HOSPITAL BIRTHS, ADVERSE SELECTION AND INFANT
MORTALITY

EDWARD N. OKEKE AND A.V. CHARI

Abstract. In this paper we provide causal estimates of the e↵ect of an institutional
birth on newborn mortality. To address the endogeneity of choice of birth location, we
exploit a random shock to institutional deliveries provided by the implementation of a
government performance-based financing (PBF) program in Rwanda. Using data on 8,383
births between 2000 and 2010 from the Rwandan Demographic Health Surveys, we first
show that the PBF program increased rates of institutional deliveries by about 9 percentage points in treated relative to control districts. This is remarkably similar to the
results from an earlier evaluation of the program despite the use of di↵erent data. Using
program rollout as an instrument for facility deliveries, we find no statistically significant
e↵ect of an institutional birth on either 7- or 30-day mortality in any of our specifications.
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1. Introduction
Can policies promoting institutional deliveries in developing countries reduce newborn
deaths? This is an important question with far-reaching implications. Nearly four million
infants die every year within a month of being born – 75 percent in the 1st week and 25
percent on the 1st day – and nearly all of these deaths take place in developing countries.
Newborn deaths alone accounted for 40 percent of mortality among children under five
in 2010 (Rajaratnam et al., 2010). It is well known that in developing countries, a large
number of births take place outside of health facilities, usually at home and unattended by
formally trained doctors or midwives, and it is widely believed that this contributes to high
RAND Corporation, 4570 Fifth Avenue, Pittsburgh, PA 15213. Tel: +1-412-683-2300. eokeke@rand.org;
achari@rand.org. This work was supported by an Investment Award from the Bing Center for Health
Economics.
1

rates of mortality.1 In sub-Saharan Africa and South Asia, the two regions that account
for most newborn deaths, more than half of all births take place at home (Montagu et al.,
2011).
Within the last decade, emphasis has shifted towards promoting deliveries in hospitals
and other health facilities. Proponents argue that situating births in hospitals gives women
access to skilled providers who are better able to recognize and manage complications and
minimizes delays in getting help. Rates of institutional deliveries are now assiduously
tracked by international agencies as a progress indicator. In keeping with this policy focus,
several developing countries have implemented programs that explicitly incentivize institutional deliveries . A notable example is the JSY (Janani Suraksha Yojana) program in
India, which provides cash transfers to women who give birth in a health facility. The
JSY has expenditures in excess of 200 million US dollars annually (Mazumdar, Mills and
Powell-Jackson, 2011). Other similar programs include the Safe Delivery Incentives Program (SDIP) in Nepal and the Demand-side Financing Maternal Health Voucher Scheme
(MHVS) in Bangladesh (Powell-Jackson et al., 2009). The return on these investments are
largely unknown, and depend on the e↵ect of an institutional birth on health outcomes.
Identifying the causal e↵ect of an institutional birth on health outcomes is challenging
however because choice of delivery location is likely to be correlated with unobserved individual and household characteristics that may also a↵ect outcomes. Births that take
place in a hospital may be favorably selected – hospital births for example are known to be
positively correlated with household income and maternal schooling (Gwatkin et al., 2000;
Houweling et al., 2007). Hospital births may on the other hand be adversely selected, if
women who anticipate a bad outcome are more likely to choose a hospital delivery, or if
women are only taken to the hospital when they develop complications.2
In this paper, we provide causal estimates of the e↵ect of an institutional birth on
neonatal mortality. To solve the identification problem, we exploit a random shock to
institutional deliveries provided by the implementation of a government performance-based
financing (PBF) program in Rwanda. What makes this program unique, and strengthens
our identification, is that the program was phased in randomly. Twelve districts were
1

Newborn deaths have been strongly linked to intra-partum factors. Delivery complications such as prolonged or obstructed labor are consistently associated with a higher risk of mortality (Bartlett, Paz de Bocaletti and Bocaletti, 1993; Chalumeau et al., 2000; Kusiako, Ronsmans and Van der Paal, 2000). Weiner
et al. (2003) estimates that up to half of all perinatal deaths may be attributable to labour complications. Intra-partum factors are thought to play a larger role in perinatal or neonatal deaths relative to
pre-pregnancy or antenatal factors (Lawn, Cousens and Zupan, 2005).
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See Titaley, Dibley and Roberts (2012) for evidence of adverse selection into hospital deliveries and Joyce
(1994) and Rous, Jewell and Brown (2004) for evidence of adverse selection into prenatal care.
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selected to begin the program in 2006; the program was extended to the remaining districts
in 2008. Using data on 8,383 births taking place in Rwanda between 2000 and 2010, we
first show that the PBF program significantly increased rates of institutional deliveries,
confirming previous evidence. Using program rollout as an exogenous instrument for facility
deliveries, we find no statistically significant e↵ect of an institutional birth on a child’s
probability of dying within the first week or within the first month. This result holds across
all our specifications. We also find evidence of adverse selection into facility deliveries.
The remainder of the paper is organized as follows: in Section 2 we discuss the existing
literature, in Section 3 we describe the PBF program, in Section 4 we discuss the data,
in Section 5 we lay out our econometric strategy and results, in Section 6 we discuss the
results, and in Section 7 we conclude.
2. Existing Literature
There is an extensive economic literature on infant health production. Classic papers in
this literature include Rosenzweig and Schultz (1983), Corman and Grossman (1985), and
Grossman and Joyce (1990). Many of these early papers focus on the timing of prenatal
care onset and its e↵ect on infant health. More recent papers also examine the e↵ect of the
number and quality of prenatal care visits (Rous, Jewell and Brown, 2004; Evans and Lien,
2005). Noonan et al. (2007) and Lien and Evans (2005) also study the e↵ect of maternal
inputs such as smoking and illicit drug use. Given the rarity of neonatal mortality in
developed countries, the modal outcome of interest has tended to be child birthweight.
The developing country literature on infant health production is more limited.3 Similar to
the developed country literature, prenatal care is the most frequent input studied. Guilkey
et al. (1989) find a positive relationship between the number of prenatal care visits and
birthweight among Filipino women. Todd (2007) studies the e↵ect of month of prenatal
care initiation and number of prenatal care visits on birthweight using Demographic and
Health Survey data from four South American countries and also finds positive e↵ects of
prenatal care.4 Habibov and Fan (2011) finds positive e↵ects of prenatal care quantity and
quality on birthweight using data from Azerbaijan.
Panis and Lillard (1994) and Maitra (2004) are the only two papers we are aware of that
attempt to estimate the e↵ect of institutional deliveries on infant mortality. Both find a
3

There is a large epidemiological literature on skilled birth attendance in developing countries that is
relevant for this paper. Skilled birth attendance and institutional deliveries are often used interchangeably
since one, in most cases, implies the other (Campbell and Graham, 2006). A recent meta-analysis of this
literature finds inconsistent evidence of a positive e↵ect on neonatal mortality while concluding that the
overall quality of the evidence is low (Darmstadt et al., 2005).
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statistically significant e↵ect of institutional deliveries on child mortality. The similarity
in results are not surprising given that both papers apply the same methodology, jointly
estimating the demand and health production functions within a system of simultaneous
equations.5 As Maitra (2004) acknowledges, omitted variable bias is a problem if there are
inputs that a↵ect child health that are not included in the mortality equation. If for example institutional deliveries are correlated with use of postnatal inputs and these are not
captured in the estimating equation, then the e↵ect of a hospital delivery on child mortality
would be overestimated. Importantly, while mother-specific heterogeneity is accounted for,
unobserved birth-specific heterogeneity remains a problem. This is not a trivial concern.
Bharadwaj and Nelson (2010) for example present evidence that when a woman is carrying
a male fetus, households are more likely to invest in other child health inputs. While the
gender of the baby is observable and can be controlled for, the point is that systematic (unobserved) preferences for certain births may lead to overestimates of the treatment e↵ect.
Household income shocks have also been shown to a↵ect household fertility decisions, and
to a↵ect the demand for child health inputs conditional on deciding to have a baby (Bhalotra, 2010). Most household surveys that include retrospective birth histories do not collect
information about household income at the time of pregnancy/delivery; if (unmeasured)
household income is correlated with the demand for a hospital birth and independently
a↵ects infant mortality, this will bias estimates away from zero.6
Relative to the existing literature, we provide more transparent identification of the
structural parameter of interest by relying on an exogenous shock to institutional births
provided by the randomized rollout of a government performance-based financing program
in Rwanda. This helps us to avoid the endogeneity concerns and omitted variable bias
that a↵ects some of the earlier work. The results in this paper are relevant not only for
the infant health production literature but also for the growing empirical literature that
estimates the returns to medical care during early life. Recent examples of this literature
include Almond et al. (2010), Almond and Doyle (2011), Adhvaryu and Nyshadham (2011)
and Bharadwaj, Løken and Neilson (2013).
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Child mortality is modeled using a proportional hazard model in which the child is at risk of dying from the
time of birth until the time of the survey. Panis and Lillard (1994) allows for fetal deaths i.e. miscarriages
and abortions.
6
Bhalotra (2010) shows that income shocks a↵ect mortality through a selection e↵ect - higher risk women
are more likely to defer births when households experience negative shocks – and through altering the
demand for complementary child health inputs.
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3. The PBF Program in Rwanda
Performance-based financing (PBF) began in Rwanda in 2001 when international NGOs
started pilot schemes in two provinces – Cyangugu in 2001, and Butare in 2002.7 Based on
the success of these initiatives, the Ministry of Health with funding from the United States
Agency for International Development (USAID) decided to scale up PBF and expand it
to all health facilities in Rwanda (Soeters, Musango and Meesen, 2005). Due to capacity
and financial constraints, it was not feasible to implement the program in all districts,
and so the program was implemented in two phases. To avoid criticisms of unfairness and
“hidden agendas” (and to facilitate a rigorous evaluation), districts were randomly assigned
to Phase 1 (rollout starting in 2006) or 2 (rollout starting in 2008). Areas with no existing
performance based contracting operations were paired based on similar characteristics and
a coin flip was used to assign districts to Phase 1 or 2.8 District boundaries were redrawn
in late 2005 as part of a government decentralization e↵ort. This resulted in some control
districts being combined with districts with existing PBF pilot programs. As Basinga
et al. (2011) note, because PBF programs could not be removed from health facilities in
which they had already been implemented, the government enrolled all health facilities in
newly formed districts that had existing pilot programs schemes into the first phase of the
rollout.9 The final sample consists of twelve Phase I districts and seven Phase II districts.
The PBF program incentivized provision of fourteen di↵erent maternal and child health
indicators ranging from prenatal care to child preventive visits and immunization (see
Table A.1). We see that the highest per unit payments were for facility deliveries and
for emergency transfers to hospital for obstetric care ($4.59). Hospital referrals for at
risk pregnancies were assigned a value of $1.83. Bonus payments were paid out to health
facilities quarterly according to the following payment formula:
X
P aymentit = Qit ⇤
Pj Uijt
j

P is the per unit payment for each incentivized service and U is the number of units
provided. i indexes the facility, j indexes the service, and t indexes time. Q is a weighted
quality index that measures overall facility quality. It is a composite of various structural
7

A third scheme was begun in 2005 in Kigali-Ngali, Kabgayi, and Kigali Ville by Belgian Technical Cooperation (BTC), a development cooperation agency.
8
The process of allocation is fully described in the original evaluation of the PBF (Basinga et al., 2011).
This earlier evaluation studied the impact of the program on use of maternal and child health services.
9
Based on personal email communication from Paulin Basinga, one of the lead investigators on the original
evaluation, this a↵ected three districts. As part of our robustness checks, we drop these districts from the
sample. This does not a↵ect the results.
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and process indicators and facilities can receive a score between 0 and 1 (Rusa et al.,
2009). For the purposes of evaluation, to separate the income e↵ect of the bonus payment
from its incentive e↵ect, budgets for health facilities in control districts were increased by
an amount equivalent to the average of payouts to treated facilities on a quarterly basis.
Health facilities had full discretion in spending incentive payments. There is evidence that
bonus payments were primarily used by health facilities to increase sta↵ salaries (Basinga
et al., 2011).
3.1. Why might the PBF a↵ect facility delivery? Following the introduction of the
PBF, economic theory predicts that health providers will reoptimize, allocating e↵ort towards incentivized services (Eggleston, 2005; Dumont et al., 2008). Given that institutional
deliveries were so highly incentivized, one would expect providers to attempt to increase
rates of facility delivery. Consistent with this Basinga et al. (2011) report that “providers
not only encouraged women to deliver in the facility during prenatal care, but some also
commissioned community health workers to conduct outreach in the community to find
pregnant women to deliver in the facility”. There are other mechanisms through which
the PBF might a↵ect institutional deliveries. It might increase facility deliveries indirectly
through its e↵ect on improving overall quality. To the extent that women care about facility quality they might be more likely to choose a facility birth following the introduction of
the PBF. A related channel through which the PBF might a↵ect rates of facility deliveries
is through decreased provider absence because of higher compensation10 and to a lesser
extent because of increased monitoring by district health officials (Duflo and Hanna, 2005;
Banerjee and Duflo, 2006). District supervisors were required to make unannounced quarterly visits to each PBF facility to collect data on quality indicators used in calculating
bonus payments.
4. Data
The Rwandan Demographic and Health Survey (RDHS) is a nationally representative
household survey conducted approximately every five years. Households are selected in
two stages: first, villages (also known as clusters or enumeration areas) are selected with
probability proportional to the village size, a household listing is then conducted in each
village, and households are systematically selected from the household list. Interviewers
collect detailed information about all pregnancies and birth in the selected households
within the five years preceding the survey date. All women between the ages of 15 and 49
10Since control facilities also devoted a substantial portion of their increased budget towards sta↵ compen-

sation, this e↵ect would also be operation in control districts.
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who are permanent residents of the household, or visitors present in the household on the
night before the survey, are eligible to be interviewed. For all births within the preceding
five years, women are asked where the birth took place, and additional details about each
birth are collected including the sex of the child, the date of birth, birth order, whether
it was a single or multiple birth, and survival status. For babies who died, information
is collected about the age of death. For deaths within the first month, women are asked
to provide the specific day of death (if known). This enables us to construct an indicator
for neonatal mortality. For the most recent live birth, women are asked if they used
prenatal care and how many prenatal care visits they attended. Some information about
the quality of prenatal care is also collected including whether the respondent was weighed,
whether their blood pressure was taken, and whether they were told about pregnancy
danger signs. In addition to detailed birth information, the RHDS also collects information
about respondent and household characteristics.
We merge the 2005 and 2010 waves of the RDHS. This otherwise straightforward exercise
was complicated by the fact that the 2005 RDHS contains province IDs but not district
IDs.11 To match enumeration area clusters in 2005 to the appropriate districts in 2010, we
used geo-positioning data. Recent DHS surveys collect GPS coordinates for each village or
cluster. These GPS readings are generally accurate up to 15-20 meters (ICF Macro, 2011).
We matched each cluster in 2005 to a district in 2010 by calculating pairwise distances
between each cluster in 2005 and all clusters in 2010 and then assigning each cluster to the
district with the lowest sum of squared distances to cluster i. To put this formally, cluster
i in 2005 was assigned to the district, k in 2010 that minimized min[A1 , A2 , ..., AK ] where
P
Ak = j (Ci Cjk ) and Ci Cjk is the spherical distance between cluster i in 2005 and
cluster j in district k in the 2010 DHS.
The final study sample consists of 8,383 births between 2000 and 2010. The key independent variable is a dummy for facility births.12 The primary outcome variables are
neonatal mortality, a dummy indicator for if the baby died within the first month (between
Day 0 and Day 30), and early neonatal mortality, a dummy variable equal to 1 if the baby
died within the first 7 days. We examine early neonatal mortality separately because it is
thought to more directly reflect the quality of care received by the mother during childbirth
(Ngoc et al., 2006).
11In 2005, Rwanda was divided into 12 provinces. Following the decentralization, the 12 provinces were

aggregated into 5 provinces.
12In the RDHS, women can select from one of the following choices for birth location: delivered at home
(either the respondent’s home or some other home); delivered in a health facility (either government or
private), or elsewhere.
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5. Empirical Strategy and Results
The aim of our analysis is to estimate the causal e↵ect of a hospital birth on newborn
mortality. The underlying structural model we wish to estimate is:
M ortalityi = ↵ + HospBirthi + Xij + ✏i
M ortalityi is a dummy indicator indicating a newborn death within X days of birth where
X=7 or 30, HospBirth is a dummy for whether the birth took place in a health facility,
Xij is a vector of exogenous birth characteristics, and ✏ is the error term. To obtain
consistent estimates of , HospBirth has to be uncorrelated with the error term, i.e.
Cov(HospBirth, ✏)=0 , but this is unlikely to be true in practice. As we have noted,
unobserved heterogeneity between childbearing women will induce a correlation between
hospital births and the disturbance term. Hospital births may for example be correlated
with use of other birth inputs that have beneficial e↵ects on infant health, implying that
estimating (1) with OLS will lead to estimates of that are biased upwards.
To credibly identify the causal e↵ect of a hospital delivery, the ideal study would be an
experiment in which some women were randomly assigned to deliver at home and others
to deliver in a health facility. In the absence of such an experiment, an alternative is to
find an exogenous instrument that a↵ects a woman’s choice of delivery facility. The instrument must satisfy the standard exclusion restriction, it must only a↵ect newborn mortality
through its e↵ect on hospital deliveries.13 Conditional on having a valid instrument, one
can obtain consistent estimates of using two stage least squares. The rollout of the government PBF program in Rwanda provides a plausibly exogenous shock to hospital births
that allows us to recover the structural parameter of interest. This approach is similar in
spirit to that of Evans and Lien (2005) who exploit the variation in access to prenatal care
created by a bus strike in Pennsylvania to estimate the e↵ect of prenatal care on birth
outcomes. In the terminology of Angrist, Imbens and Rubin (1996), what we estimate is
the Local Average Treatment E↵ect or LAT E.
5.1. Validity of the empirical strategy. A critical assumption that underlies our empirical strategy is that the rollout of the PBF was random and therefore uncorrelated with
endogenous characteristics that a↵ect newborn mortality. Even though program rollout
13Note that this restriction rules out using cash transfers (or cash transfer programs) as an instrument

because the additional income may be used to purchase market goods that have a direct e↵ect on birth
outcomes. Even if the cash is only paid out after the delivery has occurred, households may increase
consumption in anticipation of this future income. Instrument validity also requires a sufficiently strong
correlation with hospital births.
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was random by design, treatment may still be spuriously correlated with other characteristics that influence infant health outcomes. In addition, given that the redrawing of
district boundaries influenced treatment assignment, this may have inadvertently induced
a correlation between treatment and endogenous characteristics. It is therefore important
to test that there are no observable di↵erences between Phase 1 and Phase 2 districts. We
show in Table 1 that observable birth characteristics are indeed balanced across Phase 1
and Phase 2 districts.
The validity of our empirical strategy also requires that the PBF program a↵ect newborn
mortality only through its e↵ect on facility deliveries. One concern is that the PBF program
incentivized other inputs that may could potentially influence birth outcomes. Prenatal
care is the most obvious. From Table A.1, we see that PBF facilities received incentive
payments of 9 cents for first prenatal visits, and 37 cents for each woman who completed
four prenatal visits. There is now a critical mass of studies demonstrating beneficial e↵ects
of prenatal care on infant health (see for example Evans and Lien, 2005; Jewell, 2007). If
the PBF program also increased use of prenatal care, this would lead to an over-estimation
of the treatment e↵ect (assuming that both pre-natal care and facility deliveries weakly
lower the rate of mortality).
In Figure 1, we plot monthly trends in the percentage of births where the mother completed four or more prenatal care visits along with 95% confidence intervals (Panel A shows
Phase 1 districts and Panel B shows Phase 2 districts). We see that the proportion of births
with four or more prenatal visits increased in Phase 1 but not di↵erentially relative to Phase
2 districts (we later show regression results confirming this result). Our empirical models
therefore rely on a di↵erence-in-di↵erence (DID) strategy. A possible explanation for why
the PBF did not have an strong e↵ect on prenatal care use is that the incentive was not
sufficiently high-powered. Getting women to complete four prenatal visits on the other
hand requires considerable e↵ort from the provider and the incentive was low at 37 cents
per woman. Given that completing four visits required nearly 2 additional visits to the
clinic (the baseline mean was 2.5 prenatal visits), and given the significant expense to the
woman of completing those additional visits, providers might expect a low return to e↵ort.
While the PBF program did not alter utilization of prenatal care, it is possible that it
raised prenatal care quality. This is not a first-order concern because in general there is very
little empirical evidence of a relationship between prenatal care quality and infant mortality,
and specifically we are not aware of any strong evidence linking malaria prophylaxis and
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tetanus shots during pregnancy to newborn mortality.14 Nevertheless we examine whether
any such e↵ect could bias our estimates. In Figure 2, we plot local polynomial trends
in the percentage of women receiving a tetanus shot during pregnancy (Panel A) and the
percentage of women receiving malaria prophylaxis. We find no di↵erential e↵ect for Phase
1 relative to Phase 2 districts.
5.2. First stage: E↵ect of PBF on Facility Deliveries. We begin with a visual examination of the data. In Figure 3, we plot local polynomial trends in the fraction of facility
births by month, separately for treated (Phase 1) and control (Phase 2) districts, along
with the associated 95% confidence intervals. As expected we find a sharp increase in the
rate of facility deliveries in Phase 1 districts once the PBF program is implemented. We
also see an increase in Phase 2 districts although not as large. This increase in Phase 2
districts is not surprising. As discussed earlier, budgets for clinics in Phase 2 were increased
by roughly the same amount as Phase 1 clinics (but without the conditionality) to avoid
conflating the income e↵ect of the PBF with its incentive e↵ect. If some of this additional
income was used to improve facility quality, one might expect to see an e↵ect on facility
deliveries. There is also evidence that Phase 2 clinics also allocated a large portion of their
additional payments towards sta↵ compensation Basinga et al. (2011). If this additional
compensation reduced sta↵ absenteeism, this might also explain why utilization rates might
increase in Phase 2 districts. Goldstein et al. (2013) for example show that HIV testing
strongly responds to sta↵ presence in the clinic. A third possibility is some unobserved
shock to facility deliveries that coincided with the PBF rollout. We know that several other
programs were implemented around this period that could have a↵ected facility delivery
rates in all districts (Basinga, Sekabaraga and Soucat, 2008).
In addition to the standard DID approach, Figure 3 suggests a modified interrupted
time-series approach or a “local” DID strategy that exploits the discontinuity in facility
deliveries at the time of implementation. An advantage of the local DID is that it mitigates
concerns about possible feedback e↵ects of the program that may confound treatment e↵ect
estimates. For example, current exposure to facility delivery may impact maternal health
stock, which may in turn influence birth outcomes. The direction of such an e↵ect of
is difficult to predict, however: Improvements in health stock may lead to lower risk of
14PBF clinics received incentive payments of 46 cents for each pregnant woman that received a tetanus shot,

and a similar amount for each pregnant woman that received malaria prophylaxis. Given the low baseline
levels of tetanus vaccination and malaria prophylaxis during pregnancy, 20.3% and 5.2% respectively, clinics
could increase their payments at relatively low cost by prescribing tetanus shots and malaria prophylaxis
to all women who came in for a prenatal visit.
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mortality for subsequent births, but might also induce shorter intervals between births
which would have a negative impact on infant health.
Similar to the regression discontinuity, the interrupted time-series requires that program
exposure not be subject to manipulation. While it is safe to assume that the timing of
births in the temporal vicinity of the PBF program’s introduction is not manipulable, it
is nevertheless useful to assess trends in birth characteristics to verify that there are no
significant compositional shifts coinciding with program rollout. It is also important to
compare birth characteristics across phases to examine whether there was any systematic
cross-over (either due to migration or to women traveling to treated districts to give birth)
from Phase 2 to Phase 1 districts that may undermine this strategy. The panels in Figure
4 present smooth polynomial trends (along with 95% confidence intervals) for pre- and
post-periods, for each of the observed birth characteristics (the scatterplots of monthly
averages are omitted to reduce visual clutter).
There is little evidence of any significant discontinuities in any of the observed characteristics at the time of program introduction. In all tables that follow we report results
from both standard and local DID models. Our basic regression model is:
F acilityidt = ↵0 + ↵1 P hase1 + ↵2 P ost + ↵3 P ost.P hase1 + f (t) + Xit + ⌘d + eit
F acilityit is an indicator for whether child i born in month t in district d was delivered in a
facility (where t = 0 at the time of introduction of the program), P ost is an indicator that
takes the value 1 for t 0, P hase1 is an indicator that takes the value 1 for districts that
were in Phase 1, f (t) is a flexible function of time, Xit is a vector of controls, ⌘d represents
a district fixed e↵ect, and eit represents an unobserved error term which is allowed to be
arbitrarily correlated within districts. The vector of controls X consists of the following
observable maternal and child characteristics: (i) sex of the child, (ii) birth order (parity),
(iii) an indicator for multiple births, (iv) mother’s age at birth, (v) number of prior facility
births (mother-specific) that occurred before the program began, (vi) household religion
(coded as dummies), (vii) household wealth, (viii) an indicator for rural households, and
(ix) time interval since last birth (in months). There is some potential for the last three
control variables to be endogenous to the program (in addition to the fact that household
wealth and urban/rural status are measured only at time of survey). In practice, the
inclusion of these controls does not significantly a↵ect the point estimates, but it does
improve the precision of the estimates because these variables are important predictors of
both facility usage as well as birth outcomes.
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Table 2 presents the regression estimates, starting with a specification (Column 1) in
which f (t) is simply a vector of month dummies. In this specification, the coefficient ↵3
captures the relative di↵erence between Phase 1 and Phase 2 districts. Column 2 reports
the results from a specification in which f (t) consist of separate linear trends for pre- and
post-periods. In this specification, ↵2 captures the jump in the proportion of facility births
at the discontinuity in Phase 2 districts, while ↵3 captures the di↵erential jump in facility
births in Phase 1 districts at the discontinuity (i.e a “local” di↵erence-in-di↵erences). In
Column 3 we report the results from a more flexible specification in which f (t) consists
of separate quartic polynomial trends for pre- and post-periods. The results are largely
comparable across specifications. Immediately following the introduction of the program,
the proportion of facility births in Phase 1 districts increased discontinuously by nearly 21
percentage points (starting from a pre-program base of 26 percent), while the corresponding
increase in Phase 2 districts was also large but significantly lower, at about 12 percentage
points. The inclusion of higher-order polynomial trends does not significantly a↵ect these
estimates. The standard DID specification indicates a greater impact on facility births
in the post-period for Phase 2 districts (relative to the immediate impact at the time of
program introduction), consistent with the increasing post-program trend in Figure 3, but
the di↵erential e↵ect on Phase 1 districts retains comparable magnitude to the local DID
estimates, which is again consistent with the graphical evidence in Figure 3. We note that
the 9 percentage point estimate is very similar to that obtained by Basinga et al. (2011)
using clinic-level data, which is reassuring.
In Table 3, we present regressions showing no di↵erential program e↵ects on prenatal
care, confirming the visual evidence in Figures 1 and 2. In Table 4 we show that Phase 1
districts did not experience di↵erential changes in birth characteristics either at the time of
program introduction or on average across pre- and post-periods, validating our empirical
strategy.

5.3. Second stage: E↵ect of facility deliveries on newborn mortality. We begin
by documenting the reduced form e↵ect of the PBF program on newborn mortality. We
consider two measures of mrtality: Neonatal mortality (newborn deaths within 30 days of
being born), and early neonatal mortality, which includes only deaths within the first seven
days. The more restrictive definition limits any potential bias arising from program-induced
increases in post-natal inputs. Figures 5 and 6 plot local polynomial trends in mortality
rates by month, separately for Phase 1 and Phase 2 districts, along with 95% confidence
intervals. Strikingly, there is neither evidence of any discontinuity in newborn mortality at
12

the time of program introduction, nor evidence of a declining trend corresponding to the
increase in facility births over time following program rollout.
Table 5 presents the results from the reduced form regressions. The di↵erence-indi↵erence estimate is precisely estimated, and is not significantly di↵erent from zero, confirming that the increase in the rate of facility births resulting from the PBF program had
no impact on newborn mortality. Table 6 presents the results from the OLS regression of
mortality on facility delivery, along with the 2SLS regression results. The F-statistic measuring the strength of the instrument is 9.165 in the case of the global DID specification,
and 12.587 in the case of the local DID specification, indicating that the instrument has
reasonably strong predictive power. In keeping with the reduced form results, the point
estimates of the e↵ect of facility birth suggest that there is little e↵ect on infant mortality,
although it should be noted that the standard errors are much larger than in the case of
the OLS results, as one would expect. We also notice that the OLS results in both cases
are positive and in the case of early neonatal mortality, the coefficient approaches statistical significance (p=0.14). We interpret this as evidence of adverse selection into facility
deliveries.
5.4. Complier analysis. Under certain conditions the instrumental variables estimate
of the e↵ect of institutional deliveries on mortality can be interpreted as a local average
treatment e↵ect (LAT E), i.e. the e↵ect of institutional delivery on those births that would
have taken place at home, but for the exogenous shock provided by the PBF program
(these are the ’compliers’) (Angrist, Imbens and Rubin, 1996).15 An interesting question
is to what extent compliers di↵er from the general population. An important condition
for the LATE interpretation to hold is that there are no ’defiers’, i.e. births that would
have taken place in a facility, but for the introduction of the PBF. This appears to be a
reasonable assumption, but we are cautious about extending it to the DID model. As the
previous results demonstrated, however, there is little to no di↵erence in the results when
we consider the simple regression discontinuity estimates to the local DID estimates. We
therefore develop a complier analysis below that is based on the first stage being a simple
discontinuity in treatment availability in Phase 1 districts.
Although compliers are not individually identifiable, it is straightforward to compare
their average characteristics with that of the population. Angrist and Pischke (2009)
and Almond and Doyle (2011) provide two approaches for deriving the characteristics
15A critical assumption that is required for the LAT E interpretation is monotonicity i.e. that the instrument

does not result in any “defiers” (home births that would have been facility births if it were not for the
program). This seems plausible in our setting.
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of compliers; however, we prefer a formula that also permits a simple “eyeballing” test.
Appendix 2 derives the following expression:

(1) E(X|compliers)

E(X) =

⇡A (1 ⇡N )
. E(X)|f acility
⇡C

⇡N (1 ⇡A )
. E(X)|home
⇡C

X represents the characteristic of interest; E(X|compliers) is the average value of X for
the complier subpopulation; E(X) is the average value of X for all births (i.e. the general
population); E(X)|f acility is the change in average value of X due to the instrument,
conditioning on facility births; E(X)|home is the change in average value of X due to the
instrument, conditioning on home births; ⇡A , ⇡C , ⇡N are the proportions of always-takers
(those births that would always occur in a facility, regardless of the program exposure),
compliers and never-takers (those births that would always occur at home), respectively.
Notice that E(X)|f acility essentially compares compliers to always-takers, while E(X)|home
compares compliers to never-takers. When ⇡A = ⇡N , the expression on the right hand side
in Equation (1) takes the form of a di↵erence-in-di↵erences. A necessary condition for the
compliers to di↵er from the general population is that they (i.e. the compliers) should be
systematically di↵erent from at least one of the other two subpopulations. Because in our
setting the instrument simply picks up discontinuities at the time of program introduction,
we can test for such systematic di↵erences by looking for discontinuities in the average
value of X, conditioning on home and facility births, respectively.
We are particularly interested in examining the risk characteristics of the compliers
relative to the population. Because observed characteristics may not fully capture risk
factors, we also look at mortality, conditional on home and facility delivery, respectively.
This allows us to compare home-based mortality rates for compliers and never-takers, and
clinic-based mortality rates for compliers and always-takers. If compliers tend to be more
risky than the average never-taker, for example, then we would expect that mortality
associated with home births would fall once the program begins; in addition, if compliers
are less risky than the average always-taker, then the rate of clinic-based mortality will
also fall. Appendix 2 provides a more precise statement of what is being measured in these
comparisons.
The panels in Figure 7 graph locally smoothed functions of each of the observed birth
characteristics and for the mortality variables (along with the associated 95% confidence
intervals), conditional on home and facility births respectively. We are not able to find
any statistically significant di↵erences along observable dimensions between the compliers
and the never-takers and always-takers, with the somewhat unsurprising exception that
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compliers have had fewer prior facility deliveries than always-takers. The last two panels
of Figure 7 indicate that there is no significant change in mortality either for home deliveries
or facility deliveries, suggesting that on average compliers do not di↵er from the general
population in terms of unobserved risk characteristics either. Table 7 presents the regression
analog of these results using the same regression specification as before.
6. Discussion
We do not find any evidence in any of our specifications that institutional deliveries
reduce neonatal deaths. The reduced form results are precisely estimated and close to
zero despite a large increase in facility deliveries (the DID estimate of a 9-percentage point
increase represents a 35 percent increase in institutional deliveries relative to the baseline).
The IV results while less precisely estimated are also statistically indistinguishable from
zero. If we focus on early neonatal mortality which is more directly related to the quality
of care received during childbirth (as against infections which potentially play a larger role
in 30-day mortality), we find in one specification that the coefficient on facility births is
small and close to zero, and in the other specification, our preferred specification which
includes flexible time trends, the coefficient is wrong-signed. We note also that we have a
strong first stage with an F-statistic exceeding 10.
Our results diverge from the earlier work by Maitra (2004). As we have argued however,
earlier estimates are likely to be biased away from zero. A notable strength of our approach
is that we rely on an exogenous shock to institutional deliveries that is plausibly uncorrelated with unobserved maternal as well as birth-specific characteristics. Our identification
strategy is therefore more transparent.16 Our results are however consistent with some of
the more recent impact evaluation literature that finds no e↵ect of institutional delivery
programs on neonatal mortality. Mazumdar, Mills and Powell-Jackson (2011) implement
a di↵erence- in-di↵erence strategy to evaluate the impact of the Janani Suraksha Yojana
(JSY) program in India and find no e↵ect of the program on either neonatal mortality
(deaths within 28 days) or early neonatal mortality (deaths within the first 24 hours) despite a nearly 100 percent increase in the rate of facility deliveries. Recent epidemiological
studies also find no e↵ect of place of delivery on neonatal mortality (Titaley, Dibley and
Roberts, 2012). See also Hatt et al. (2009) who concludes that the improvements in neonatal survival in Indonesia between 1986 and 2002 had little to do with higher rates of skilled
birth attendance.
16It is possible also that di↵erences in results may, at least in part, be due to di↵erences in the study sample.

We use data from Africa (as against Asia) and from a much more recent time period, and the patterns of
health care utilization and the quality of obstetric care are likely to be di↵erent.
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Much of this recent literature concludes that quality of health professionals and health
facilities are a key constraint to improvement in health outcomes. While no one will
argue that high quality obstetric care has no e↵ect on health outcomes, more than a
decade’s worth of research from developing countries has shown that access to a health
facility does not imply access to high quality care (Banerjee, Deaton and Duflo, 2004;
Das, Hammer and Leonard, 2008). Low levels of observed quality are due to a myriad of
factors ranging from low levels of provider human capital and e↵ort, to a lack of necessary
clinical inputs (Chaudhury et al., 2006; Klemick, Leonard and Masatu, 2009). These
problems are worse in rural communities where infant mortality is concentrated. Locational
preferences of health providers imply that rural providers are more likely to be drawn from
the low end of the quality distribution. Walraven and Weeks (1999) argue that the“skilled”
provider in the local clinic may be no more skilled than the traditional community midwife.
Ronsmans et al. (2009) goes further to show that midwives are not skilled at managing
complications even when women seek help early. Harvey et al. (2007) find significant
knowledge and skill gaps in a study of skilled birth attendants in five countries.17 Wall
et al. (2009) in clinical service assessments carried out in six African countries found that
basic resuscitation equipment such as bag-and-mask was missing from 53-84% of facilities.
These studies raise valid questions about the returns to programs promoting institutional
deliveries.
Neonatal mortality can be reduced through a range of institutional and community-based
approaches, pre-, peri-, and post-partum (Darmstadt et al., 2005) and a fixation on increasing rates of institutional deliveries without addressing other key supply-side constraints is
unlikely to result in the large gains that are posited. Prevention of intrapartum-related
deaths requires not only recognition of obstetric complications, but functioning referral and
transport systems, and timely access to comprehensive care, many of which are lacking in
developing countries. Attempting to increase institutional deliveries without addressing
some of these other constraints is likely to result in very little improvements in child health
outcomes.

7. Conclusion
Current global health policies emphasize institutional deliveries as a pathway to achieving MDG targets of reductions in mortality. Given this emphasis, a growing number of
17Skill deficits were much worse than knowledge deficits – the authors found that knowledge of a procedure

was no guarantee that it could be performed correctly.
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countries are implementing programs to incentivize women to give birth in a health facility. Conditional cash transfers (CCT) that reward women for giving birth in a hospital are
becoming increasingly popular. Whether these programs pass a cost-benefit test however
depends crucially on the causal e↵ect of hospital births on health outcomes. While in the
abstract, better care at the time of delivery should improve health outcomes, studies from
many developing countries continue to document low quality of care in formal health facilities. In this paper we have attempted to estimate the causal e↵ect of hospital births on
newborn mortality. We find no statistically significant e↵ects of facility births on neonatal
mortality in any of our specifications.
Several caveats apply: first the treatment e↵ect estimated in this paper applies only to
the population of ‘compliers’ i.e. those induced by the PBF program to give birth in a
hospital. This is the relevant LAT E for policy makers given the growing use of incentive
programs to bring pregnant women into health facilities. If compliers are relatively low risk
i.e. if these are women who would have healthy babies regardless of where they deliver,
then the treatment e↵ect of a hospital birth for this population is likely to be small. We
note however that we do not find that compliers in this population are of especially low
risk. Second, even if we find no e↵ects on newborn mortality, this does not mean that
there are no e↵ects on other health outcomes such as morbidity. However mortality is the
primary outcome of interest for policy makers. Third, our results apply to one specific
context, Rwanda, and should be interpreted cautiously.
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Figure 1: The figure fits local polynomials to pre natal care usage, measured by the proportion of births that
were associated with three or more pre natal visits, separately for Phase 1 (left panel) and Phase 2 (right panel)
districts, along with the associated 95% confidence intervals.
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Figure 2: The figures fit local polynomials to pre natal care quality measured by the administering of a malaria
prophylaxis and a tetanus shot , separately for Phase 1 (left panel) and Phase 2 (right panel) districts, along with
the associated 95% confidence intervals.
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Figure 3: The figure fits local polynomials to facility usage, separately for Phase 1 (left panel) and Phase 2 (right
panel) districts, along with the associated 95% confidence intervals. These graphs are overlaid on a scatterplot
of facility birth rates by month.
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Figure 7: The panels graph local polynomial fits to each of the observed birth characteristic variables, separately for facility
births and home births.

Table 1: Baseline birth characteristics in Phases 1 and 2

Phase 1
Phase 2

Male birth

Twin birth

0.503
(0.009)
0.508
(0.01)

0.014
(0.002)
0.011
(0.002)

Mother's
age at birth Parity
28.560
(0.123)
28.630
(0.138)

2.926
(0.041)
2.876
(0.047)

Wealth

Prior facility Months
usage
since last
indicator
birth

2.813
(0.024)
2.866
(0.028)

Notes: Standard errors are in parentheses. The averages shown above are based on pre 2006 births.

0.102
(0.006)
0.116
(0.007)

35.278
(0.379)
35.241
(0.423)

Urban
household

First child
indicator

0.119
(0.006)
0.139
(0.007)

0.173
(0.007)
0.174
(0.008)

Table 2: The effect of P4P on the rate of facility deliveries
Dependent variable: Facility delivery indicator
(1)
(2)
Post
Phase1*Post
Constant
Month fixed effects
Linear trends
Quartic trends
District fixed effects
Controls
Observations
R squared

0.0933***
(0.0308)
0.1858
(0.2371)
Yes
No
No
Yes
Yes
8,383
0.246

0.0819**
(0.0337)
0.0940***
(0.0297)
0.4414*
(0.2333)
No
Yes
No
Yes
Yes
8,383
0.237

*** p<0.01, ** p<0.05, * p<0.1; Standard errors in parentheses, clustered at district level.

(3)
0.1192**
(0.0424)
0.0936***
(0.0297)
1.1757**
(0.4389)
No
No
Yes
Yes
Yes
8,383
0.237

Table 3: The effect of P4P on prenatal care utilization
Any prenatal care
No of prenatal visits
(1)
(2)
(3)
(4)
Post
Phase1*Post
Constant
Month fixed effects
Quartic trends
District fixed effects
Controls
Observations
R squared

0.0078
(0.0135)
1.0284***
(0.0410)
Yes
No
Yes
Yes
4,778
0.059

0.0151
(0.0437)
0.0046
(0.0132)
0.9092***
(0.0678)
No
Yes
Yes
Yes
4,778
0.039

0.0665
(0.1238)
6.6113***
(0.3758)
Yes
No
Yes
Yes
4,777
0.154

*** p<0.01, ** p<0.05, * p<0.1; Standard errors in parentheses, clustered at district level

0.7606***
(0.2430)
0.0586
(0.1235)
4.7326***
(1.1062)
No
Yes
Yes
Yes
4,777
0.136

Male
(1)
Post
Phase1*Post
Constant
Month fixed effects
Quartic trends
District fixed effects
Observations
R squared

0.0103
(0.0186)
0.4404***
(0.0508)
Yes
No
Yes
8,383
0.013

Table 4: Testing for changes in birth characteristics
Multiple births
First time mother
(2)
(3)
(4)
(5)
(6)
0.0033
(0.0903)
0.0109
(0.0182)
0.4777***
(0.1010)
No
Yes
Yes
8,383
0.004

0.0085*
(0.0045)
0.0141
(0.0082)
Yes
No
Yes
8,383
0.016

0.0302
(0.0219)
0.0084*
(0.0047)
0.0500*
(0.0239)
No
Yes
Yes
8,383
0.007

*** p<0.01, ** p<0.05, * p<0.1; Standard errors in parentheses, clustered at district level

0.0264
(0.0223)
0.2336***
(0.0524)
Yes
No
Yes
8,383
0.015

0.0098
(0.0111)
0.0011
(0.0026)
3.9459***
(0.0135)
No
Yes
Yes
8,383
0.984

Birth order
(7)

(8)

0.1436
(0.1174)
3.0873***
(0.2993)
Yes
No
Yes
6,836
0.026

0.4103
(0.3947)
0.1558
(0.1192)
14.0367***
(0.3981)
No
Yes
Yes
6,836
0.027

Table 4 (contd): Testing for changes in birth characteristics
Months since last birth
Mother's age at birth
Prior facility use
Urban household
(9)
(10)
(11)
(12)
(13)
(14)
(15)
(16)
Post
Phase1*Post
Constant
Month fixed effects
Quartic trends
District fixed effects
Observations
R squared

1.4662
0.4429
(1.1466)
(1.1293)
0.8646
0.2110
0.2866
0.1214
(1.0909)
(0.6634)
(0.2872)
(0.2956)
37.6510*** 4.3757*** 28.4419*** 74.0375***
(2.3542)
(1.1473)
(0.7763)
(1.0617)
Yes
No
Yes
No
No
Yes
No
Yes
Yes
Yes
Yes
Yes
6,815
6,815
8,383
8,383
0.025
0.562
0.020
0.286

0.0018
(0.0394)
0.1172*
(0.0638)
Yes
No
Yes
8,383
0.043

*** p<0.01, ** p<0.05, * p<0.1; Standard errors in parentheses, clustered at district level

0.0653
(0.0636)
0.0072
(0.0386)
0.1982***
(0.0552)
No
Yes
Yes
8,383
0.064

0.0165
(0.0388)
0.0186
(0.0318)
Yes
No
Yes
8,383
0.136

0.0253
(0.0755)
0.0154
(0.0393)
0.1443*
(0.0796)
No
Yes
Yes
8,383
0.130

Household wealth
(17)
(18)
0.1404
(0.3539)
0.0618
0.0525
(0.2257)
(0.2252)
2.5159*** 2.2302***
(0.2324)
(0.2803)
Yes
No
No
Yes
Yes
Yes
8,383
8,383
0.059
0.052

Table 5: Effect of P4P on infant mortality (reduced form)
Early mortality
Neonatal mortality
(1)
(2)
(3)
(4)
Post
Phase1*Post
Constant
Month fixed effects
Quartic trends
District fixed effects
Observations
R squared

0.0002
(0.0061)
0.1455*
(0.0819)
Yes
No
Yes
8,383
0.039

0.0109
(0.0224)
0.0004
(0.0065)
0.7096**
(0.2731)
No
Yes
Yes
8,383
0.028

*** p<0.01, ** p<0.05, * p<0.1; Standard errors in parentheses, clustered at district level

0.0031
(0.0074)
0.1580
(0.0959)
Yes
No
Yes
8,383
0.041

0.0147
(0.0202)
0.0026
(0.0078)
0.8642**
(0.3051)
No
Yes
Yes
8,383
0.029

Table 6: The effect of facility delivery on mortality (OLS and IV)
Neonatal mortality
Early mortality
2SLS
2SLS
OLS
OLS
(1)
(2)
(3)
(4)
(5)
Facility delivery
Constant
Month fixed effects
Quartic trends
District fixed effects
Controls

0.0054
(0.0067)
0.1553
(0.0943)
Yes
No
Yes
Yes

F statistic (first stage)
Observations

8,383

0.0332
(0.0754)

0.0157
(0.0687)

Yes
No
Yes
Yes

No
Yes
Yes
Yes

9.165

12.597

8,383

8,383

0.0100
(0.0059)
0.1462*
(0.0789)
Yes
No
Yes
Yes

8,383

*** p<0.01, ** p<0.05, * p<0.1; Standard errors in parentheses, clustered at district level

(6)

0.0022
(0.0629)

0.0113
(0.0599)

Yes
No
Yes
Yes

No
Yes
Yes
Yes

9.165

12.597

8,383

8,383

Appendix: Deriving the complier characteristics formula
In this appendix, we present a derivation of the relation between the average characteristics
of the compliers and the characteristics the general population for the case of a binary treatment
and a binary instrumental variable. Let the binary treatment be denoted by D (facility delivery
in the present context). Let Z represent the binary instrumental variable. We also define D1 to
represent treatment status when the instrument is "on" and D0 to represent treatment status when
the instrument is "off". Thus, an always-taker will have D0 = 1 and D1 = 1; a never-taker will
have D0 = 0 and D0 = 0; and a complier will have D0 = 0 and D1 = 1.
We first derive the result for pre-determined characteristics, and then for the outcome variable.
1. Comparing on the basis of pre-determined characteristics: Let X represent a pre-determined characteristic whose value is not affected by treatment status. We will also assume that the instrument
is randomly assigned, so that the distribution of X is independent of Z. We can now write the
following:
E( X | D1 = 1) = E( X | D1 = 1, D0 = 1).P( D0 = 1| D1 = 1) + E( X | D1 = 1, D0 = 0).P( D0 = 0| D1 = 1)
pA
pC
= E( X | always  takers).
+ E( X |compliers).
(A.1)
p A + pC
p A + pC
Similarly:
E( X | D0 = 1) = E( X | D0 = 1, D1 = 1).P( D1 = 1| D0 = 1) + E( X | D0 = 1, D1 = 0).P( D1 = 0| D0 = 1)

(A.2)

= E( X | always  takers)

where we have assumed that the instrument satisfies monotonicity, so that P( D1 = 1| D0 =
1) = 1 and P( D1 = 0| D0 = 1) = 0. Combining Equations A.1 and A.2, we can write:
E( X |compliers) = E( X | D0 = 1) +

1  pN
[ E( X | D1 = 1)  E( X | D0 = 1)]
pC

(A.3)

Equation A.3 above is also derived in slightly rearranged form by Almond and Doyle. Similarly, by writing out the expressions for E( X | D1 = 0) and E( X | D0 = 0), we can derive the
following equation:
E( X |compliers) = E( X | D0 = 0) 

pN
[ E( X | D1 = 0)  E( X | D0 = 0)]
pC

(A.4)

Multiplying Equation A.3 by p A and Equation A.4 by (1  p A ) and adding, we have:
1
{p A (1  p N ).[ E( X | D1 = 1)  E( X | D0 = 1)] (A.5)
pC
= 0)  E( X | D0 = 0)]}

E( X |compliers) = E( X ) +

p N (1  p A ).[ E( X | D1

where we have used the fact that E( X ) = E( X | Z = 0) = E( X | D0 = 0).p A + E( X | D0 =
1).(1  p A ). Rewriting Equation A.5 in abbreviated form, we have:
E( X )|compliers = E( X ) +

1
[p A (1  p N )DE( X )| f acility  p N (1  p A )DE( X )|home ]
pc

as was to be proved.
1

(A.6)

2. Comparing on the basis of outcomes: We start by defining the potential outcomes, Y0i and
Y1i , which represent the potential outcomes for individual i under treatment and no-treatment,
respectively. Let Yi denote the observed outcome for individual i.We can write:
E(Yi | Z = 0, D = 1) = E(Y1i | always  takers)

(A.7)

and
E(Yi | Z = 1, D = 1) =

pA
pC
E(Y1i | always  takers) +
E(Y1i |compliers)
p A + pC
p A + pC

(A.8)

The difference in average outcomes between the two groups defined by the instrument, conditional on treatment is then:
DE(Yi )| f acility = E(Yi | Z = 1, D = 1)  E(Yi | Z = 0, D = 1)
pC
=
[ E(Y1i |compliers)  E(Y1i | always  takers)]
p A + pC

(A.9)

Similarly, we can show that
DE(Yi )|home = E(Yi | Z = 1, D = 0)  E(Yi | Z = 0, D = 0)
pC
=
[ E(Y1i |never  takers)  E(Y1i |compliers)]
p N + pC

2

(A.10)

