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This paper provides the first experimental evidence that household electrification leads to
substantial reductions in indoor air pollution. Two years after electricity rollout, we
measured overnight fine particulate matter (PM2.5) concentration, which was on average
66% lower among households that were randomly encouraged to connect to the electrical
grid compared to those that were not. As a result, prevalence of acute respiratory infec-
tions among children under six was 8-14 percentage points lower in the former group. We
find suggestive evidence that these changes are at least partly driven by reductions in
kerosene use.

& 2017 Elsevier Inc. All rights reserved.
1. Introduction

In 2009, 1.3 billion people lacked access to electricity at home (International Energy Agency, 2011). At night, house-
holds with no access to electricity make do mostly with candles or kerosene lamps to satisfy their illumination needs.
These sources of light provide poor illumination and, more importantly, emit high amounts of pollutants that are harmful
to human health.1 In fact, indoor air pollution (IAP) is the third leading risk factor for global disease burden, after high
blood pressure and smoking (Lim et al., 2013).2 Some studies show that kerosene lamps have the potential to increase
indoor concentrations of fine particulate matter (PM2.5) to levels well above those recommended as safe the by the World
Health Organization (Lam et al., 2012a; Apple et al., 2010). Furthermore, a growing body of evidence has suggested that
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the smoke from kerosene may be more toxic than other sources of residential smoke, including biomass (see e.g. Lam
et al., 2012b; Pokhrel et al., 2010; Bates et al., 2013; Epstein et al., 2013). Therefore, changes in PM2.5 concentration arising
from changes in kerosene use have the potential to affect health, although there is still little research from the medical
and public health field.

Given the stylized fact that lighting is one of the first uses for electricity in newly electrified areas (see e.g. Bernard, 2012;
Barnes, 2007; Independent Evaluation Group, 2008), electrification is expected to decrease IAP by replacing traditional
sources of lighting, like kerosene, candles, and wood sticks. The potential health effects stemming from this reduction are
often put forth among the main benefits of electrification (van de Walle et al., 2013); however, there is no solid empirical
evidence to date to support this claim. Our paper contributes to filling this gap by providing the first experimental estimates
of the relationship between household electrification and indoor air pollution. To investigate this key question, we collected
a uniquely rich dataset on minute-by-minute fine particulate matter (PM2.5) concentration within the frame of a clean
experimental design.

Our research question is situated within the broader area of the effects of electrification, an active area of research in
which the debate is far from settled (for an excellent review, see Wolfram et al., 2012). The substantial public investments
in rural electrification3 have usually been justified based on the assumed benefits to health, education, and income;
however, most of the empirical evidence on which these claims are based is weak (Bernard, 2012; Independent Evaluation
Group, 2008), and the more recent literature shows mixed results. Some recent evidence suggests that electricity may
save time spent on household chores, thus increasing female labor supply (Dinkelman, 2011; Grogan and Sadanand,
2012), or that electricity leads to improvements in educational outcomes, consumption, and income (e.g. Khandker et al.,
2013; van de Walle et al., 2013). Other recent studies find no such relationships (e.g. Bernard and Torero, 2015; Bensch
et al., 2011; Burlig and Preonas, 2016).4 Furthermore, Lee et al. (2016b) suggest that residential electrification in Kenya
may even reduce social welfare.

Our estimates provide the first experimental evidence that household electrification leads to substantial improve-
ments in indoor air quality. We conducted a randomized encouragement design, which consisted in offering electrical
connection subsidies to a randomly selected subset of study households, with the aim of generating exogenous var-
iation in connection rates across group. Households were surveyed annually for a period of five years, from November
2009 to November 2013. By round three of our study, two years after electricity rollout, the encouraged group's con-
nection rate was 19 percentage points higher than that of non-encouraged households. As a result, PM2.5 concentration

during the evening and early morning5 in households’ main evening-living area was 66% lower than non-encouraged
households. The reduction arising from our model is consistent with changes in raw means. Average PM2.5 concentration

in encouraged households was 0.18 mg/m3, while in non-encouraged households the figure was 0.45 mg/m3. Both figures

are above the World Health Organization's (WHO) air quality guidelines (0.025 mg/m3 for 24-hour mean and

0.010 mg/m3 annual mean), which reflect the concentrations at which PM2.5 is expected to increase mortality rates

(WHO, 2006). In fact, there is little evidence to suggest a threshold below which no adverse health effects could be
expected. However, the decrease in overnight PM2.5 concentration resulted in a sizable reduction in acute respiratory

infections (ARI) among children under six.6

By round 4, the effect of voucher allocation on electrification is half of the previous round and loses statistical sig-
nificance, indicating that non-encouraged households had largely caught up with encouraged households. The differences
in overnight PM2.5 concentration and ARI prevalence are not statistically significant either. Both variables show lower
levels toward the end of our study, which is suggestive that electrification had similar effects in the non-encouraged
group as it had in the encouraged group. Despite the significance patterns align with our main argument, it is worth
noting that the point estimates do not: the coefficient on PM2.5 concentration is essentially zero while the coefficient on
ARI is positive. This apparent contradictions could be due to insufficient sample size or the need for more persistent
effects of voucher allocation on connection.

The remainder of this document is organized as follows. Section 2 presents the study setting and discusses the data.
Section 3 presents the econometric approach. We report the main results in Section 4. Section 5 discusses effect size and
threats to validity, and Section 6 concludes.
3 For instance, the World Bank recommends investing $10 billion per year between 2010 and 2020 to the production and distribution of electricity in
rural areas in Africa (World Bank, 2009). Given that the institution aims to provide 250 million people across Africa with modern sources of energy by 2030
(World Bank, 2007), understanding the effects of electrification is of urgent importance.

4 A more recent stream of literature studies the association between electricity reliability and firm behavior (Allcott et al., 2016; Barron, 2017) and
household satisfaction (Aklin et al., 2016).

5 From 5 p.m. to 7 a.m. the next morning.
6 In Section 2.1 we discuss the possibility of spillovers affecting our findings. In Appendix Table A2 we show that the results of our preferred speci-

fication are unaffected by the inclusion of the share of eligible voucher-recipient neighbors within a 100 m radius of the household.
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2. The study setting

2.1. The electrification program and experimental design

The study took place during a grid extension and intensification program in northern El Salvador that started in late
2009. The program was designed to be rolled out in three phases according to construction costs and accessibility. The El
Salvadorian government covered the installation costs up to the electric meter; households had to pay for their internal
wiring, as well as a fee for a safety certification. The fee for the safety certification is around US$ 100, roughly 13% of annual
per capita income in our sample.7

The sample used in this study is part of a larger study, in which 4800 households from Northern El Salvador were
surveyed, using the 2007 national census as a sampling framework. The household survey implemented for the larger
study includes data on demographic characteristics, health, education, housing, energy use, income, and consumption,
among other variables. Strict training sessions were conducted to ensure high quality in data collection, which was
conducted with handheld computers. Enumerators were trained and selected by the authors with the assistance of DI-
GESTYC (the Salvadorian Bureau of Statistics) and IFPRI staff. The indoor air pollution data described below were collected
by a subset of enumerators, who underwent additional special training to this end. The baseline household survey was
fielded in November and December 2009. Follow-up surveys were fielded in the same months in 2010, 2011, 2012, and
2013 (rounds 2, 3, 4 and 5, respectively).

The experimental sample consists of 500 households randomly selected from the set of off-grid households from San
Miguel and Chalatenango, two departments that were part of the larger study described in the preceding paragraph. San
Miguel is divided into 179 subdistricts (cantones in Spanish), and Chalatenango is divided into 221. According to the 2007
Census, average population per subdistrict is 2410 people in San Miguel, and 868 in Chalatenango. These departments were
selected for the experimental study because they had the highest number of program beneficiaries and were also scheduled
to benefit earliest from the program. We generated experimental variation in the connection fee by offering discount
vouchers to a randomly selected sub-sample. We randomly allocated 200 low-discount vouchers (20% discount) and 200
high-discount vouchers (50% discount), and left the remaining households as the control group (N ¼ 100). In Barron and
Torero (2013), we find that voucher value had very little effect on take-up; so for the sake of parsimony, in what follows, we
pool both groups into one. Vouchers were valid for a discount toward the safety certification fee, to be reimbursed after
households paid the full cost. Each voucher displayed the name and address of the beneficiary; vouchers were non-
transferable and were valid for 9 months.8 Selected households received the discount vouchers a few weeks after the
baseline survey, in a separate visit by personnel from a local NGO not linked to the survey or our enumerators. To prevent
the control group from delaying their adoption decisions because they expected to receive a discount voucher in the future,
the field staff was explicit in explaining to voucher recipients that all existing vouchers had already been assigned to
households. Voucher recipients followed the same procedure as the general public when applying for a grid connection,
taking their receipt to the NGO for reimbursements. Hence, neither inspectors nor the electric company had reasons to
prioritize voucher recipients.

Voucher allocation could generate positive or negative spillovers. Positive spillovers could arise if, for instance, house-
holds become more prone to connect to the grid by observing their (voucher recipient) neighbors connect, through a
combination of social learning and imitation effects like those documented in Ethiopia by Bernard and Torero (2015).9 On
the other hand, negative spillovers could arise if vouchers increased formal connection rates in a neighborhood, facilitating
access to informal connections. In our study sites, informal connections consist of a series of extension cables connected to
each other and plugged into a neighbor's electrical sockets. At baseline, the median informally connected household had
three light bulbs and a total of five household environments (living room, bedrooms, kitchen, and bathroom). Hence, their
illumination needs were likely met only partially with electric lighting. For our purposes, households with informal con-
nections were treated as off-grid.

To test whether electrification affected health, we analyze the prevalence of acute respiratory infections (ARI) among
children under six. This variable was measured as the 2-week recall by the primary caregiver, and was measured at rounds
2 through 5.

2.2. Data and summary statistics

Table 1 reports the main summary statistics at baseline. Column (1) reports the means and standard deviations for the
full electrification sample, while columns (2) and (3) report the respective figures for the voucher allocation and indoor air
quality subsamples. In what follows, the analysis is conducted with households from the last two columns. In Appendix
7 Regrettably, the survey does not include information on the cost of internal wiring.
8 In a handful of cases there was a slight delay in the implementation of the program, so the expiration date was extended for the households located

in those subdistricts.
9 Social learning would occur if households observed the private benefits of electrification, like better illumination, less smoke at night, better food

availability, or more enjoyable leisure time, from their neighbors. Imitation effects, also known as “preferences interactions”, are similar to a “keeping-up
with the Joneses” story: a household wants electricity because its neighbors have it.
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Table 1
Baseline summary statistics.

Not connected Voucher subsample Air quality subsample

Households 2014 494 154
Age of household head 49.02 49.54 48.18

(17.55) (16.82) (17.49)

Household head is male 0.68 0.69 0.73
(0.47) (0.46) (0.44)

Average age in household 31.23 30.80 29.84
(17.72) (17.05) (16.43)

Household size 4.34 4.53 4.64
(2.36) (2.32) (2.16)

Total dependency ratio 0.44 0.45 0.42
(0.28) (0.27) (0.26)

Maximum schooling in the household 5.47 6.05 5.90
(4.35) (4.34) (4.23)

Schooling of the household head 2.23 2.36 2.53
(3.55) (3.47) (3.71)

Household head is literate 0.48 0.54 0.57
(0.50) (0.50) (0.50)

Income pc, 1000USD per year 0.65 0.77 0.62
(1.72) (4.01) (1.11)

Monthly expenditure in kerosene 2.49 2.11 2.13
(4.17) (3.90) (3.65)

Monthly expenditure in propane 1.82 2.09 1.96
(2.86) (2.96) (3.15)

Monthly expenditure in candles 0.50 0.46 0.36
(1.65) (1.57) (1.32)

Monthly expenditure in car battery recharge 0.12 0.08 0.12
(0.65) (0.56) (0.65)

Cooks with wood 0.72 0.74 0.74
(0.45) (0.46) (0.46)

Informal electricity 0.46 0.38 0.46
(0.50) (0.49) (0.50)

Agrees with the following statement
Electricity illuminates better than kerosene. 0.95 0.96 0.96

(0.22) (0.20) (0.20)

Powering a TV is cheaper with electricity than with battery. 0.76 0.79 0.81
(0.43) (0.41) (0.39)

Cooking with electricity is not convenient. 0.58 0.52 0.53
(0.49) (0.50) (0.50)

Electricity is very expensive. 0.52 0.49 0.54
(0.50) (0.50) (0.50)

Woodsmoke generates respiratory problems. 0.88 0.86 0.86
(0.32) (0.35) (0.35)

Kerosene is not an expensive source of lighting. 0.34 0.35 0.41
(0.48) (0.48) (0.49)

Kerosene is the best way to illuminate my household. 0.22 0.21 0.25
(0.41) (0.41) (0.43)

Source: Household Electrification Survey.

M. Barron, M. Torero / Journal of Environmental Economics and Management ∎ (∎∎∎∎) ∎∎∎–∎∎∎4
Table A1, we show that average characteristics are balanced across encouragement groups and within subdistrics. House-
hold heads are on average 50 years old; 69% of them are male and have 2.4 years of schooling on average (almost half of
them are illiterate). The average age in the households is 30.8, and households are composed by 4.5 members, with a total
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dependency ratio of roughly 0.45. Annual per capita income is around US$770, roughly US$2.11 per person per day.
The main sources of energy expenditure are kerosene (US$2.11 per month), mainly used for lighting, and propane (US

$2.09 per month), mainly used for cooking, followed by candles (US$0.46/month) and car battery recharging (US$0.08/
month), in some cases used to power TV sets. Thirty-eight percent of households had informal access to electricity at
baseline. This was possible since some households in our study sites had formal access to electricity. Eleven percent of
households in our study sites had formal connections. This is likely a lower bound to the true electrification rate, since we
interviewed households that were reported as off-grid in the 2007 census.

Next, we review some perceptions toward energy. The vast majority of households (96%) considered electricity a better
source of light than kerosene, but one-third of them said kerosene was an inexpensive alternative and 22% said it was the
best way to illuminate their dwelling. Use of wood for cooking was reported by 70% of households, despite most of them
(87%) agreeing that wood smoke generates respiratory problems.

The share of households that were successfully interviewed in follow up surveys was 87% in round 2, 88% in round 3, 93%
in round 4 and 90% in round 5. There were no statistically significant differences in attrition across treatment groups.

2.3. Fine particulate matter

This study's main outcome of interest is PM2.5 concentration, which is particulate matter (PM) with a diameter of
2.5 microns or less (1 micron¼0.001 millimeters). Particulate matter, also known as particle pollution, is a complex mixture
of small particles and liquid droplets composed of potentially hundreds of chemicals. Given the complexity of their com-
position, particles are mainly classified according to their size. Particles of a diameter between 10 and 2.5 microns are also
known as “coarse particulate matter” or “inhalable coarse particulate matter” (PM10), while particulates of a diameter under
2.5 microns are known as “fine particulate matter” (PM2.5). The WHO's air quality guidelines limit average PM2.5 exposure to

0.025 mg m/ 3 over a 24-hour period and 0.010 mg/m3 over a year (WHO, 2006). There is little evidence to suggest a threshold
below which no adverse health effects could be expected,10 but PM2.5 concentrations beyond the guidelines levels are
expected to increase mortality rates (Ibid.).

Particle size is inversely linked to its potential for causing health problems. Both PM10 and PM2.5 can pass through the
throat and nose and enter the lungs; however, being smaller, PM2.5 can get deeper into the lungs and can also enter the
bloodstream, thus causing more damage than PM10. Both PM10 and PM2.5 have been shown to cause or aggravate heart and
lung diseases. Further, there is evidence that they weaken the immune system, making the body more vulnerable to disease
in general (Pokhrel et al., 2010). Other than by size, particles that compose particulate matter are usually classified as
primary or secondary. Primary particles are emitted directly by a source, like kerosene lamps, cookstoves, unpaved roads, or
construction sites. The outcome of interest in this paper falls in this category. Secondary particles, on the other hand, are
formed in the atmosphere as the result of sulfur dioxides and nitrogen oxides emitted from power plants, industries, and
automobiles. Secondary particles account for most of the particulate matter in developed countries, while the converse is
arguably true in developing regions.

2.4. PM2.5 measurement

A central part of the project consisted of collecting data on overnight PM2.5 concentration. We randomly selected 200
study households for PM2.5 measurement, out of the 500 households that were considered for voucher allocation. Our
reasons for not selecting the whole sample were both logistical and budgetary. Measurements for these households were
collected during rounds 3, 4, and 5 of the household survey. In each household, we measured minute-by-minute PM2.5

concentration from 1700 hours to 0700 hours the next morning in the main evening-living area, defined as the room in
which household members spent most of their time awake during the evening hours. In the majority of cases, this was the
living room, although in a handful of cases it was the main bedroom. Measurements were conducted with the University of
California at Berkeley Particle and Temperature Sensor (UCB-PATS), a small, portable, non-intrusive data-logging particle

monitor for indoor environments. It uses a photoelectric detector to measure PM2.5 concentrations down to 0.025 mg/m3.
The UCB-PATS records PM2.5 concentration, relative humidity, and temperature at a one-minute time resolution. For details
on the development and performance of the UCB-PATS, see Litton et al. (2004); Edwards et al. (2006), and Chowdhury et al.
(2007). Since the UCB-PATS was specifically designed to measure PM2.5 emissions from biomass, using these monitors to
measure PM2.5 emissions from kerosene may introduce some degree of measurement error. In Section 3, we specify how our
econometric strategy deals with potential measurement error.

Experienced and meticulously trained enumerators visited the selected households, explained the purpose of the study,
and obtained consent to place the UCB-PATS in the home. The protocol we used to measure PM2.5 concentration is similar to
the protocol applied by Northcross et al. (2010) for cookstoves. This is a standard protocol in the cookstove literature, but
10 In fact, the low end of the range of concentrations at which adverse health effects have been demonstrated is not greatly above the background
concentration, which for PM2.5 has been estimated to be −0.003 0.005 mg/m3 in the US and western Europe (WHO, 2006).
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there is no standard protocol in place for measuring indoor air pollution emitted by kerosene lanterns. The monitor was
placed on a wall 1 m (horizontally) from the place where the lamp is usually located in the evenings, at least 1.50 m away
from any working doors or windows, and at a height of 1.50 m above the ground. In the baseline measurement, enumerators
took pictures of the placement to ensure the monitor could be placed in the same location in the follow-up visits. This
reduces the risk of generating artificial variation in PM2.5 concentrations by placing the monitor in different locations. In
Section 5.2, we discuss how we address potential threats to internal validity of PM2.5 measurements.

In follow-up measurements, the enumerators used pictures from previous rounds to place the monitors in the same
location as the baseline measurement. A data sheet was filled out with exact details on monitor height, distance, set-up
time, and pick-up time, among other information. The monitors were placed in the homes before 1600 hrs. If the monitor
was placed in a home between Monday and Thursday, it was picked up the next morning starting around 0800 hrs. If it was
placed in a home on a Friday, it was picked up the following Monday starting around 0800 hrs. Following the standard
practice in the environmental health literature, the resulting PM2.5 concentration for those households was averaged across
the three days.

In round 3 (the first PM2.5 measurement), we collected data for 75% of the selected households. In rounds 4 and 5, the
figure improved to 83 and 90%, respectively. There were no statistically significant differences in these shares across en-
couragement groups. The improvements are mostly due to the field staff improving their monitor management skills.
Monitors had to be initialized (turned on) with a laptop in the field shortly before placement, and monitor data had to be
downloaded after each measurement. When either of these steps was not performed correctly, the data for that household
was lost. In Appendix Table A4, columns 3 and 7, we restrict the IAP regression sample to households with valid data for
round 3, and the results are unchanged.
3. Empirical approach

We estimate Intent-To-Treat (ITT) effects. Given imperfect compliance with voucher assignment, these estimates re-
present lower bounds of the effects of electrification in our study setting. To analyze the effects of voucher allocation on grid
connection and energy use, we estimate:

∑β β ω ε= + × + ′ + +
( )=

X sy Voucher Round
1

its
t

t i t i st its0
2

5

0

where yits is the outcome of interest for household i at time t in subdistrict s; Voucheri is an indicator that takes on the value
of 1 if household i received a discount voucher and 0 otherwise, and Roundt is a round dummy indicating if the observation
belongs to year 2, 3, 4, or 5 of the study. Xi0 is a vector of baseline socioeconomic characteristics, sst are subdistrict-by-year
fixed effects, and εits is the disturbance term. Standard errors are clustered at the subdistrict level. Since our sample includes
29 clusters, we present results based both on standard inference and on Cameron et al. (2008)'s wild cluster bootstrap-t
procedure for small number of clusters.11

To analyze health effects, we use a similar specification to (1), with i denoting each child, and include sex and age as
additional controls.

The PM2.5 regressions are of the form:

∑β β ω ε= + × + ′ + + + +
( )=

y X s h mVoucher Round
2

igst
t

t i t i st ht mt igst0
3

5

0

yigst is the natural logarithm of PM2.5 concentration from 1700-0700 hours in the main evening-living area of the dwelling,
for household i, during minute g, in subdistrict s, at survey round t. Voucheri, Roundt , Xi0, and sst are the same as in the
preceding paragraph. In this specification, we also include hour-by-year (hht) and monitor-by-year (mmt) fixed effects.
Controlling for hour fixed effects accounts for intra-day seasonality in PM2.5 concentration. To allow this seasonality to
change at each survey round, we include hour-by-year fixed effects. Using natural logarithms of PM2.5 concentration instead
of its level reduces the scale of any potential measurement error, while monitor-by-year fixed effects account for each
monitor's potential idiosyncratic measurement error, allowing it to change at each survey round. Following Bernard and
Torero (2015), in Appendix Tables A2 and A3 (columns 3 and 7), we also control for the share of eligible neighbors receiving
vouchers to control for potential spillovers, S100. Results remain unaltered with the inclusion of this variable.
11 See also Esarey and Menger (2015).
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4. Results

4.1. Grid connections

The first two columns in Table 2 show that discount vouchers increased the probability of adoption of a formal electrical
connection by 18 and 19 percentage points in rounds 2 and 3, respectively.12 As the connection rate among the non-
encouraged group increased, the difference between encouraged and non-encouraged households diluted, losing statistical
significance. In the last two survey rounds, the difference in connection across groups was 11 and 7 percentage points,
respectively. Vouchers are individually significant in rounds 2 and 3 (at the 90% and 95% of confidence, respectively), and not
in rounds 4 or 5. Furthermore, vouchers are jointly significant at the 90% of confidence in rounds 2 and 3 (p-value ¼ 0.08),
and are not jointly significant in the later rounds.13 Thus, vouchers induced variation in the timing of adoption, not in the
final adoption rates. Table A,2 in the appendix shows that coefficient size, individual significance, and joint significance
remain essentially unaltered in a number of alternative specifications.

4.2. Overnight indoor air pollution concentration

Columns (3) and (4) in Table 2 report the main results of the paper. The dependent variable in this regression is PM2.5
concentration (in natural logarithms) between 5 p.m. and 7 a.m. in the main evening-living area.14 The level of observation
is the household-minute. By round 3, voucher recipients report drastic improvements in indoor air quality compared to the
non-encouraged group, with ( − ≈−e 11.083 )66% lower PM2.5 concentration. Consistent with the electrification results, in
rounds 4 and 5, the coefficients are close to zero and are not statistically significant. These results are unaltered under
different specifications, in particular when the data are collapsed at the household level (Appendix Table A3). However, the
standard errors are large, and the 95% confidence intervals range from �33% to þ 49% in round 4 and from �45% to 82% in
round 5, highlighting the need for a larger sample size or more persistent effects of voucher allocation on connections.

To deepen our understanding of the nature of the effects, Fig. 1 shows PM2.5 concentration by hour of the day for en-
couraged and non-encouraged households at round 3. The differences across these groups are largest from 5 p.m. to 10 p.m.,
the period of the day when artificial lighting is most needed. The differences decrease thereafter, as most household
members go to sleep around this time, and jump up again from 6am the next morning, when they wake up.

Next, we use Changes-In-Changes (CIC; Athey and Imbens, 2006) to explore the distribution of the treatment effects. The
CIC estimator for the average treatment on the treated is �0.70. Given random group assignment, this is also the average
treatment effect. The CIC estimator is consistent with the effects found among voucher recipients by round 3 (�0.66),
strengthening the internal validity of our findings to the extent that eliminating the differences in electrification rates led to
eliminating the differences in overnight PM2.5 concentration. Fig. 2 illustrates the CIC results, plotting the variation in
magnitude of treatment effects against the distribution of overnight PM2.5 concentration. The percentage reductions in the
outcome variable are of considerable size throughout the distribution. The reduction is significant starting roughly from the
20th percentile, and the reduction becomes larger starting at the 60th percentile. Hence, higher polluters experience larger
reductions once they connect to the grid, but the effects are significant for 80% of households in the sample.

4.3. Health effects

Columns (5) and (6) in Table 2 show that by round 3 the prevalence of acute respiratory infections (ARI) was 8-14
percentage points lower among children from encouraged households. Consistent with the previous findings, the effects are
jointly significant for rounds 2 and 3 at the 95% of confidence and jointly not significant for rounds 4 and 5. Given that ARI
prevalence in the study sites fell across the board from 33.2% at round 2 to 17.6% by round 5, we argue that the dilution of
the effects owes to the fact that as non-encouraged households connected to the grid, they experienced effects similar to
those seen in the encouraged group.

4.4. Energy use

Table 3 analyzes energy use patterns to shed light on potential changes in behavior that may have driven the effects
documented above. We base our conclusions on binary use indicators because truncation-at-zero of use variables raises the
issue of how to model the truncation. Appendix Table A5 shows that using available measures of intensity of use generates
similar conclusions. Column (1) shows that the fraction of households using wood for cooking did not differ significantly
12 The row corresponding to “Mean Control Group” denotes the average value of the dependent variable for non-encouraged households over the
course of the study, not at baseline as is more commonly done in the literature. This is because at baseline, electrification rate in all households was null,
and there is no data on PM2.5 concentration or ARI prevalence. For consistency, we proceed similarly in all subsequent tables.

13 Current implementations of Cameron et al. (2008)'s wild bootstrap-t method do not allow for joint hypotheses testing, so joint hypotheses are tested
only under standard inference.

14 We removed 17 households that reported average overnight PM2.5 concentrations above 4 mg/day. When they are included in the sample, the
estimated reductions are larger, but still within the confidence intervals in Table 2.
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Table 2
Main results.

(1) (2) (3) (4) (5) (6)
Connected ln(PM2.5) ARI

Panel A: Overall Effects
Voucher 0.109* 0.105* �0.150 �0.190 �0.015 �0.010

(0.058) (0.057) (0.094) (0.120) (0.059) (0.053)

Subdistrict-By-Year Fixed Effects Yes Yes Yes Yes Yes Yes
Baseline Covariates No Yes No Yes No Yes

Panel B: Effects by Round
Voucher x Round 2 0.181* 0.176* 0.051 0.070

(0.095) (0.093) (0.081) (0.105)

Voucher x Round 3 0.194** 0.190** �1.028*** �1.083*** �0.081*** �0.136**
(0.075)† (0.075)† (0.135)††† (0.138)††† (0.034)††† (0.052)†††

Voucher x Round 4 0.110 0.107 �0.008 0.005 0.042 0.081
(0.088) (0.085) (0.209) (0.208) (0.034) (0.051)

Voucher x Round 5 0.071 0.070 0.026 �0.057 0.055 0.054
(0.065) (0.063) (0.332) (0.362) (0.104) (0.122)

Subdistrict-By-Year Fixed Effects Yes Yes Yes Yes Yes Yes
Baseline Covariates No Yes No Yes No Yes
Observations 2269 2264 295,551 295,551 578 573
Number of subdistricts 29 29 21 21 26 26
Mean control group 0.48 0.48 0.24 0.24 0.21 0.21

Joint significance of vouchers
Rounds 2 and 3, p-value 0.03 0.04 N.A. N.A. 0.03 0.01
Rounds 4 and 5, p-value 0.45 0.45 0.99 0.99 0.47 0.29

Notes: Dependent variables: columns (1) and (2), indicator of formal connection; columns (3) and (4), minute-by-minute log PM2.5 concentration from 5 p.
m. to 7 a.m. in the main evening-living area; columns (5) and (6), acute respiratory infections among children under 6 (2-week recall by the primary
caregiver). Regressions in columns (3) and (4) also control for hour-of-the-day-by-year and monitor-by-year fixed effects. Baseline covariates: sex of the
household head, literacy status of the household head, use of wood for cooking and type of floor (dirt vs rest). Column (6) also controls for age and sex.
Standard errors clustered at the subdistrict level, reported in parentheses. Significantly different than zero at 90(*), 95(**), and 99(***) percent confidence
with standard inference and at 90(†), 95(††), and 99(†††) with Cameron et al., 2008's wild bootstrap-t method for small number of clusters. Source:
Household Electrification Survey.

Fig. 1. Voucher allocation and average PM2.5 concentration by hour of the day (95% Confidence Intervals), Notes: The figure shows average PM2.5 con-
centration in the main evening-living area of the home (mg/m3) by encouragement status and by the time of the day (round 3).
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across groups. The coefficients are too large to conclude a null change; however, no large changes are likely given that the
overall percentage of households using wood for cooking remained steady at around 75% throughout the study period (74%
at baseline, 77% in round 2, 76% in round 3, 75% in round 4, and 75% in round 5). Similarly, column (2) shows that the share
of households cooking with electricity did not vary across encouragement groups. In this case, the coefficients are fairly
close to zero, so large changes can be ruled-out. There are no (individual or joint) statistically significant differences across
groups in the use of propane either (column 3), but share of households using it doubled from 32% at baseline to 63% by year
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Fig. 2. Heterogeneity in Treatment Effect, CIC Model, Notes: The vertical axis measures the percentage change (1 ¼ 100%) between rounds 3 and 4 implied
by the Changes-in-Changes model. The horizontal axis indicates the percentile of overnight PM2.5 concentration in round 3 for the non-encouraged group
(i.e. households that did not receive vouchers at baseline). The solid line represents the local polynomial estimator of the effect, and the dotted lines
correspond to its 95% confidence band.

M. Barron, M. Torero / Journal of Environmental Economics and Management ∎ (∎∎∎∎) ∎∎∎–∎∎∎ 9
5, and monthly expenditures on propane rose from $1.9 to $6.1, suggesting some degree of fuel stacking (Masera et al.,
2000). Column (4) shows that voucher allocation did not affect the probability of cooking outside the home.

Columns (5) and (6) report the effects on the use of lighting sources across groups. The share of households using
kerosene for lighting decreased by 26 percentage points in round 2, although the point estimate is significant only under
standard inference, while the share of households using electricity for lighting increased by 33 percentage points in the
same round (significant at the 99% of confidence with standard inference or with Cameron et al. (2008)'s wild bootstrap-t
method).15 The changes in round 3 have similar signs, but are not statistically significant.16 Overall, the share of households
using kerosene decreased from 40% at baseline to 23% at round 2 and 15% at round 3 and then stabilized at 7–8% at rounds
4 and 5. Average monthly expenditures on kerosene followed a similar trend, falling from $2.50 at baseline to $1.20 in round
2, $0.73 in round 3, and stabilizing around $0.30–0.40 at rounds 4 and 5. Although this evidence is far from conclusive, taken
as a whole it is suggestive that changes in kerosene consumption may account for a non-trivial part of the effects found in
Table 3. Reductions in kerosene use have important health implications because, although kerosene is commonly considered
a cleaner alternative to biomass, emissions from kerosene-burning devices are harmful to human health. Aside from PM2.5,
kerosene emissions include carbon monoxide (CO), nitric oxides (NOX), and sulfur dioxide (SO2) (Schare and Kirk, 1995; Fan
and Zhang, 2001; Röllin et al., 2004). These pollutants can impair lung function and increase infectious illness, asthma, and
cancer risks (Lam et al., 2012a).
5. Discussion

5.1. Effect size

In this section, we discuss the magnitudes of the coefficients in Table 2. Voucher allocation reduced overnight PM2.5
concentration by 66% and increased connections by 19 percentage points. Thus, the implied IV coefficient suggests that
electrification led to a reduction of 95% in PM2.5 concentration between 5 p.m. and 7 a.m. in the main evening-living area of
the home, in most cases the living room. We argue that in this room, and during this time of the day, artificial lighting may
very well account for the largest share of PM2.5 emissions. Besides lighting, the other two main sources of indoor air pol-
lution worldwide are cooking and heating (Lam et al., 2012b). Households in our study sites do not use artificial heating;
moreover, our survey data shows that the average household in the sample finishes cooking by 6:02pm, and that cooking
takes place in the kitchen, which is separate from the living room. Some emissions from cooking may filter through during
the day and linger in the living room, but there is no reason to believe that PM2.5 concentration in the living room would
depend more on filtrations from biomass burning during the day than from direct use of kerosene lamps in that room
during the evenings. In any case, since cooking practices did not statistically change between encouraged and non-
15 Appendix Table A6 shows that during rounds 2 and 3 vouchers did not affect other lighting choices like the number or type of light bulbs (in-
candescent, fluorescent, or LED). There seems to be a substitution of incandescent light bulbs for LED lights toward the end of our study.

16 The declining effect on kerosene may indicate a story of selection, in which households with the most to gain from electrification (those with the
highest kerosene use) took up the vouchers early on.
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Table 3
Effects on energy use.

(1) (2) (3) (4) (5) (6)
Cooking fuel Lighting fuel

Wood Electricity Propane Cook outside Kerosene Electricity

Voucher x Round 2 �0.241 0.003 0.249 �0.066 �0.259** 0.333***
(0.172) (0.007) (0.154) (0.090) (0.121)† (0.100)†††

Voucher x Round 3 �0.020 0.065 0.128 0.076 �0.072 0.086
(0.209) (0.047) (0.193) (0.056) (0.095) (0.156)

Voucher x Round 4 �0.123 0.008 �0.013 0.059 0.043* 0.007
(0.194) (0.014) (0.220) (0.307) (0.025) (0.120)

Voucher x Round 5 �0.250 �0.200 0.227 �0.040 0.032 0.024
(0.185) (0.279) (0.225) (0.305) (0.033) (0.131)

Subdistrict-By-Year Fixed Effects Yes Yes Yes Yes Yes Yes
Baseline covariates Yes Yes Yes Yes Yes Yes
Number of observations 573 603 729 726 729 654
Number of subdistricts 21 21 21 21 21 21
Mean control group 0.65 0.14 0.42 0.22 0.15 0.83

Joint significance of vouchers
Rounds 2 and 3, p-value, p-value 0.39 0.36 0.11 0.33 0.07 0.01
Rounds 4 and 5, p-value, p-value 0.35 0.78 0.56 0.96 0.23 0.93

Notes: Dependent variables: columns (1) binary indicator for use of wood for cooking; column (2), binary indicator for use of electricity for cooking;
column (3) binary indicator for households that cook outside the dwelling; column (4) binary indicator for kerosene use for lighting; column (5) binary
indicator for use of kerosene for lighting; column (6) binary indicator for use of electricity for lighting. All regressions control for subdistrict-by-year fixed
effects. Baseline covariates: sex of the household head, literacy status of the household head, use of wood for cooking and type of floor (dirt vs rest).
Standard errors clustered at the subdistrict level, reported in parentheses. Significantly different than zero at 90(*), 95(**), and 99(***) percent confidence
with standard inference and at 90(†), 95(††), and 99(†††) with Cameron et al. (2008)'s wild bootstrap-t method for small number of clusters. Source:
Household Electrification Survey.
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encouraged households, these filtrations are likely balanced across groups and are thus unlikely to affect the results.
Next, we show that the reductions implied by the model are consistent with the raw percentage changes in PM2.5

concentration among households in our sample. We have successful PM2.5 measurements for 85 households in rounds 3 and
4. Half of these households show raw, unadjusted reductions of 50% or higher, which suggests that the reductions estimated
by our models are indeed feasible. The average unadjusted reduction was 23%; for those households that experienced a
reduction, it was of 63%.17 We report the full histogram of these changes in Appendix Figure A1.

5.2. Threats to internal validity

There are some threats particular to our study, mainly related to measurement error in PM2.5 concentration. In the
econometric approach, we describe our strategy to account for measurement error from the PM2.5 monitors, but there are
some other potential threats to the internal validity of our results.18 First, if households were differentially aware of the
importance of PM2.5 in encouraged and non-encouraged groups, behavioral changes may explain the reduction of the dif-
ferences across groups. However, our evidence suggests that perceptions of the importance of PM2.5 were balanced at
baseline. For instance, 88% of encouraged households reported agreeing or strongly agreeing that woodsmoke is detrimental
to human health, almost the same as the non-encouraged group (85%, p-value of the difference¼0.51). As reported earlier,
other types of perceptions toward energy are also balanced across groups. In addition, vouchers made no mention of
electrification benefits, only offering reimbursement for a portion of the safety inspection fee, as described in Section 2.1.

Second, it is possible that households were initially sensitized to the monitor's location but this concern faded away over
time; and hence the estimated differences in overnight PM2.5 concentration at round 3 would not reflect actual differences in
indoor air quality. However, since we also find statistically significant effects in connection rates and ARI prevalence, it
seems unlikely that a bias of this type could be driving the results.

Third, since our measure of ARI prevalence is self-reported (reported by the survey respondent, usually the primary
caretaker), there are potential concerns about experimenter demand effects. While we cannot formally rule them out, there
are a number of reasons that together suggest experimenter effects are not driving the ARI results. First, if results were
17 Fourteen show reductions of up to 50%, and 30 households show increases in overnight PM2.5 concentration. A few households show large per-
centage increases, but these large increases correspond to households with especially low levels of overnight PM2.5 concentration at round 3. In levels,
these increases are rather small. Conditional on showing an increase in PM2.5, the average increase in levels was 0.051 mg/m3 (95% CI −0.004 0.099 mg/m3).

18 We thank the editor and an anonymous reviewer for pointing them out.
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actually driven by survey-effect biases, one would expect ARI reductions among voucher recipients to be strong and sig-
nificant from the first follow-up (in round 2), not only starting in round 3. Second, there is no robust empirical evidence to
date on the link between electrification and ARIs, so there is no special reason why interviewees would think enumerators
expected this kind of result. In addition, the survey included information on several outcomes besides health, like education,
labor, time allocation, and agricultural practices, among others. Third, any link between vouchers and IAP measurement was
further weakened because vouchers were handed by personnel from a local NGO, while the surveys were applied by DI-
GESTYC enumerators.
6. Conclusions

This paper provides the first experimental evidence that electricity leads to substantial improvements in indoor air
quality. To this end, we pair a clean experimental design with a novel dataset with minute-by-minute on fine particulate
matter (PM2.5) concentration for a sample of households in Northern El Salvador during a rural electrification program. In
this program, households had to pay a $100 fee to connect to the grid (13% of the sample annual per capita income). By
randomly allocating discount vouchers toward this fee, we generated exogenous variation in the cost of connection, and
therefore exogenous variation in access to the grid, which we exploit to examine the causal relationship between household
electrification and indoor air quality.

Our analysis leads to two main conclusions. First, household electrification leads to sizable improvements in indoor air
quality. By round 3 of our study, vouchers increased electricity connections by 19 percentage points and reduced overnight
PM2.5 in the main evening-living area in the home by 66%. The estimated coefficients are consistent with the raw, unadjusted
reductions observed in the study households. Non-parametric analysis shows that 80% of households documented im-
provements in indoor air quality, alleviating any concerns that the results could be driven exclusively by improvements
among the highest polluters. Second, the documented improvements in indoor air quality had repercussions for health
outcomes, mainly through a reduction in ARI prevalence among children under the age of 6. The evidence on the me-
chanisms behind these observed changes is not conclusive, but suggests that a reduction in kerosene use accounts for a non-
trivial portion of the improvements in indoor air quality. There is still scarce evidence on the relation between indoor
exposure to smoke from kerosene combustion and health, but our findings are consistent with existing studies, like Pokhrel
et al. (2010).

To understand how our results could relate to other settings, it is worth pointing out the most salient differences be-
tween our study households and other developing regions. Average household income in our sample is around $3500,
similar to the study by Bernard and Torero (2015) in Ethiopia ($3270), but higher than other developing regions. For in-
stance, Lee et al. (2016b) report that most households in their setting (Kenya) have incomes under $1000. Second,
households in our study sites have better access to appliances than other settings (e.g. Lee et al., 2016a), which is key if
electrification is to improve air quality and health. Third, the average electricity bill by the end of our study is $9.02 per
month, implying that households spend around 3% of their income in electricity. This share can be different in other settings
and could potentially limit the effects of electrification elsewhere. Fourth, while lighting is one of the first uses for electricity
in newly electrified areas, changes in cooking practices, refrigeration, or productive activities may take more time.

However, a corollary of this study is that other clean artificial lighting technologies, like solar lamps, could also have
strong effects on indoor air pollution in households that are too isolated for grid electrification to be feasible, especially in
settings where households do not require artificial heating.
Appendix A. Supplementary data

Supplementary data associated with this article can be found in the online version at http://dx.doi.org/10.1016/j.jeem.
2017.07.007.
References

Aklin, Michaël, Cheng, Chao-yo, Urpelainen, Johannes, Ganesan, Karthik, Jain, Abhishek, 2016. Factors affecting household satisfaction with electricity
supply in rural India. Nat. Energy 1, 16170.

Allcott, Hunt, Collard-Wexler, Allan, O'Connell, Stephen D., 2016. How do electricity shortages affect industry? Evidence from India. Am. Econ. Rev. 106 (3),
587–624.

Apple, J., Vicente, R., Yarberry, A., Lohse, N., Mills, E., Jacobson, A., Poppendieck, D., 2010. Characterization of particulate matter size distributions and indoor
concentrations from kerosene and diesel lamps. Indoor Air 20 (5), 399–411.

Athey, Susan, Imbens, Guido W., 2006. Identification and inference in nonlinear difference-in-differences models. Econometrica 74 (2), 431–497.
Barnes, Douglas F., 2007. The Challenge of Rural Electrification: Strategies for Developing Countries. Earthscan.
Barron, Manuel, 2017. Firm Response to Erratic Power Supply: New Evidence from Caribbean Firms. In Exploring Firm-Level Innovation and Productivity in

Developing Countries: The Perspective of Caribbean Small States, edited by Silvia Dohnert, Crespi, Gustavo, Maffioli, Alessandro, chap. 7. Washington,
DC: Inter-American Development Bank, pp. 107–118.
Please cite this article as: Barron, M., Torero, M., Household electrification and indoor air pollution. Journal of
Environmental Economics and Management (2017), http://dx.doi.org/10.1016/j.jeem.2017.07.007i

http://dx.doi.org/10.1016/j.jeem.2017.07.007
http://dx.doi.org/10.1016/j.jeem.2017.07.007
http://refhub.elsevier.com/S0095-0696(17)30482-5/sbref1
http://refhub.elsevier.com/S0095-0696(17)30482-5/sbref1
http://refhub.elsevier.com/S0095-0696(17)30482-5/sbref2
http://refhub.elsevier.com/S0095-0696(17)30482-5/sbref2
http://refhub.elsevier.com/S0095-0696(17)30482-5/sbref2
http://refhub.elsevier.com/S0095-0696(17)30482-5/sbref3
http://refhub.elsevier.com/S0095-0696(17)30482-5/sbref3
http://refhub.elsevier.com/S0095-0696(17)30482-5/sbref3
http://refhub.elsevier.com/S0095-0696(17)30482-5/sbref4
http://refhub.elsevier.com/S0095-0696(17)30482-5/sbref4
http://refhub.elsevier.com/S0095-0696(17)30482-5/sbref5
http://dx.doi.org/10.1016/j.jeem.2017.07.007
http://dx.doi.org/10.1016/j.jeem.2017.07.007
http://dx.doi.org/10.1016/j.jeem.2017.07.007


M. Barron, M. Torero / Journal of Environmental Economics and Management ∎ (∎∎∎∎) ∎∎∎–∎∎∎12
Barron, Manuel, Torero, Maximo, 2013. Household Electrification and Time Allocation. mimeo.
Bates, Michael N., Chandyo, Ram Krishna, Valentiner-Branth, Palle, Pokhrel, Amod K., Mathisen, Maria, Basnet, Sudha, Shrestha, Prakash S., Strand, Tor A.,

Smith, Kirk R., 2013. Acute lower respiratory infection in childhood and household fuel use in Bhaktapur, Nepal. Environ. Health Perspect. 121 (5),
637–642.

Bensch, Gunther, Kluve, Jochen, Peters, Jörg, 2011. Impacts of rural electrification in Rwanda. J. Dev. Eff. 3 (4), 567–588.
Bernard, Tanguy, 2012. Impact analysis of rural electrification projects in sub-Saharan Africa. World Bank Res. Obs. 27 (1), 33–51.
Bernard, Tanguy, Torero, Maximo, 2015. Social interaction effects and connection to electricity: Experimental Evidence from Rural Ethiopia. Econ. Dev. Cult.

Change 63 (3), 459–484.
Burlig, Fiona, Preonas, Louis, 2016. Out of the darkness and into the light? Development Effects of rural electrification. Energy Inst. Haas WP, 268.
Burnett, R.T., Pope III, C.A., Ezzati, M., Olives, C., Lim, S.S., Mehta, S., Shin, H.H., Singh, G., Hubbell, B., Brauer, M., et al., 2014. An integrated risk function for

estimating the global burden of disease attributable to ambient fine particulate matter exposure. Environ. Health Perspect. 122, 397–403.
Cameron, A. Colin, Gelbach, Jonah B., Miller, Douglas L., 2008. Bootstrap-based improvements for inference with clustered errors. Rev. Econ. Stat. 90 (3),

414–427.
Chay, Kenneth Y., Greenstone, Michael, 2003. The impact of air pollution on infant mortality: evidence from geographic variation in pollution shocks

induced by a recession. Q. J. Econ. 118 (3), 1121–1167.
Chen, Yuyu, Ebenstein, Avraham, Greenstone, Michael, Li, Hongbin, 2013. Evidence on the impact of sustained exposure to air pollution on life expectancy

from Chinas Huai River policy. In: Proceedings of the National Academy of Sciences, 110, 32, 1293, 6–12941.
Chowdhury, Zohir, Edwards, Rufus D., Johnson, Michael, Shields, Kyra Naumoff, Allen, Tracy, Canuz, Eduardo, Smith, Kirk R., 2007. An inexpensive light-

scattering particle monitor: field validation. J. Environ. Monit. 9 (10), 1099–1106.
Dinkelman, Taryn, 2011. The effects of rural electrification on employment: New evidence from South Africa. Am. Econ. Rev. 101 (7), 3078–3108.
Edwards, Rufus, Smith, Kirk R., Kirby, Brent, Allen, Tracy, Litton, Charles D., Hering, Susanne, 2006. An inexpensive dual-chamber particle monitor: la-

boratory characterization. J. Air Waste Manag. Assoc. 56 (6), 789–799.
Epstein, M.B., Bates, M.N., Arora, N.K., Balakrishnan, K., Jack, D.W., Smith, K.R., 2013. Household fuels, low birth weight, and neonatal death in India: the

separate impacts of biomass, kerosene, and coal. Int. J. Hyg. Environ. health 216 (5), 523–532.
Esarey, Justin, Menger, Andrewm, 2015. Practical and Effective Approaches to Dealing with Clustered Data. Department of Political Science, Rice University,

Unpublished Manuscript.
Fan, Cheng-Wei, Zhang, Junfeng Jim, 2001. Characterization of emissions from portable household combustion devices: particle size distributions, emission

rates and factors, and potential exposures. Atmos. Environ. 35 (7), 1281–1290.
Grogan, Louise, Sadanand, Asha, 2012. Rural Electrification and Employment in Poor Countries: Evidence from Nicaragua. World Development.
Hanna, Rema, Oliva, Paulina, 2015. The effect of pollution on labor supply: Evidence from a natural experiment in Mexico City. J. Public Econ. 122, 68–79.
Independent Evaluation Group. 2008. The Welfare Impacts of Rural Electrification: A Reassessment of the Costs and Benefits. Tech. rep., World Bank.
International Energy Agency. 2011. World Energy Outlook 2011.
Jeuland, Marc, Pattanayak, Subhrendu K., Bluffstone, Randall, 2015. The economics of household air pollution. Annu. Rev. Resour. Econ. 7 (1), 81–108.
Khandker, Shahidur R., Barnes, Douglas F., Samad, Hussain A., 2013. Welfare impacts of rural electrification: a panel data analysis from Vietnam. Econ. Dev.

Cult. Change 61 (3), 659–692.
Lam, Nicholas L., Chen, Yanju, Weyant, Cheryl, Venkataraman, Chandra, Sadavarte, Pankaj, Johnson, Michael A., Smith, Kirk R., Brem, Benjamin T., Arineitwe,

Joseph, Ellis, Justin E., et al., 2012a. Household light makes global heat: high black carbon emissions from kerosene wick lamps. Environ. Sci. Technol. 46
(24), 13531–13538.

Lam, Nicholas L., Smith, Kirk R., Gauthier, Alison, Bates, Michael N., 2012b. Kerosene: a review of household uses and their hazards in low-and middle-
income countries. J. Toxicol. Environ. Health, Part B 15 (6), 396–432.

Lee, Kenneth, Miguel, Edward, Wolfram, Catherine, 2016a. Appliance ownership and aspirations among electric grid and home solar households in rural
Kenya. Am. Econ. Rev. 106 (5), 89–94.

Lee, Kenneth, Miguel, Edward, Wolfram, Catherine, 2016b. Experimental Evidence on the Demand for and Costs of Rural Electrification. Tech. rep., National
Bureau of Economic Research.

Lelieveld, J., Evans, J.S., Fnais, M., Giannadaki, D., Pozzer, A., 2015. The contribution of outdoor air pollution sources to premature mortality on a global scale.
Nature 525 (7569), 367–371.

Lim, Stephen S., Vos, Theo, Flaxman, Abraham D., Danaei, Goodarz, Shibuya, Kenji, Adair-Rohani, Heather, Amann, Markus, Anderson, Ross H., Andrews,
Kathryn G., Aryee, Martin, et al. 2013. A comparative risk assessment of burden of disease and injury attributable to 67 risk factors and risk factor
clusters in 21 regions, 1990–2010: a systematic analysis for the Global Burden of Disease Study 2010. The lancet, 380, 9859, 2224, –2260.

Litton, Charles D., Smith, Kirk R., Edwards, Rufus, Allen, Tracy, 2004. Combined optical and ionization measurement techniques for inexpensive char-
acterization of micrometer and submicrometer aerosols. Aerosol Sci. Technol. 38 (11), 1054–1062.

Masera, Omar R., Saatkamp, Barbara D., Kammen, Daniel M., 2000. From linear fuel switching to multiple cooking strategies: a critique and alternative to
the energy ladder model. World Dev. 28 (12), 2083–2103.

Northcross, Amanda, Chowdhury, Zohir, McCracken, John, Canuz, Eduardo, Smith, Kirk R., 2010. Estimating personal PM2. 5 exposures using CO mea-
surements in Guatemalan households cooking with wood fuel. J. Environ. Monit. 12 (4), 873–878.

Pokhrel, Amod K., Bates, Michael N., Verma, Sharat C., Joshi, Hari S., Sreeramareddy, Chandrashekhar T., Smith, Kirk R., 2010. Tuberculosis and indoor
biomass and kerosene use in Nepal: a case-control study. Environ. health Perspect. 118 (4), 558.

Röllin, H.B., Mathee, A., Bruce, N., Levin, J., Von Schirnding, Y.E.R., 2004. Comparison of indoor air quality in electrified and un-electrified dwellings in rural
South African villages. Indoor Air 14 (3), 208–216.

Schare, Stuart, Smith, Kirk R., 1995. Particulate emission rates of simple kerosene lamps. Energy Sustain. Dev. 2 (2), 32–35.
van de Walle, Dominique, Ravallion, Martin, Mendiratta, Vibhuti, Koolwal, Gayatri, 2013. Long-term impacts of household electrification in rural India.

World Bank Policy Research Working Paper, (6527).
WHO. 2006. Air quality guidelines: global update 2005. World Health Organization.
Wolfram, Catherine, Shelef, Orie, Gertler, Paul J., 2012. HowWill Energy Demand Develop in the Developing World? Tech. rep., National Bureau of Economic

Research.
World Bank. 2007. Clean Energy for Development Investment Framework: The World Bank Group Action Plan. Tech. rep., The World Bank.
World Bank. 2009. Tech. rep., The World bank.
Please cite this article as: Barron, M., Torero, M., Household electrification and indoor air pollution. Journal of
Environmental Economics and Management (2017), http://dx.doi.org/10.1016/j.jeem.2017.07.007i

http://refhub.elsevier.com/S0095-0696(17)30482-5/sbref6
http://refhub.elsevier.com/S0095-0696(17)30482-5/sbref6
http://refhub.elsevier.com/S0095-0696(17)30482-5/sbref6
http://refhub.elsevier.com/S0095-0696(17)30482-5/sbref6
http://refhub.elsevier.com/S0095-0696(17)30482-5/sbref7
http://refhub.elsevier.com/S0095-0696(17)30482-5/sbref7
http://refhub.elsevier.com/S0095-0696(17)30482-5/sbref8
http://refhub.elsevier.com/S0095-0696(17)30482-5/sbref8
http://refhub.elsevier.com/S0095-0696(17)30482-5/sbref9
http://refhub.elsevier.com/S0095-0696(17)30482-5/sbref9
http://refhub.elsevier.com/S0095-0696(17)30482-5/sbref9
http://refhub.elsevier.com/S0095-0696(17)30482-5/sbref10
http://refhub.elsevier.com/S0095-0696(17)30482-5/sbref11
http://refhub.elsevier.com/S0095-0696(17)30482-5/sbref11
http://refhub.elsevier.com/S0095-0696(17)30482-5/sbref11
http://refhub.elsevier.com/S0095-0696(17)30482-5/sbref12
http://refhub.elsevier.com/S0095-0696(17)30482-5/sbref12
http://refhub.elsevier.com/S0095-0696(17)30482-5/sbref12
http://refhub.elsevier.com/S0095-0696(17)30482-5/sbref13
http://refhub.elsevier.com/S0095-0696(17)30482-5/sbref13
http://refhub.elsevier.com/S0095-0696(17)30482-5/sbref13
http://refhub.elsevier.com/S0095-0696(17)30482-5/sbref14
http://refhub.elsevier.com/S0095-0696(17)30482-5/sbref14
http://refhub.elsevier.com/S0095-0696(17)30482-5/sbref14
http://refhub.elsevier.com/S0095-0696(17)30482-5/sbref15
http://refhub.elsevier.com/S0095-0696(17)30482-5/sbref15
http://refhub.elsevier.com/S0095-0696(17)30482-5/sbref16
http://refhub.elsevier.com/S0095-0696(17)30482-5/sbref16
http://refhub.elsevier.com/S0095-0696(17)30482-5/sbref16
http://refhub.elsevier.com/S0095-0696(17)30482-5/sbref17
http://refhub.elsevier.com/S0095-0696(17)30482-5/sbref17
http://refhub.elsevier.com/S0095-0696(17)30482-5/sbref17
http://refhub.elsevier.com/S0095-0696(17)30482-5/sbref18
http://refhub.elsevier.com/S0095-0696(17)30482-5/sbref18
http://refhub.elsevier.com/S0095-0696(17)30482-5/sbref18
http://refhub.elsevier.com/S0095-0696(17)30482-5/sbref19
http://refhub.elsevier.com/S0095-0696(17)30482-5/sbref19
http://refhub.elsevier.com/S0095-0696(17)30482-5/sbref20
http://refhub.elsevier.com/S0095-0696(17)30482-5/sbref20
http://refhub.elsevier.com/S0095-0696(17)30482-5/sbref21
http://refhub.elsevier.com/S0095-0696(17)30482-5/sbref21
http://refhub.elsevier.com/S0095-0696(17)30482-5/sbref21
http://refhub.elsevier.com/S0095-0696(17)30482-5/sbref22
http://refhub.elsevier.com/S0095-0696(17)30482-5/sbref22
http://refhub.elsevier.com/S0095-0696(17)30482-5/sbref22
http://refhub.elsevier.com/S0095-0696(17)30482-5/sbref22
http://refhub.elsevier.com/S0095-0696(17)30482-5/sbref23
http://refhub.elsevier.com/S0095-0696(17)30482-5/sbref23
http://refhub.elsevier.com/S0095-0696(17)30482-5/sbref23
http://refhub.elsevier.com/S0095-0696(17)30482-5/sbref24
http://refhub.elsevier.com/S0095-0696(17)30482-5/sbref24
http://refhub.elsevier.com/S0095-0696(17)30482-5/sbref24
http://refhub.elsevier.com/S0095-0696(17)30482-5/sbref25
http://refhub.elsevier.com/S0095-0696(17)30482-5/sbref25
http://refhub.elsevier.com/S0095-0696(17)30482-5/sbref25
http://refhub.elsevier.com/S0095-0696(17)30482-5/sbref26
http://refhub.elsevier.com/S0095-0696(17)30482-5/sbref26
http://refhub.elsevier.com/S0095-0696(17)30482-5/sbref26
http://refhub.elsevier.com/S0095-0696(17)30482-5/sbref27
http://refhub.elsevier.com/S0095-0696(17)30482-5/sbref27
http://refhub.elsevier.com/S0095-0696(17)30482-5/sbref27
http://refhub.elsevier.com/S0095-0696(17)30482-5/sbref28
http://refhub.elsevier.com/S0095-0696(17)30482-5/sbref28
http://refhub.elsevier.com/S0095-0696(17)30482-5/sbref28
http://refhub.elsevier.com/S0095-0696(17)30482-5/sbref29
http://refhub.elsevier.com/S0095-0696(17)30482-5/sbref29
http://refhub.elsevier.com/S0095-0696(17)30482-5/sbref30
http://refhub.elsevier.com/S0095-0696(17)30482-5/sbref30
http://refhub.elsevier.com/S0095-0696(17)30482-5/sbref30
http://refhub.elsevier.com/S0095-0696(17)30482-5/sbref31
http://refhub.elsevier.com/S0095-0696(17)30482-5/sbref31
http://dx.doi.org/10.1016/j.jeem.2017.07.007
http://dx.doi.org/10.1016/j.jeem.2017.07.007
http://dx.doi.org/10.1016/j.jeem.2017.07.007

	Household electrification and indoor air pollution
	Introduction
	The study setting
	The electrification program and experimental design
	Data and summary statistics
	Fine particulate matter
	PM2.5 measurement

	Empirical approach
	Results
	Grid connections
	Overnight indoor air pollution concentration
	Health effects
	Energy use

	Discussion
	Effect size
	Threats to internal validity

	Conclusions
	Supplementary data
	References




