most significant changes on the rural electrification scheme 

                                                        
6 Unless otherwise stated all the information regarding rural electrification in Brazil was found on “Light for All: A 
historic landmark 10 million Brazilians out of darkness” published by LPT in 2010. 
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in Brazil started to appear during the 1950’s when the Government began to play an active role 

on the delivery of the service to rural families and when the first rural electrification cooperatives 

were created. Nonetheless, they were still not enough to meet the high demand for the service 

and they did not generate a large impact mainly because of the high costs they implied for the 

user and the low incentives concessionaries had to proceed with the installment.  

In 1999 the “Luz No Campo” (Light in the Country) program was launched as the first 

national electrification program with well defined targets. It aimed to bring access to electricity 

service for one million rural households during a four year extent. This program was the basis 

upon which the LPT program was conceived, since it was the first electricity infrastructure 

project that jointly involved the Ministry of Mines and Energy (MME), Eletrobras (major 

electricity company in Brazil) and rural electrification cooperatives. However, it was not entirely 

successful as it only covered part of the costs and the users had to cover the rest. In addition, 

the program could not reach the most isolated regions of the country and ended up attending 

only 68% of the families that it targeted.   

As noted by Viana (2007) until 2000 nearly 25% of all the rural households in Brazil, most 

of which were located in poor regions like the North and Northeastern parts of the country, still 

lacked access to this main public service as can be seen in Figure 1 which shows municipal rural 

electrification coverage rates. It becomes clear that in most municipalities in North Brazil, less 

than half of the population had access to electricity. While in the South and Central regions, rural 

electricity coverage rates ranged between 88% and 100%. In fact, out of the 5,507 municipalities 

in 2000 only 221 had full coverage.  

In this context, even if other rural electrification initiatives7 were beginning to take place 

in Brazil in the late 2000’s it was the development of the “Luz no Campo” program that led the 

way to the creation of the LPT program. Thus, it is likely that just before the LPT program 

started there were still some active efforts to widen electricity access coverage in Brazil’s rural 

area answering to other programs different from LPT.  

 

 

                                                        
7 Programa de Desenvolimiento Energético de Estados y Municipios (PRODEEM) coordinated by the Ministry of Mines 

and Energy in 1996, the Poverty Alleviation Program in which the World Bank granted resources to the municipal 
adiminstrations to provide electricity service to rural households and the Conta de Consumo de Combustiveis that installed 
Diesel fueled plants in isolated rural areas (de Freitas,G & Silveira, S, 2015).   
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 Figure 1. Share of population with access to electricity in 2000 

 

 

  

 

 

 

 

 

 

 

Source: IBGE National Census 2000. Author’s calculations. 

 

2.1 The “Luz para Todos” program in Brazil 

“Luz para Todos” is a rural electrification program that until 2016 had attended nearly 16 

million rural inhabitants, it was decreed in 2003 but began to operate in 2004 and is directed by 

the MME, Eletrobras and ANEEL (National Energy Agency). The initial goal of the program 

was to reach two million household connections to electricity by 2008, but later on the 

authorities leading the program noted that the energy requirements were far much larger in rural 

Brazil.  

This fact and the success that the program had build up throughout its development led 

to its extension until 2018. To this moment, the program has had three stages: the first one took 

place between 2003 and 2010, the second one between 2011 and 2014 and the third one is 

expected to finish in 2018 and should attend 207,000 households that still do not have access to 

electricity. In this paper we will analyze the first stage of the program. Figure 2 shows the share 

of households attended by LPT in each municipality during the first stage of the program, it is 

evident that the program brought the service to municipalities located in all of the regions of 

Brazil. Nonetheless, there is a slight concentration of beneficiaries in the North and Southeastern 

regions of the country which is consistent with the goals and the antecedents of the program.  
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Figure 2. LPT projects by municipality (share of households attended between 2000 and 2010) 

 

 

 

 

 

 

 

 

 

 

 

Source: Ministry of Mines and Energy. 

 

The global goal of the program remains the same across stages; LPT aims to universalize 

the access to electricity in rural areas in Brazil and make electrification a channel to achieve social 

and economic progress, through poverty reduction and an increase in rural household income. 

LPT is also conceived as a means to integrate different social programs as it facilitates access to 

health services, water and sewage systems and education (MME, 2010). The difference between 

the three stages lies on the eligibility and priorization criteria that define the population to be 

attended by the program. In general, the program is directed to “population living in rural areas 

without access to electricity” (Decree 4.873 of 2003) but in the first operational stage priority 

was given according to eleven criteria (shown in Appendix A-1) of which the most relevant were: 

i. Rural electrification projects in municipalities with a total electrification rate below 85% 

according to data in the 2000 National Census  

ii. Rural electrification projects in municipalities with a HDI below the federation’s average 

(Brazil is divided into more than 5,500 municipalities distributed across 27 federative 

units) 

More specifically, the program priorized projects that complied to at least one of these 

eleven criteria but particular attention was given to the projects that satisfied the highest number 

of criteria. In this document, we analyze the impact of the program through the first priorization 
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criterion which is used as the assignment variable for our RD design explained in the third 

section. For the first stage of the program mainly, but also applicable to the last two stages, LPT 

proposes to extend the electricity service through three different technologies: 

 

i. Extension of distribution lines  

ii. Descentralized generation systems in isolated regions 

iii. Individual generation systems 

 

The second and third technologies are used mostly in isolated municipalities which are 

placed in the northern regions of the country, hence, most of the program has been conducted 

through the extension of distribution lines. Figure 3 shows the difference between the 

transmission lines8 available before and after the program, it is evident that the coverage rose 

therefore allowing the increase of electrification rates. 

 

Figure 3. Electricity transmission lines in 2003 (a) and in 2010 (b) 

(a)         (b)    

  

  

 

 

 

 

 

 

 

Source: ANEEL (2005) and author’s calculations.  
Detail on the construction of these figures can be found in Appendix A-2.   
 

The program works through concessionaires, that is, private electricity distribution 

                                                        
8 Transmission lines move electricity from power plants to substations and distribution lines carry electricity from said 
substations to the final consumers, the former imply a much larger equipment and carry extremely high voltage whilst the 

latter carry electricity at a low voltage (PG&E, 2018). Hence, the distance from municipalities to transmission lines 
ultimately determines distance from distribution lines. More information on how the maps were built can be found on 
Appendix A1.  
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companies are selected by merit to install the service if they meet the requirements imposed by 

ANEEL and Eletrobras. All of the projects are under the surveillance of an “organization 

committee” -there is one per federational unit- which is in charge of verifying that the program 

is meeting the priorities determined by Law and that the schedules of installation are being 

followed. On the side of the beneficiaries, they must reach the nearest concessionaire office and 

request the service which is granted if at least one of the priorization criteria is met.  

Though the program has been utterly successful and internationally recognized, there still 

exists a strong incentive deviation issue as private distribution companies do not have enough 

incentives to invest in these projects and, moreover, to provide the service fast and efficiently 

(IEA, 2010). This is a result of high installment costs that have to be covered by private 

distribution companies and the Government that will only generate low returns noticeable in the 

long run, specially in the most isolated areas located in the northern regions of the country9.  

In spite of the drastical change in costs and the expansion that the program has had during 

the last years, we analyze the impact that the program had during its first stage because it 

coincides with the period our datasets cover and because it was the stage that mainly defined 

LPT’s success: during these years the program surpassed its original targets by 60%10.  

 

3. Empirical Strategy 

To evaluate the impact of electricity access through the LPT program we use a RD design 

in which the main underlying assumption is that individuals or schools near the 85% cutoff point 

established by the program are essentially identical in observable characteristics except for the 

fact that those to the left of this cutoff were priorized by the LPT program whereas those to the 

right of this point were not, as long as they did not meet any of the other criteria. 

For our methodological framework, we closely follow the model proposed by Bharadwaj, 

Løken & Neilson (2013) who study the effect of birth weight on mortality and academic 

achievement. We choose to estimate the effect of electricity access through a non parametrical 

                                                        
9 Particularly, according to IEA (2010), when the program started the estimated cost was BRL 7.6 billion which is 

approximately USD 4.1 billion, by 2007 these costs had surged to USD 4.7 billion. Up until 2009, total investment costs 
reached BRL 12.7 billion or USD 7 billion. According to a qualitative evaluation done in 2013, the program reached a total 
investment of BRL 20.9 billion, generated more than 462.000 employments and added nearly BRL 6.7 million to the 
brazilian economy, mainly as a result of income increases and the acquisition of appliances from the benefited households 
(MME, 2010). 

10 MME. O programa. https://www.mme.gov.br/luzparatodos/Asp/o_programa.asp 
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design dividing our samples according to the municipal electricity coverage rate in 2000. In broad 

terms, the model we estimate compares educational outcomes of units with electricity coverage 

rates close to 85% at both sides of this cut point. As noted by Lee & Lemieux (2010) one of the 

main issues regarding RD design is the election of the bandwidth or the length of the vicinity 

around the cutpoint in which the estimation is to be performed. To deal with the variance-bias 

trade off  related with bandwidth selection, we apply the method proposed by Calonico, 

Cattaneo & Titiunik (CCT) (2014) which leads to a 5 pp (percentage points) window around the 

85% cutoff. This means we will be evaluating observations with electricity coverage rates 

between 80% and 90% with the regression presented in (1). The number of observations at each 

side of the cutoff depends on the sample (National Census, School Census or Test Score data) 

and is detailed in the following section.  

 

𝑌𝑖,𝑚,𝑓 = 𝑋′
𝑖,𝑚,𝑓𝛽 + 𝛼𝑐𝑜𝑣 𝑏𝑒𝑙𝑜𝑤𝑖,𝑚𝑓 + 𝛾𝑑𝑖𝑠𝑡𝑎𝑛𝑐𝑒𝑖,𝑚,𝑓 + 𝜌(𝑐𝑜𝑣 𝑏𝑒𝑙𝑜𝑤𝑖,𝑚𝑓 ∗ 𝑑𝑖𝑠𝑡𝑎𝑛𝑐𝑒𝑖,𝑚,𝑓) + 𝜂𝑓 + 𝜀𝑖,𝑚,𝑓   (1) 

𝑐𝑜𝑣 𝑏𝑒𝑙𝑜𝑤𝑖,𝑚𝑓 = 𝑑𝐼(𝑐𝑜𝑣𝑒𝑟𝑎𝑔𝑒2000 < 85%)
𝑖,𝑚,𝑓

 

𝑑𝑖𝑠𝑡𝑎𝑛𝑐𝑒𝑖,𝑚,𝑓 = (85 − 𝑐𝑜𝑣𝑒𝑟𝑎𝑔𝑒2000)𝑖,𝑚,𝑓  

 

𝑌𝑖,𝑚,𝑓 is an educational outcome in 2010 (attendance, literacy, years of schooling or an 

approval rate) or a test score in 2011 for unit i (individual or school) in municipality m and 

federational unit f, 𝑋′
𝑖,𝑚,𝑓 is a matrix of covariates that could have simultaneously determined 

educational outcomes,  𝑐𝑜𝑣 𝑏𝑒𝑙𝑜𝑤𝑖,𝑚𝑓 is an indicator variable that takes the value of 1 if the 

observational unit is located in a municipality that had an electricity coverage rate below 85% in 

2000, 𝑑𝑖𝑠𝑡𝑎𝑛𝑐𝑒𝑖,𝑚,𝑓  is the distance of each observational unit from the cutoff, 𝜂𝑓  are 

federational fixed effects and 𝜀𝑖,𝑚,𝑓 is the error term clustered at the municipality level. We 

estimate this equation using triangular weights (1 − |
(85−𝑐𝑜𝑣𝑒𝑟𝑎𝑔𝑒2000)

5
|) so that observations 

lying just at the border of the bandwidth, 80% or 90%, are assigned a weight of 0. Lastly, we run 

the regressions for rural population only and we divide the sample according to the compliance 

to the low HDI criterion. In this context our parameter of interest is 𝛼 which identifies the 

impact of electricity access through LPT.   

Methodologically, the goal of RD is to compare units at the left of the cutoff (priorized) 

to those at the right of the cutoff (not priorized) and identify differential effects on educational 

outcomes for each of these groups of observations. Which, put in other words, is equivalent to 
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comparing the intercept of a regression run at each side of the cutoff in the selected bandwidth. 

However, note that this is exactly what equation (1) does, this regression allows the intercept to 

change between priorized and non-priorized units, thus, our coefficient of interest represents 

the difference betweeen the intercept at the left and the right side of the cutpoint.   

Following the assumptions needed for a RD design described in detail by Lee and Lemieux 

(2010) there are three main reasons that justify our election of this methodologic framework 

above others. One has to do with the validity of our assignment variable which is the electricity 

coverage rate in 2000. In our context, the main concern that arises when choosing a RD design 

to evaluate electrification effects is the ability of units (schools or individuals) to manipulate the 

assignment variable to assure program priorization. If schools or individuals were able to 

influence electricity coverage rates it would be impossible to atribute the exogenous variation in 

electricity access to the discontinuity established at the 85% cut point. However, this represents 

no threat in our analysis as the bounds for building the eligibility criteria were chosen 

independently by the LPT Coordination Board and prior to the year that the program began. 

Recall that, we are using a cut point value of electrification coverage that was defined by the 

MME, the entity in charge of the program (Decree N° 447, 2004), in this sense, neither the 

coverage rates nor the cutoff point determined for it on the program were controlled by 

municipalities, individuals or schools. In fact, the program functions through three main agents, 

a national comission (Comissão Nacional) and two committees that work at the national and 

federational level (Comitê Gestor Nacional and Comitê Gestor Estadual). In this context, the 

LPT program was led on a national-federational basis which means that our observational units 

had no control on the eligibility criteria and were not able to manipulate them as a means to 

achieve electricity access. It also means that the same cutoff was not used to detemine access to 

other state-fund programs. Furthermore, as noted by Ludwig & Miller (2007) the fact that the 

assignment variable was determined in a period prior to the one we evaluate reinforces the lack 

of influence of individuals and schools on the cutoff or their coverage rate that determines 

priorization.   

Other reasons that led to the election of a RD is that the restriction of the sample to 

individuals or schools with coverage rates in the vecinity of the 85% cut point allows us to 

eliminate observational units that are largely disimilar, hence, the bias of the estimates is reduced. 

If we used the whole sample we would be including units located at the tails of the electricity 

coverage distribution which would induce large variation in our estimates, since the onces at the 
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far left (low coverage rates) had plenty of room for improvement while the units at the far right 

(high coverage rates) had little or no space for change in electricity access.  

Finally, considering that the program established other criteria that determined 

electrification project priorization, using a RD design allows us to examine electrification effects 

due exclusively to the compliance to the 85% rule and isolate the effects of the other criteria. As 

executed by Bharadwaj et al. (2013) we expect to see that our assignment variable cut had a larger 

effect when the low HDI criterion was not met. Intuitively, this means that if an observational 

unit was located in a municipality that only complied the low coverage criterion, the cutoff 

determined for it should be an exclusive determinant for electricity access and thus for variations 

on educational outcomes. However, it should be noted that municipalities that did comply to 

the low HDI criterion were still priorized by the program, therefore, finding effects on this part 

of the sample can only mean that electricity had an impact on educational outcomes on the 

poorest part of the population which inhabited in municipalities that aside from having low 

electricity coverage also had a low development level as measured with other variables included 

in the HDI.  

Nonetheless, we consider two threats to the validity of our empirical strategy that are 

relevant to point out. The first of these is the ability of rural inhabitants to migrate to other 

municipalities in order to receive electricity through LPT, or at least, to be priorized by the 

program. The second one is related to the local estimation performed by RD, as much as it can 

help to reduce the variance of our estimators it can also imply that we are leaving behind units 

that could have been further benefited by the program and thus we can be ignoring a large part 

of LPT’s effects on education. We acknowledge these issues, however, as it will be shown 

throughout the document, there is no statistical evidence to support that they are misguiding our 

results.  

 

4. Data and Sample Characteristics 

4.1 Data  

To estimate the impact of the LPT program on educational outcomes we use three main 

sources of data: the National Census, the School Census and the Prova SAEB data. The first 

one comes from Brazil’s statistical office IBGE (Instituto Brasileiro de Geografia e Estatística) 

and the second and third from INEP (Instituto Nacional de Estudos e Pesquisas Educacionais 
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Anísio Teixeira). Since the National Census is conducted every ten years and the School Census 

is released annually, we can explore the effects of the first stage of the LPT program by using 

data from 2000 and 2010, which is the period before and after the implementation of this stage. 

Given that the priorization criteria were established in 2000 and the program started in 2003, we 

derive our results using the 2010 Census samples and use the 2000 Census rounds to implement 

falsification tests. Regarding the SAEB test data, it has been released every two years since 1993 

which leads us to use the 2011 data as it is the closest one to the ending of LPT’s first stage.   

The National Census provides information on multiple individual and household 

characteristics including access to electricity within each residence. Available variables include 

age, sex, municipality and federation of residence, work status, income, availability of public 

services, appliance use and multiple educational variables like attendance to an educational 

institution and highest year attained. After we made the data compatible across years we obtained 

a sample of 4,872,095 observations in 2000 and 4,784,464 observations in 2010.  

Three of the dependent variables we use in the analysis come from this Census, these are 

school attendance, literacy and years of schooling. The first two are dummy variables that 

indicate whether an individual attends school or can read and write, respectively, and the last 

one is a continuous variable. To study attendance and literacy we restrict the sample to the 

population that was between 6 and 16 years old in 2010, while, for the last outcome the sample 

is limited to population that was 19 years or older in the year of the census. This responds to the 

fact that children attending EF (Ensino Fundamental - Brazil’s second educational stage after 

preschool and before secondary school) should be between 6 and 16 years old, and, secondary 

education is normally completed by the age of 19. Furthermore, by studying total years of 

schooling for this part of the population we assure that we are analyzing people that were young 

enough in 2010 as to have been benefited by LPT while they were still in school, this allows us 

to explore the effects of the program on schooling decisions.  

 Since the LPT program was executed in rural areas only, we restrict the census data to 

rural population exclusively. The information we use to construct the assignment variable is 

based on the 2000 Census and was taken from the Brazilian Human Development Atlas 

Organization (Atlas do Desenvolvimento Humano no Brasil)11.  

                                                        
11 This website contains information of different variables (gini index, unemployment rate, HDI, public service coverage, 
among others) retreived from the 2000 National Census data: http://www.atlasbrasil.org.br/2013/ 
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The approval rates for 5th and 9th grade were retrieved from the School Census. Even 

though this Census is available at municipal and school level we use the latter data structure since 

it provides more observational units around the cutoff. The sample is restricted to active public 

rural schools, which leads us to a dataset that has information for 18,488 schools in 2000 and 

73,781 in 2010. The rates are calculated as the percentage of students that approved a certain 

grade out of all the students in that grade in each school. From this source of data we also 

obtained variables that chacterize schools in different dimensions and that can be used as 

covariates in our main model such as total number of students per class, teacher’s schooling 

years, students per teacher and infrastructure conditions.  

Lastly, we use the SAEB Test data which provides information on student’s 

socioeconomic background and standardized test scores on Language (Portuguese) and 

Mathematics. This test is performed at the national level by students in 5th, 9th and 12th grade in 

both public and private schools in urban and rural areas and is used to measure student’s 

performance in different dimensions of these two areas of knowledge. In our case, we use the 

scores from fifth and ninth graders and limit our sample to students attending schools in rural 

areas of Brazil.  

4.2 Sample Description  

Before describing our data it is relevant to detail the number of observations that lie at 

each side of the cutoff when we restrict the sample to the optimal bandwidth in each dataset and 

to municipalities that did not comply the low HDI rule which is where we expect to see larger 

effects on education. Recall that we draw two different samples from the National Census, one 

with information on attendance and literacy and other with years of schooling for population 

that was 19 years old or more. In the first of these, there are 3,105 observations to the left at the 

cutoff and 6,226 to the right; in the second, we have 8,649 observations to the left and 16,333 

to the right. In the School Census dataset we obtained a sample with 163 schools to the left of 

the cutoff and 626 to the right of this point. Finally, in the SAEB test data we have 2,554 (1,562) 

5th (9th) graders to the left of 85% coverage rates and 26,174 (20,214) to the right. The distribution 

of units at each side of the 85% cut in the optimal bandwidth reaffirms that there exists a strong 

relationship between the HDI criterion and the coverage criterion, since, once we focus on 

observations located in municipalities that complied to the HDI criterion the sample around the 

cut point increments considerably.  
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Given this structure, to describe our dataset we present sample means and standard 

deviations of the main independent and dependent variables in each of the samples. Since we 

restrict the census data differently according to the dependent variable, Table 2 presents 

descriptive statistics for the two samples drawn from the National Census and Table 3 describes 

the School Census sample. Given that the underlying assumption covering our RD framework 

is that individuals or schools in municipalities with electricity coverage rates in 2000 just around 

85% at both sides were practically identical, we divide our sample at this point and study 

observations that lie inside the optimal 5pp bandwidth and that were located in municipalities 

that did not comply the low HDI criterion. In other words, we compare priorized observational 

units which are located at the left of the cutoff with coverage rates between 80% and 85% with 

observational units at the right of the cutoff that have coverage rates between 85% and 90%.  

We also present results from a t-test for mean difference which allows us to prior identify 

correlations between program priorization status and educational outcomes.  

 

Table 2. National Census Sample Description 

 

 

As the top panel of Table 2 shows individuals living in rural areas of Brazil have low 

educational achievement and income. Until 2010 the average of schooling years was 3.66 and 

average household’s monthly income was BR 1,558 (USD 724 in real 2017 prices) for inhabitants 

in municipalities with electricity coverage rates below 85%. Also, socioeconomic characteristics 

National Census sample for years of schooling in 2010

Obs Mean Std. Dev. Obs Mean Std. Dev.

Educational Outcome

Years of schooling in 2010 8,353     3.66 5.29 15,823    2.64 4.70 1.02

Socioeconomic Characteristics

Electricity at home (=1) 8,455     0.92 0.27 16,141    0.87 0.33 0.04

Years of schooling (Household head) 8,309     3.08 5.06 15,835    1.87 4.09 1.21

Highest grade is secondary school (=1) 8,649     0.21 0.41 16,333    0.15 0.35 0.06

No education (=1) 8,649     0.11 0.31 16,333    0.16 0.37 -0.05

Age 8,649     40.42 15.97 16,333    41.05 16.42 -0.63

Sex (=1 Male) 8,649     0.54 0.50 16,333    0.54 0.50 0.00

Household average monthly income 8,469     1,558 3,337 16,190    1,170 2,173 388

Hours worked per week 4,932     38.51 16.62 9,592      37.50 16.39 1.02

Household size 8,649     4.24 2.28 16,333    4.36 2.45 -0.12

Water and sewage system at home (=1) 8,649     0.24 0.43 16,333    0.24 0.43 0.00

Lived in different city in 2005 (=1) 8,649     0.16 0.36 16,333    0.11 0.32 0.04

National Census sample for attendance and literacy in 2010

Educational Outcome

Assists to an educational institution in 2010 (=1) 3,105     0.94 0.23 6,226      0.93 0.26 0.02

Can read and write in 2010(=1) 3,105     0.87 0.33 6,226      0.82 0.38 0.05 **

Socioeconomic Characteristics

Electricity at home (=1) 3,097     0.92 0.28 6,187      0.87 0.33 0.04

Years of schooling (Household head) 3,033     3.13 5.07 6,064      1.73 3.89 1.40 **

No education (=1) 3,105     0.01 0.12 6,226      0.03 0.16 -0.01

Age 3,105     11.12 3.07 6,226      10.97 3.11 0.15

Sex (=1 Male) 3,105     0.52 0.50 6,226      0.52 0.50 0.00

Household average monthly income 3,102     1,318 3,781 6,200      900 1,464 418

Hours worked per week 345        21.26 13.88 634         22.63 16.12 -1.37

Household size 3,105     5.43 2.18 6,226      5.67 2.34 -0.24

Water and sewage system at home (=1) 3,105     0.23 0.42 6,226      0.25 0.43 -0.02

Lived in different city in 2005 (=1) 3,105     0.15 0.36 6,226      0.11 0.31 0.04

Electricity coverage in 2000 between 

80% and 85%

Electricity coverage in 2000 

between 85% and 90%

T-test for mean 

difference

Significant at the 1% (***). Significant at the 5% (**). Significant at the 10% (*). Sample statistics in the optimal bandwidth following CCT (2014). 

Source: IBGE.
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of individuals such as age, sex and access to water and sewage in the sample are quite similar at 

both sides of the 85% cutoff suggesting a balanced sample around this point. This becomes 

evident in the last column which shows that the t-test for mean difference is not statistically 

significant for any of the variables listed, not even for the main dependent variable that will be 

analyzed with this sample. Lastly, it is important to note that there is no evidence to support that 

migration can be affecting our assignment variable since the percentage of population that 

migrated between 2005 and 2010 is low (between 11% and 16%) and not statistically different 

across both groups.   

A similar situation can be found in the attendance and literacy sample shown in the bottom 

panel of Table 2. Socioeconomic characteristics seem to be balanced around the cutoff point, 

except for household head’s years of schooling which is higher in the group laying to the right 

of the cutpoint and statistically different from the group to the left of this point. In a like manner, 

there is a significant difference in average literacy rates around the cutpoint, while we do not find 

such results for attendance rates. In addition, in this sample migration rates are also low and no 

statistically significant difference is found between observations to the left and right of the 85% 

coverage rate cutoff. These results can suggest that it is likely that we find effects of electricity 

access only on literacy rates and not in attendance rates or years of schooling, they also let us 

infer that our results are not driven by differences across both groups coming from other 

socioeconomic characteristics.  

Now, from Table 3 it is evident that the school sample is also balanced around the cut 

point and that there are no statistically significant differences in school characteristics when 

comparing units at both sides of the cutoff, not even on the main dependent variables we derive 

from this sample. Nonetheless, it is worth mentioning that the differences for our main variables 

are positive. In other words, electricity access and approval rates for both grades in 2010 were 

higher in schools located in priorized municipalities. Anyhow, the lack of statistically significant 

differences can be taken as a preliminary suggestion of no statistical effect of the LPT program 

on these variables which could be expected since one of the limitations of using a RD design is 

that even if restricting the sample to those observations near the cutoff reduces the variance of 

the estimates it also means that we leave behind the units that were located in the most needed 

areas which are the ones that could have experienced a larger variation on approval rates for 

being eligible for LPT. Aside from this, most of the rural schools we are comparing had access 
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to other public services and they were small if we judge school size by students per class and 

total number of teachers in EF.  

 

Table 3. School Census Sample Description 

 

 

Table 4. SAEB Test Sample Description 

 

 

Finally, Table 4 describes the sample of 5th graders (top panel) and 9th graders (bottom 

panel) that comes from the SAEB Test data. It is evident that the sample is not largely different 

around the 85% cutpoint, except for the statistically significant differences in average age and 

percentage of students that have ever failed a school year which are higher in the sample at the 

Obs Mean Std. Dev. Obs Mean Std. Dev.

Approval Rates

5th grade 148 86.89 15.95 529 83.78 23.08 3.11

9th grade 51 89.23 16.25 167 87.00 17.25 2.23

School Characteristics

Light at school (=1) 163 0.75 0.44 626 0.73 0.45 0.02

Water at school (=1) 163 0.95 0.22 626 0.98 0.15 -0.03

Sewage at school (=1) 163 0.88 0.32 626 0.76 0.43 0.12

Library at school (=1) 163 0.13 0.34 626 0.09 0.28 0.04

Students per class in 5th grade 163 11.88 15.98 626 9.51 13.95 2.37

Students per class in 9th grade 163 5.10 11.20 626 4.74 11.43 0.35

Teachers in EF 126 17.84 29.48 600 10.82 19.79 7.03

Electricity coverage in 2000 

between 80% and 85%

Electricity coverage in 2000 

between 85% and 90%

T-test for mean 

difference

Significant at the 1% (***). Significant at the 5% (**). Significant at the 10% (*). Sample statistics in the optimal bandwidth following CCT (2014).

Source: INEP

SAEB Test for 5th Graders

Obs Mean Std. Dev. Obs Mean Std. Dev.

Educational Outcome

Standardized SAEB score in Portuguese 966 -1.36 0.70 2,074      -1.58 0.66 -0.22

Standardized SAEB score in Mathematics 966 -1.07 0.68 2,074      -1.35 0.64 -0.28

Student's Characteristics

Age 943 11.88 1.55 1,967      11.29 1.44 -0.58 ***

Sex (=1 Male) 921 0.50 0.50 1,953      0.50 0.50 0.00

Mother is literate (=1) 944 0.86 0.35 1,939      0.86 0.34 0.00

Father is literate (=1) 927 0.76 0.43 1,870      0.78 0.42 0.02

Has ever failed a school year (=1) 931 0.57 0.50 1,887      0.46 0.50 -0.11 ***

Does Portuguese homework at home (=1) 941 0.96 0.19 1,882      0.94 0.23 -0.02

Does Mathematics homework at home (=1) 944 0.98 0.14 1,890      0.97 0.16 -0.01

SAEB Test for 9th Graders

Educational Outcome

Standardized SAEB score in Portuguese 437 -0.33 0.73 1,384      -0.60 0.74 -0.27 **

Standardized SAEB score in Mathematics 437 -0.14 0.76 1,384      -0.54 0.73 -0.41

Student's Characteristics

Age 433 15.59 1.51 1,360      15.31 1.46 -0.28 ***

Sex (=1 Male) 424 0.44 0.50 1,344      0.46 0.50 0.03

Mother is literate (=1) 424 0.87 0.34 1,323      0.86 0.34 -0.01

Father is literate (=1) 404 0.80 0.40 1,240      0.75 0.43 -0.04

Has ever failed a school year (=1) 424 0.58 0.49 1,337      0.45 0.50 -0.13 **

Does Portuguese homework at home (=1) 430 1.00 0.07 1,335      0.98 0.14 -0.01

Does Mathematics homework at home (=1) 422 1.00 0.07 1,301      0.98 0.14 -0.02

Electricity coverage in 2000 between 

80% and 85%

Electricity coverage in 2000 

between 85% and 90%

T-test for mean 

difference

Significant at the 1% (***). Significant at the 5% (**). Significant at the 10% (*). Sample statistics in the optimal bandwidth following CCT (2014). 

Source: INEP.
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left of the cutpoint. Nevertheless, these differences are small and do not represent a threat for 

the balance of the sample according to the assignment variable. Now, considering the dependent 

variables, it can be seen that the mean value for all of the test scores is negative which indicates 

that most of the units we are studying had test scores below the mean which leads to a negative 

standardized score. Aside from this, the only one that is significantly different around the 85% 

cut is the standardized portuguese test score for 9th graders which is higher for the students in 

municipalities that were not priorized by LPT.  

 

5. Results 

5.1 Access to electricity 

The LPT program was directed to households as well as schools which means that the 

electricity impact effects we may find on educational outcomes can be driven either by 

individual’s access to electricity at home or at school. In fact, public schools were also priority 

for LPT and until 2015 the program had attended more than 10,000 schools located in rural 

areas of Brazil (MME, 2015). In this sense, it is important to firstly determine if the assignment 

variable generated a discontinuity in electricity access in all of the samples we use. These results 

are shown in Figure 4 and in Table 5 where we compare results from our main model across 

different samples including the total sample with no restriction according to the low HDI 

criterion compliance. The graphs were constructed by grouping observations in windows of 

approximately 0.5 pp around the 85% cutpoint which results in 10 bins at each side of the cutoff. 

As can be seen for all of the samples, there is a discontinuity in the linear fit of the data when 

the sample is restricted to observations that do not comply to the low HDI criterion, whereas 

when we evaluate the part of the sample that complies to this criterion the discontinuity is much 

lower or even null.  

However, the regression results for this outcome presented in Table 5 show that being 

below the cutoff represents a discontinuity in electricity access only at the school level. More 

specifically, being in a municipality with an electricity coverage rate below 85% and with no 

compliance to the low HDI criterion (column 2) in 2000 translates into a significant 62 pp 

increase in the school’s likelihood of having electricity access. This finding provides empirical 

ground to affirm that the effects of electricity on educational outcomes, if any, are driven mainly 

by changes in electricity access at the school level. On the other hand, even if the estimate 
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appears to have a high magnitude in comparison with the mean of the variable, given that only 

34% of these schools had access to electricity before LPT (in 2000) our result suggests that LPT 

allowed almost full coverage of electricity inside rural schools priorized by the program.  

This result is important and worth discussing. One of the limitations of the RD design is 

that we drop observations that are located at the end (to the left or right) of the electricity 

coverage distribution which means that we are dropping observations in municipalities that were 

initially worse off in terms of electricity access and development. As shown by the empirical 

findings of Slough, Uperlainen & Yang (2015), the change in municipal electrification rates 

(household level) in Brazil between 2000 and 2010 obeyed mostly to the coverage criterion than 

to the low HDI rule. This means that when we leave behind observations with very low initital 

coverage rates we are also leaving behind observations located in municipalities where the 

program had a broader ground of action.  

 

Figure 4. Electricity access around 85% coverage rate 

a. Attendance and literacy sample 

 

 

 

 

 

 

 

b. Years of schooling sample 
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c. School Sample 

 

 

 

 

 

 

 

Table 5. Electricity access around 85% coverage rate in each sample 

 

 

5.2 Educational Outcomes  

Results from equation (1) for each of our dependent variables are presented in Table 6, 

Table 7 and Table 8. The first corresponds to the outcomes derived from the National Census, 

namely, attendance, literacy and years of schooling; the second, shows RD results for approval 

rates in 5th and 9th grade using the School Census sample and the third one presents the results 

for test scores. We also present graphical representations of the discontinuity at the 85% cut for 

each group of outcomes in Figure 5, Figure 6 and Figure 7 discerning between the part of the 

sample that complied to the low HDI criterion and the part that did not meet this rule.   

First, consider the results for attendance, literacy and years of schooling in Table 6. As it 

was expected being below the 85% cutoff translates into a 8 pp increase in the probability of 

(1) (2) (3)

All sample HDIm>state average HDIm<state average

Attendance and literacy sample

Electricity access in 2010 0.008 0.098 0.006

(0.008) (0.14) (0.007)

Mean of dependent variable 0.95 0.88 0.95

N 172,808 9,074 163,734

Years of schooling sample

Electricity access in 2010 0.008 0.136 0.005

(0.008) (0.137) (0.006)

Mean of dependent variable 0.95 0.88 0.96

N 484,003 24,073 459,930

School Sample

Electricity Access in 2010 0.058 0.624 0.031

(0.038) (0.283)** (0.019)

Mean of dependent variable 0.9 0.72 0.92

N 8,882 645 8,237

Electricity access around 85% coverage rate in each sample

Robust standard errors clustered at the municipality level are shown in parentheses. The independent variable is covbelow an indicator 

variable that takes the value of one if the unit is in a municipality that complies the coverage criterion of the LPT program. All estimates 

include federation fixed effects and control variables according to each sample. National census controls are sex, age and years of schooling of 

the household head and School census controls are number of students, number of teachersl and library access at school. 

Significant at 10% (*). Significant at 5% (**). Significant at 1% (***).  
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being literate which represents an effect of around 10% at the mean, this result is significant at 

the 1% level. On the opposite, we find no statistically significant effect of electricity access 

through LPT on the likelihood of attending school or on schooling years. Regarding this last 

outcome, it bears  considering that in the sample that does not meet the low HDI criterion the 

direction of the effect goes in the opposite direction that we were expecting, specifically, 

individuals in municipalities with coverage rates below 85% attain 0.3 less years of education 

compared to those in munipalities above this cutoff point. Even if this result is not statistically 

different from zero its direction has ground on the electrification impact literature, the estimates 

found by Squires (2015) show negative effects of electricity on years of schooling for boys and 

girls in Honduras. Alternatively, as Column 3 shows electricity access through LPT increases 

schooling years significantly by 0.12 years on the part of the sample that complies to the low 

HDI criterion. Recall that complying to both of the criteria can only mean that the municipality 

is extremely poor as it does not only have low electricity coverage but it also has low development 

levels in other measures, in this sense, the result can indicate that electricity access has a positive 

and significant effect on schooling years on those municipalities that were initially poorer. 

Whereas, in municipalities that had a higher development level (did not comply to the low HDI 

criterion) the effect of electricity access is statistically null.   

 

Table 6. Educational outcomes around 85% coverage rate (National Census) in each sample 

 

 

At this point it is worth explaining that even though we focus on the results on the part 

of the sample that does not comply to the low HDI criterion since it allows us to identify clearer 

effects of LPT on our outcome variables, the results found on the part of the sample that does 

(1) (2) (3)

All sample HDIm>state average HDIm<state average

Attends an educational institution (=1) 0.011 0.041 0.01

(0.006)** (0.046) (0.006)

Mean of dependent variable 0.934 0.931 0.934

N 173,741 9,097 164,644

Can read and write (=1) 0.000 0.086 -0.004

(0.009) (0.025)*** (0.009)

Mean of dependent variable 0.840 0.837 0.841

N 173,741 9,097 164,644

Years of schooling 0.111 -0.519 0.122

(0.058)* (0.312) (0.058)**

Mean of dependent variable 2.39 2.97 2.36

N 478,181 23,661 454,520

Educational outcomes in 2010 from the National Census around 85% coverage rate  

Robust standard errors clustered at the municipality level are shown in parentheses. The independent variable is covbelow an indicator 

variable that takes the value of one if the individual is in a municipality that complies the coverage criterion of the LPT program. All 

estimates include federation fixed effects and control variables (sex, age and years of schooling of the household head). 

Significant at 10% (*). Significant at 5% (**). Significant at 1% (***).  
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comply to the low HDI criterion also show effects of the program. Moreover, they represent 

the results on the observational units located in municipalities that were initially poorer and that 

were also priorized by LPT.  

Regarding the results for attendance and literacy there is few literature that serves as 

comparison point mainly because few researchers have inquired on the effects of electrification 

on attendance and literacy rates, most are focused on evaluating the impact on years of schooling. 

Yet, Squires (2015) found negative effects of electricity on attendance rates for both boys and 

girls, conversely, ADB (2010) finds a positive effect of electricity access on literacy rates but only 

for girls and under a marginal effects model but when the model specification changes no 

statistical significance is found for the positive effect of electricity access on literacy rates. Lastly, 

Khandker et al. (2013) report that electricity access has a positive and significant effect on years 

of schooling and school enrollment and the result is smaller for boys. 

 

Figure 5. Educational outcomes around the 85% coverage rate (National Census) 
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Now, focusing on the results for approval rates (Figure 6 and Table 7), Column 2 in Table 

7 shows that meeting the coverage criterion of the LPT program resulted in higher approval 

rates for both 5th and 9th grade, with a higher effect on the first of these as it we expected since 

schooling behaviour may be easier to change for younger individuals. Intuitively, the changes 

brought by electricity can be double-sided inside a municipality or a household; for example they 

can generate incentives for children to attend school but they can also trigger labor market 

opportunities which can generate incentives to work and to reduce study time specially in older 

children. More specifically, the nonparametric estimates show that approval rates for 5th and 9th 

grade increase by about 14 pp and 12 pp, respectively, in schools that met the program coverage 

criterion. These effects are in the order of 16% and 13% at the mean and are very large 

considering the vast difference that the increase in approval rates can make and that they can 

translate into important changes on rural Brazil’s educational scheme.  

 

Table 7. Educational outcomes around 85% coverage rate (School Census) in each sample 

 

 

 

(1) (2) (3)

All sample HDIm>state average HDIm<state average

 Approval rate (5th graders) -0.831 13.901 -1.366

(1.806) (4.203)*** (1.875)

Mean of dependent variable 85.57 84.24 85.68

N 7,558 559 6,999

Approval rate (9th graders) 0.592 12.032 0.098

(1.586) (2.314)*** (1.664)

Mean of dependent variable 89.00 88.89 89.01

N 2,007 192 1,815

Educational outcomes in 2010 from the School Census around 85% coverage rate  

Robust standard errors clustered at the municipality level are shown in parentheses. The independent variable is covbelow an indicator 

variable that takes the value of one if the school is in a municipality that complies the coverage criterion of the LPT program. All estimates 

include federation fixed effects and control variables (number of students, number of teachers and library access at school). 

Significant at 10% (*). Significant at 5% (**). Significant at 1% (***).  
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Figure 6. Educational outcomes around 85% coverage rate (School Census) 

 

 

 

Lastly, we present the results for standardized test scores in Table 8, Figure 7 and Figure 

8 and the main result is that electricity access has a positive and significant effect on test scores 

for both Language and Math in 5th and 9th grade. Firstly, as Column 2 in Table 8 shows, for the 

youngest students, having access to electricity increases test scores in Portuguese by about 0.5 

standard deviations (sd) and Math test scores by 0.8 sd. Once again, the result for Math test 

scores is also positive and statistically significant on the part of the sample that complies to the 

HDI criterion, even if this result is much smaller (0.09 sd) it shows that the program also had 

effect on Math test scores for the students located in the poorest municipalities. However, the 

fact that the effect is weaker on this part of the population shows that it can be harder to induce 

changes in test scores for students that are initially poorer in a broader set of variables. 
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Table 8. Test score results around 85% coverage rate in each sample 

 

Regarding the results for 9th graders, our model shows that access to electricity increases 

Portuguese test scores by 0.7 sd and Math test scores by 1.3 sd, both of these being significant 

at the 1% level. These results are large, at least in contrast to the ones found on 5th graders, yet 

there is no empirical work that serves as comparison point as no other rural electrification study 

analyzes test scores.  

 

Figure 6. Test score results around 85% coverage rate (5th graders)  

 

(1) (2) (3)

All sample HDIm>state average HDIm<state average

5th Grade

Portuguese 0.078 0.59 0.064

(0.053) (0.219)** (0.05)

Mean of dependent variable -1.51 -1.48 -1.52

N 28,728 2,554 26,174

Math 0.108 0.868 0.098

(0.056)* (0.246)*** (0.055)*

Mean of dependent variable -1.21 -1.23 -1.22

N 28,728 2,554 26,174

9th Grade

Portuguese 0.071 0.744 0.038

(0.047) (0.225)*** (0.046)

Mean of dependent variable -0.57 -0.54 -0.57

N 21,776 1,562 20,214

Math 0.091 1.34 0.05

(0.052)* (0.290)*** (0.051)

Mean of dependent variable -0.43 -0.44 -0.43

N 21,776 1,562 20,214
Robust standard errors clustered at the municipality level are shown in parentheses. The independent variable is covbelow an indicator 

variable that takes the value of one if the individual is in a municipality that complies the coverage criterion of the LPT program. All 

estimates include federation fixed effects and control variables (sex, age and parents' literacy). 

Significant at 10% (*). Significant at 5% (**). Significant at 1% (***).  

Prova SAEB test scores in 2010 around 85%
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Figure 7. Test score results around 85% coverage rate (9th graders) 

 

  

 

Finally, it is important to recall the shortcomings of the models we just presented. One of 

them is the external validity of the RD design, as we limit the sample to observations just around 

the cutoff we assure the internal validity of the effects of electrification we study but the 

exclusion of the units at the tails of the coverage distribution inherently means that the results 

we found are only applicable to the units that are within our 5 pp selected bandwidth which, in 

turn, means that they are highly local. In this sense, the results we presented are not generalizable 

to the whole sample. Additionally, the selection of a linear non parametric model can generate 
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doubt around the validity of our design specially because data is not perfectly grouped at each 

side of the cutoff which can make the discontinuity around the cutoff unclear. However, we 

acknowledge these concerns and analyze them in the seventh section.  

 

6. Channels 

6.1 Electrification, education quality and school conditions 

The results presented in the previous section can be a consequence of changes brought by 

electricity access inside schools, since LPT reached not only households but also public schools 

in rural areas. Following this, we consider that the effects of electricity provision inside schools 

through LPT can be one of two sorts: one related with the use of appliances and ICTs 

(Information and Communication Technologies) inside the school and other associated with the 

quality of education that students receive. 

The first channel implies that electricity access enables schools to use or install more 

computers, televisions, internet connections, fridges, freezers and/or air conditioners all which 

can enhance learning processes by making students more productive and providing them with 

healthier study environments, and in turn, may incide on student’s performance and abilities 

(Haverinen-Shaugnessy, Moschandreas, & Shaughnessy, 2010; Ferguson, Cassells, MacAllister 

& Evans, 2013; Banerjee, Cole, Duflo & Linden, 2007). Regarding the second channel, we 

presume that electricity inside schools can encourage teachers with higher education levels to 

migrate to rural areas, increase the years of schooling of teachers already working in rural schools, 

generate an expansion of schools or promote school construction within municipalities.  

Our interpretation of the effects of electricity use within schools has ground on the 

qualitative evidence of the program. As the testimonies of LPT beneficiaries tell, the program 

allowed schools to provide students well preserved food, cold water and cool air (LPT, 2010). It 

also enhanced school facilities which made students eager to attend school, as told by students 

interviewed in LPT’s First Stage Report (2010). Regarding changes in teacher and class quality 

there is not much empirical evidence that confirms these effects12, but we can find support for 

them on the qualitative evidence of the program. Testimonies reported in LPT (2010) affirm 

that the arrival of electricity through the program generated an expansion of schools in some 

                                                        
12 The only study we know that addresses this relationship is written by Chaudhury, Hammer, Kremer, Muralidharan & 
Rogers (2006), they find that access to electricity inside schools decreases teacher absenteeism. 
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municipalities, an increment in the number of classrooms in existing schools and it also triggered 

teacher’s incentives to work and the satisfaction they felt with the lessons they gave. In sum, the 

changes brought by electricity can harvest better academic performance through, for example, 

an upgrade in teacher quality, an increase in the number of teachers or less children per class 

which can lower the student/teacher ratio, all which have been proved to positively impact 

educational outcomes specially in 4th and 5th grade (Rivkin, Hanushek & Kain, 2005). 

In this context, we apply our main model to examine the effect of electrification on 

multiple school level variables derived from the discontinuity in electricity provision through 

LPT, by using a school level dataset available through the Inter-American Development Bank 

(IDB). This database has information on all Brazilian schools that answered the School Census 

each year spanning from 1996 to 2016, however, we restrict the sample to 2010, the same year 

that we have been using throughout the paper and to rural public schools that were in service in 

this year, since this was the type of schools benefited by LPT. 

 

Table 9. School level variables around 85% coverage rate  

 

 

Table 9 and Figure 8 present the results for four school level variables: teachers’s average 

years of schooling, computer access, internet access and computer lab availability. As it could 

have been expected, the program had an impact on computer and computer lab access within 

schools. Specifically, a school located in a municipality priorized by the program is 31 pp (28 pp) 

more likely to have computers (computer lab), both of these results fit inside a 99% confidence 

(1) (2)

HDIm>state average HDIm<state average

Teachers' average years of schooling 0.039 0.127

(0.224) (0.132)

Mean of dependent variable 12.52 13.01

N 563 6,945

Computer available (=1) 0.31 0.015

(0.089)*** (0.045)

Mean of dependent variable 0.21 0.21

N 567 6,951

Internet at school (=1) -0.002 -0.005

(0.032) (0.013)

Mean of dependent variable 0.035 0.04

N 567 6,951

Computer lab at school (=1) 0.284 0.02

(0.049)*** (0.029)

Mean of dependent variable 0.1252 0.1019

N 567 6,951

School level variables in 2010 around 85% rate in each sample

Robust standard errors clustered at the municipality level are shown in parentheses. The independent variable is 

covbelow  an indicator variable that takes the value of one if the school is in a municipality that complies the 

coverage criterion of the LPT program. All estimates include federation fixed effects and control variables (number 

of students, number of teachers). 

Significant at 10% (*). Significant at 5% (**). Significant at 1% (***).  
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interval. This result is worth to point up as it reflects that the program induced changes in 

learning processes through the use of ICT’s inside schools and highlights the importance of 

technology for modern education.  

However, the effect on the probability of having internet access is negative and statisically 

insignificant which is understandable considering that it takes time for schools to reach the 

financial resources needed to cover the cost of implementation of new technologies13. In other 

words, we suspect that this result can be transitional, more specifically, that the coefficients 

mirror the fact that schools are in the process of accesing new technologies, acquiring new 

devices or replacing the ones they had before LPT. Nonetheless, we consider that the sole access 

to electricity and computers is in itself a great step towards new ways of learning and that it can 

promote the development of different skills on students -like logical thinking or other software 

use- in spite of the lack of internet. Lastly we found no effects on teacher quality or student 

teacher ratio (shown in Table 1 and Figure 2 of Appendix B).  

 

Figure 8. School level variables around 85% coverage rate  

 

                                                        
13 Most of the testimonies related with ICT access inside schools dictate that LPT “will” make it feasible to use computers, 
internet  and TVs in classrooms but few report that after the electricity service was installed schools immediately acquired 
these devices. 
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Note: The plots for the rest of the variables can be found on Figure 1 of Appendix B. 

 

6.2   Electrification and changes inside the household 

Along with electricity access comes household’s possibility to acquire and use different 

appliances that can greatly enhance life quality. As noted by the LPT testimonies (LPT, 2010) 

11.5% of the surveyed beneficiaries reported an improvement in the access to computers and 

internet as a consequence of LPT, 79.3% of the surveyed population admit that they bought a 

TV after the installation of electricity and 73.3% acquired a fridge, whereas just a small 

percentage of the benefited population acquired other appliances like washing machines, freezers 

or air conditioners. This leads us to expect to see program effects on TV and fridge use mainly.  

Having the possibility to use these instruments could have changed the working patterns 

of household members by reducing the time they dedicate to household chores such as washing 

clothes, preparing food or collecting materials such as wood to generate heat and light (IEG, 

2008). Considering that children may help at these chores, access to electricity could have freed 

time for them to study in after school hours. Aside from this, appliance use may increase health 

status inside the household as cooking and cleaning techniques improve and food is preserved 

longer.  

Ideally, we would measure the health effects of the LPT program, however we do not 

have access to any database that reports health related information for rural population in the 

period we are considering. Nevertheless, we explore the effects of electricity access through LPT 

on changes in device availability inside households and link the results to the available qualitative 

evidence of the program. The results for our main model applied to four household level 

variables are available in Table 10.  

The estimates we find are somehow counterintuitive, the only statistically significant effect 

we find is that electricity access reduces the probability of having a washing machine at home, 
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however this result is weak as it is only significant at the 10% level. Even if the results on TV 

and computer are odd since one would expect households to acquire these type of devices once 

they have access to light, it comes as no surprise considering that since the RD design is a highly 

local estimation we are comparing individuals that were located in municipalities with fairly high 

levels of electricity before the intervention. This means that, our estimators are pointing to units 

that lived in households that could have already had access to these appliances even before the 

intervention. As a matter of fact, using data from the 2000 National Census, by this year 56% of 

the rural population in our selected bandwidth already had TV access.  

 

Table 10. Household level variables around 85% coverage rate 

 
 

Aside from this, the results on household variables should be analyzed carefully as their 

link with educational outcomes is not straightforward. The fact that the program increased the 

availability of one type of appliances inside households is one possible channel through which 

electricity service may have influenced health and life quality for children inside their homes thus 

translate into a higher likelihood for them improving their learning processes and performing 

better at school. However, the extent to which having access to these appliances translates 

effectively into a shift in educational outcomes highly depends on whether an individual takes 

(1) (2)

HDIm>state average HDIm<state average

TV at home (=1) 0.101 0.013

(0.128) (0.009)

Mean of dependent variable 0.8 0.87

N 9,097 164,644

Personal computer at home (=1) -0.018 -0.007

(0.025) (0.004)*

Mean of dependent variable 0.072 0.049

N 9,074 163,734

Washing machine at home (=1) -0.078 -0.004

(0.043)* (0.012)

Mean of dependent variable 0.14 0.1

N 9,074 163,734

Fridge at home (=1) 0.144 0.001

(0.116) (0.015)

Mean of dependent variable 0.75 0.8

N 9,074 163,734

Household level variables in 2010 around 85% rate in each sample

Robust standard errors clustered at the municipality level are shown in parentheses. The independent variable is 

covbelow an indicator variable that takes the value of one if the individual is in a municipality that complies the 

coverage criterion of the LPT program. All estimates include federation fixed effects and control variables (sex, age 

and years of schooling of the household head). 

Significant at 10% (*). Significant at 5% (**). Significant at 1% (***).  
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full advantage of the benefits of having access to these devices and how their time use changes 

once these appliances are available. In this context, controlling for household’s head schooling 

years is important considering that harnessing the availability of different appliances is 

contingent on the way that the family decides to benefit from them. Which means, that one 

would expect that household heads with higher education levels induce their families to make 

better use of the newly available devices.   

 
Figure 8. Household level variables around 85% coverage rate  

 

Note: The plots for the rest of the variables can be found in Figure 3 of Appendix B.   

 

6.3 Electrification and the recomposition of child labor   

The last channel we explore through which electricity could have affected children’s 

educational outcomes is child labor. Electricity may have escaled job opportunities to be 

harnessed specially by older children but it could have also improved market labor conditions 

for adults (i.e. parents or household heads) (Dinkelman, 2011) and thus reduce the household’s 

need for children to work. To examine this relation we study the likelihood of a child to be 

employed by dividing the Census sample in two; one that covers children aged between 10 and 

14 years and other within an age range of 15 and 17. The results are shown in Table 11 and point 

to no statistically significant effects of electricity access on child labor neither for the units that 

complied to the low HDI criterion or for the ones that did not comply to it. Nonetheless, it is 

important to refer to the signs of our point estimates as they can be highly informative of 

differential effects of electricity on labor market dynamics. 
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Table 11. Child labor around 85% coverage rate in each sample 

 

On the one hand, for units located in initially poorer municipalities (the ones that complied 

to the low HDI criterion) electricity access reduces children labor, though not significantly as 

mentioned before. On the other hand, the estimates for children employment likelihood in 

observational units located in municipalities that did not comply the low HDI criterion (initially 

less poorer municipalities) are positively signed. This result is interesting since it opens the 

question of how different labor markets respond to a change as important as electriciy access 

and it can also suggest that the use given to electricity may be different depending on the initial 

context of the municipality. For instance, in poorer municipalities access to electricity may allow 

parents to find a job that was not readily available before and thus translate into a lower need 

for children to be employed. Whereas in richer municipalities that already had fairly good labor 

market and development conditions, increased electricity access can further boost employment 

and increase incentives to work and the opportunity cost for studying, hence increasing children 

labor.  

Ideally, we would assess how the effects on child labor come about as Dinkelman (2011) 

does by analyzing migration and wages in the wake of electricity projects, yet this analysis is out 

of the scope of our document. However, it is important to bear this result in mind as it suggests 

that electricity access may be generating unwanted effects on the municipalities located around 

the cutoff and they can also be driving the lack of results found on attendance rates.  

 

 

 

(1) (2)

HDIm>state average HDIm<state average

Had a payed job in reference week (10 to 14 y/o) 0.014 -0.012

(0.018) (0.009)

Mean of dependent variable 0.04 0.04

N 4,331 78,434

Had a payed job in reference week (15 to 17 y/o) 0.036 -0.008

(0.035) (0.013)

Mean of dependent variable 0.14 0.15

N 2,341 45,749

Child labor in 2010 around 85% coverage rate

Robust standard errors clustered at the municipality level are shown in parentheses. The independent variable is covbelow an indicator 

variable that takes the value of one if the individual is in a municipality that complies the coverage criterion of the LPT program. All 

estimates include federation fixed effects and control variables (sex, age and years of schooling of the household head). 

Significant at 10% (*). Significant at 5% (**). Significant at 1% (***).  
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Figure 9. Child labor around 85% coverage rate in each sample 

a. Children between 10 and 14 

 

b. Children between 15 and 17 

 

 

7. Robustness checks 

7.1 Robustness around the cutpoint 

As it was explained earlier in this document and following the work of Ludwig and Miller 

(2007) the usual concern about assignment variable validity does not seem to be an issue in our 

regressions since the cutoff variable and threshold were established independently from 

invidivuals and schools and were determined in a period prior to the one we cover (2010). 

However, another matter worth considering is the election of the bandwidth and the 

responsiveness of the dependent variables when the sample is restricted in a different range 

around the 85% coverage rate cut. Additionally, even if our linear fit and non parametric 

regressions seem to show the discontinuities at the cut point it is relevant to assess if the results 

hold when another bandwidth is chosen and once the data is fitted with different polynomial 
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orders around the cutoff. Results from these robustness tests are presented in tables 1 through 

4 and Figure 1 of Appendix C. In Table 1 and Table 2 we find that the results in literacy and 

approval rate for 9th grade hold when using a second order polynomial, while, results for approval 

rates in 5th grade vanish when fitting the data at this functional form. Likewise, results for 

standardized test scores hold only when a third order polynomial is used to fit the data. Relating 

to bandwidth selection, Table 3 and Table 4 show that our results remain significant for literacy, 

approval rates and test scores in other bandwidth ranges, the most robust result appears to be 

the one associated with 5th grade approval rates and test scores in all levels and subjects which 

hold in the widest bandwidth we explore. These results suggest that our estimations can be quite 

sensible to sample selection and that literacy and 9th grade approval rates results are highly local 

and seem to hold only within a very close turf around the cutpoint.  

7.2 Falsification test 

An additional way to assert the validity of our assignment variable is to show that it had 

little or no incidence on the dependent variables in other periods of time. To test this we use the 

National and School Census round for year 2000 and evaluate the effect of lying below the cutoff 

for all of our five educational outcomes, these results are shown in Table 5 and Table 6 of 

Appendix C. The parameter of interest is only significant in the case of years of study and 

approval rates for 5th grade, however, in this case effect is small and significant at the 10% only. 

Additionally, the coefficients seem to be headed in a different direction to the one we encounter 

at least in the case of approval rates for 5th grades. Though this result could represent a threat to 

our empirical strategy we consider that the statistical significance associated with it has no 

intuitive support as there were no additional reasons to believe that this cut point could have 

determined variations in educational outcomes around the 85% coverage rate. 

 

8. Conclusion 

In this paper we exploit the exogenous variation in rural electricity access generated by the 

LPT program in Brazil to address electrification effects on educational outcomes. We use data 

from the National and School Census for 2010 and Prova SAEB standardized scores for 2011 

and study different educational results for children: school attendance, literacy, years of 

schooling, approval rates and test score results for 5th and 9th graders through a RD design. More 

specifically, we take advantage of the fact that between 2003 and 2010 the program established 
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a rule that gave priority to electrification projects that took place in municipalities that had a total 

electricity coverage rate below 85% in 2000. Given this rule and an additional program 

priorization criterion related to low municipal HDI in 2000, we divide our sample according to 

compliance to this low HDI rule and to the low coverage rule that determines the cutoff point 

in our model. We find empirical evidence that Portuguese (Math) test scores for students located 

in municipalities below the cutoff defined by LPT increase by 0.5 sd (0.7 sd) for 5th graders and 

by 0.8 sd (1.3 sd) for 9th graders. Likewise, students priorized by the program are 8 pp more likely 

to be literate and schools lying below the cutoff have approval rates in 5th and 9th grade higher 

by about 14 pp and 12 pp (16% and 13% at the mean), respectively. We explore different 

channels for the effects of electricity in education in rural areas of Brazil and find that our results 

are mainly driven by electrification access within schools and by changes induced by this service 

on technological appliance use in school activities.  

Even though our main empirical strategy points towards positive effects of electricity on 

educational outcomes further research is needed to quantify the benefits derived from improved 

academic performance and compare them with the high costs associated with the LPT program. 

Also, it would be worth analyzing electrification effects on an intensive margin (e.g: hours 

devoted to studying or reading at night, number of activities at school performed with 

computers, changes in household income), to delve into a more profound study on the 

conditions that assure that individuals take full advantage of the benefits of electrification and 

the circumstances that enable electricity access to translate into better academic performance 

and educational outcomes.    

Our results contribute to the scarce literature regarding rural electrification effects mainly 

because we evaluate these effects on a broad set of variables, including standardized test scores, 

which as far as we know have been unexplored. Moreover, our strategy proposes RD design as 

a new way of dealing with endogeneity bias inherently present in this type of public service 

provision analysis. Most importantly, we add sound evidence to the microeconometric literature 

that emphasizes on the importance of school infrastructure and the use of technological tools 

on the improvement of academic performance. Which, in other words, highlights the 

importance of ICT use on modern education.  

Regarding program impact, we can conclude that LPT effectively generated variations in 

electricity access and use within schools but we can also highlight the lack of impact on other 

ICT variables and appliances inside schools and households. In this instance, it is important to 
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acknowledge that public policy strategies regarding access to electricity should be accompanied 

with multiple strategies that help rural communities understand the appropiate way to use and 

harness all the benefits that electricity can bring. More specifically, noting that electricity did not 

contribute much to the use of electrical gadgets and appliances at home or in child labor that 

can make a great difference in educational quality and attainance is a proof that transitioning 

from no energy to modern electricity access may be slow and not straightforward. 
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Appendix A 
 

1. LPT priorization criteria 

 

I. Rural electrification projects in municipalities with a total electrification rate below 85% 

according to data in the 2000 National Census  

II. Rural electrification projects in municipalities with a HDI (Human Development Index) 

below the federation’s average (Brazil is divided into more than 5,500 municipalities 

distributed across 27 federative units) 

III. Rural electrification projects that benefit areas located near hydroelectric dams 

IV. Rural electrification projects directed to increase electricity productivity and that 

promote local development 

V. Rural electrification projects in public schools, health posts and water wells 

VI. Rural electrification projects that attend rural settlements 

VII. Rural electrification projects that contribute to the development of family agriculture 

VIII. Rural electrification projects directed to small and medium farmers 

IX. Rural electrification projects in rural villages that stopped being benefited by other 

electrification initiatives due to lack of resources 

X. Rural electrification projects for population living in Natural Conservation Units 

(Unidades de Conservação da Natureza) 

XI. Rural electrification projects in areas of specific use by special communities, such as, 

racial minorities, remaining communities from quilombos, etc 

 

2. Construction of Figure 3  
 

The data we used to create Figure 3a was ANEEL’s second edition of the “Atlas of 

Electric Energy in Brazil” (Atlas de Energía Elétrica do Brasil) published in 2005. In the second 

chapter called “Institutional Aspects” there is an extensive explanation of the electric system in 

Brazil until 2003, how the electric grid worked, the different types of systems that composed it, 

how electricity generation, transmission and distribution functioned and the authorized energy 

distributors in the country. Since the data we needed to build the map shown in Figure 3a was 

not available in a GIS compatible format we used all the information in the Atlas relating to 



 

 

43 

transmission lines and traced each line “manually” using Google Earth to generate a .kmz file to 

be imported into ArcGis and build the map shown in Figure 3a. To accomplish this we used 

Table 2.4 of the Atlas which details the extension of each transmission line and where its start 

and end points were located, this is, exactly in which two municipalities were the substations that 

linked each transmission line. Since we only had information about the municipality of these 

substations and not the exact geographic point inside the municipality where the transmission 

line started, we traced each line using the centroids of each municipality as our approximation 

of the start and end points. Now, regarding Figure 3b, since the information is more recent, we 

were able to download the data from ANEEL in a GIS compatible format, thus, it was possible 

to import it into ArcGis and generate the map shown in this figure. 

 

Appendix B 

Figure 1. School level variables around 85% coverage rate 
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Table 1. School level variables around 85% coverage rate 

 

Figure 2. School level variables around 85% coverage rate  

  

 

 

 

 

 

 

(1) (2)

HDIm>state average HDIm<state average

Students per teacher -0.232 -0.297

(1.668) (0.502)

Mean of dependent variable 19.27 19.59

N 567 6,951

Number of computers -1.434 0.866

(1.991) (0.671)

Mean of dependent variable 5.57 4.97

N 119 1,476

Robust standard errors clustered at the municipality level are shown in parentheses. The independent variable is 

covbelow  an indicator variable that takes the value of one if the school is in a municipality that complies the 

coverage criterion of the LPT program. All estimates include federation fixed effects and control variables (number 

of students, number of teachers). 

Significant at 10% (*). Significant at 5% (**). Significant at 1% (***).  

School level variables around 85% rate in each sample
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Figure 3. Household level variables around 85% coverage rate  
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Appendix C 

Table 1. Educational outcomes around 85% coverage rate with different polynomial order fit 

 

Table 2. Test score results around 85% coverage rate with different polynomial order fit 

 

Table 3. Educational Outcomes around 85% coverage rate in different bandwidth selections 

 

Polynomial order 2 3 2 3

Attends an educational institution (=1) 0.057 0.074 0.022 0.025

(0.085) (0.162) (0.009)** (0.012)**

Can read and write (=1) 0.118 0.148 0 0

(0.055)** (0.144) (0.014) (0.016)

Years of schooling -0.403 -1.095 0.172 0.124

(0.618) (1.19) (0.087)** (0.123)

 Approval rate (5th graders) 0.942 -0.707 -1.825 -2.813

(5.719) (14.565) (2.658) (3.194)

 Approval rate (9th graders) 16.472 13.766 1.127 0.489

(4.693)*** (12.292) (2.29) (2.916)

HDIm>state average

(1)

Effects of the rural electrification rate on schooling variables and approval rates

(2)

Robust standard errors clustered at the municipality level are shown in parentheses. The independent variable is covbelow an indicator variable that takes the value of 

one if the unit is in a municipality that complies the coverage criterion of the LPT program. All estimates include federation fixed effects and control variables according 

to each sample. National census controls are sex, age and years of schooling of the household head and School census controls are number of students, number of teachers 

and library access at school.

Significant at 10% (*). Significant at 5% (**). Significant at 1% (***).  

HDIm<state average

Polynomial order 2 3 2 3

5th grade

Portuguese -4.918 6.141 0.039 -0.004

(0.362)*** (0.895)*** (0.068) (0.087)

Math -7.696 11.152 0.08 0.049

(0.485)*** (1.064)*** (0.079) (0.102)

9th grade

Portuguese -2.194 23.945 0.033 -0.019

(0.688)*** (4.001)*** (0.059) (0.074)

Math -2.896 25.787 0.023 -0.063

(0.719)*** (4.545)*** (0.064) (0.084)

Effects of the rural electrification rate on standardized test scores

(1) (2)

Robust standard errors clustered at the municipality level are shown in parentheses. The independent variable is covbelow an indicator 

variable that takes the value of one if the individual is in a municipality that complies the coverage criterion of the LPT program. All 

estimates include federation fixed effects and control variables (sex, age and parents' literacy). 

Significant at 10% (*). Significant at 5% (**). Significant at 1% (***).  

HDIm>state average HDIm<state average

HDIm>state average HDIm<state average HDIm>state average HDIm<state average

National Census

Attends an educational institution (=1) -0.087 0.022 0.038 0.007

(0.059) (0.011)** (0.028) (0.005)

Mean of dependent variable 0.92 0.934 0.935 0.93

N 3,127 67,531 16,700 256,203

Can read and write (=1) 0.084 -0.006 0.04 -0.001

(0.033)** (0.013) (0.028) (0.008)

Mean of dependent variable 0.85 0.85 0.83 0.84

N 3,582 79,905 16,700 256,203

Years of schooling -1.189 0.097 -0.304 0.111

(0.430)** (0.101) (0.192) (0.048)**

Mean of dependent variable 2.64 2.42 2.87 2.38

N 8,506 185,926 42,449 706,032

School Census

 Approval rate (5th graders) 15.67 -1.731 7.756 -1.153

(1.323)*** (2.598) (3.831)** (1.383)

Mean of dependent variable 83.79 86.16 86.45 86.31

N 225 3,822 1,489 11,858

Approval rate (9th graders) 18.622 0.835 3.449 -0.829

(3.109)*** (2.091) (3.914) (1.389)

Mean of dependent variable 87.07 89.35 89.178 89.176

N 85 1,034 508 3,033

Half bandwidth One and half bandwidth

Educational outcomes around 85% coverage rate

Robust standard errors clustered at the municipality level are shown in parentheses. The independent variable is covbelow an indicator variable that takes the value of one if the 

unit is in a municipality that complies the coverage criterion of the LPT program. All estimates include federation fixed effects and control variables according to each sample. 

National census controls are sage, sex and years of schooling of the household head and School census controls are number of students, number of teachers  and library access at 

school.

Significant at 10% (*). Significant at 5% (**). Significant at 1% (***).  
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Table 4. Test score results around 85% coverage rate in different bandwidth selections 

 

Table 5. Educational outcomes in 2000 around 85% coverage rate (National Census) 

 

 

 

 

 

 

 

 

HDIm>state average HDIm<state average HDIm>state average HDIm<state average

5th Grade

Portuguese -0.602 0.025 0.711 0.044

(0.070)*** (0.07) (0.178)*** (0.045)

Mean of dependent variable -1.41 -1.51 -1.54 -1.5

N 1,241 13,349 5,292 41,084

Math -0.865 0.046 0.901 0.076

(0.106)*** (0.079) (0.229)*** (0.05)

Mean of dependent variable -1.12 -1.21 -1.3 -1.19

N 1,241 13,349 5,292 41,084

9th Grade

Portuguese 1.639 0.024 0.767 0.023

(0.112)*** (0.051) (0.164)*** (0.042)

Mean of dependent variable -0.52 -0.57 -0.6 -0.56

N 697 9,917 4,131 30,897

Math 1.265 0.012 1.248 0.039

(0.124)*** (0.062) (0.203)*** (0.047)

Mean of dependent variable -0.39 -0.42 -0.47 -0.41

N 697 9,917 4,131 30,897

Robust standard errors clustered at the municipality level are shown in parentheses. The independent variable is covbelow an indicator variable that takes 

the value of one if the individual is in a municipality that complies the coverage criterion of the LPT program. All estimates include federation fixed effects 

and control variables (sex, age and parents' literacy). 

Significant at 10% (*). Significant at 5% (**). Significant at 1% (***).  

Standardized test scores around 85% coverage rate

Half bandwidth One and half bandwidth

(1) (2) (3)

All sample HDIm>state average HDIm<state average

Attends an educational institution (=1) 0.036 0.007 0.034

(0.019)* (0.057) (0.020)*

Mean of dependent variable 0.85 0.82 0.84

N 209,647 11,893 197,754

Can read and write (=1) -0.013 0.001 -0.013

(0.015) (0.059) (0.015)

Mean of dependent variable 0.71 0.70 0.71

N 209,647 11,893 197,754

Years of schooling 0.102 -1.06 0.122

(0.067) (0.413)** (0.066)*

Mean of dependent variable 3.34 3.50 3.35

N 404,007 21,840 382,167

Educational outcomes from the National Census in 2000 around  85% coverage rate

Robust standard errors clustered at the municipality level are shown in parentheses. The independent variable is covbelow an 

indicator variable that takes the value of one if the individual is in a municipality that complies the coverage criterion of the 

LPT program. All estimates include federation fixed effects and control variables (sex, age and years of schooling of the 

household head). 

Significant at 10% (*). Significant at 5% (**). Significant at 1% (***).  
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Table 6. Educational outcomes in 2000 around 85% coverage rate (School Census) 

 

 

Figure 1. Educational outcomes around 85% rate with cuadratic fit at each side  

(1) (2) (3)

All sample HDIm>state average HDIm<state average

 Approval rate (5th graders) 0.521 -8.522 0.992

(1.709) (5.476) (1.704)

Mean of dependent variable 79.82 79.51 79.84

N 13,230 1,026 12,204

Approval rate (9th graders) 0.666 25.905 0.004

(1.75) (13.251)* (1.656)

Mean of dependent variable 89.5 82.88 89.96

N 872 57 815
Robust standard errors clustered at the municipality level are shown in parentheses. The independent variable is covbelow an 

indicator variable that takes the value of one if the school is in a municipality that complies the coverage criterion of the LPT 

program. All estimates include federation fixed effects and control variables (number of students, number of teachers, access 

to water and sewage at school and library access at school). 

Significant at 10% (*). Significant at 5% (**). Significant at 1% (***).  

Educational outcomes from the School Census in 2000 around 85% coverage rate 
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