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Abstract 
Cooking with dirty fuel is known to be one of the biggest sources of indoor air pollution in developing countries. 
I estimate the health impact of indoor air pollution using a nationwide fuel-switching program, the largest 
household energy transition project ever attempted in the developing world, affecting more than 50 million 
homes in Indonesia. This program focused on replacing a dirty cooking fuel, kerosene, with cleaner cooking 
fuel, liquid petroleum gas (LPG). I use a difference-in-differences design with time-varying program intensities 
to capture the dynamic increase in the households’ access to LPG. A 10-percentage-point increase in the 
program intensity – measured by the number of free initial LPG packages distributed – reduces infant mortality 
rate by 3.3 percentage points, or 1.2 infants per 1,000 live births annually. This study highlights the fact that 
adopting cleaner energy can have a substantial health impact beyond what is currently known. 
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I. INTRODUCTION

To what extent does indoor air quality affect health? While most of the existing studies focus on the

impact of outdoor air pollution on health, people tend to be more exposed to indoor than outdoor

pollution because individuals spend more time indoors and closer to the source of indoor pollutants

(Bennett et al., 2002; Oliveira et al., 2017; Requia et al., 2017). Indeed, millions of lives are lost

annually due to illnesses attributable to indoor air pollution (IHME, 2016).

Despite the high economic cost associated with indoor air pollution, its causal impact on health

is severely understudied, mainly due to data and methodological challenges (Duflo et al., 2008). The

health effects from indoor air pollutants are often confounded by the unobserved determinants of health

that are associated with its exposure. Moreover, as current studies largely focus on adult diseases, the

health effects can be biased by individuals’ exposure to the pollutants that occurred many years ago.

Plus, large variations in indoor air pollution exposure across homes and individuals, coupled with the

smaller number of observations, lead to imprecise estimates in the existing studies.

In this study, I estimate the impact of indoor air pollution on health using a nationwide fuel-

switching program, from a relatively dirty cooking fuel (i.e., kerosene) to a much cleaner cooking fuel

(i.e., LPG) in Indonesia.1 This program reached more than 70% of the total population in Indonesia,

resulting in a sharp drop in kerosene consumption and an increase in LPG consumption, contempora-

neously. I use the program as a proxy for the changes in individual exposure to indoor air pollution.2

By exploiting exogenous variations in the program intensity, measured by the free initial LPG pack-

ages distributed, I am able to show the causal effect of indoor air pollution on infant mortality, thus

overcoming methodological challenges of earlier studies.

The study of infant mortality is an important contribution from this paper. Focusing on infants helps

establish a strong and immediate connection between pollution exposure and health as it excludes the

unknown accumulation of pollution exposure over one’s lifetime (Chay and Greenstone, 2003; Currie

and Neidell, 2005; Currie and Walker, 2011), one of the main sources of bias of earlier studies. Current

1Cooking with dirty fuels is often claimed to be one of the biggest sources of indoor air pollution in developing countries (Martin
et al., 2011). For example, PM2.5 exposure from stoves that use kerosene, one of the dirty fuels, is similar to 24-hour PM2.5 con-
centrations in Scottish homes that smoke ten cigarettes per day (Semple et al., 2012).

2Most exposure studies have reached a common conclusion that kerosene-using stoves emit more pollutants compared to LPG-using
stoves (see Bryden et al. 2015 for a review), suggesting that this program that aimed to replace kerosene with LPG reduces indoor
air pollution.
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attempts to study infant mortality are hindered by a limited number of observations paired with short

study periods.3 A nationally scaled policy experiment that has much more observations than previous

studies allows me to provide novel empirical evidence on infant mortality. Moreover, infants spend

most of their time indoors and are particularly more vulnerable to environmental risk. They are also

more likely to be disproportionately affected by the indoor air pollutants starting at the fetal stage

because pregnant mothers spend much more time indoors compared to the other household members.

This policy experiment that affected more than 50 million homes also allows me to mitigate the

other main challenge: measurement error about the individual exposure to indoor pollution, which

often leads to a severe attenuation bias (Sheppard et al., 2012). Especially in an indoor air pollution

context, the attenuation bias created by measurement errors can be exacerbated by the large variation

in indoor pollution exposures.4

Indonesia provides a compelling setting to study indoor air pollution that is associated with a

cleaner energy transition. Foremost, it is the fourth most populated country in the world, with 3.5% of

the global population. However, only 10% had access to clean cooking fuels in 2005. Additionally, in

2007, pressured by a rising cost of subsidizing kerosene, the Vice President of Indonesia set an ambi-

tious goal of converting 42 million households to using LPG by 2012 (WLPGA, 2012). As a result,

the program implementation was undertaken as a learning-by-doing basis due to time and logistical

constraints. This gives rise to plausibly exogenous variation in the amount of initial LPG distributed.5

Finally, the LPG adoption rate was very high due to strict enforcement through kerosene supply re-

duction. Therefore, using this program enables me to improve previous experimental studies that face

noncompliance issues (Hanna et al., 2016).

I compare changes in infant mortality in treatment districts to changes in infant mortality in control

districts, using three rounds of Indonesian Demographic and Health Surveys. The main threat to causal

3Infant mortality studies need much more observations over a long period of time. However, the operational costs of measuring in-
door air exposures are high. Hence, many studies have limited sample sizes and short study periods (i.e., up to two years). Only
Hanna et al. (2016) investigate the long-term health effects of improved cook-stoves over four years.

4This attenuation bias increases in the fraction of total variations observed (Greenstone and Gayer, 2009). The large variation is
mainly due to the fact that indoor pollution exposures measured in one home can be very different from its neighbors, unlike out-
door pollution exposures. One monitoring station measures outdoor exposure to hundreds of homes, while one monitoring device
in one home measures exposure to one home.

5First, this program commenced after only 8 months of a simple feasibility study and one-month of market trial. Furthermore, in the
first two years after the program started, there was a strong resistance from the community (i.e., mass protests and negative public
opinion in the media) and simultaneous kerosene and LPG scarcity. Only after about two years, the program no longer had any
major operational issues (Budya and Arofat, 2011).
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identification is that the timing of the program implementation might have been associated with un-

observed factors that otherwise influenced infant mortality in the treatment districts. I show, however,

that similar pre-implementation trends in infant mortality exist in both treatment and control districts.

I also show that the program timing has no association with trends in the observable characteristics

at baseline, suggesting that the treatment districts are a valid counterfactual for the control districts in

the absence of the program. Further, I compare changes in infant mortality within districts with vary-

ing degrees of program intensities. Lastly, the results are largely robust to a wide range of alternative

specifications that control for omitted variables and unobserved characteristics of mothers that could

confound the estimates.

I find that a 10-percentage-point increase in the free initial LPG distributed reduces infant mortality

rate by 3.3 percentage points, or 1.2 infants per 1,000 live births annually. This reduction in the infant

death mostly occurred within the first day of birth, suggesting that fetal exposure to kerosene-related

pollutants appears to be an important channel. Compared to the literature on ambient air pollution,

the effects observed in this study are smaller, which can be explained by the modest indoor air quality

improvement from the kerosene to LPG transition (i.e., LPG is only marginally superior to kerosene).

In contrast, the program has no effect among kerosene users or households without access to electricity

that still rely on kerosene for lighting purposes. These results serve as placebo checks, mitigating

concerns that the program intensity is confounded with unobservable determinants of infant mortality.

I next investigate several channels for the impact of the program on health and find that the im-

provement in indoor air quality is the most relevant channel. First, switching from a kerosene stove

to an LPG stove is associated with a 30% reduction in the fine particulates (PM2.5) personal exposure

(Andresen et al., 2005) and 20% lower carbon monoxide (CO) concentration (Smith et al., 1999).6 Sec-

ond, I discuss changes in expenditures, fuel stacking, and avoidance behavior as potential alternative

mechanisms. However, none of these seem to have played a major role.

This paper contributes to the growing literature on the causal link between pollution and health (see

Greenstone and Jack 2015 for a summary of this research). Existing studies on indoor air pollution have

adopted an instrumental variable approach to address the endogeneity of indoor pollutant exposures.

6Due to lack of indoor air quality measurement in Indonesia, I refer PM2.5 and CO exposures from LPG relative to kerosene from
other exposure studies.
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For example, Pitt et al. used gender-specific hierarchies as an instrument for pollution exposure to study

its health impact in Bangladesh.7 I use a unique policy experiment to address the unobserved time-

varying factors that determine infant mortality. My estimates include potential indoor air pollutants

that escape outdoors and contribute to local outdoor air pollution. By using the program intensity, I

also improved on previous work which used a simple binary treatment, which is common in the relevant

literature (Imelda, 2018a).

My findings shed light on an important, ongoing policy debate about the optimal policies for ad-

dressing indoor air pollution (i.e., to rely on advanced technology to make available dirty fuels emit

less pollution or to provide access to clean fuels).8 In a real-world setting, behavioral aspects9 may

obscure potential impacts. Nonetheless, I show that when a cleaner fuel is provided and people are

adopting it, this can lead to significant health impacts.

The rest of the paper is organized as follows: Section II provides some background about the

program; Section III describes the data and the empirical strategy; Section IV shows my main results;

Section V discusses the mechanism; Section VI shows the robustness checks and the heterogeneous

effects; and Section VII concludes.

II. INDONESIA’S COOKING FUEL CONVERSION PROGRAM

Kerosene is a petroleum product that has a strong odor similar to gasoline. It is one of the most im-

portant household commodities used for cooking and lighting in Indonesia since the 1960s. A decline

in crude oil production and rising demand for domestic fuel consumption have shifted Indonesia from

major oil exporter to a net oil importer. After oil prices increased in 2006, subsidizing kerosene had

become a major burden to the Indonesian government (Budya and Arofat, 2011). Hence, in 2007, the

government introduced the Kerosene to LPG conversion program.

LPG is a mixture of propane and butane. It is known as a cleaner-burning and more efficient fuel

compared to kerosene because of the higher combustion efficiency (Kimemia and Van Niekerk, 2017).

It produces less CO and less PM2.5, relative to kerosene (Smith et al., 1999; Andresen et al., 2005;

7In another example, Silwal and McKay (2015) used distance from the community to the nearest market as an instrument for indoor
air pollution from using firewood for cooking.

8See Smith and Sagar (2014) for a review.
9For example, low willingness to pay for clean fuels (Mobarak et al., 2012) and a lack of understanding on the proper use of the clean

technology (Hanna et al., 2016) can hinder households’ adoption of it.
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Bryden et al., 2015). The Indonesian government chose LPG as the fuel to replace kerosene mainly

because of its price and its existing infrastructure (Thoday, 2018).

Indonesian government encouraged households to switch their cooking fuel to LPG by (1) dis-

tributing one free initial LPG package to each eligible household, (2) increasing the availability of

LPG refills under a subsidized price, and (3) reducing the supply of kerosene gradually. Figure 1

shows the total population based on households’ primary cooking fuel reported in the census, during

1971-2010. The share of households who used kerosene was stable prior to the program. However,

after the program rolled out in 2007, the total population who use kerosene dropped from 42% to 12%,

and the total population who used LPG increased from 9% to 46% within only three years.

The main purpose of the program is to reduce kerosene subsidy. The Ministry of Energy and

Mineral Resources, the program coordinator, mainly targeted districts that have a high level of kerosene

use and are near LPG infrastructure. Therefore, it is not surprising that big cities with large population

such as Jakarta and Denpasar are among the early targeted districts, while the remaining districts that

are less densely populated and farther from the ports are among the late targeted districts (see Figure 2).

Local governments had a key role in determining households eligibility.10 These eligible households

received one initial free LPG package (one LPG canister, a single LPG stove, hose, and regulator) and

were allowed to refill the LPG canister under the subsidized price.11

The reduction in the kerosene consumption and the increasing use of LPG occurred contemporane-

ously, as shown in Figure 3 and 4 highlight the rapid expansion of the program across districts within

a relatively short time. Figure 3 shows the changes in the district’s LPG and kerosene share from 2005

to 2010.12 In contrast, the share of biomass users is unaffected. The cost of using biomass for cooking

is very low, often free, thus households that mainly use biomass for cooking do not have strong incen-

tives to switch to LPG.13 Similarly, Figure 4 shows a rapid expansion of the program, reflected by a

contemporaneous increase and decrease of LPG and kerosene consumption from 2006 to 2012.

10For example, in Jakarta, households that have not used LPG stove before and have an income of less than USD 167 per month are
eligible for the program (Thoday, 2018).

11Only the 3 kg-sized LPG cylinder is allowed to be refilled under the subsidized price. Other LPG sizes, circulated before the pro-
gram, are not eligible to be refilled under subsidized price. For more details on the program, I refer readers to Budya and Arofat
(2011) and Thoday (2018).

12The changes in cooking fuel t in district r and year t is calculated as

∑Population f ,r,t=2010
Populationr,t=2010

− ∑Population f ,r,t=2005
Populationr,t=2005

, where f is either LPG or kerosene.

13Most wood fuel users get the wood from their own gardens (Andadari et al., 2014).
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III. DATA AND EMPIRICAL STRATEGY

III.A Program Variables

Data on the program implementation comes from Pertamina, Indonesia’s national oil company ap-

pointed as the sole LPG supplier for the program. With this data, I construct two treatment variables:

(1) a binary treatment variable indicating if district r has any LPG packages distributed in the year

t (later called program dummy) and (2) per capita program intensity (later called program intensity).

The program intensity is calculated as the number of initial free LPG packages distributed at year t−1

in the district r divided by total working age population14 in district r in 2010, expressed as follows.

Program intensityrt =
LPG packagesrt−1

Population (15-64)r,t=2010
(1)

Figure 5 shows program intensity over time for each district, calculated using Equation 1. As

shown in the figure, the number of LPG packages are distributed to more districts after 2008. The

largest expansion occurred in 2010, which covered more than 150 districts out of 511. The correlation

coefficient between program dummy and program intensity is 0.58. However, the program intensity

provides a precise diffusion of districts access to LPG than the program dummy does.15

It is important to highlight several other concurrent changes or policies that are suspected to be

associated with the timing of the program and the program intensity. First, in 2007, the Indonesian

government implemented two conditional cash transfer programs (CCT): Program Keluarga Harapan

(PKH) and PNPM Generasi (Sparrow et al., 2008; Alatas et al., 2011). Even though these programs

were targeted on improving health, they used randomization and geographic targeting.16 Moreover,

the program has neither an impact on infant mortality nor on children’s nutritional status (Alatas et al.,

2011). The program increased health care utilization, but not the quality of the health care (Triyana,

2016). Second, the program might lead to an expansion in the LPG infrastructure. However, to fulfill

14The working age group, people within 15-64 years old, is the group who are likely exposed by the program. They are more likely
to have influence in the household decisions, compared to the remaining population (i.e., younger than 15 years old and older
than 64 years old). The population census in 2010 is chosen as the denominator since it has a more complete data on districts
population compared to population census in 2005. The total population in 2005 and 2010 are 226,712,730 and 242,524,123,
respectively.

15There are several other ways to measure program intensity (e.g., log transformation or the cumulative number of LPG packages
distributed). However, the results are qualitatively similar (not shown).

16It covered only five provinces: West Java, East Java, North Sulawesi, Gorontalo, East Nusa Tenggara (NTT).
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the rapid growth in the demand during 2007–2012, Pertamina relies on import to secure the supply

because building new LPG facilities is costly and time-consuming.17 Nonetheless, while the program

might have triggered other local business to grow, these factors were not directly improved health

outcomes.

III.B Infant Mortality

I use three rounds of the Indonesian Demographic and Health Surveys (IDHS), the main source for

Indonesia’s national health statistics, for the years 2002, 2007, and 2012.18 Each survey records a

cross-section of women aged 15-49 and their basic socio-demographic information, including all of

their birth histories. Pregnancy-related variables are recorded only for children born within the last five

years.

There are potential sources of bias which can make my estimates serve as a lower bound. First,

recall error exists when respondents are more likely to forget distant childbirths or under-reported

births when they do not want to talk about the death of their child. This recall error of births may

lead to attenuation bias. However, this problem is less serious for recent births rather than more distant

births. Therefore, to minimize this problem, I limit my analysis to births within five years preceding the

survey and I include dummies for the recall period, following Ngandu et al. (2016). Second, survival

bias can exist when the fertility of surviving and non-surviving women differs substantially. Third,

mothers who suffer from fetal losses might decide to not become pregnant. Hence, the children in

the sample are born from mothers who are generally healthier than those who decided to not become

pregnant.

The main analysis is limited to births within five years preceding the survey in order to be able to

use pregnancy-related variables and to limit the recall bias. I also assume that all infants are born in

the same district as where the mother lived in the survey year.19

Table 1 shows the summary statistics of baseline characteristics. Column 1, row 1 shows the aver-

age of infant deaths across all targeted districts at baseline, 34 infants death per 1,000 live births, with

17There were only a few new LPG storage facilities and refilling stations were built during 2007–2012.
18IDHS 2007 and 2012 include all provinces (33 regions and 354 districts) whereas IDHS 2002 excludes 4 regions: Nanggroe Aceh

Darussalam, Maluku, North Maluku, and Papua due to the unstable political situation.
19In general, mobility across districts in Indonesia is very low (see Figure A.1 in Appendix).
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a third of those deaths occurring within the first day after birth. The average of infant death in control

districts at baseline is higher than the targeted districts, 40 infants death per 1,000 live births.20 This is

not surprising as the Indonesian government selected the timing of the implementation mainly based

on the district’s level of kerosene consumption. Districts with a higher level of kerosene consumption

are more economically developed compared to those with a lower level of kerosene consumption, and

thus those regions are more likely to have a lower infant mortality rate. Therefore, I split the sample in

column 1 into (1) early targeted districts that had any LPG distributed during 2007-2008 in column 2

and (2) late targeted districts that had any LPG distributed during 2009-2011 in column 3.21 As shown

in column 3, compared to the early targeted districts, the average of infant deaths in the late targeted

districts is more similar with the average of infant death in the control group, 37 infant deaths compared

to 40 infants deaths per 1,000 live births.

III.C Time-Variant Household Characteristics

In my most parsimonious model, I use indicators for recall periods, male child, survey periods, and

multiple births as the control variables. In my most comprehensive model, I include a full set of

control variables which consist of indicators for mother and father education (no education and higher

than primary school), mother’s age at birth, mothers younger than 18 years old, birth order (second,

third, or fourth and higher order), an indicator if parents are smokers, if households have access to clean

water sources for drinking (i.e., it is equal to one if households have access to water from protected

wells, water pipe built inside the dwellings, bottled water or filtered water, otherwise it is zero), if

households have private toilets, if households have access to electricity, if households own a fridge, if

households own a TV, and the number of visits to health facilities in the last 12 months. As household

characteristics are only recorded at the survey year, I assume that these characteristics do not change

within five years preceding the survey.22

Balancing checks on covariates. Table 1 shows summary statistics at baseline and Table 2 shows

20For comparison, the country’s infant mortality rate published from Indonesia Bureau Statistic (BPS) in 2002 and 2007 is 35 and 34
infants death per 1,000 live births, respectively.

21IDHS 2012 fieldwork was conducted (from May 7 to July 31, 2012), thus I classified districts that were targeted in 2012 as the
untargeted districts.

22Note that, with or without controlling for household characteristics, my estimates are very similar. It suggests that this assumption
does not play an important role in my analysis.
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differential trends of baseline characteristics. Table 1, columns 1 and 4, show that the probability of

households using kerosene is 40% and 25% in the treatment group and the control group, respectively.

This supports the fact that the timing of the program implementation is correlated with the initial level

of kerosene consumption. In the treatment group, the probability of households using LPG is 10%,

while it is 4% in the control group.23 However, health-related variables such as the total visits to health

facilities in the last 12 months and the proportion of households who do not smoke, on average, are

similar.24 Households in the targeted districts are more educated and economically better (e.g., they

are more likely to own a TV, to own a fridge, to have a private toilet, and to have access to electricity).

The number of children born in the last five years is higher for the targeted districts compared to the

untargeted districts, but the difference is very small. Comparing the overall level difference, however,

households’ characteristics in the late targeted districts are more similar to those in the control group

(column 3), compared to those in the early targeted districts (column 2).

Parallel trends. Table 2, row 1 shows the pre-implementation trend in infant mortality. The par-

allel trends in infant mortality reassure my identification strategy explained formally in Section III.D.

There are several trend differences in household characteristics at baseline. However, most of these

differences are small and work against my findings. For example, the trend difference in the number

of children born in the last five years is negative and very small (column 3). Similarly, the trend differ-

ences in the ownership of TV and in the availability of toilet in the house (column 3) also work against

finding any effect.

The access to clean water for drinking is an important characteristic, considering that one of the

leading causes of child mortality in Indonesia is diarrhea. These trends are positive and statistically

significant from the control group when I use all targeted districts as the treatment group (column 3).

However, the trends are not statistically different from the control group when I use the late targeted

districts as the treatment group (column 5). It suggests that the late targeted districts serve as a bet-

ter counterfactual for the control group in the absence of the program compared to the early targeted

districts. Therefore, in my main analysis, I use the late targeted districts as my treatment group in an at-

23Before the program, LPG was not subsidized. Also, the LPG cylinder was different with the LPG cylinder designed specifically for
the program.

24The smoking behavior was recorded at the time of the survey. It is possible that those who are not currently smoking did so in the
past. Therefore, the incomplete history of this behavior is one limitation of this data.
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tempt to minimize time-varying unobservable factors that can confound my estimates.25 Additionally,

Figure 6 provides a nuanced picture of the trends in infant mortality before and after the program.

III.D Empirical Estimation

From balancing checks shown earlier, it is plausible to assume that the program status is not correlated

with any other changes after the program, conditional on district and year fixed effects. Hence, I use

a generalized difference-in-differences (DID) model with fixed effects to estimate the causal effect of

the program on infant mortality, expressed formally below:26

Pr(yirt = 1) = c+αr +βt +θProgramrt + εirt (2)

where yirt takes the value of 1 if the infant i in region r at time t is dead within one year and 0 oth-

erwise.27 αr and βt are district and year of birth fixed effects to control for permanent unobserved

differences across districts and years. The treatment variable Programrt is either (1) a binary program

indicating any LPG distributed in district r starting in the middle of year t28 or (2) a continuous mea-

sure of program intensity in district r at time t (calculated in Equation 1). εirt is the error term. The

intent-to-treat effect (later called program effect) is captured by the θ coefficient.

I include district-specific linear and quadratic trends to account for the yearly trends that were

not accounted by district fixed effects.29. Additionally, to account for any changes in the observables

pre and post-program, I include household and birth characteristics as well as their interaction with a

post-program dummy. My most comprehensive specification takes the following form:

Pr(yirt = 1) = c+αr +βt +θProgramrt +δrt +δ
2
rt + τ0Xirt + τ1XirtxPostt + εirt (3)

25I show more evidence in Section IV.A to further explain the reason behind the treatment group selection. Additionally, in my further
analysis, with alternative subsamples that include all targeted districts, I show that my findings are not driven by treatment group
selection.

26I use linear probability model for ease of interpretation. Nonetheless, the coefficients from fixed-effects logistic regressions have the
same sign, thereby consistent with my results (not shown).

27The histogram of infant deaths by the days after death is shown in the Appendix, Figure A.2.
28As the month of the program implementation is unknown, I choose the middle of the year (i.e., July) as the start of the program to

account for lags in the implementation time.
29Indonesia Database for Policy and Economic Research (The World Bank, 2015) provides a panel of district characteristics. How-

ever, considering that the data is sparse and only available for a few years, it is not possible to match IDHS with this database
without losing many observations
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where δrt and δ 2
rt are district-specific linear and quadratic time trends, respectively. Xirt is a set of

covariates that captures birth, parental and household characteristics and XirtxPostt is the interaction

of each control variables with a dummy of post-program year, capturing any changes in household

characteristics after the program.

IV. RESULTS

First, I present the program impacts on households cooking fuel choice. Second, I present the program

impacts on infant mortality with several different specifications. Lastly, I present the program impacts

on other birth outcomes.

IV.A Cooking fuel as the main channel

The primary channel through which the program could have an effect on infant mortality is via house-

holds’ cooking fuel choice.30 To explore this, I run regressions of the treatment variable on each of

the household characteristics. The results show the program is strongly correlated with households’

cooking fuel types, and weakly correlated with the other observables. Thereby, it suggests that cooking

fuel is likely the main channel.

In Table 3, columns 1-4 use program dummy and columns 5-8 use program intensity as the treat-

ment variable. Each row is a separate regression that includes the treatment variables, district and year

fixed effects, as the controls. Columns 1-2 and 5-6 use all samples while columns 3-4 and 7-8 use only

late targeted regions. Columns 1, 3, 5, and 7 report the θ coefficient in Equation 2, while columns 2,

4, 6, and 8 report its corresponding standard errors.

There are two important findings from Table 3. First, the program had a high adoption rate. In

particular, the program is associated with a 21-40 percentage-point increase in the probability of using

LPG and a 18-31 percentage-point decrease in the probability of using kerosene. Second, using pro-

gram intensity as the treatment variable (columns 5 and 7) almost doubles the probability of using LPG

compared to those using only a dummy program (columns 1 and 3). It suggests that a simple binary

treatment is insufficient to capture the gradual increase in the access to LPG; therefore, it is a better

proxy to reflect the gradual decrease in the dirty fuel consumption compared to the program dummy.

30The main cooking fuels in Indonesia are LPG, kerosene, and wood fuel (shown in Figure 3).
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As expected, there is no correlation between the treatment variable with the probability of using wood

fuel. Households who use wood fuel neither were targeted by the program nor have any incentives to

switch to LPG as they can obtain wood fuel for free or with a little cost.

Table 3, column 1 also suggests that the program implementation is associated with both observed

and unobserved factors that are also likely to be associated with infant mortality. However, these

correlations are overall insignificant and smaller when I use late targeted districts as the treatment

group (column 3) compared to those using all targeted districts (column 1). The absence of trend

differences between the treatment and the control group on the observable characteristics may suggest

that there are no trend differences between the treatment and the control group on the unobservable

characteristics. Therefore, these results add support to exclude the early targeted regions.31

IV.B The Program Impact on Infant Mortality

Here I present the key results of the paper. I begin by presenting the program impact on infant mor-

tality using a binary program and the program intensity. Then, I show the program effects are overall

consistent with different alternative specifications (i.e., within rural areas and within mothers).

Table 4 shows the program impact on mortality using a binary program. Column 1 uses year fixed

effects, column 2 adds district fixed effects, column 3 adds household and individual characteristics,

column 4 adds district-specific linear trends, column 5 adds district-specific quadratic trends, and col-

umn 6 adds all interactions between the control variables and the post-program dummy, cumulatively.

Standard errors are clustered by district to allow within district correlations. The coefficient on the

program dummy captures the program effect on infant mortality (θ in Equation 3).

The coefficients in the program dummy in all of the specifications indicate that the program is

negatively associated with infant mortality. These coefficients are also stable across specifications,

even when I add district trends and a full set of control variables. Column 3 replicates the results from

Imelda (2018a). Column 6 shows that the program decreased infant mortality rate by 1.2 percentage

points. Next, I use my preferred specification in Table 5, which replaces the dummy program with a

31Imelda (2018a) provides plausible reasoning why households in the early targeted districts are likely behaving differently due to
operational issues of the program implementation. In addition, using only late targeted regions removed mostly regions in Java.
Central Java experienced eruptions of Mount Merapi in 2010 (Damby et al., 2013). It was the largest since the 1870s, and led to
evacuations of 320,000 people from the affected area. It emitted toxic volcanic ash particles surrounding Java and may contribute
a differential trend in infant mortality.
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continuous variable of program intensity.

The program impact on infant mortality using program intensity is presented in Table 5. Similar

to the earlier results with a binary program, the program is negatively correlated with infant mortality.

Column 5 indicates that a 10-percentage-point increase in the free initial LPG distributed decreases the

probability of infant death by 3.3 percentage points. However, some trends in the program intensity are

accounted in the district trends.32 Hence when I add linear and quadratic time trends of districts, the

program intensity coefficient is smaller and no longer statistically significant, unlike the estimates using

program dummy. The coefficient of household characteristics are consistent with the literature (e.g.,

more educated parents have lower infant mortality). The inclusion of a full set of controls (column 4)

gives similar estimates as only including year and district fixed effects (column 3), suggesting that the

program effects cannot be explained by the observables.

The estimates using program intensity (Table 5) are precise and consistent with the estimates using

program dummy (Table 4). Using program dummy, the program led to 103 infant deaths averted

from 9,420 live births observed in the late targeted districts after the program. On average, there are

28 LPG packages distributed per 100 people in the late targeted districts. Therefore, using program

intensity, the program prevented approximately 87 infant deaths in total. This is slightly lower than

previous estimates with program dummy, which is expected considering that the program dummy may

overestimate the effect due to the imprecise measurement of the program.

In the event study plot, I provide a graphical analysis of the policy effect on infant mortality in

Figure 7. It shows the program intensity coefficient θ in Equation 2 by years since program imple-

mentation. These estimates are equivalent to the specification in Table 5, column 3. Each coefficient

represents the mean difference between the treatment group and the control group, using the year 0

since the program implementation as the reference category.

The event study analysis complements the earlier results in two ways. First, it provides graphical

evidence of the parallel trend. The coefficients of the program intensity before the implementation

year are essentially zero, reassuring the parallel pre-trend showed earlier (Table 2, column 5, row

4). Second, it reflects the magnitude of the program impact over time. The program reduced infant

mortality rate by 3 percentage points within the first year of the program, and the effects were doubled

32When I regress district trends on program intensity, the R-squared is about 0.27.
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in the second year of the program.

Comparing to the existing literature, these estimates are within the range of the health effects es-

timated in the ambient air pollution studies in developing countries.33 For example, Jayachandran

(2009) finds 15,600 “missing children” due to massive forest fires in Indonesia; Tanaka (2015) finds

that air regulation in China reduces three infants death per 1,000 births, Cesur et al. (2016) finds that a

one-percentage-point increase in natural gas subscriptions in Turkey decrease infant mortality by 4%;

Arceo et al. (2016) find a 1% increase in PM10 over a year leads to a 0.40% increase in infant mortality,

while a 1% increase in CO results in a 0.33% increase; Greenstone and Hanna (2014) find that a policy

on reducing vehicular pollution in India is associated with a reduction in the infant mortality rate of

0.64 per 1,000 live births. Also, my estimates are within the range of the Chay and Greenstone (2003)

study in the United States context, which finds a lower infant mortality rate by 3-6 percent due to the

nonattainment status in 1972.34

My findings are parallel with several indoor air pollution studies that focus on different outcomes

and studies that use different research design. For example, Barron and Torero (2017) find that the

randomized encouragement to connect to an electrical grid led to up to a 14 percentage-point lower

prevalence of acute respiratory infections among children under six; Pillarisetti et al. (2017) find 44,000

overall deaths averted over five years using a hypothetical policy simulation of full LPG adoption in

India; Andadari et al. (2014) study the same program and find that it effectively improved access to

modern energy among the poorest households.

Within rural areas estimates. Within rural area35 estimates can be a simple way to remove po-

tentially omitted variables from ambient air pollution (i.e., from traffic congestion), which has been

shown to have severe health consequences for infants (Currie and Walker, 2011; Knittel et al., 2016).

Unfortunately, a reliable measurement of ambient air pollution for the whole nation is nonexistent.

However, intuitively, more urbanized areas are likely to have higher ambient air pollution (i.e., higher

local air pollution from the transportation sector), compared to rural area. For example, Resosudarmo

33The estimates of ambient air pollution in developing countries are usually much higher than those in developed countries.
34Note that due to the lack of indoor air quality measurements, my estimates do not imply differences in the marginal effect of indoor

air quality.
35An area is classified as rural based on a scoring system. For example, if the regions have a population density of fewer than 5,000

persons per square kilometer and if the percentage of household working in agriculture sector is higher than 25%. There are other
categories for the scoring system such as the number of school, health care, roads, etc (Mulyana, 2014).
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and Napitupulu (2004) find a positive correlation on ambient air pollution and health costs in Jakarta,

the capital city of Indonesia which has some of the worst traffic congestion in the world (Fickling,

2018).

Using all observations in the rural area, including all targeted districts, I redo the same regression

in Equation 3 to estimate the program effects on the infant mortality as the treatment group and all

the untargeted districts as the control group. The results are shown in Table 6, columns 1-5. Panel 1

shows the program impacts using program dummy (similar to Table 4) and Panel 2 shows the program

impacts using program intensity (similar to Table 5).

The result in column 5 is consistent with the earlier findings (i.e., a ten percentage-point increase in

the program intensity would lower the infant mortality by 3.4 percentage points). The estimates using

program intensity are precise even after accounting for district trends, unlike those using program

dummy (Panel 1). Again, it suggests that the increasing access to LPG in the rural areas is not well

captured by the dummy program. Compared to the estimates in Table 5, these effects are very similar,

suggesting that the program effects are not driven by subsample selections.

Within mother estimates. To control for unobservable time-invariant characteristics of mothers, I

use mother fixed effects on the sample of mothers with more than one birth. Table 6, column 6 shows

the results that include mother fixed effects. I assume that all infants are born in the same district as

where the mother’s lived in the survey year. As expected, there are not many births within one mother,

leading to larger standard errors. However, the sign and the magnitude of the point estimates are very

similar with my earlier estimates, indicating that the program impact on infant mortality cannot be

explained by unobservable fixed characteristics of mothers.

IV.C The Program Impact on Birth Outcomes

Finally, I aim to investigate if the indoor air pollution is disproportionately affecting fetuses and the

newborns by exploring the effect on deaths occurring at different time periods and on birth weight.

Low birth weight children and very low birth weight children are often associated with fetal exposure

to pollution during pregnancy (for example see Currie 2011).36

Table 7 summarizes the results. Each column is a separate regression of program intensity on a

36I do not include premature birth and stillbirth due to many missing values.
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dummy variable of infant deaths at age 0–1 days (column 1), infant deaths at age 2–30 days (column

2), infant deaths at ages 1-11 months (column 3), infants born with weight less than 2.5 kilograms

(column 4), and infants born with weight less than 1.5 kilograms (column 5). All regressions use the

richest specification that includes year and district fixed effects, district-specific linear and quadratic

trend, full control variables discussed in Section III.C and all of the interactions between the control

variables and the post-program dummy. The mean of each outcome variables is measured at baseline

and per 1,000 live births.

The results in columns 1-3 on mortality consistently show that the program reduced neonatal and

post-neonatal mortality rates. Similarly, the results in columns 4 and 5 indicate that the program re-

duces the prevalence of low birth weights. However, the estimates are statistically significant for infant

deaths within the first day after birth, suggesting that the kerosene-related pollutants may affect fetuses

through maternal exposure to pollution. This is consistent with the result in column 5, which also

shows that the program is negatively associated with the prevalence of very low birth weight. How-

ever, the point estimates in columns 2, 3, and 4 suggest that the earlier estimates on infant mortality are

not driven by the reduction in infant deaths occurring after the first day of birth and not driven by the

prevalence of low birth weights.

V. MECHANISM

There are various channels for which the program could impact infant mortality. The most salient is

through program induced improvement in indoor air quality. However, there are other possible channels

such as changes in expenditure, fuel stacking, and avoidance behavior, which I discuss in this section.

Overall, I show that that the improvement in indoor air quality played a major role.

V.A Indoor Air Quality

Exposure studies that compare emissions from kerosene and LPG stoves support that kerosene-using

stoves are more polluting compared to LPG stoves. Unfortunately, there is no credible indoor air

quality measurement that covers a whole country. However, to shed light on this mechanism, I briefly

discuss the exposure studies that investigate the relative emission of kerosene-using stoves and LPG-

using stoves. Further, I discuss how the program is highly correlated with the reduction in kerosene

consumption, and so associated with an improvement in indoor air quality.
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Switching from kerosene stove to LPG stove is associated with a 30-percent reduction in PM2.5

personal exposure (Andresen et al., 2005)37, illustrated in Figure 8 and a 20-percent reduction in CO

concentration (Smith et al., 1999)38. These claims are also consistent with Smith et al. (2000), who pro-

vide comparison emission level per-meal by each fuel type.39 PM2.5 and CO are some of the byproducts

of incomplete combustion from cooking fuels that are believed to have negative effects on infants, both

through prenatal exposure and after birth exposure.40 In contrast, burning LPG produces significantly

less NOx, CO, and small amounts of SO2 (EPA). Note that most of these studies exclude any spillover

effects from neighborhood emissions (i.e., indoor air pollution from neighbors that contribute to local

outdoor air pollution), thereby the improvement in indoor air quality from kerosene to LPG switching

can be larger.

The program is strongly correlated with a substantial reduction in kerosene consumption.41 Firstly,

as discussed earlier in Figure 3, the average reduction in kerosene shares is very similar to the average

reduction in LPG shares at the district level. Hence, it gives reassurance that program intensity serves

as a good proxy for the reduction in the kerosene consumption. Furthermore, using a longitudinal

survey of the Indonesian Family Life Survey (IFLS), Imelda (2018b) shows that households reduce

their kerosene consumption down to zero after the program.42 For such a big reduction in the kerosene

consumption within a short period of time, plus the improvement in indoor air quality associated with

the fuel-switching, the reduction in infant mortality is likely to have been attributed, at least partly, to

the improvement in indoor air quality induced by the reduction in the kerosene consumption.

I find no effects on infant mortality among kerosene users and among households who do not have

access to electricity, shown in Table 8. Households who do not have access to electricity were likely

not affected by the program because they could still rely on kerosene as their source of lighting. These

37Andresen et al. (2005) provide 24-hour personal exposure and indoor concentration of PM2.5 from kerosene and LPG stoves in
Mysore, a medium-scale city in India where kerosene and LPG were the primary domestic fuels. During summertime, among 30
women in the study, the arithmetic mean of personal exposure for kerosene users was 148 µgm−3 (with standard error (SD) of
11 µgm−3) and for LPG users was 71 µgm−3 (SD 15 µgm−3).

38Using a simulated kitchen built in India, Smith et al. (1999) provide a database containing a set of emissions from 28 types of stoves
and fuel commonly used in developing countries.

39In terms of stove variety, anecdotally, there is only one type of LPG stove distributed throughout the program, therefore the type of
kerosene stove and LPG stove does not vary across households in general.

40Other pollutants such as nitrogen dioxide (NO2) and sulfur dioxide (SO2) surrounding the kitchen when kerosene is used are also
far above WHO standards (Smith et al., 2005; Apple et al., 2010; Hasanudin et al., 2011; Lam et al., 2012; Adeniji et al., 2015;
Maiyoh et al., 2015).

41Ideally, I could do a regression of program intensity on households kerosene consumption. However, this is not possible as IDHS
does not record households’ fuel consumption.

42Imelda (2018b) uses the kerosene quantity on the last purchase on the month before the survey as a proxy for kerosene consumption.
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results serve as placebo checks, mitigating concerns that the program intensity is confounded with

unobservable determinants of infant mortality.

V.B Other Channels

Expenditure channel. The reduction in infant mortality can be driven by program-induced health in-

vestment. LPG is more cost efficient compared to kerosene, approximately 0.4 kilograms of LPG can

replace one liter of kerosene (Budya and Arofat, 2011). Households who switch from kerosene to LPG

experienced a 40% reduction in fuel expenses or about 1.19 USD per month, but no changes in other

non-durable expenditures (Imelda, 2018b). This is intuitive as the changes in the fuel expenses are

small, 2% of the total monthly expenditure. Similarly, Budya and Arofat (2011) report several surveys

of the program which indicate a 30% reduction in their expenditure on cooking fuel due to the program,

1.64 USD on average in monthly savings.

This expenditure channel, however, is unlikely to be the dominating channel in which the program

could affect infant mortality. These extra savings due to the program, are not only very small but also

are not necessarily spent on health-related investment (e.g., the extra monies can be spent on healthy

food, but also can be spent on cigarettes). Even the conditional cash transfer in Indonesia, amounting

up to 20% of total consumption of the poor households, did not lead to any significant reduction in

infant mortality (Alatas et al., 2011).

Fuel stacking. Households tend to use a mix of fuels that are available within their locations, subject

to their budget constraints. Hence, I do not use this categorical variable because they are subjected

not only to endogeneity but also to measurement error. Therefore, any presence of fuel stacking is

included in my estimates. In particular, the estimated program effects include the effects from the

switch between not only kerosene to LPG but also wood to LPG.43 However, Table 3, row 3 shows that

the program has no effect on households’ probability of using wood fuel as their primary cooking fuel,

thereby it is not likely to play a major role.44 Thereby, any program effect captured in the estimates is

43The program eligibility is based on whether households have ever used LPG. Consider when households report kerosene as their
primary cooking fuel, thus they are eligible for the program. Although, in fact, they use mixed fuels, a combination of wood fuel
and kerosene.

44Two other studies that investigate the impact of this program, support that fuel stacking likely disappeared after the program. Based
on a survey conducted on 550 households in five sub-districts in Central Java, Andadari et al. (2014) find no impact on the number
of households that use only wood fuel for cooking. Before the program, all households consumed some kerosene, despite cooking
fuel they reported, Imelda (2018b). However, after the program, kerosene consumption among all households fell to zero, while
kerosene consumption among households who report using kerosene as their primary cooking fuel does not change.
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likely driven mostly by the reduction in kerosene consumption despite their true cooking fuel mix.

Avoidance behavior. The literature on ambient air pollution and health suggests that optimizing

individuals might minimize their exposure to protect their health. Similarly, avoidance behavior can

contribute to a reduction in indoor air pollution exposure. However, I see no compelling reason to

believe that the avoidance behavior is systematically correlated with the program.

When outdoor air quality is bad, individuals can stay indoors, but when indoor air quality is bad,

individuals have limited options to minimize the indoor air pollutant exposure. It is possible that when

households use their kerosene stoves, they tend to open their windows, but when they use LPG stoves,

they do not feel the need to open the windows to increase the ventilation. However, studies on how

effective ventilation can improve health are inconclusive. For example, Dasgupta et al. (2004) find

that the location of a kitchen has large and statistically significant effects on 24-hour average indoor

pollutants concentration, but Pitt et al. find that an increase in the permeability of roofs or walls has no

significant effect on health. Plus, Saksena et al. (2003) show that households who use kerosene exhibit

limited avoidance behavior compared to when they use biomass. They find that households who use

kerosene cook more often and closer to the kerosene stoves. As smoke from kerosene stoves is less

visible, and switching from kerosene to LPG likely does not have noticeable differences in indoor

smoke, thereby avoidance behavior, if any, is likely to be small.45

VI. ROBUSTNESS CHECKS AND HETEROGENEOUS EFFECTS

VI.A Robustness Checks

In the earlier sections, I show that my estimates are robust with or without the inclusion of the house-

hold characteristics, district-specific trends, and the post-program observables trends. I also show that

the results are consistent under alternative subsamples, thus supporting my causal claim. Further ro-

bustness checks are presented in Table 9. All outcome variables are infant mortality. Each column is a

different panel based on different specifications as follow.

In column 1, I restrict the sample to households that have similar observed characteristics. I first

compute the propensity scores of program intensity based on the household characteristics used as the

45Especially poor households likely do not own any indoor air purifiers. They even more likely to not be aware of the adverse health
risks of indoor air pollution.
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control variables. Then, I re-estimate the program effects using observations only under the common

support. In column 2, I cluster the standard error at the household level. In column 3, I add month-

year of birth fixed effects to account any variation due to seasonality (e.g., when households work in

an agriculture sector, seasonality might influence infant mortality, since their income often rises during

certain months and seasons). In column 4, I account for the number of household members, considering

that bigger households consume more cooking fuel.46 In column 5, I account for the number of children

born within the last five years preceding the survey, since infant mortality can decrease simply because

there are more births within a household.47 In column 6, I use 2004 as a placebo cut-off year. Hence,

births after 2004 in the targeted districts are defined as treatment groups.

The results in columns 1-5 suggest that the estimated coefficients are unchanged even after using

propensity score matching, changing standard error clustering, the inclusion of month-year fixed ef-

fects, number of household members, children born in the last five years. Similarly, there is no effect

of placebo treatment on infant mortality which indicates that trends in infant mortality are similar in

the pre-program period.

Lastly, the reduction in infant mortality might be driven by selective migration. It is difficult to

find any compelling reason that the program is correlated with selective migration. I expect that the

program is not a strong driver for a household to migrate to a different district considering the cost of

moving. In general, mobility across districts in Indonesia is very low. While IDHS does not record

any migration history, I show that migration across districts involves less than 5% of from the total

population. The graphical evidence, using Indonesia census of 2000, 2005 and 2010, is shown in

Figure A.1 in Appendix.

VI.B Heterogenous Effects

In this section, I explore the heterogeneous effects from subsamples based on program duration, moth-

ers’ education, poverty status, and child’s gender shown in Table 10. All of the regressions use infant

mortality as the dependent variable and a full set of controls: year fixed effects, district fixed effects,

district-specific linear trends, district-specific quadratic trends, control variables (discussed in Section

46It was excluded in my earlier analysis to exclude potential correlation with infant mortality.
47Similar to column 4, this variable is excluded from the main analysis as it is correlated with the number of infant deaths.
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III.C) and the interactions between control variables and the post-program dummy.

Panel 1: Effect by program duration. The effect of the program intensity might be accumulated in

the mother’s health. Longer exposure to the program may be associated with healthier mothers, thus

they will likely to have healthier babies compared to mothers with shorter exposure to the program.

Thus, I separately estimate the effects by the implementation year.48 The result indicates that the effects

are larger among those exposed earlier, suggesting the potential “accumulated effects” on mothers.

Panel 2: Mother’s education. A large body of literature has supported that low educated and poor

households are the most vulnerable group to environmental risk. In Panel 2, the results suggest that the

program effects are larger among mothers that had relatively higher education. A possible explanation

is that mothers with low education already have a low health endowment, so a marginal improvement

in the indoor air quality induced by the program is insufficient to reduce infant mortality. Alternatively,

mothers with higher education tend to be supported by other factors such as access to health facilities

and better birth attendance, so the program is sufficient to reduce infant mortality among them.

Panel 3: Effects among the poor. The poor category is constructed based on whether or not house-

holds own a private toilet. This category takes value one if households own a private toilet with a septic

tank, and zero otherwise. It takes value zero if households use a private toilet without a septic tank,

public toilet, pit latrine, bush, river, composting toilet, and other. This is a simple category that can

reflect the true condition of households’ economic condition. The results suggest the program effect

on infant mortality is larger among poor households.

Panel 4: Effects by gender. The program effects on infant mortality are larger among girls. This

is of great importance in developing countries, where gender discrimination often exists. The bene-

fits of the indoor air quality improvement can be enjoyed by both genders equally. However, female

fetuses may have a higher threshold at which pollution leads to mortality than boys do. This is consis-

tent with a large body of literature regarding boys being biologically weaker and more susceptible to

environmental risks.

48There are only a few districts targeted in 2010, thus I combine them with district targeted in 2011.
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VII. CONCLUSIONS

The seventh United Nation Sustainable Development Goal calls for universal access to affordable,

reliable, sustainable and modern energy by 2030. There are about 2.3 billion people globally who do

not have access to clean cooking fuels (The World Bank, 2018). Interventions in clean energy need to

be scaled up significantly to support this agenda and proper cost and benefit calculations are needed

urgently. Despite its importance, to my knowledge, there is no study that measures the causal health

impact from a large-scale household fuel conversion program. Traditional cost and benefit analyses

often leave out the health benefits in the calculation as there are no reliable estimates of the health

benefits of adopting clean energy, thereby underestimating the total benefits.

I estimate the health impact of indoor air pollution using a nationwide fuel-switching program

in Indonesia. The program reached more than 50 million homes and successfully reduced kerosene

consumption by more than 80% within four years. I find that the program led to a significant reduction

in infant mortality. In particular, a 10-percentage-point increase in the free initial LPG distributed

reduces the infant mortality by 3.3 percentage points or 1.2 infants per 1,000 live births. Program-

induced indoor air quality improvement likely played an important role since switching from kerosene

to LPG is associated with a substantial reduction in the average exposure of PM2.5 and CO (Andresen

et al., 2005). This study provides the lower-bound estimates on the health benefits of switching to

cleaner cooking fuel. If moving away from kerosene towards LPG led to a significant reduction in

infant mortality, then moving away from biomass (i.e., the dirtiest fuel) is expected to lead to even

greater health benefits.

Using some back of the envelope calculations, I estimate that the program leads to approximately

1,687 fewer infant deaths on every ten-percentage-point increase in the program intensity, in 2011.

This calculation is based on the total live births of around 1.6 million.49 The benefits from these

avoided deaths yield an estimated USD 422 million in annual savings.50 On the cost side, even without

accounting for any health benefits, the program already had a net saving of about USD 2.9 billion from

the removal of kerosene subsidy (Budya and Arofat, 2011).

49Total live births are calculated from a total population in the treatment group of 87 million and a crude birth rate of 19.2.
50I use a value of statistical life in rural Thailand, USD 250,000 (Gibson et al., 2007), which is likely closer to rural Indonesia.
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The current investigation is particularly timely as estimating the link between kerosene use and

health has become increasingly important. First and foremost, this paper supports the recent World

Health Organization (WHO) guidelines that discourage the use of kerosene. The WHO recently reclas-

sified kerosene as a ‘dirty fuel’ for the first time (WHO, 2016), putting it in the same class as biomass.51

Furthermore, given that a large population is still using kerosene, the global health impact of moving

away from it is likely quite large. Kerosene still plays a major role in household consumption in most

developing countries. Globally, approximately 500 million households use kerosene for cooking (Lam

et al., 2012) and one billion people rely on kerosene and other polluting devices for lighting (WHO,

2016). Most developing countries continue to encourage the use of kerosene by highly subsidizing

it. The average direct subsidies of kerosene reach approximately $44 million per day (Mills, 2017).

Not only is the cost of subsidizing kerosene high, but the health costs of using are also likely to be

substantial.

The total health benefits of the program are likely to be much greater than documented since this

paper only focuses on one of the possible health benefits of the program, infant mortality. Other health

benefits, such as fewer respiratory illnesses, improved child and adult morbidities, and other benefits

outside of health such as labor force participation and environmental impact, are left for future research.

For example, Budya and Arofat (2011) discuss that the new investment in LPG created 28 thousand

new jobs and reduced CO2 emissions by 8.4 million tonnes per year. A full accounting of the different

ways that indoor air pollution affects health is beyond the scope of this paper, but the findings from this

paper suggest that the health benefit of providing a cleaner fuel is quite large and significant among

infants, the most vulnerable group.

UNIVERSIDAD CARLOS III DE MADRID

51In the past, kerosene was grouped as a clean fuel together with gas and electricity.
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APPENDIX

Figure A.1: CHANGES IN MIGRATION RATES ACROSS DISTRICTS DURING 2000-2010

Notes: This figure shows the changes in the migration across districts from 2000 to 2005
and from 2005 to 2010. Mobility across districts in Indonesia is very low, less than 5% of
from the total population, on average. Hence, it is difficult to find any compelling reason
that the program is correlated with selective migration.
Source: Indonesia Census 2000, 2005 and 2010.
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Figure A.2: HISTOGRAM OF INFANT MORTALITY BY DAYS AFTER BIRTH

Notes: This figure shows the histogram of infant mortality by days after birth with a third of
those mortality occurred within the first day after birth.
Source: IDHS 2002-2012.

30



FIGURES

Figure 1: HOUSEHOLDS’ PRIMARY COOKING FUEL DURING 1971-2010

This figure shows the total population by primary cooking fuel types during 1971-2010. The share
of households who used kerosene was stable prior to the program. However, after the program
rolled out in 2007, the total population who use kerosene dropped from 42% to 12%, and the total
population who used LPG increased from 9% to 46% within only three years.
Source: Indonesian census 1971-2010.
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Figure 2: GEOGRAPHIC VARIATION OF THE PROGRAM

Notes: This figure plots the program implementation time within the study period. Big cities with large population
such as Jakarta and Denpasar are among the early targeted districts, while the remaining districts that are less
densely populated and farther from the ports are among the late targeted districts.
Source: Pertamina

Figure 3: CHANGES IN COOKING FUEL SHARES ACROSS DISTRICTS

Notes: This figure shows the changes in district cooking fuel share (LPG, kerosene, and
biomass) from 2005 to 2010. Each point indicates the total households that reported LPG or
kerosene as their primary cooking fuel relative to the district’s population (for the calcula-
tions, see Footnote 12). Districts are sorted by districts with the smallest change in the LPG
shares.
Source: Indonesia Census 2005 and 2010.
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Figure 4: CHANGES IN KEROSENE AND LPG CONSUMPTION OVER TIME

Notes: This figure shows the total quantity of kerosene and LPG supplied in each month-
year, converted from the original unit to MBTU.
Source: Pertamina.
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Figure 5: PROGRAM INTENSITY IN EACH DISTRICT BY YEAR

Notes: This figure shows the program intensity in each year in each district. In each year, district ID is sorted by the
intensity level.
Source: Pertamina.
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Figure 6: TRENDS IN INFANT MORTALITY

Notes: This figure plots the late targeted and untargeted districts using locally weighted regression with a tricube
weighting function (Cleveland, 1979) and a bandwidth of 1. The vertical line indicates the beginning of the
program roll-out. Note that each district had different program timing, due to the nature of the program roll-out.
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Figure 7: EVENT STUDY PLOT

Notes: This figure plots the program intensity coefficient θ in Equation 2 by years prior to the
program implementation. Each coefficient represents the mean difference between the treatment
group and the control group. The year 0 since the program implementation is used as the reference
category. Three years after the program implementation is excluded due to very few observations.

Figure 8: AVERAGE PERSONAL EXPOSURE OF PM2.5 AMONG WOMEN WHO USE KEROSENE AND LPG

Notes: The figure illustrates the results from Andresen et al. (2005) which reflects the arithmetic mean and
standard error of personal exposure during summertime June/July 2002 in India. The dashed vertical line shows
WHO guideline for average PM2.5 24-hour mean concentration, 25 µgm−3.
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TABLES

Table 1: SUMMARY STATISTICS OF BASELINE CHARACTERISTICS

Treatment group
Control group

Variable All targeted Early targeted
(2007-2008)

Late targeted
(2009-2011)

(1) (2) (3) (4)

Infant death 0.034 0.028 0.037 0.040
(0.181) (0.166) (0.190) (0.196)

Mortality within 1 day 0.010 0.008 0.013 0.012
(0.101) (0.088) (0.112) (0.107)

Cooking with LPG 0.10 0.14 0.08 0.04
(0.30) (0.35) (0.27) (0.21)

Cooking with kerosene 0.40 0.49 0.37 0.25
(0.49) (0.50) (0.48) (0.43)

Cooking with wood 0.47 0.35 0.51 0.67
(0.50) (0.48) (0.50) (0.47)

First birth 0.35 0.38 0.34 0.29
(0.48) (0.48) (0.47) (0.45)

Antenatal visits 7.17 8.16 6.53 5.86
(3.72) (3.62) (3.58) (3.58)

Age at birth 27.57 27.64 27.44 27.69
(6.32) (6.30) (6.29) (6.45)

Mother’s age <19 0.05 0.05 0.06 0.05
(0.22) (0.21) (0.23) (0.21)

First birth 0.35 0.38 0.34 0.29
(0.48) (0.48) (0.47) (0.45)

Children born in the last 5 years 1.32 1.24 1.35 1.47
(0.54) (0.47) (0.56) (0.63)

Number of household members 5.52 5.40 5.48 5.93
(2.13) (2.08) (2.05) (2.40)

Has TV 0.67 0.79 0.62 0.46
(0.47) (0.41) (0.49) (0.50)

Has fridge 0.23 0.29 0.19 0.16
(0.42) (0.45) (0.40) (0.37)

Has clean water for drinking 0.28 0.33 0.26 0.19
(0.45) (0.47) (0.44) (0.39)

Visited health facility last 12 months 0.49 0.51 0.48 0.49
(0.50) (0.50) (0.50) (0.50)

Not smoking 0.99 0.98 0.99 0.98
(0.12) (0.13) (0.11) (0.13)

House without toilet 0.56 0.45 0.61 0.71
(0.50) (0.50) (0.49) (0.45)

Has electricity 1.03 1.08 1.05 0.86
(0.97) (0.83) (1.07) (1.04)

Mother is not educated 0.04 0.02 0.04 0.07
(0.19) (0.15) (0.20) (0.26)

Father is not educated 0.03 0.02 0.04 0.05
(0.17) (0.12) (0.20) (0.22)

Mother’s education: secondary and higher 0.53 0.56 0.53 0.47
(0.50) (0.50) (0.50) (0.50)

Father’s education: secondary and higher 0.57 0.58 0.57 0.52
(0.50) (0.49) (0.50) (0.50)

Observations 28,682 6,405 12,446 9,831

Notes: This table reports the average households’ characteristics at baseline in the targeted districts (column 1), targeted districts during
2007-2008 (Column 2), targeted districts during 2009-2011 (Column 3), and untargeted districts (Column 4). All numbers are weighted
using DHS sample weights. Standard deviations are in parentheses.
Source: IDHS 2002 and 2007.
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Table 2: BALANCING CHECKS ON BASELINE CHARACTERISTICS

Treatment: all Treatment: 2007-2008 Treatment: 2009-2011
Coef. SE Coef. SE Coef. SE

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

Infant death -0.007 (0.006) -0.004 (0.007) -0.010 (0.007)
Infant death within 1 day 0.001 (0.003) -0.000 (0.003) 0.001 (0.003)
Cooking with LPG 0.018 (0.015) 0.022 (0.023) 0.023 (0.014)
Cooking with kerosene -0.032 (0.033) -0.043 (0.034) -0.021 (0.037)
Cooking with wood 0.006 (0.037) 0.005 (0.038) -0.006 (0.041)
First birth 0.010 (0.013) 0.012 (0.016) 0.013 (0.014)
Antenatal visits -0.218 (0.262) -0.028 (0.284) -0.213 (0.267)
Age at birth -0.147 (0.240) -0.083 (0.282) -0.156 (0.253)
Mother’s age <19 -0.003 (0.007) -0.009 (0.009) -0.000 (0.008)
First birth 0.010 (0.013) 0.012 (0.016) 0.013 (0.014)
Children born in the last 5 years -0.049 (0.031) -0.057* (0.032) -0.052 (0.034)
Number of household members -0.167 (0.146) -0.200 (0.163) -0.149 (0.151)
Has TV -0.051 (0.034) -0.058* (0.032) -0.034 (0.038)
Has fridge 0.018 (0.020) 0.020 (0.027) 0.027 (0.021)
Has clean water for drinking 0.062** (0.030) 0.125*** (0.037) 0.038 (0.033)
Visited health facility last 12 months 0.009 (0.038) 0.012 (0.042) 0.013 (0.040)
Not smoking 0.004 (0.004) -0.002 (0.005) 0.008** (0.004)
House without toilet 0.061** (0.030) 0.083** (0.034) 0.037 (0.033)
Has electricity 0.055 (0.046) 0.046 (0.053) 0.064 (0.050)
Mother is not educated -0.031** (0.013) -0.029** (0.014) -0.034** (0.014)
Father is not educated -0.015 (0.009) -0.013 (0.009) -0.017* (0.010)
Mother’s education: secondary and higher 0.001 (0.029) 0.008 (0.033) 0.001 (0.032)
Father’s education: secondary and higher -0.044 (0.027) -0.031 (0.030) -0.046 (0.030)

Observations 28,682 16,236 22,277

Notes: Each row and column is a separate regression that includes the simplest model with year and district fixed effects on the corre-
sponding dependent variable in each row. All regressions use the untargeted districts as the control group. In the treatment group, column
1 uses all targeted districts, column 3 uses early targeted districts, and column 5 uses late targeted districts. Columns 1, 3, and 5 report
the regression coefficient for the treatment indicator, while columns 2, 4, and 6 report its corresponding standard errors. Standard errors
(in parentheses) are clustered by district. *** Significant at the 1 percent level. ** Significant at the 5 percent level. * Significant at the
10 percent level.
Source: IDHS 2002 and 2007.
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Table 3: CORRELATION BETWEEN THE OBSERVABLES AND THE TREATMENT VARIABLE

Program dummy Program Intensity

Treatment group: All targeted Targeted in 2009-2011 All targeted Targeted in 2009-2011
Dependent Variable Coef. SE Coef. SE Coef. SE Coef. SE

(1) (2) (3) (4) (5) (6) (7) (8)

Cooking with LPG 0.234*** (0.016) 0.205*** (0.017) 0.352*** (0.046) 0.395*** (0.054)
Cooking with kerosene -0.240*** (0.019) -0.184*** (0.018) -0.306*** (0.037) -0.295*** (0.042)
Cooking with wood 0.008 (0.013) -0.020 (0.016) -0.022 (0.037) -0.065 (0.053)
Number of household members -0.061 (0.069) 0.038 (0.067) -0.032 (0.152) 0.012 (0.187)
Has TV -0.040*** (0.013) 0.005 (0.014) 0.028 (0.031) 0.082** (0.040)
Has fridge -0.009 (0.014) 0.009 (0.015) 0.004 (0.037) 0.036 (0.049)
Has clean water for drinking 0.022 (0.016) 0.015 (0.019) -0.031 (0.042) -0.060 (0.054)
Visited health facility last 12 months 0.017 (0.017) 0.021 (0.018) 0.009 (0.043) -0.022 (0.056)
Not smoking 0.007* (0.004) 0.008* (0.004) -0.003 (0.011) 0.005 (0.013)
House without toilet 0.019 (0.014) -0.005 (0.017) -0.013 (0.039) -0.039 (0.046)
Has electricity -0.080*** (0.023) -0.054* (0.031) -0.204*** (0.070) -0.256*** (0.097)
Mother’s education: secondary and higher -0.004 (0.012) -0.000 (0.015) 0.038 (0.040) 0.108** (0.047)
Father’s education: secondary and higher -0.002 (0.012) 0.001 (0.014) 0.016 (0.038) 0.043 (0.045)
Antenatal visits -0.081 (0.129) 0.182 (0.124) -0.233 (0.305) 0.013 (0.410)
Age at birth -0.045 (0.138) -0.172 (0.182) 0.498 (0.531) 0.110 (0.616)
Mother’s age <19 0.002 (0.005) 0.006 (0.006) -0.008 (0.016) -0.003 (0.021)
First birth -0.003 (0.011) -0.002 (0.014) -0.011 (0.044) 0.004 (0.052)
Children born in the last 5 years 0.035*** (0.013) 0.016 (0.015) 0.038 (0.039) 0.018 (0.053)

Observations 46,750 36,443 46,307 36,097

Notes: Each row and column is a separate regression that includes the simplest model with year and district fixed effects as the set of control variables with the
corresponding dependent variable in each row. Columns 1-4 use program dummy and columns 5-8 use program intensity as the treatment variable. Columns 1-2 and
columns 5-6 use all sample while columns 3-4 and columns 7-8 use only late targeted regions. Columns 1, 3, 5, and 7 report the regression coefficient for treatment
indicator if households are in the targeted districts, while columns 2, 4, 6, and 8 report its corresponding standard errors. Antenatal visits variable is recorded for the latest
birth and has a smaller sample compared to the rest. Standard errors (in parentheses) are clustered by district. *** Significant at the 1 percent level. ** Significant at the
5 percent level. * Significant at the 10 percent level.
Source: IDHS 2002, 2007, 2014
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Table 4: THE PROGRAM IMPACT ON INFANT MORTALITY USING DUMMY PROGRAM

Dummy program
Mean of infant mortality: 37 per 1,000 live birth

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

Program dummy -0.019*** -0.017*** -0.011** -0.010** -0.011*** -0.012*
(0.004) (0.004) (0.004) (0.004) (0.004) (0.006)

Has TV 0.003 0.002 0.003
(0.003) (0.004) (0.004)

Has fridge -0.002 0.004 0.003
(0.003) (0.004) (0.004)

Has clean water for drinking -0.004* -0.006* -0.004
(0.002) (0.004) (0.004)

Visited health facility last 12 months -0.009*** -0.012*** -0.013***
(0.002) (0.003) (0.003)

Not smoking -0.027** -0.024 -0.025
(0.012) (0.016) (0.017)

House without toilet 0.005* 0.004 0.004
(0.003) (0.004) (0.004)

Has electricity -0.006 -0.006 -0.008
(0.005) (0.005) (0.005)

Mother’s education: secondary and higher -0.010*** -0.009** -0.009**
(0.003) (0.003) (0.004)

Father’s education: secondary and higher 0.000 -0.000 0.000
(0.003) (0.003) (0.004)

Mother is not educated -0.001 -0.004 -0.002
(0.008) (0.008) (0.009)

Father is not educated 0.012 0.023** 0.024**
(0.009) (0.010) (0.010)

Age at birth 0.000 0.223 0.181
(0.000) (0.391) (0.382)

Mother’s age <19 0.017*** 7.783 6.299
(0.006) (14.149) (13.852)

Birth order (2nd) -0.003 0.002 0.002
(0.003) (0.004) (0.004)

Birth order (3rd) 0.002 0.010** 0.009*
(0.003) (0.005) (0.005)

Birth order (4th) 0.007 0.014** 0.014**
(0.005) (0.006) (0.006)

Observations 35,092 35,092 35,092 35,092 35,092 35,092
R-squared 0.002 0.035 0.052 0.055 0.059 0.083

Year fixed effects Y Y Y Y Y Y
Birth characteristics Y Y Y Y Y
District fixed effects Y Y Y Y
Full control variables Y Y Y
Controls X post program Y Y
District trends Y

Notes: The dependent variable is infant mortality which takes value 1 if the infant is dead and 0 otherwise. In a cumulative fashion,
column 1 uses year fixed effects, column 2 adds district fixed effects, column 3 adds households and individual characteristics,
column 4 adds district-specific linear trends, column 5 adds district-specific quadratic trends, and column 6 adds all interactions be-
tween the control variables and the post-program dummy. Standard errors (in parentheses) are clustered by district. *** Significant
at the 1 percent level. ** Significant at the 5 percent level. * Significant at the 10 percent level.
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Table 5: THE PROGRAM IMPACT ON INFANT MORTALITY USING PROGRAM INTENSITY

Program intensity
Mean of infant mortality: 37 per 1,000 live birth

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

Program intensity -0.046*** -0.041*** -0.033** -0.032** -0.033** -0.021
(0.014) (0.014) (0.014) (0.015) (0.015) (0.018)

Has TV 0.003 0.002 0.003
(0.003) (0.004) (0.004)

Has fridge -0.001 0.004 0.003
(0.003) (0.004) (0.004)

Has clean water for drinking -0.004 -0.006* -0.004
(0.002) (0.004) (0.004)

Visited health facility last 12 months -0.009*** -0.012*** -0.013***
(0.002) (0.003) (0.003)

Not smoking -0.028** -0.024 -0.025
(0.012) (0.016) (0.017)

House without toilet 0.005* 0.004 0.004
(0.003) (0.004) (0.004)

Has electricity -0.006 -0.006 -0.008
(0.005) (0.005) (0.005)

Mother’s education: secondary and higher -0.010*** -0.009** -0.009**
(0.003) (0.003) (0.004)

Father’s education: secondary and higher -0.000 -0.000 0.000
(0.003) (0.003) (0.004)

Mother is not educated -0.003 -0.004 -0.002
(0.008) (0.008) (0.009)

Father is not educated 0.012 0.023** 0.024**
(0.009) (0.010) (0.010)

Age at birth 0.000 0.223 0.181
(0.000) (0.391) (0.382)

Mother’s age <19 0.018*** 7.768 6.300
(0.006) (14.156) (13.856)

Birth order (2nd) -0.003 0.002 0.002
(0.003) (0.004) (0.004)

Birth order (3rd) 0.002 0.010** 0.009*
(0.003) (0.005) (0.005)

Birth order (4th) 0.007 0.014** 0.014**
(0.005) (0.006) (0.006)

Observations 34,755 34,755 34,755 34,755 34,755 34,755
R-squared 0.001 0.035 0.052 0.056 0.060 0.083

Year fixed effects Y Y Y Y Y Y
Birth characteristics Y Y Y Y Y
District fixed effects Y Y Y Y
Full control variables Y Y Y
Controls X post program Y Y
District trends Y

Notes: The dependent variable is infant mortality which takes value 1 if the infant is dead and 0 otherwise. In a cumulative fashion,
column 1 uses year fixed effects, column 2 adds district fixed effects, column 3 adds households and individual characteristics,
column 4 adds district-specific linear trends, column 5 adds district-specific quadratic trends, and column 6 adds all interactions be-
tween the control variables and the post-program dummy. Standard errors (in parentheses) are clustered by district. *** Significant
at the 1 percent level. ** Significant at the 5 percent level. * Significant at the 10 percent level.
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Table 6: THE PROGRAM IMPACTS ON INFANT MORTALITY WITH ALTERNATIVE SPECIFICATIONS

Within rural areas Within
mother

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

Panel 1: Program impacts using dummy program
Dummy program -0.016*** -0.011** -0.007 -0.005 -0.004 -0.011

(0.005) (0.005) (0.005) (0.005) (0.007) (0.018)

Observations 26,424 26,424 26,424 26,424 26,424 11,921
R-squared 0.001 0.038 0.060 0.064 0.101 0.546

Panel 2: Program impacts using program intensity
Program Intensity -0.068*** -0.050*** -0.042*** -0.040*** -0.034** -0.035

(0.014) (0.014) (0.014) (0.014) (0.017) (0.073)

Observations 26,190 26,190 26,190 26,190 26,190 11,764
R-squared 0.001 0.038 0.061 0.065 0.101 0.547

Year fixed effects Y Y Y Y Y Y
Birth characteristics Y Y Y Y Y
District fixed effects Y Y Y
Full control variables Y Y
Controls X post program Y
District trends Y
Mother fixed effects Y

Notes: The dependent variable is infant mortality. Panel 1 shows the program impacts using program dummy (similar
to Table 4) and Panel 2 shows the program impacts using program intensity (similar to Table 5). Columns 1-5 use
only samples in rural areas, and column 6 uses only the sample of all mothers with more than one birth in the late
targeted district. Standard errors (in parentheses) are clustered by district. *** Significant at the 1 percent level. **
Significant at the 5 percent level. * Significant at the 10 percent level.
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Table 7: THE PROGRAM EFFECT ON BIRTH OUTCOMES

(1) (2) (3) (4) (5)
Deaths at age Low Very low

Variables within 1 day 2-30 days 1-11 months birth weight birth weight

Program Intensity -0.020** 0.011 -0.005 -0.041 -0.018*
(0.008) (0.011) (0.009) (0.037) (0.011)

Observations 34,757 34,757 34,757 25,722 25,722
R-squared 0.060 0.052 0.057 0.114 0.097

Mean dep. var 11.7 9.2 15.2 134.9 8.6
Year fixed effects Y Y Y Y Y
Birth characteristics Y Y Y Y Y
District fixed effects Y Y Y Y Y
Full control variables Y Y Y Y Y
Controls X post program Y Y Y Y Y
District trends Y Y Y Y Y

Notes: Each column is a separate regression of program intensity on an outcome variable indicated in the
column header. All regressions include year and district fixed effects, district-specific linear and quadratic
trend, full control variables discussed in Section III.C and all of the interactions between the control variables
and the post-program dummy. The mean of each outcome variables is measured at baseline and per 1,000 live
births. Standard errors (in parentheses) are clustered by district. *** Significant at the 1 percent level. **
Significant at the 5 percent level. * Significant at the 10 percent level.
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Table 8: PROGRAM EFFECT AMONG KEROSENE USERS AND ELECTRIFIED HOUSEHOLDS

(1) (2) (3) (4)
Variables Kerosene is the

primary cooking
fuel

Kerosene is not
the primary
cooking fuel

Have access to
electricity

Have no access
to electricty

Program intensity -0.018 -0.034** -0.034** 0.082
(0.053) (0.016) (0.015) (0.101)

Observations 9,950 24,805 28,728 6,027
R-squared 0.084 0.057 0.054 0.103

Notes: Each column is a different regression with different subsamples. Column 1 uses only households who cook
with kerosene, column 2 uses only households who do not use kerosene, column 3 uses only households who have
access to electricity, and column 4 uses only households who do not have access to electricity. The dependent variable
is infant mortality. All the regressions use a full set of controls: year fixed effects, district fixed effects, district-specific
linear trend, district-specific quadratic trend, control variables discussed in Section III.C and its interaction with the
post-program dummy. Standard errors (in parentheses) are clustered by district. *** Significant at the 1 percent level.
** Significant at the 5 percent level. * Significant at the 10 percent level.
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