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Abstract
Approximately one billion people live without access to electricity. However, there
has been no study that rigorously estimates both the realized benefits and costs of
electricity provision. In this paper, we document substantial short-run welfare gains
from electricity expansion in the Philippines. We first project the expansion of the
electricity grid under a least-cost first principle. Using this projected expansion as an
instrument, we estimate large impacts of electricity infrastructure on household income
and expenditures. We then use data on costs of electrifying individual villages to show
that in a majority of cases, the physical cost of expanding electricity infrastructure
is recovered after only a single year of realized expenditure gains. Finally, we find
that electricity does not increase employment, suggesting that increased labor force
participation is not the relevant mechanism. Rather, increases in agricultural income
appear to account for a meaningful share of the income gains from electrification. These
findings suggest that the benefits to rural electrification may be significantly high, even
in the very short run.
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Introduction

A fundamental question in development economics is the role of electricity in improving the
lives of people. Approximately one in seven people in the world (more than a billion) is still
without access to electricity, according to the World Bank. In many countries, the regions
that remain to be electrified are remote, and providing electric connections to the mostly
poor people living in these areas is cost-prohibitive.1 At the same time, decisions about
whether and how to expand electricity access are being made in the absence of rigorous
empirical evidence (Lee et al., 2016). Recent studies suggest that electrification can trigger
significant changes in the economy. These include the effects on female employment in
South Africa (Dinkelman, 2011), long-run (decadal) effects on development outcomes in
Brazil (Lipscomb, Mobarak, and Barham, 2013), and experimental estimates of demand for
electricity in Kenya (Lee, Miguel, and Wolfram, 2016). Other studies focus on longer-term
impacts on manufacturing, household consumption, household air quality, and agricultural
production in the United States.2
However, for the policy maker to make informed decisions on which communities should
be targeted for grid connections, and what financing and other incentives need to be provided to facilitate access, we need to rigorously estimate both benefits and costs in the same
setting. There have been no studies that compare the realized benefits of connecting households to the grid to the costs of providing them with electricity. Nearly all previous papers
focus only on estimating benefits, except for Lee, Miguel, and Wolfram (2016) who compare
measures of willingness to pay for electricity with the cost of building infrastructure.3 In this
paper, we use micro-data on household income and expenditures to study the causal effect of
rural electrification in the Philippines and compare it to data on actual electrification costs
provided by the government.4 The primary innovation is in combining micro-level estimates
of household consumption with data on electrification costs.
Our main benefits estimate is obtained by projecting the expansion of electricity to
the last 10 percent of “barangays” (henceforth, villages) under the assumption that the first
1
In addition to the direct costs of infrastructure, large scale efforts to bring these areas under the grid
will have major environmental implications, especially if fossil fuels are used for power generation.
2
For example, see Rud (2012) Khandker, Barnes, and Samad (2013), Barron and Torero (2013), Van de
Walle et al. (2013), Chakravorty, Pelli, and Marchand (2014), Kitchens and Fishback (2015), and Allcott
et al. (2016).
3
We compare our findings with theirs, later in this section.
4
The Philippines — classified by the World Bank as a “lower middle-income country” with more than a
quarter of the population living below the poverty line - offers a unique case study because approximately
10 percent of the population gained access to electricity during the period from 2000 to 2009. In addition,
the topography varies from small, remote islands to rugged, mountainous areas. The regions which received
electricity during this period were primarily poor agricultural communities.
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villages to be connected are those that are closest to the nearest tapping point in the existing
electricity grid at the start of our sample. This approach allows us to predict the evolution
of electricity infrastructure over time if feasibility was the only factor that determined which
villages should be electrified first. We then use this measure of predicted electrification as
an instrumental variable for the actual electrification status of the village.5
We show that the arrival of electricity in a village causes annual household expenditures
to increase by 38 percent. Similarly, total household income increases by nearly 42 percent.
These large effects arise even though on average, only 23 percent of the households in the
village are electrified at first — that is, not all households connect to the grid immediately
upon electrification.
By using cost data from an ongoing village electrification program, we find that it costs
roughly $325 per household to bring electricity to the median village.6 An annual gain in
expenditures of 38 percent amounts to approximately 615 dollars per household. Combining
these two figures, our data suggest that the physical infrastructure costs of extending the
electricity grid to a village are on average recovered after just a single year of realized welfare
gains.
These findings have significant policy implications for governments trading-off the benefits
and costs of alternative investment options for developing infrastructure. Decisions on how
to provide electricity to these mostly poor communities living in remote locations has global
implications. Provision of high voltage on-grid access will likely mean reliance on fossil fuel
based power generation with large environmental externalities in the form of greenhouse gas
emissions. On the other hand, off-grid low voltage sources such as home solar systems may
provide fewer benefits to households.
Given these policy tradeoffs, the novelty of our approach is in comparing the actual
infrastructure costs with the estimated short-term welfare gains from on-grid electricity for
a set of villages that vary substantially in costliness of grid extensions. The study by Lee,
Miguel, and Wolfram (2016) combines estimates of household willingness to pay with detailed
data on infrastructure costs. Specifically, they estimate the private demand curve for grid
connections in Kenya and find that the cost of supplying connections far outweighs the
benefits. They point to the important role of excess costs from leakage and reduced demand
due to red tape, low grid reliability and credit constraints. How to reconcile the sharply
different conclusions of the two studies? Note that we estimate the realized village-level
benefits of electrification, not at the level of the individual household. To the extent that
5

This approach is in the spirit of recent work that uses geographic variation to predict the most suitable
places for electricity expansion (e.g., see Dinkelman (2011); Lipscomb, Mobarak, and Barham (2013).)
6
This figure is the cost divided by the total number of households in the village, not the cost per connected
household.
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early adopters in the village are those endowed with the most inputs (e.g., credit, land, etc.)
that complement electricity, the returns may be higher. For instance, early adopters may
use a larger share of electricity for production relative to those who connect later in time.
We exploit the richness of our data to investigate the key mechanisms that underly the
relationship between electricity and household welfare. One possibility is that the arrival of
electricity allows the household to reallocate labor away from household tasks and towards
formal wage labor, as in Dinkelman (2011) and Van de Walle et al. (2013). We do not find
evidence supporting labor reallocation as an explanation for our findings. Using a different
source of survey data, we find that the reduced-form effect of predicted electrification on
labor force participation — among both males and females — is small and statistically
insignificant. In addition, we do not find evidence that electricity substitutes for house work
for females.
About 92 percent of households in our sample earn self employment income, mainly from
agriculture. We estimate large reduced-form effects of predicted electricity on agricultural
income. In particular, predicted electrification leads to an approximate 22 percent increase
in agricultural income. The effect on non-agricultural income is only 8 percent and is statistically insignificant. While the data do not allow us to pinpoint the exact reason why benefits
to agriculture explain much of the income gains from electricity, these results suggest that
electricity can generate large welfare gains even in the most rural areas where agriculture
dominates.
The critical assumption underlying our empirical approach is that the predicted measure
of electrification only affects household welfare through the actual electrification of the village. That is, there are no alternate channels through which our predicted electricity variable
influences household income or expenditure.
This triggers two potential concerns with the excludability of our instrument. First,
we project the expansion of the electricity grid based on the location of electrified villages
during the first year of our sample in 2003. Therefore, the earliest places to be predicted
to receive electricity will be those that were previously on the fringe of nearby electrified
places. If these fringe locations are less remote, and incomes grow faster in less remote areas,
then our instrumental variables estimate would overstate the income gains from electricity.
We address this issue by allowing the time effects in our main specification to depend on
numerous characteristics of villages such as population density, proximity to the nearest city
and elevation. Our estimated effect on household expenditures changes little when controlling
for these time-varying unobservables.
Second, our estimates may be too large if there are positive spillovers from electricity
across villages, say through market interactions. The fact that most households are self
4

employed and work in agriculture suggests that across-village spillovers may be minimal.
We address this point rigorously by using an entirely different identification strategy. We
exploit the fact that electric cooperatives are responsible for grid extensions to individual
neighborhoods within villages in their jurisdiction. In addition, some cooperatives have been
significantly more aggressive at electrifying neighborhoods than others. We focus on the
province of Bohol where half the province is served by one cooperative that was first in the
country to electrify all neighborhoods.7 In contrast, villages covered by the other cooperative
on the island still had an average of one unelectrified neighborhood per two villages at the
same time. We use the geographic boundary between the two cooperatives in a spatial
regression discontinuity analysis. If anything, positive spillovers across villages would cause
this estimation to understate the welfare gains from electricity. This alternate identification
strategy yields results that are qualitatively similar to our instrumental variables results.
In addition to the literature on electricity and development, our paper contributes to a
broader literature on infrastructure investments and economic development. Several recent
studies estimate the economic gains from various forms of infrastructure. These include
electricity infrastructure in India (Ryan, 2014), irrigation dams in India (Duflo and Pande,
2007), railroads in the United States and India (Donaldson, 2015; Hornbeck and Donaldson,
2016), national highways in China (Faber, 2014), and cell phone towers in India (Jensen,
2007). These studies carefully estimate the causal effects of various forms of infrastructure.
Yet, reliable data on the costs of these projects — and particularly how these costs vary
over space — have been elusive. We seek to fill this gap by combining causal estimates
of the welfare gains from rural electricity with actual infrastructure costs across the entire
spectrum of candidate areas for electricity.
The rest of this paper is organized as follows. Section 2 provides additional background
on electrification in the Philippines. Section 3 outlines our data and the empirical approach
to identifying the causal effect of electricity infrastructure. Section 4 discusses our empirical
results, including those on cost effectiveness and mechanisms. Section 5 considers robustness
and Section 6 offers concluding remarks and implications for future research.

2

Background

In this section we provide more information on electrification in the Philippines, so that
the context and empirical analysis that follows are better understood. The Philippines
is a middle-income country with roughly 100 million people spread over more than seven
7

Neighborhoods are clusters of households within a village, called “sitios” or “puroks” in Tagalog. Typically, a village may have several sitios.
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thousand islands. Figure 1 shows the evolution of electrification over time. The regime of
Ferdinand Marcos — which governed the country until 1986 — mainly targeted the electrification of municipalities, often in urbanized areas. As a result, only 60 percent of households
had access to electricity in 1985, as shown in the figure. The rate of electrification rose
steadily during the next two decades with each successive administration. The household
connection rate increased from to 73 percent by 2003 — with the focus shifting towards electrifying villages under the rubric of the Barangay Electrification Program. Our empirical
analysis uses the rollout of electricity to the last 10 percent of villages which occurred during
during 2004-09.8 Thus, our focus is on the provision of electrification to the “last mile” of
predominantly rural villages. These efforts are not unique to the Philippines as Kenya and
Uganda, among other nations, have ongoing last mile electrification programs.
While all villages were connected by 2009, Figure 1 shows that a little over 15 percent
of households remained unconnected by that time. That is, electrifying a barangay does not
imply that all households in it have immediate electricity access. After 2009, program focus
has shifted towards extending electricity to neighborhoods (sitios) within the barangay. In
addition to this Sitio Electrification Program, the Barangay Line Enhancement Program
(BLEP) extends grid infrastructure to villages that previously relied on off-grid sources such
as solar panels. BLEP is smaller in scope but given that it is the program being implemented
currently, we can compare the costs of this program with our estimated benefits.
As in the United States in the 1930s, rural electric cooperatives in the Philippines are
responsible for implementing electrification programs in their jurisdictions. There are 119
cooperatives in the country that manage the local distribution grid and are responsible for
procuring electricity from generation companies and selling directly to member households.
They also obtain funding from the central government for procuring the materials and labor
necessary to extend electricity connections to households. Cooperatives vary in terms of their
management quality, leading to significant variation in electrification rates across coverage
areas. We exploit this feature in one of our robustness exercises.
Finally, electricity in the Philippines is expensive. In 2014 the average price across all
electricity providers in the country was 20.4 US cents per kilowatt hour, which is nearly
double the retail price in the United States and is higher than in many other developed
countries. In addition to prices, supply reliability is problematic — largely due to the
frequency of severe typhoons. Our estimates are therefore estimated in an environment
where both prices are high and supply is not fully reliable.
8

Our discussions with engineers from the Philippine Department of Energy suggests that grid extensions
accounted for roughly 75 percent of the barangays electrified during this period.
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3

Data and Empirical Methods

We compile a unique dataset drawn from several sources. We first use GIS data to build
a prediction of how electricity infrastructure would evolve if supply feasibility was the only
factor determining expansion. We then match this data on predicted electrification with
household-level survey data on annual income, expenditures, and actual electrification status.
In combination, these two data sources allow us to estimate the impact of village-level
electrification on household welfare. We then compare these impact estimates with data
on electrification costs from the Barangay Electrification (BLEP) program discussed in the
previous section.

3.1

Projecting Electricity Expansion

We started by obtaining a list of unelectrified barangays in 2003 from the Department of
Energy which contains the 4,288 villages where the barangay hall did not have electricity
and thus the village was prioritized for future electricity investment.9 Overall, these villages
represent 10.2% of the total number of villages in the nation.
We matched this list with a GIS database of all villages.10 We obtained the boundaries for
all but 16 of the 4,288 villages. Figure 2 shows the location of the unelectrified villages. With
the exception of the region surrounding metropolitan Manila, most regions of the country
contained some unelectrified villages in 2003. The map shows a heavy concentration in the
western half of the southernmost island of Mindanao.
Our approach to predict the evolution of electricity proceeds in four steps. First, we
calculate the vector of distances between the centroid of each unelectrified village and all
other villages within a 25 kilometer radius. We assume that the length of electric line
required to bring electricity to an unelectrified village equals the distance between it and the
closest neighboring village with electricity. Second, we rank all of the unelectrified villages
by this distance, in increasing order. The villages with higher rank are most likely to receive
electricity earlier. Third, we use the actual number of electrified villages in the country to
determine the predicted annual number of electrified villages. As an example, data obtained
from the Department of Energy indicate that 1,002 villages were electrified in 2004. The
cumulative number of newly electrified villages reported by the Department of Energy from
2004 to 2009 is 4642 — which is slightly higher than the 4,272 that we matched to the GIS
database. We therefore set the number of villages predicted for electrification in 2004 to be
9
A village is defined as unelectrified if the barangay hall lacks electricity. The barangay hall serves as the
village headquarters where the business of the Kagawad (village council) is conducted, and is generally the
first location electrified.
10
We used the global administrative boundaries database, http://www.gadm.org/.
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922 (=(1,002)(4272)/4642). This subset of villages is assumed to be electrified in increasing
order of distance. In step four, we place the 922 predicted villages from 2004 into the pool
of electrified villages and repeat steps 1-3 for each year between 2005-2009.
This method assumes that the cost of poles and wiring were the only factors that determined the placement of electricity. The map shown in Figure 3 shows the projected rollout
of electricity from 2004-09. Note that our projection effectively involves predicting electricity
to first reach the places on the fringe of already-electrified villages. Second, using the village
centroid to calculate distances results in larger villages being predicted to receive electricity
later. We return to both of these issues later in robustness checks.
The advantage of this approach to projecting the rollout of electricity is that we generate
an instrument for actual electrification that is based only on the ease of supplying electricity
to villages. The disadvantage is that our instrumental variables estimates will be biased if
the ease of infrastructure delivery is correlated with time-varying determinants of household
income or expenditures for reasons other than the actual rollout of electricity. We provide
a battery of robustness tests to ensure that the instrument is not confounded by such timevarying unobservables.

3.2

Household-Level Data on Outcomes

We match our data on the projected expansion of electricity with household-level survey
data on income and expenditures obtained from the Philippine Statistics Authority. These
surveys are used to measure the extent of poverty in different regions of the country. They
include the Family Income and Expenditure Survey (FIES), conducted every three years and
containing a detailed set of modules for measuring household expenditures, total income, and
the breakdown of income across sources. We use the FIES surveys from 2003, 2006, 2009 and
2012. In the remaining years between 2004 and 2014 we use the Annual Poverty Indicators
Survey (APIS). We can pool data from the two surveys because they have the same national
sampling domain. APIS is slightly less detailed in terms of the breakdown of income and
expenditures across sources.11
Both of these surveys are repeated cross sections which sample approximately 10% of
the villages across the entire country. There are 276 villages that were included during at
least one of the 11 survey years and also fall into the group of 4,272 unelectrified villages
that we obtained from the Department of Energy. We exclude 67 of these villages from our
estimation sample for two reasons. First, our instrumental variables strategy requires nearby
villages to be on the same island and thus not separated by water. Figure 2 shows that most
11

Because of lack of funding, there was no APIS survey in 2005.
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of the unelectrified villages are indeed located on larger land masses — with the exception
of clusters of small islands in the insurgency-prone southwestern tip of the country. This
later group of islands is excluded by dropping the provinces of Tawi-Tawi and Sulu from the
sample. Second, our initial list of unelectrified villages consists of villages that were defined
as lacking electricity because the barangay hall lacked electricity. While this is often a strong
marker of the overall presence of electricity in the village, this need not always be the case.
In particular, 31 of the villages sampled in 2003 had a household electrification rate greater
than 20 percent.12 We remove these villages where electricity penetration was greater than
20 percent yet the barangay hall was unelectrified. The final estimation sample consists of
209 villages.13

3.3

Empirical method

Taken together, the household surveys and predicted rollout of electrification allow us to
implement the instrumental variables strategy. The main parameter of interest is the effect of
village-level electrification on household expenditures or income. The regression specification
for household i in village b during year t is written as
log(yibt ) = βelectrif iedbt + αb + γt + εibt ,

(1)

where yibt is some measure of household welfare, αb is a village fixed effect that absorbs all
time-invariant characteristics of villages, γt is a time fixed effect that absorbs time varying
characteristics that do not vary over space (e.g., national income trends) and εibt is a random
disturbance term that includes all unobserved characteristics of households that vary both
over time and across villages. Our estimate of β measures the effect of electricity at the village
level despite the unit of observation being the household. We estimate the effect of electricity at the village level because the predicted electricity instrument does not vary within
villages. A specification that instruments for household-level electrification would overstate
the individual gains in the presence of positive spillovers. Note that we do not directly
12

Figure A1 shows a histogram of village electrification rates for the villages that were included in the
2003 FIES survey. Most villages had zero households report access to electrification — however there is a
clear right skew in the distribution.
13
One potential concern is that not all villages are included in the APIS and FIES surveys each year. The
median village in our sample is only surveyed during four out of the 11 years. We verified that our main
results on the household welfare effects of electricity are similar when focusing on the set of villages that
are in the sample for at least four years. In addition, we checked that time varying changes in predicted
electrification are uncorrelated with a village entering or exiting our sample. Using village-year observations,
we regressed an indicator for the village being in the sample on predicted electrification, time fixed effects,
and village fixed effects. The coefficient estimate in this regression is -0.029 and is nowhere near statistically
significant (p=0.56).
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observe whether electricity lines have been expanded to a barangay, i.e. electrif iedbt . We
define electrified villages as those where at least one household in the village reported having
d iedbt .
access to electricity. We denote this potentially mis-measured variable as electrif
An OLS estimate of β would suffer from two issues. First, endogeneity concerns arise
because village-level electrification is non-random and determined by both potential gains
(demand considerations) and the feasibility of supplying electricity. lf electricity is targeted
to places that experience increases over time in the gains from electrification, then the OLS
estimate of β will be biased upwards. Second, we only observe a sample of households in
each village.14 Our measure of village-level electrification from a small sub-sample of the
village may mis-classify some electrified villages as unelectrified, but the reverse is never
true. Therefore, an OLS estimate of β would underestimate the true value when we use
d iedbt .
electrif
d ied with our measure of predicted electricity, denoted by
We instrument for electrif
bt
predbt . While this solves the endogeneity problem under the assumption that predicted
electricity is independent of εibt , two stage least squares does not correct for the non-classical
measurement error. To see this, note that the instrumental variables estimate is the simple
Wald estimator:
βIV =

E[log(yibt ) | predbt = 1] − E[log(yibt ) | predbt = 0]
.
d iedbt | predbt = 1] − E[electrif
d iedbt | predbt = 0]
E[electrif

(2)

Thus the IV estimate converges in probability to15
plimβIV =

β
d ied = 1 | electrif iedbt = 1)
P (electrif
bt

.

(3)

The instrumental variables estimate will be biased upwards, with the bias increasing
with the degree of mis-measurement.16 However, this bias is likely to be small because the
sampling rate of households within villages is sufficiently large. In the average village we
observe 12 households in any sample year. If we make a conservative assumption and assume
that only 20 percent of households in a truly electrified village have a household connection17 ,
we can rely on random sampling to express the denominator of equation 3 as 1−0.812 = 0.93.
14

On average we observe 12 households in a village during a given year. This is roughly five percent of
the mean village population.
15
The derivation is shown in the online appendix.
16
The first stage coefficient is mechanically biased downward. This puts upward pressure on the IV
estimate.
17
The household connection rate amongst electrified villages in the 2003 FIES survey (excluding Metropolitan Manila) is 75 percent. Also, only 9.7 percent of villages with electricity in 2003 had a household connection rate less than 33 percent.
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Given the small magnitude of this bias, we report unadjusted IV estimates throughout the
rest of the paper.18
The timing of the predicted electrification variable is a final measurement issue that
merits clarification. The Annual Poverty Indicators Surveys (APIS) are carried out in July
and income/expenditure measures cover the first six months of that same calendar year. In
contrast, the Family Income and Expenditure Surveys (FIES) are done in two waves: one
in July that cover the first six months of the year and another in January of the following
year.19 We require the village to be predicted for electrification by the start of the reference
period for income / expenditures. During FIES years we use the second reference period,
i.e. we only switch on our predicted electrification variable if the village was predicted to
receive electricity during the first half of the year.
We do not identify the average effect of electrification across all villages. Instead, this
empirical strategy identifies a local average treatment effect where β represents the effect of
village electrification only in villages that are electrified when the model predicts (Imbens
and Angrist, 1994). Achieving identification for this group of compliers is only a concern
in the face of treatment effect heterogeneity. More specifically, our estimate measures the
causal effect of electricity for higher-return villages if the lower-return villages remain in
the unelectrified state regardless of decreased cost of supplying electricity. Conversely, our
estimate is only applicable for lower-return villages if higher-return villages fail to comply
with the instrument in this manner.
Table 1 reports summary statistics from the first year of the sample and shows coefficients
obtained by regressing each characteristic on a set of indicator variables for predicted year
of electrification of the village. The differences in characteristics across different years of
predicted electricity are generally jointly insignificant. However, columns 7 through 10 show
that villages predicted to receive electricity later are more likely to obtain income from
forestry, have higher elevation, smaller population density, and are located farther from
cities. This occurs because we predict the expansion of electricity infrastructure based on
the existing infrastructure in 2003. Those villages that are far from any electrified villages
are likely to be remote. Section 5 reports robustness checks where we allow the time effects in
our main specification to depend on several barangay characteristics — including numerous
measures of remoteness. The robustness of our estimate to these additional controls suggests
18

At the same time, the sufficiently high sampling rate minimizes the attenuation bias of the OLS estimate.
We double income/expenditures during APIS years to approximate annual values because we only observe combined income/expenditures from both FIES waves. While the reference months do vary by survey
year, the year fixed effects in the regression will absorb this variation. We checked that our main estimates
on household expenditures are identical when using only the FIES years of 2003, 2006, 2009, and 2012 —
suggesting that our results are not affected by these timing issues in the data.
19
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that our predicted electrification instrument is not confounded by differential time trends
for more or less remote areas.

3.4

Data on Costs and Labor Market Outcomes

To understand cost effectiveness, we obtained cost data for 484 villages that were electrified from 2012 to 2014 as part of the government’s Barangay Line Enhancement Program
(BLEP). This program delivers grid electricity to villages that previously had off-grid electricity. Because the program is ongoing, the data reveals recent cost figures for materials and
labor required to deliver electricity to villages. Given that BLEP is a vilage-level program,
both our benefit and cost estimates are matched at the level of the village.
To study causal mechanisms, we use four rounds of the Philippine Labor Force Survey
(LFS). LFS draws from the same sample as FIES and is the official government survey used
to measure labor market conditions such as unemployment, sector of occupation and wages.
We use the surveys conducted during the fourth quarters of 2003, 2006, 2009, and 2012. It
allows us to study whether labor reallocation is an important mechanism that explains the
large welfare gains from electricity. We match this data to 191 villages without electricity
in 2003.20 We focus our analysis on individuals that were 18 to 70 years old at the time of
each survey.

4

Results

In this section we report the main results on the welfare impacts and cost effectiveness of
village electrification in the Philippines. We start by showing that our predicted electricity
instrument is strongly associated with the actual presence of electricity in villages. We
then show that the instrument is strongly linked to increases in household expenditures and
income. After reporting our baseline IV estimates, we compare them with data on costs
of electrifying individual villages. We then ask whether our results can be explained by
changing labor market conditions. Finally, we decompose our income measures by source to
see what types of income respond most to electrification.

4.1

First-stage and reduced-form effects of predicted electricity

Table 2 shows that our predicted electricity instrument has a strong relationship with actual
electricity — measured by at least one household in the village reporting access to electricity.
20

The fourth quarter LFS is conducted as a rider to the Family Income and Expenditure Survey (FIES).
Thus, the two samples overlap.
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The baseline estimate in column 1 includes both fixed effects for villages and time fixed
effects. The parameter estimate shows that the probability of village electrification increases
by about 0.24 when our method predicts that the village should be electrified.
Most importantly, the instrument generates a sufficiently predictive first stage for the
instrumental variables regression — the F-statistic for the baseline estimate is 20.05. This
value is well over conventional thresholds for determining whether an instrument is sufficiently predictive in the first-stage regression.
In columns 2 through 5 we show the stability of our first-stage estimate when controlling
for differential time trends as a function of remoteness of the village. Column 2 shows
that the estimate changes little when interacting time fixed effects with the population
density of the village, as measured in the 2010 census. Columns 3, 4, and 5 suggest that we
retain a fairly strong instrument when controlling for time effects interacted with distance
to the nearest city, village elevation, and the size (land area) of the village. In all cases the
parameter estimate is roughly similar to our baseline estimate and the first-stage F-statistic
never falls below 11. In column 6 we find that the instrument retains enough predictive
power when interacting the time effects with all of these village characteristics in the same
regression. This suggests that the estimate is sufficiently strong conditional on different
levels of remoteness.
Table 3 measures the impact of predicted electricity on household-level outcomes. Column 1 shows that the household connection rate increases when a village is predicted to receive electricity. The magnitude of this increase is 5.3 percentage points, roughly equivalent
to a 17 percent increase in household electrification as a result of predicted electrification.
The predicted electricity instrument has a strong reduced-form effect on household expenditures. The main estimate in column 2 indicates that expenditures increase by 9.1
percent when a village is predicted to receive electricity. Column 3 shows that expenditures
on energy — including fuel and electricity — increase by 13.7 percent with predicted electricity. This suggests that any decreases in expenditures on traditional lighting sources such
as kerosene are more than offset by increased spending on electricity, not surprising given
the high cost of electricity in the Philippines. Nonetheless, energy expenditures represent
only about 5.2 percent of the household budget. Much of the overall effect on household
consumption is therefore driven by non-energy expenditures.
The instrument has a significant reduced-form effect on household income as well (see
column 4). The magnitude of the point estimate is similar to the estimated expenditure
effect. Predicted electricity causes household income to increase by 9.9 percent, and this
reduced-form effect is statistically significant at the 10 percent level. We consider a binary
measure of household well-being in column 5 by defining poor households as those that
13

are below the 25th percentile in terms of household income per capita. While predicted
electricity causes this measure to decrease by 4.7 percentage points, the coefficient estimate
is not statistically significant at conventional levels (p=0.15).
Both the first-stage and reduced-form effects increase in years after predicted electricity.
Figure A2 demonstrates this by estimating village electrification and log of household expenditures as functions of indicator variables for the number of years after predicted electricity.
While the effects clearly increase over time, the gains from electrification in our context
seem to be realized over a short time. More concretely, 93 percent of our observations in the
post-electrification period occur within 7 years of electrification. Therefore, the estimates
using the annual data should be considered as averages over an approximate 7 year period.

4.2

Instrumental variables estimates

The reduced-form estimates in Table 3 are clearly sufficient to gauge the strength of the IV
estimates. In Table 4 we re-scale the former by the first-stage coefficient in order to measure
the marginal impact of actual village electrification on the outcome variables.
Column 1 shows that getting electricity in the village leads to an increase in the household
connection rate by 22.7 percentage points. This is a large effect given an average value of
household electrification of only 31 percent. The rate of household electrification conditional
on the village being electrified is 43 percent. Despite being large relative to these sample
electrification rates, the point estimate is much lower than unity, which implies that most
households do not connect immediately after electricity becomes available.
Our headline estimate in column 2 is striking. Providing electricity to a village causes total household expenditures to increase by 38.4 percent. This estimate measures the marginal
impact of village electrification and is distinct from the impact of household electrification.21
Thus, our estimate suggests that the arrival of electricity in the village causes the average
household to experience a 38.4 percent increase in expenditures, regardless of their connection
status. Recent evidence indicates that there are spillover benefits of household connections
to other non-connected households (Van de Walle et al., 2013). Our estimate includes both
the direct benefits to connected households and the indirect spillover benefits to households
that do not connect right away. Moreover, the connection of an individual household for consumptive use becomes less important if electricity is used for agricultural production, such as
for irrigating fields or operating post-harvest machinery. In Table A1, we show that relying
on the OLS estimate is likely to understate the true expenditure gains from electricity.
21

In other words, our strategy only allows for the comparison of villages with and without electricity. We
do not compare electrified and unelectrified households because the instrument varies only across villages
and over time and not within villages.
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The remaining IV estimates in Table 4 are re-scalings of the reduced-form estimates.
Column 3 shows that village electricity causes energy expenditures to increase by 57.7 percent. Columns 4 and 5 indicate that electricity causes household incomes to increase by 41.8
percent and the rate at which households fall below the 25th percentile of income per capita
to decrease by 19.9 percentage points. The similarity in the size of the effects on household income and expenditures suggests that the income gained from electricity channels
immediately into short-term consumption rather than long-term investment or saving.

4.3

Cost effectiveness

The literature on electricity and development has focused on identifying the long-term benefits to households. We complement these studies by comparing our relatively short-run
welfare estimates with cost data from individual village electrification projects.
Recall that the cost data are obtained from the government’s Barangay Line Enhancement Program (BLEP) which targets remote villages that were previously electrified with
either individual solar home systems or small generator sets. BLEP aims to replace these
systems with direct connections to the electricity grid. Therefore, the main costs of the
program are the physical costs of poles and wires and labor required for installation.
We observe the total cost of electrification for 484 villages that were included in BLEP
during 2012-2014. The cost of electrification for the median village in the data is 1.97 million
Philippine pesos, about 41,870 US dollars. We convert these aggregate measures to costs
per household by normalizing by the village population in 2010 and multiplying by 5.25, the
mean household size from the income and expenditure datasets.
Figure 4 shows that the cost per household of delivering electricity infrastructure varies
substantially across space. The cost per household in the median village is about 325 dollars.
How does this value compare to our estimated annual gains from village electrification? We
convert the 38.4 percent increase in expenditure to monetary units by multiplying by the
average household expenditure in 2006 of 75,460 pesos (about 1,605 dollars) which gives
the annual household welfare gain from village electrification in our sample as 616 dollars,
denoted by the blue vertical line in Figure 4. This is nearly double the cost of infrastructure.
These numbers suggest that only a single year of realized welfare gains are large enough to
offset the cost of putting electricity infrastructure in place.
The right panel of Figure 4 shows the relationship between costs per household and the
number of households in each village. The pattern in the data is consistent with large fixed
costs or economies of scale in electricity provision. Lee, Miguel, and Wolfram (2016) find
similar-shaped cost curves for electrifying rural Kenyan villages.
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Our results suggest that delivering electricity generates meaningful welfare gains that
are roughly equivalent to the direct transfers that arise as part of the country’s flagship
conditional cash transfer program. The Pantawid Pamilyang Pilipino Program (bridges for
the Filipino family), or the 4P’s program is a conditional cash transfer program that provides
a maximum of 1,400 pesos a month (29.8 dollars) to households if their children remain in
school and mothers give birth in formal health facilities. The maximum annual transfer to
households is 357 dollars — an amount roughly equal to the welfare gains from electricity.
This comparison points to grid electricity as a meaningful and cost effective development
intervention that compares favorably with competing development expenditures.

4.4

What explains the welfare gains from electricity?

Our empirical strategy does not help identify a sole determining factor of the large welfare
gains from village electrification. Nonetheless, the data are sufficiently rich and yield valuable
insights into the underlying mechanisms. This exercise may throw light on whether the
finding of strong welfare gains from electricity in the Philippines may be relevant for other
nations at similar stages of economic development.
We start by showing that the rural labor market in our sample does not appear to
be affected by the arrival of electricity. Table 5 shows reduced-form impacts of predicted
electrification for various outcomes that we can measure with the Labor Force Survey data.
The first-stage effect in the LFS sample is similar to the first-stage coefficient in Table 2.22
The analysis focuses on reduced-form effects since they must then drive any variation in
the IV estimates. Columns 1 and 2 suggest that our results do not appear to be driven by
increases in employment. Males aged 18 to 70 are almost always employed and this changes
little with predicted electrification (column 1). The point estimate in column 2 for the
female employment probability is also statistically insignificant, but we are unable to reject
fairly large increases in the employment probability. Thus, we can not firmly rule out the
possibility that female employment increases as a result of electrification. Column 3 shows
that we estimate a small and statistically insignificant effect of predicted electricity on the
probability that adult females are out of the labor force due to house work responsibilities.
Columns 4 and 5 suggest that increased working hours, too are unlikely to explain the
findings. The ability to work longer hours has been suggested as one of the channels through
which electricity drives household welfare gains. Our point estimates for daily work hours
are small and statistically insignificant for both males and females. We can rule out positive
increases of more than 8 and 12 percent for males and females, respectively. In sum, these
22

The first-stage coefficient is 0.285 with an F statistic of 8.7.
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results on labor market impacts do not strongly favor increased employment or labor reallocation as explanations of our main results. Recent work in South Africa finds strong evidence
that rural electrification leads to an increased allocation of labor away from household activities and towards formal wage employment (Dinkelman, 2011). While we find strong welfare
impacts of rural electrification, we are unable to conclude that participation of women in the
work force is responsible for these impacts.23
Next we examine sources of income and how each responds to electrification. We split income into salaries and wages and self-employment activities, the last being especially relevant
for our sample. Households report self-employment income over 90 percent of the time and
the share of overall income from self employment averages about 55 percent. Agriculture is
the dominant source of self employment, accounting for 70 percent of total self-employment
income. Across all income sources, agriculture accounts for 39 percent of income. Respondents report agricultural income during 77 percent of survey years.
The analysis suggests that self employment — particularly agricultural income — accounts for a disproportionate share of the gains from electrification. Table 6 decomposes the
reduced-form effect of predicted electricity on income.24 Column 1 reproduces the effect on
overall income for ease of comparison. Much of this effect comes from agricultural income.
Column 2 shows a reduced-form effect of predicted electricity on agricultural income of 21.7
percent. In contrast, the reduced-form effect on log non-agricultural income is roughly 36
percent of the size of the agricultural point estimate and is statistically insignificant (column
3).
In sum, the results suggest that rural households that are heavily dependent upon agriculture can benefit from rural electrification. But we are unable to pinpoint exactly how
agricultural activities benefit from electricity. For instance, we can not make a distinction whether electricity facilitates irrigation and increases dry-season cropping intensity or
whether electricity makes it possible for farmers to mechanize post-harvest operations such
as crop threshing.
23

We estimated the reduced-form impact of predicted electrification on the number of employed household
members using the APIS and FIES datasets. The point estimate represents an 8 percent decrease in the
number of workers with predicted electrification. This estimate is statistically insignificant, but allows us to
rule out large increases in the number of employed household members.
24
We focus on the reduced-form coefficient since it drives all the variation in the IV estimate, i.e. the
first-stage effect is very similar in these two sub-samples.
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5
5.1

Robustness
Time-trending unobservables

Time-trending unobservables are a primary concern with our identification. In particular,
the instrument may be correlated with observed proxies for the level of remoteness of the
village. Villages that are predicted to receive electricity earlier tend to be smaller, closer
to cities, and have higher population density. These differences only pose a threat to our
identification if the most remote areas were growing slower for reasons other than the lack
of electricity.
We deal with this issue by re-estimating our main instrumental variables specification
while allowing the time effects to vary linearly as a function of various village characteristics.
This approach controls for linearly evolving time-varying differences between villages that
differ in their degree of remoteness.
Table 7 shows our main IV estimate on household expenditures when allowing for time
effects to depend on village characteristics. Our results, in general, are robust to this stricter
control for time-varying unobservables. Rows B through E suggest that the main result is
qualitatively similar when allowing time effects to depend on distance to city, population
density, elevation and land area of the village. The results hold when controlling for geographic differences by using longitude and latitude (rows F and G). We include all the
interactions simultaneously in the same regression in row H. If anything, the main point
estimate increases in size with the inclusion of these additional interaction terms.
Our point estimate remains stable even when interacting time effects with distance to
electricity infrastructure in the starting year of 2003 (row I). However, statistical significance
suffers because much of the variation in our instrument is absorbed by these additional
controls — weakening the first stage regression.25 The loss in precision is unsurprising given
that the instrument is determined largely by distance to electricity infrastructure in the
starting year. The identifying variation in this exercise comes from comparing two villages
that are at the same distance from the electricity grid in 2003. Therefore, variation in the
instrument is generated by differences in evolution of predicted electricity around those two
villages. The stability of the point estimate — despite the reduction in precision — suggests
that our estimate is not being driven by differential time trends according to proximity to
electricity in the starting year.
Finally, we check that the results hold when we drop the villages predicted for electrification in 2004 or 2009, the first and last possible years in our sample. The earliest and the
25

The first-stage coefficient falls to 0.136 and the F statistic falls to 5.2 in this regression. The IV point
estimate remains stable because the reduced form effect falls in proportion with the first stage.
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latest predicted villages exhibit the largest differences in terms of the fixed characteristics
in Table 1. Our last estimate in Table 7 suggests that the main expenditure effect of electrification actually becomes larger when we exclude these villages. While Table 7 focuses
on expenditure effects, Table A2 presents qualitatively similar results when repeating this
exercise with log of income as the dependent variable.

5.2

Geographic spillovers

The exclusion restriction for our instrument would be violated if there are large positive
spillovers across villages from electricity. If households benefit when neighboring villages
get electrified, then predicted electricity would impact outcomes via actual electrification of
the neighboring village. We exploit a different source of identifying variation in order to
rule out this possibility. There are two cooperatives that deliver electricity to households
in the province of Bohol: Bohol I Electric Cooperative (BOHECO I) and Bohol II Electric
Cooperative (BOHECO II). While both cooperatives were created in the 1970’s, BOHECO
I has been one of the nation’s leading cooperatives in terms of delivering electricity to its
member households. In fact, BOHECO I was the first cooperative in the country to electrify
all of its neighborhoods (sitios) — even before the start of the government’s Sitio Electrification Program in 2011. Because it already met its electrification target, BOHECO I is the
only cooperative in the county to be excluded from this program. In contrast, BOHECO II
had a distinctly less aggressive campaign of neighborhood electrification. The 2010 Annual
Poverty Indicators Survey shows that 96% of respondents in the coverage area of BOHECO I
had access to electricity, while only 77.7% of households had access in the jurisdiction under
BOHECO II.
We exploit the boundary of the coverage areas of these two cooperatives in a spatial
regression discontinuity analysis. Figure 5 shows the boundary which coincides with the
municipality (town) boundary roughly dividing the province in half from north to south.
The shaded areas in the figure correspond to villages where at least one neighborhood lacked
electricity when the government began its Sitio Electrification Program in 2011. The geographic boundary between the two cooperatives coincides with the division between the
second and third legislative districts of the province from 1907-1972. More importantly, the
boundary is no longer an administrative boundary nor does it coincide with the boundary
for the delivery of any other infrastructure service such as roads or water.
Our analysis effectively compares outcomes between villages that are located close to
the border on the BOHECO II side with those similarly located on the BOHECO I side.
This comparison would underestimate the true effects of an electricity connection if the
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IV results are driven by spatial spillovers. In addition, the identification assumption in
this analysis is that all omitted characteristics of villages vary only smoothly across the
geographic boundary between the cooperatives. Since time-varying unobservables are not a
concern with this static estimation approach, this analysis helps shed light on whether such
unobservables are responsible for the large IV estimates.
Figure 6 shows the estimated discontinuity in neighborhood electrification in two ways.
First, Panel A uses all villages in the province and therefore a more flexible third order
polynomial is fit to reduce any effects of villages that are further from the boundary. Second,
Panel B fits linear regressions and uses only villages within 13.74 km of the boundary, which
is the optimal bandwidth using the methodology in Imbens and Kalyanaraman (2011). In
both cases, around half of the villages that were on the BOHECO II side — those with
negative values of distance — had at least one neighborhood without access to electricity in
2011. In contrast, all neighborhoods in the coverage area of BOHECO I were electrified by
this time.
We use data from the provincial government of Bohol to investigate whether a specific
measure of household poverty shows a similar discontinuity across the border of the two cooperatives. The provincial government uses household surveys as part of the Poverty Database
Monitoring System (PDMS) to track access to certain outcomes which are correlated with
overall deprivation of the household. For each village we have an average deprivation score
which is the simple unweighted average of 12 indicators.26 The index is therefore similar to
a human development index, but uses a broader set of variables. There are two main advantages of using this data: they are available for every village in the province and they are
used in decision-making by the provincial government. Importantly, this data was collected
in different years during the period 2004-2010. In the analysis that follows we eliminate any
variation across years by de-meaning the deprivation measure by year. Figure A3 shows that
the deprivation measure is significantly correlated with household income for the 58 villages
in both this dataset as well as the APIS/FIES income and expenditure surveys.
There is a sharp decrease in the deprivation measure for villages that are located close to
the border in the coverage area of BOHECO I, as seen in Figure 7. Specifically, crossing the
border into the more electrified cooperative leads to a roughly five percentage point decline
in the deprivation score.
26

The specific indicators are: child malnutrition, childhood mortality, whether affected by crime, insufficient access to food, inadequate housing, falling below an income threshold, falling below a meals threshold,
inadequate sanitation, school dropout, tenure status of land, unemployment and finally, lack of access to
clean and potable water.
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We put standard errors on these effects using the specification
yb = β0 + β1 boheco1b + β2 w(distanceb ) + β3 w(distanceb ) ∗ boheco1b + εb ,

(4)

where yb is the deprivation measure in village b, boheco1b is an indicator for villages located
in the coverage area of BOHECO I and distanceb denotes the distance between the center of
the village and the border between the two cooperatives. As before, we multiply distances
by -1 for villages located on the BOHECO II side of the border. We estimate equation (4)
twice: when w is an identity function and only barangays within 13.74 km of the boundary
are included; and when w is a third order polynomial and all barangays are included in the
estimation.
The regression results in Table 8 support the visual evidence. The local linear regression
in column 2 suggests that 51.7% of barangays immediately on the BOHECO II side of the
boundary have at least one sitio (neighborhood) that was not electrified in 2011. The reduced
form results in column 4 show that crossing into the BOHECO II side of the boundary leads
to an increase in the deprivation measure of 5.3 points. Dividing these two estimates, fully
electrifying each barangay leads to a predicted decrease in the deprivation measure of 0.102,
which is about 56% of the average deprivation score of 0.182. In Figure A4 we show that
this conclusion is not sensitive to choice of bandwidth.
Table A3 and Figure A5 yield similar results using two alternative approaches to specifying the spatial discontinuity. First, the results are strong when we regress the deprivation
measure on the BOHECO I indicator and quadratic functions of longitude and latitude.
Second, we divide the province into a grid of equally-spaced cells of 0.05 by 0.05 degrees
— which measure approximately 5.5 by 5.5 kilometers. This approach generates 183 grid
cells with an average of approximately 6 villages each. We obtain similar estimates when
including fixed effects for these grid cells.27
These spatial discontinuity results provide supplementary evidence on the relationship
between electricity access and welfare. They help minimize concerns about bias in our IV
estimates from spillovers across villages. Moreover, any potential time-trending unobservables are likely to be continuous across the boundary between the two electric cooperatives.
Table A4 and Figure A6 show that out of the seven village characteristics for which we have
data, six appear to be continuous across this geographic boundary. More importantly, these
characteristics include those that were correlated with our instrument in the IV analysis:
elevation, land area of the village and population density.
27

See Dell (2010) for a discussion of the different approaches to specifying the spatial discontinuity.
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6

Concluding Remarks

This paper is the first rigorous empirical study of both the realized benefits and costs of
electricity provision to the “last mile” of households. Our identification strategy is based on
a “least cost first” principle — we assume that the first villages to be connected are those
that are closest to the nearest tapping point in the existing electric grid. This approach
generates a rank ordering of villages to be electrified over time. Using this instrumental
variable, we find that connecting to the grid results in large positive shocks to household
expenditures and income — of the order of 38-42 percent in the electrified village. These
numbers are big, considering that on average, only 23 percent of the households actually
connect to the grid. Using cost data from an existing government electrification rollout,
we estimate that the costs of extending electricity infrastructure are on average, recovered
within a single year of realized welfare gains.
The results suggest that labor re-allocation from home to the market is not the relevant
mechanism in our study area. Dinkelman (2011) finds effects of electrification on labor reallocation in South Africa, although the region she studies is mainly non-agricultural, with
a bulk of the population employed in civil service and domestic work, different from the
mainly agricultural population we study. The reduced form effect of electricity on labor
force participation in our sample, is actually quite small. Electrification, in our case, sharply
increases self-employment income from farming, but has a smaller effect on non-agricultural
income.
From a policy point of view, these results show that the short-run benefits of grid extension may be substantial. However, this may be true for regions in low-income nations that
are primarily agricultural. The finding that agricultural income rises sharply with electrification suggests that electricity is being used as an input to agricultural production. For
instance, early adopters within the village may be energy-constrained, in which case, the
availability of electricity exploits the large marginal product at low levels of energy usage.
In such cases, benefits from extending the grid may dominate alternative solutions such as
off-grid electricity which offer low voltage and are therefore, limited in their usage, especially
in driving farm machinery or irrigation equipment. By the same token, late adopters in the
village may be those with lower endowments of complementary productive inputs (e.g., land
and credit) and are prone to using electricity for consumptive purposes. However, further research is necessary to rigorously establish the different settings as well as causal mechanisms
that generate such large welfare estimates.
Recently, the question of electricity provision to sections of the population who are still
off-grid has commanded significant policy attention. Providing these poor and remote com-

22

munities with grid electricity entails major infrastructure costs as well the generation of
negative externalities in the form of greenhouse gas emissions, especially if the power is generated by the burning of fossil fuels such as coal or natural gas. Earlier studies point to the
sizable benefits of electricity provision, while others suggest that costs may be disproportionately higher than revealed preference measures of the benefits of electricity provision. This
divergence in estimates implies either a significant difference between revealed willingness
to pay and realized benefits or heterogeneity in net returns across different settings. In this
context, our findings are important because they combine both costs and the actual realized
benefits in the same setting, and conclude that the net benefits may be quite large, even
though not all households connect within the same village. Further research is needed to
check if benefits exceed costs even when the externality costs are accounted for, and when the
electricity is provided through cleaner off-grid solutions such as solar, wind and micro-grid
sources in which case both costs and benefits are likely to be lower.
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Figures and Tables
Figure 1: Evolution of the household electrification rate in the Philippines

Notes: The figure shows the national household connection rate (share of households with
electricity) computed from the Family Income and Expenditure Survey, which is conducted every
3 years (excluding 2005). Until the year 1990, municipalities (towns) were electrified. Villages
(barangays) came next, during 1990-2009. Efforts after 2009 are focused on electrifying
neighborhoods (sitios) within barangays.
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Figure 2: Map of unelectrified barangays in 2003

Notes: The figure shows the villages without electricity in 2003. Unelectrified villages are shaded
in blue. The list of these villages was obtained from the Philippines Department of Energy.
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28

2008

2009

Notes: The figure displays the projected rollout of electricity from 2004 to 2009 under the assumption that distance to the nearest
electrified village is the only factor determining the rollout. The grey shaded villages are those without electricity in 2003. The villages
marked in black are the ones predicted to receive electricity in each of the six years.
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Figure 3: Map of projected rollout of electricity during 2004-2009
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Figure 4: Comparing the benefits and costs of electrifying Philippine villages
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Notes: The left panel of the figure shows the costs of electrifying 484 barangays during 2012-14 as
part of the national Barangay Line Enhancement Program (BLEP). The total cost of each project
is normalized by the number of households in each barangay during 2010 (number of households
= barangay population / 5.25). The blue vertical line is the estimated impact on annual
expenditures per household from Table 4. The percentage impact is converted to dollars by
multiplying by the average household expenditure in 2006 for the barangays included in the IV
estimation sample. The right panel shows the nonparametric relationship (Lowess) between the
number of households in the village and the cost per household of electrifying the village. In the
right panel, 10 barangays with more than 1000 households or cost per household greater than
$2000 were dropped for ease of display.
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Figure 5: Regions covered by electric cooperatives in the Philippine province of Bohol

Notes: The map shows the Philippine province of Bohol. The purple line is the boundary between the two
electric cooperatives operating in the province (BOHECO I and BOHECO II). The shaded areas are the
villages that had at least one neighborhood (sitio or purok) without electricity in 2011. Note that all sitios
in the BOHECO I jurisdiction had electricity.
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Figure 6: First-stage effect on the probability of having at least one unelectrified neighborhood in 2011
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Notes: The data for 1,109 villages are divided into equally-spaced bins of 0.5 km. The figure shows the
relationship between the bin midpoint and the share of the barangays in the bin that had at least one
unelectrified neighborhood in 2011. Barangays under the jurisdiction of BOHECO II are those to the left
of the vertical dashed lines, , i.e. those with negative values of distance. Panel A includes all 1,109
barangays and the blue line denotes the fitted third order polynomial. Panel B limits to analysis to
barangays within 13.742 km of the boundary (the optimal bandwidth) and fits a local linear regression on
each side of the boundary.
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15

Figure 7: Reduced-form effect on household-level deprivation score
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Notes: The data for 1,108 villages are divided into equally-spaced bins of 0.5 km. The figure shows the
relationship between the bin midpoint and the average level of deprivation across barangays in that bin.
The measure of deprivation is residualized to eliminate variation across years. Barangays under the
jurisdiction of BOHECO II are those to the left of the vertical dashed lines, i.e. those with negative values
of distance. Panel A includes all barangays and the blue line denotes the fitted third order polynomial.
Panel B limits the analysis to barangays within 13.742 km of the boundary (the optimal bandwidth) and
fits a local linear regression on each side of the boundary.
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(0.034)

-0.027
(0.038)

0.014
(0.045)

(6)
Retail

Has income from:

58.246
(98.671)
75.462
(94.324)

0.109∗∗∗
(0.030)

-9.456
(79.698)

0.073∗
(0.043)
0.129∗∗∗
(0.045)

-97.494
(78.116)

7.844
(88.600)

(8)
Elevation

0.032
(0.020)

0.090
(0.055)

(7)
Forest

-482.239∗∗∗
(128.157)

-271.612
(170.564)

-461.946∗∗∗
(121.949)

-425.624∗∗∗
(126.535)

-355.854∗∗∗
(124.593)

(9)
Pop. density

40.614∗∗∗
(12.308)

14.490∗
(8.762)

4.716
(5.601)

-3.841
(4.876)

-3.087
(4.432)

(10)
Dist. city

Remoteness measures

Constant

10.653∗∗∗ 10.715∗∗∗ 0.634∗∗∗ 0.841∗∗∗
0.097∗
0.076∗∗∗
0.007
285.721∗∗∗
615.435∗∗∗
38.551∗∗∗
(0.066)
(0.083)
(0.045)
(0.045)
(0.051)
(0.028)
(0.007)
(70.987)
(120.895)
(3.417)
p-value of F test
0.103
0.160
0.378
0.197
0.828
0.748
0.000
0.089
0.000
0.003
Mean of Dep Variable
10.60
10.62
0.66
0.87
0.12
0.08
0.08
291.31
262.45
46.51
Number of Observations
1377
1377
1377
1377
1377
1377
1377
209
208
209
R squared
0.054
0.048
0.017
0.028
0.011
0.004
0.019
0.024
0.170
0.146
The data are from the 2003 Family Income and Expenditure Survey. The table shows regression results from regressing the characteristic in each
column on a set of dummy variables for the year of predicted electrification for the village. The omitted group is villages predicted in 2004. HH poor
is an indicator variable for households below the 25th percentile of the national income distribution. All standard errors are clustered at the
barangay level. Asterisks indicate statistical significance at the 1% ∗∗∗ , 5% ∗∗ , and 10% ∗ levels.

0.004
(0.118)

-0.014
(0.098)

2007

2008

-0.404∗∗∗
(0.152)

-0.342∗∗∗
(0.127)

2006

-0.077
(0.119)

-0.012
(0.137)

0.055
(0.112)

(2)
HH poor

2005

Predicted in:

(1)
Log inc.

Income / expenditure:

Table 1: Characteristics of villages regressed on year of predicted electrification

Table 2: First-stage effects of predicted electrification on actual electrification status
Electricity in barangay
(1)
0.236∗∗∗
(0.053)

(2)
0.237∗∗∗
(0.055)

(3)
0.216∗∗∗
(0.057)

(4)
0.264∗∗∗
(0.053)

(5)
0.209∗∗∗
(0.061)

(6)
0.221∗∗∗
(0.065)

Barangay Fixed Effects

Yes

Yes

Yes

Yes

Yes

Yes

Year Fixed Effects

Yes

Yes

Yes

Yes

Yes

Yes

Year FE * Pop. density

No

Yes

No

No

No

Yes

Year FE * Dist. to city

No

No

Yes

No

No

Yes

Year FE * Elevation

No

No

No

Yes

No

Yes

Predicted
electricity

Year FE * Barangay size
No
No
No
No
Yes
Yes
Mean of Dep Variable
0.73
0.73
0.73
0.73
0.73
0.73
F-stat of predicted electricity
20.05
18.93
14.57
24.95
11.81
11.59
Number of Observations
11955
11936
11955
11955
11936
11936
R squared
0.536
0.538
0.549
0.547
0.543
0.567
The data are from the 2003-2014 Annual Poverty Indicators and Family Income and Expenditure Surveys.
The dependent variable in all regressions is an indicator equal to one if the household is located in a village
where at least one sampled household reports access to electricity. All standard errors are clustered at the
village level. Asterisks indicate statistical significance at the 1% ∗∗∗ , 5% ∗∗ , and 10% ∗ levels.
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Table 3: Reduced-form effects of predicted electrification
Expenditure:

Predicted
electricity
Barangay Fixed Effects

(1)
Electricity
0.053∗
(0.030)

(2)
Log total
0.091∗∗
(0.044)

(3)
Log energy
0.137∗∗
(0.066)

(4)
Log income
0.099∗
(0.054)

(5)
HH is poor
-0.047
(0.032)

Yes

Yes

Yes

Yes

Yes

Year Fixed Effects
Yes
Yes
Yes
Yes
Yes
Mean of Dep Variable
0.31
10.95
7.93
10.96
0.65
Mean of Dep Variable No Log
68047
3560
72764
Number of Observations
11955
11900
11157
11900
11955
R squared
0.383
0.357
0.414
0.344
0.150
The data are from the 2003-2014 Annual Poverty Indicators and Family Income and Expenditure Surveys.
The dependent variables are — in column 1: an indicator variable for households with access to electricity;
column 2: the log of total household expenditures; column 3: log of expenditures on energy, including all
fuel and electricity; column 4: the log of household income and in column 5: an indicator for poor
households, where a household is defined as poor if they are below the 25th percentile of the national
income per capita distribution for that year. All standard errors are clustered at the barangay level.
Asterisks indicate statistical significance at the 1% ∗∗∗ , 5% ∗∗ , and 10% ∗ levels.
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Table 4: Second-stage effects of village electrification on development outcomes
Expenditure:

Barangay electrified

Barangay Fixed Effects

(1)
Electricity
0.227∗
(0.120)

(2)
Log total
0.384∗∗
(0.191)

(3)
Log energy
0.577∗∗
(0.280)

(4)
Log income
0.418∗
(0.231)

(5)
HH is poor
-0.199
(0.137)

Yes

Yes

Yes

Yes

Yes

Year Fixed Effects
Yes
Yes
Yes
Yes
Yes
Mean of Dep Variable
0.31
10.95
7.93
10.96
0.65
Mean of Dep Variable No Log
68047
3560
72764
Number of Observations
11955
11900
11157
11900
11955
R squared
0.408
0.335
0.376
0.325
0.138
The data are from the 2003-2014 Annual Poverty Indicators and Family Income and Expenditure Surveys.
All estimates are 2SLS estimates of the effect of village electrification on the outcome given in the column
label. The dependent variables are — in column 1: an indicator for households with access to electricity;
column 2: the log of total household expenditures; column 3: the log of expenditures on energy, including
all fuel and electricity; column 4: the log of household income; and in column 5: an indicator for poor
households, where a household is defined as poor if they are below the 25th percentile of the national
income per capita distribution for that year. All standard errors are clustered at the barangay level.
Asterisks indicate statistical significance at the 1% ∗∗∗ , 5% ∗∗ , and 10% ∗ levels.
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Table 5: Reduced-form effects of predicted electricity on labor market outcomes
Employed

Predicted
electricity
Barangay Fixed Effects

House work

Daily hours

(1)
Male
-0.015
(0.016)

(2)
Female
0.043
(0.052)

(3)
Female
-0.012
(0.049)

(4)
Male
-0.128
(0.315)

(5)
Female
0.057
(0.335)

Yes

Yes

Yes

Yes

Yes

Year Fixed Effects
Yes
Yes
Yes
Yes
Yes
Mean of Dep Variable
0.93
0.57
0.33
6.66
5.91
Number of Observations
6895
6297
6297
6407
3577
R squared
0.055
0.226
0.204
0.261
0.247
The data are from the 2003, 2006, 2009 and 2012 Labor Force Surveys. The unit of observation is the
individual and the sample is limited to individuals aged 18-70 at the time of the survey. The dependent
variables are — in columns 1 and 2: an indicator variable for individuals who are employed; column 3: an
indicator for females that are out of the labor force due to housework responsibilities; and in columns 4 and
5: hours worked per day in the principal occupation. Columns 4 and 5 only include individuals that are in
the work force. All standard errors are clustered at the barangay level. Asterisks indicate statistical
significance at the 1% ∗∗∗ , 5% ∗∗ , and 10% ∗ levels.
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Table 6: Decomposing effects into agricultural and non-agricultural income
Log Income:

Predicted
electricity
Barangay Fixed Effects

(1)
Total
0.099∗
(0.054)

(2)
Agricultural
0.217∗∗
(0.109)

(3)
Non-Ag
0.079
(0.060)

Yes

Yes

Yes

Year Fixed Effects
Yes
Yes
Yes
Mean of Dep Variable
10.96
10.02
10.23
Mean of Dep Variable No Log
72764
34019
46752
Number of Observations
11900
9105
11899
R squared
0.344
0.403
0.348
The data are from the 2003-2014 Annual Poverty Indicators and Family Income and Expenditure Surveys.
The dependent variables are — in column 1: the log of total income; column 2: the log of income from
agriculture (crop farming and gardening); column 3: the log of total non-agricultural income. All standard
errors are clustered at the barangay level. Asterisks indicate statistical significance at the 1% ∗∗∗ , 5% ∗∗ ,
and 10% ∗ levels.
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Table 7: Robustness of IV results to specific time effects
Effect on Log expenditure
A: Baseline specification

0.384∗∗
(0.191)

B: Year effects X Distance to city

0.390∗
(0.209)

C: Year effects X Population density

0.455∗∗
(0.198)

D: Year effects X Elevation

0.385∗∗
(0.179)

E: Year effects X Size of barangay

0.371∗
(0.217)

F: Year effects X Latitude

0.385∗
(0.210)

G: Year effects X Longitude

0.340∗
(0.204)

H: B+C+D+E+F+G

0.470∗
(0.252)

I: Year effects X Distance to electricity

0.488
(0.361)

J: Drop predicted in 2004 or 2009

0.592∗
(0.329)

The dependent variable is the log of household expenditures. Each entry in the table is from a separate
regression where the time effects are interacted with the given barangay characteristic (rows B through H).
Row I combines all of the interacted time effects in a single regression. Row J drops the barangays that
were predicted for electrification in 2004 or 2009 (the first and last years). Asterisks indicate statistical
significance at the 1% ∗∗∗ , 5% ∗∗ , and 10% ∗ levels.
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Table 8: Regression discontinuity evidence of the effect of neighborhood electrification on
household-level deprivation
First-stage

Reduced-form

(1)
(2)
(3)
(4)
Polynomial
Linear
Polynomial
Linear
Barangay in BOHECO I
-0.555∗∗∗
-0.517∗∗∗
-0.070∗∗∗
-0.053∗∗∗
area
(0.071)
(0.063)
(0.011)
(0.010)
Mean outcome
0.240
0.268
0.182
0.182
Number of Observations
1109
452
1108
451
R squared
0.399
0.405
0.210
0.081
The data are for all villages in the province of Bohol. The dependent variables are — in columns 1 and 2:
an indicator for whether the barangay had at least one neighborhood without electricity in 2011; and in
columns 3 and 4: the residualized deprivation measure. Each regression includes the distance between the
village and the boundary and this distance interacted with the BOHECO I indicator. Columns 1 and 3 also
include squared and cubed distances along with the interactions between these terms and the BOHECO I
indicator. The distance to the boundary is multiplied by -1 for barangays located on the BOHECO II side
of the border. The bandwidth in columns 2 and 4 is 13.742 km. Robust standard errors are included in
parentheses. Asterisks indicate statistical significance at the 1% ∗∗∗ , 5% ∗∗ , and 10% ∗ levels.
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Appendix - For Online Publication
Derivation of bias in IV estimator
Suppressing all subscripts and using “elec” to denote “electrified”, the reduced form relation
— the numerator in (2) — is written as
β[P (elec = 1 | pred = 1) − P (elec = 1 | pred = 0)].

(A1)

Using Bayes Rule, this can be written as

P (pred = 1 | elec = 1) ∗ P (elec = 1) P (pred = 0 | elec = 1) ∗ P (elec = 1)
−
.
β
P (pred = 1)
P (pred = 0)


(A2)

The first term in the denominator in (2) is
d | pred = 1) =
E(elec
=

d = 1, pred = 1)
P (elec
P (pred = 1)
d = 1, pred = 1 | elec = 1) ∗ P (elec = 1) + P (elec
d = 1, pred = 1 | elec = 0) ∗ P (elec = 0)
P (elec

P (pred = 1)
d
P (elec = 1, pred = 1 | elec = 1) ∗ P (elec = 1)
,
=
P (pred = 1)

d = 1 | elec = 0) = 0 in our case. Using the
where the last equality holds because P (elec
same algebra, the second term in the denominator of (2) can be expressed as
d | pred = 0) =
E(elec

d = 1, pred = 0 | elec = 1) ∗ P (elec = 1)
P (elec
.
P (pred = 0)

Combining all terms, the IV estimator is
β

h

P (pred=1|elec=1)∗P (elec=1)
P (pred=1)

d
P (elec=1,pred=1|elec=1)∗P
(elec=1)
P (pred=1)

−

−

P (pred=0|elec=1)∗P (elec=1)
P (pred=0)

i

d
P (elec=1,pred=0|elec=1)∗P
(elec=1)
P (pred=0)

(A3)

Denoting P (elec = 1) as k1 , the above probability limit is expressed as
β[P (pred = 1 | elec = 1) − k1 ]
.
d = 1, pred = 1 | elec = 1) − k1 ∗ P (elec
d = 1 | elec = 1)
P (elec

41

(A4)

Predicted electrification is independent of the mis-measured electrification when conditioning
on actual electrification. Therefore,
plimβIV =

β[P (pred = 1 | elec = 1) − k1 ]
d = 1 | elec = 1) ∗ P (pred = 1 | elec = 1) − k1 ∗ P (elec
d = 1 | elec = 1)
P (elec

This simplifies to our expression in equation (3) in the main text.
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Appendix Figures and Tables
Table A1: OLS effects of barangay electrification on development outcomes
Expenditure:

Barangay electrified

Barangay Fixed Effects

(1)
Log total
0.097∗∗∗
(0.029)

(2)
Log energy
0.128∗∗∗
(0.046)

(3)
Log income
0.107∗∗
(0.043)

(4)
HH is poor
-0.029
(0.024)

Yes

Yes

Yes

Yes

Year Fixed Effects
Yes
Yes
Yes
Yes
Mean of Dep Variable
10.95
7.93
10.96
0.65
Number of Observations
11900
11157
11900
11955
R squared
0.358
0.416
0.345
0.150
The data are from the 2003-2014 Annual Poverty Indicators and Family Income and Expenditure Surveys.
All regressions are estimated using OLS. The dependent variables are — in column 1: log of total
household expenditures; column 2: log of expenditures on energy, including all fuel and electricity; column
3: log of household income; and in column 4: an indicator for poor households, where a household is
defined as poor if they are below the 25th percentile of the national income per capita distribution for that
year. All standard errors are clustered at the barangay level. Asterisks indicate statistical significance at
the 1% ∗∗∗ , 5% ∗∗ , and 10% ∗ levels.
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Figure A1: Distribution of village-level electrification rates in 2003
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Notes: The figure shows the distribution of electrification rates for villages included in the 2003 Family
Income and Expenditures Survey.
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Figure A2: Timing of reduced-form and first-stage effects of predicted electricity
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Notes: The figure shows coefficients of regressions of village electrification (top panel) and log household
expenditure (bottom panel) on indicator variables for years after predicted electrification. The dots are
point estimates and the vertical lines are 95 percent confidence intervals. Each regression also includes
village and year fixed effects. All standard errors are clustered at the village level.
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Table A2: Robustness of income IV results to specific time effects
Effect on Log expenditure
A: Baseline specification

0.418∗
(0.231)

B: Year effects X Distance to city

0.393
(0.245)
0.519∗∗
(0.231)

C: Year effects X Population density
D: Year effects X Elevation

0.414∗
(0.221)

E: Year effects X Size of barangay

0.322
(0.232)

F: Year effects X Latitude

0.424∗
(0.251)

G: Year effects X Longitude

0.378
(0.235)

H: B+C+D+E+F+G

0.460∗
(0.269)

I: Year effects X Distance to electricity

0.410
(0.388)

J: Drop predicted in 2004 or 2009

0.502
(0.336)

The dependent variable is the log of household income. Each entry in the table is from a separate
regression where the time effects are interacted with the given barangay characteristic (rows B through H).
Row I combines all of the interacted time effects in a single regression. Row J drops the barangays that
were predicted for electrification in 2004 or 2009 (the first and last years). Asterisks indicate statistical
significance at the 1% ∗∗∗ , 5% ∗∗ , and 10% ∗ levels.
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Figure A3: Correlation between income per capita and the deprivation measure for barangays
in the Philippine province of Bohol
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Notes: The figure plots data for 58 barangays that were included in the APIS or FIES surveys during any
year from 2003-2014. The vertical axis is the log of average income in the barangay net of year of survey
fixed effects. The most recent survey year is shown for each barangay. The horizontal axis is the
residualized deprivation measure taken from the regression of the deprivation index on year of survey fixed
effects. The correlation coefficient is -0.44 (p<0.01).
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Figure A4: Sensitivity of spatial regression discontinuity results to bandwidth selection
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Notes: The dots represent the estimated effects of being barely located in the BOHECO I coverage area on
the residualized measure of deprivation. The bandwidth varies from 3-20 km along the horizontal axis. The
red dashed line shows our preferred estimate using the optimal bandwidth from Imbens and Kalyanaraman
(2011).
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Table A3: Robustness of spatial discontinuity evidence to alternative functional forms
Bandwidth selection

Barangay in BOHECO I
area
Longitude and latitude quadratic

(1)
20km
-0.038∗∗∗
(0.008)

(2)
13.7km
-0.046∗∗∗
(0.009)

(3)
5km
-0.034∗∗∗
(0.012)

(4)
20km
-0.054∗∗∗
(0.017)

(5)
13.7km
-0.054∗∗∗
(0.017)

(6)
5km
-0.054∗∗∗
(0.017)

Yes

Yes

Yes

No

No

No

Spatial fixed effects
No
No
No
Yes
Yes
Yes
Mean outcome
0.180
0.182
0.184
0.180
0.182
0.184
Number of Observations
658
451
203
658
451
203
R squared
0.192
0.210
0.336
0.493
0.480
0.503
The data are for all villages in the province of Bohol. The dependent variable in all columns is the
residualized deprivation measure. Columns 1-3 include longitude, latitude, and their squared terms.
Columns 4-6 include fixed effects for grid cells, where grid cells are defined as equally-spaced cells of 0.05
by 0.05 degrees, approximately 5.5 by 5.5 km. Robust standard errors are included in parentheses.
Asterisks indicate statistical significance at the 1% ∗∗∗ , 5% ∗∗ , and 10% ∗ levels.
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Figure A5: Map of regression estimates with grid cell fixed effects

Notes: The map shows the Philippine province of Bohol. The purple line is the boundary between the two
electric cooperatives of the province (BOHECO I and BOHECO II). The dots show villages and the shading
of each village is based on the deprivation measure. Villages with above-median deprivation are shaded in
black, while villages with below-median deprivation are shaded in white. The background shading shows
predicted values from a fixed effects regression of the deprivation measure on the BOHECO I indicator and
fixed effects for 0.05 by 0.05 degree grid cells. Darker blue grids are those with higher levels of deprivation.
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Table A4: Estimated discontinuities in barangay characteristics across the BOHECO I /
BOHECO II boundary
Characteristic

Estimate

Elevation

-16.303
(24.972)

Area of barangay (sq km)

0.117
(0.665)

Population in 2010

-50.537
(93.417)

Population density in 2010

-69.965
(247.782)

Number of wells

1.332
(2.917)

Has health center

-0.286∗∗∗
(0.079)

Has school

0.050
(0.079)

Each entry in the table is from a separate regression where the characteristic in a given row is regressed on
distance to the boundary, an indicator for barangays on the BOHECO I side of the boundary, and an
interaction between these two variables. Point estimates and standard errors on the BOHECO 1 indicator
(effects of crossing the boundary) are reported in the second column. Only barangays within the
bandwidth of 13.742 km are included in each regression.
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Figure A6: Discontinuities in barangay characteristics across the BOHECO I / BOHECO II
boundary
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Notes: The distance from the boundary (running variable) is used to divide the barangays into
equally-spaced bins of 0.5 km. The figure shows the relationship between the bin midpoints and the
barangay characteristic corresponding to the sub-figure title. Barangays under the jurisdiction of
BOHECO II are those to the left of the vertical dashed lines. All analysis is carried out with the
sub-sample of barangays within 13.742 km of the boundary between BOHECO I and BOHECO II.
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