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Abstract

Demand-side incentives have been shown to increase participation in the formal

health care sector in many developing countries. Much attention has been paid to the

direct and short-term effects of these financial incentives, but little evidence exists

regarding how short-term subsidies may affect long-term behavior. We study how

a conditional cash transfer program in India, Janani Suraksha Yojana (JSY), which

incentivizes women to deliver babies in medical facilities, affects their propensity to seek

formal treatment for themselves and their children for future illnesses. We first estimate

district-level program start dates using a mean-shift model, and argue that these dates

are exogenous to other factors which may also affect facility choice. Using spatial and

temporal variation in start dates, we find that JSY increased institutional deliveries

by 5.5 percentage points nationwide, but by 11.4 percentage points in states that were

given special attention under the program. These gains are limited to the public sector

as mothers substitute away from private facilities. Women who utilize public medical

facilities for childbirth are also 6.8 percentage points more likely to seek treatment for

sick children later in life, but no more likely to seek treatment for themselves when ill.

A model of facility choice suggests this effect on future health-seeking behavior is driven

both by paying one-time experience costs and through learning about facility quality.
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1 Introduction

Low utilization of medical facilities is prevalent throughout India. DLHS-III survey

data indicates that in 2005, nearly 70 percent of rural women were delivering their babies

at home. These utilization rates are in part caused by supply-side factors which limit the

accessibility and effectiveness of treatment. Public medical facilities in developing countries

are often characterized by weak incentives and widespread absenteeism (Chaudhury and

Hammer (2005)), low levels of provider knowledge related to basic care (Das and Hammer

(2004)), and providers giving a standard of care that is well below their clinical knowledge

(Das et. al. (2008); Leonard and Masatu (2010); Gertler and Vermeersch (2013)).

But demand-side factors also limit individuals’ use of health facilities, including finan-

cial constraints, heavily discounting the future, lack of knowledge about available services,

and low expectations of service quality. In light of these facts, financial incentives and sub-

sidies for health products have become a key feature of programs directed at increasing

demand for health care (see Gneezy et. al. (2011) for a review). Two traditionally used eco-

nomic rationales for offering subsidies are: first, they relax the budget constraint for poor or

credit-constrained households; and second, in the case of health where treatment and disease

prevention have positive externalities, private investment in health is socially suboptimal.

A newer strand of literature has explored an additional rationale, namely how short-

run subsidies may impact long-term health behavior (Dupas (2014)). If a health product or

service is an experience good, a subsidy will allow a first-time consumer to learn about the

characteristics of that product or service, affecting her future demand. On the other hand, if

information asymmetries are low, financial incentives may have little long-term effect. Fur-

ther, if individuals experience an entitlement effect from a subsidy where they become price

reference-dependent, short-run incentives may in fact dampen future care-seeking behavior.

Little empirical evidence exists, however, as to which of these effects dominates.

This paper sheds light on how a one-time cash transfer affects future health-seeking

behavior in India. We analyze the effects of a nationally-sponsored program, Janani Suraksha

Yojana (JSY), on mothers’ choice of health facilities in India. Under JSY eligible mothers can

receive a cash transfer for delivering their newborn children in a public medical facility or an

accredited private health center. For some women using a health facility for childbirth may

be their first experience with the formal health care sector. We explore whether institutional

delivery (delivery in a formal health facility as opposed to at home), induced by JSY, increases

the probability that women utilize the formal health care sector again later in their lives.

Women choose health providers based on many observable factors, including price and

location. But choices are also made based on unobserved traits such as preferences for public

vs. private entities and expectations about future need for medical care. In the case of child-
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birth, institutional delivery may be favorably selected if these births are positively correlated

with income and maternal education. Conversely, medical facility births may be adversely

selected if women who anticipate a difficult delivery are more likely to choose hospital over

home delivery. Self-selection into health facility alternatives thus makes estimating the ef-

fects of past facility choice on future choice difficult. We address this selection concern by

exploiting variation in JSY’s eligibility rules and the timing of its adoption across India.

More than 300,000 Indian newborns die yearly on the day of their birth, accounting for

29.5 percent of all global birthday deaths. Infections and birth complications are responsible

for 46 percent of these, many of which could be prevented by a health worker with the right

skills, equipment, or support. Further, the lifetime risk of maternal mortality for Indian

women is one in 170 (Save the Children (2013)). With these relatively poor indicators,

coupled with high rates of home births, the Indian Government launched JSY with the hopes

of improving infant and maternal health. From its inception in April 2005 through July 2014,

more than 73 million births were supported under JSY. While previous work has explored

the effects of institutional births on health outcomes (Powell-Jackson and Hanson (2012) in

Nepal; Okeke and Chari (2013) in Rwanda), we focus on whether JSY leads to persistence

in health facility-seeking behavior.

There are many mechanisms through which a subsidy for formal medical care may affect

future behavior. First, there may be a pure income effect since medical care is costly and the

subsidy relaxes the household’s budget constraint. Second, if individuals purchase a product

or service many times at a subsidized price, they may perceive a later unsubsidized price

as a negative price shock and cease consumption. Alternatively, continued use of a health

service may result in habit formation and persistent use of that service even when incentives

end. Third, a subsidy which induces use of formal medical care may allow individuals to

learn about service quality, thereby revising their expectations over future quality of care.

Learning can occur at the individual level, though information may also diffuse through

social networks (Aizer and Currie (2004); Leonard (2007) and (2009)), and is likely to be a

particularly relevant channel in the context of India where quality of care varies widely across

facilities (Das et. al. (2013)). Fourth, there are non-monetary experience costs to utilizing a

medical facility for the first time. These include figuring out its exact location and modes of

transportation, learning about the administrative and bureaucratic procedures of registering

and paying for services, and filling out medical record forms or taking the time to explain

one’s medical history to a doctor. Many of these may only need to be done once, making

future use of the same facility easier and faster. Many Indian health workers are present and

outpatient departments are open only on certain days (Chaudhury et. al. (2004); Roy et.

al. (2013)), and wait times for women to be served by medical personal for outpatient care

2



for themselves or their child average 45.3 and 35.5 minutes in public and private facilities,

respectively (DHS 2005-06). Thus utilizing a facility may help inform women which are the

best days and times to go in the future. If a subsidy induces an individual to use a facility,

pay these experience costs thereby gaining knowledge about the process, she may be more

likely to use that facility again since these costs will not need to be paid anew.

From a policy perspective, understanding how individuals make choices about health

care is important. If learning about quality occurs with respect to medical treatment in

India, or if people internalize having paid an experience cost, financial incentives which

encourage short-term use of the formal health sector may have important long-term impacts

on individuals’ health as well as the market for health care.

A small literature has emerged which explores the effect of incentive programs on chang-

ing health behaviors in the United States (Volpp et. al. (2008); Charness and Gneezy (2009);

Babcock and Hartman (2011)). Overall it points to strong responses to financial incentives,

but studies also typically find disappointing long-term results where individuals revert back

to old patterns of behavior once incentives end. Some exceptions in the developing world

include Dupas (2014), who finds that temporary subsidies increase willingness to pay for bed

nets through learning in Kenya, and Barham et. al. (2012), who find utilization of preven-

tive care in Nicaragua to be higher for households that received a cash transfer even after

payment ended. Studies about JSY have focused primarily on health outcomes for newborns.

Debnath (2013) finds that JSY increased institutional delivery by nine percentage points, in-

creased utilization of pre- and post-natal care, and increased newborn immunizations using a

difference-in-difference strategy comparing outcomes before and after April 2005. Mazumdar

et. al. (2011) and Dongre (2012) also find positive effects of JSY on institutional delivery, as

well as note small amounts of substitution away from private health providers and towards

public ones. Mazumdar et. al. (2011) employs an instrumental variables design by estimating

a program start date for each district, but does so by choosing an arbitrary threshold for the

percent of mothers receiving the cash transfer above which they assume the program started.

Lastly, Lim et. al. (2010) find substantial district- and state-level variation in changes in

institutional delivery rates after the program’s implementation.

This paper deviates from these previous studies in four distinct ways. First, the afore-

mentioned studies on the long-term impacts of incentive programs examine situations where

individuals are faced with the same choice scenario both during and after the incentive pro-

gram. For example, the choice scenario of whether or not to go to the gym (Charness and

Gneezy (2009)) or purchase a bed net (Dupas (2014)) is constant over time. We, however,

examine how incentives for one action affect post-incentive decisions for different, but com-

plementary actions; namely, incentives for institutional delivery, but future choices to seek
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treatment in the formal health care sector for other medical needs. This paper therefore

expands upon the existing literature by analyzing how financial incentives for one action may

impact long-term complementary behavior.

Second, instead of choosing an arbitrary threshold to decide on district-level JSY start

dates, we formally estimate the month JSY started in each district using a mean-shift model.

This method comes from the literature on estimating structural breaks, and thus we show the

usefulness of this methodology in the context of program evaluation. The Central Government

initiated JSY with a highly decentralized framework, whereby districts would operationalize

the program at the local level. We hypothesize that India’s nearly 600 districts at the time

did not all launch JSY concurrently, and find that districts on average took 23.1 months

to implement the program. We then exploit this cross sectional and temporal variation in

program implementation to analyze JSY’s impact on use of medical facilities. One method-

ological concern with using variation in district-level start dates to identify medical facility

choice is that that local governments dictate the timing of program implementation, and this

timing may not be orthogonal to characteristics of districts which also influence mothers’

choice of medical facilities. We address this concern in two ways, including using a hazard

model of program adoption that allows for duration dependence to analyze how start dates

are correlated with factors that may affect both implementation and facility choice.

Third, unlike some previous studies we take into account changes in program incen-

tives and eligibility that occurred in late 2006. Cash incentives increased and eligibility was

expanded after November 2006, thus we explore whether these expansions led to differential

impacts between the early and late phases of the program. Ignoring these program changes

leads to bias in selecting district-level start dates as well as bias in the interpretation of the

mechanisms which induce take-up of institutional delivery. We find that JSY increased in-

stitutional deliveries overall by 5.5 percentage points, but by 11.4 percentage points in states

that were designated as “low performing” prior to JSY. In these states an additional 4.9

percent of women substituted away from private facilities and towards public ones. Eligible

women are 3.0 percentage points more likely to utilize a medical facility in the later program

period relative to the early period, suggesting that households respond both to the transfer’s

extensive and intensive margins.

Fourth, whereas the previous literature primarily focuses on the direct health benefits of

JSY, this paper expands on the program effects by examining whether delivering in a medical

facility affects the tendency of women to utilize medical facilities for non-birth related needs

in the future. We find that women who deliver in public medical facilities, instrumented by

the existence of JSY at the time of childbirth, are 6.8 percentage points more likely to seek

treatment for their sick children relative to those who did not deliver in public institutions.
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Women are not, however, more likely to seek treatment for themselves when facing medical

problems later in life. We develop a simple theoretical model of facility choice in order to

better understand the mechanisms that may be driving this result. Empirically testing the

model’s predictions, we provide suggestive evidence that this positive effect of institutional

delivery on future treatment is driven both by paying one-time experience costs and though

learning about facility quality. Income effects, however, are unable to explain these findings.

The remainder of this paper is organized as follows: Section 2 discusses the institutional

setting of JSY; Section 3 details the data used in subsequent analysis; Section 4 outlines a

theoretical model of facility choice; Section 5 details the empirical strategy and includes a

discussion of the estimation of district-level JSY start dates; Section 6 reports on the effects

of JSY on facility choice and utilization; Section 7 concludes; and Section 8 is an Appendix.

2 Institutional Setting of Janani Suraksha Yojana

In order to ensure maternal and infant health for poor households, the Central Govern-

ment launched the National Maternity Benefit Scheme (NMBS) in August 1995. The NMBS

provided an unconditional cash transfer of Rs. 500 per birth to below poverty line (BPL)

households for pre- and post-natal care. This payment was irrespective of whether a mother

delivered her child at home or in a medical facility.

In April 2005 India’s Central Government initiated Janani Suraksha Yojana, or Safe

Motherhood Scheme, as part of a larger National Rural Health Mission (NRHM). JSY is

a conditional cash transfer program with the objective of reducing maternal and neonatal

mortality by promoting institutional delivery. All states and Union Territories were required

to adopt the program, but 10 states were deemed to be “low performing states” while the

remaining 18 states were classified as “high performing states.”1 Financial incentives vary

across state types. The condition for receiving JSY funds was receiving pre-natal care as well

as delivering in a public medical facility or accredited private institution. JSY was meant to

replace the NMBS, meaning that a mother could now only receive a cash transfer by utilizing

institutional delivery. In practice, however, the NMBS continued to function in some states.

In addition to JSY’s demand-side incentives, supply-side changes were also initiated by

the program. JSY mobilized existing Accredited Social Health Activists (ASHAs), community-

level health workers, to identify pregnant women for institutional delivery and travel with

them to a facility for delivery. ASHA workers were trained in basic health care practices, and

1Low states include Assam, Bihar, Chhattisgarh, Jammu and Kashmir, Jharkhand, Madhya Pradesh,
Orissa, Rajasthan, Uttar Pradesh, and Uttrakhand. High states include Andhra Pradesh, Arunachal Pradesh,
Goa, Gujarat, Haryana, Himanchal Pradesh, Karnataka, Kerala, Maharashtra, Manipur, Meghalaya, Mizo-
ram, Nagaland, Punjab, Sikkim, Tamil Nadu, Tripura and West Bengal. A state-wide institutional delivery
rate of less than 25 percent was the Center’s main criteria for selecting states as low performing.
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received performance based incentives for promoting pre- and post-natal care, institutional

delivery, and immunizations of newborns.

2.1 Eligibility and Cash Incentives

Eligibility and cash incentives vary both by state type and region. Initially, in both low

and high states, eligibility was restricted to women at least 19 years old and who were from

BPL households. However, due to low take-up of the program in its initial years, eligibility

was expanded in November 2006. Thereafter, all women in low states, regardless of age or

BPL status, could receive the transfer if delivering in a government-run facility. Additionally,

in low states women of any age from BPL households, and women from scheduled castes or

tribes, could receive the transfer if delivering in an accredited private facility. In high states

the age requirement was maintained, but women from scheduled castes and tribes (who were

not BPL) could also avail the benefit.2

Table 1 details the cash incentives to mothers and ASHA workers by state type, region,

and time. Starting in April 2005 mothers could receive Rs. 700 for institutional delivery in

rural areas, and in low states Rs. 600 for delivery in urban areas. In November 2006 incentives

increased to Rs. 1,400 and 1,000 in low states for rural and urban areas, respectively, and

a Rs. 600 incentive was added for urban areas of high states. To put these figures into

context, average per capita monthly expenditures across India in 2004-05 were Rs. 579 and

1,104 in rural and urban areas, respectively.3 Thus the JSY incentives are sizable. Based

on the incentive structure and changes over time we would expect JSY to be more effective:

a) in rural relative to urban areas (both because of the nominal value of the incentives and

differences in relative price levels); b) in low relative to high states; and c) after November

2006. Payment to mothers are to be made at the institution at the time of delivery, while

ASHA workers are to receive two installments (one after registering the expectant mother

and a second after a post-natal visit). In practice, however, delays in payments are common.

3 Data

We rely primarily on household-level data from the third round of the District Level

Household and Facility Survey, DLHS-III (2007-08). The DLHS, executed by the Indian In-

stitute of Population Sciences, is one of the largest demographic health surveys in India. The

Ministry of Health and Family Welfare, Government of India, first initiated the DLHS in 1997

to provide district-level estimates on health indicators and to assist policymakers in planning,

2Until 2013 eligibility was restricted to two live births per woman so as not to encourage higher fertility.
3Planning Commission, Government of India,“State-wise Indicators of Poverty and Per-capita Expendi-

ture.” Conversion rate: $1 USD ≈ Rs. 60 in July 2014.
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Table 1:
Cash Incentives Under JSY (in Rupees)

Low Performing States High Performing States

Effective Date1 Recipient Rural Urban Rural Urban

April 2005 Mother 700 600 700 -

ASHA 600 200 - -

November 2006 Mother 1,400 1,000 700 600

ASHA 600 200 200 200

1 Incentives changed again after 2008, but this is beyond the time frame of this study.

monitoring, and evaluation. The DLHS-III is designed to provide estimates on maternal and

child health, family planning and other reproductive health services, as well as information

related to the programs of the NRHM. The DLHS-III interviewed 720,320 households (900

to 1,650 households from each of 601 districts) between late 2007 and late 2008. Concurrent

with the household surveys, the DLHS-III conducted village level surveys on the availability

and accessibility of various facilities in rural villages, especially regarding health facilities.

A facilities survey was also carried out to collect information on the availability and quality

of government health care institutions. We also employ the DLHS-II (2003) facility survey

which took place in 370 districts to examine changes in public facility quality over time.

To analyze the timing of JSY’s implementation across India we also utilize data from

the Election Commission of India which details the political party affiliation and gender of

Members of states’ Legislative Assemblies (MLAs). In the relevant period (2005-2006) there

were 3,960 constituencies (each with its own MLA) in the 27 states in which we focus. We

are able to match 3,887 (98.2 percent) of these constituencies to their respective districts,

leaving us with detailed MLA information for 563 districts (96.9 percent of all districts) in

these 27 states.4 We use Census of India data from 2001 and 2011, and calculate annual

populations using a linear extrapolation between census years. We draw upon the 2005-06

Indian Demographic and Health Survey for data on outpatient wait times, and adjust prices

using monthly inflation rates from the Ministry of Statistics and Programme Implementation.

3.1 Estimation Sample and Summary Statistics

The DLHS-III asks retrospectively about all births from January 2004 through the time

of interview for ever-married women (ages 15-49). Most delivery related questions are asked

only for the most recent birth so our primary sample has only one birth per woman. We

4We thank Sandip Sukhtankar and Manasa Patnam for making available Indian Assembly Constituency
shapefiles that correct errors in the data provided by the Election Commission of India.
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restrict our sample to women living in 581 districts from 27 states who had a live or still

birth, leaving us with 216,479 unique births from 204,576 households over a five year period.5

Table 2 shows summary statistics by state type for household and delivery character-

istics for women that gave birth during the sample frame. Households in high states are

more urban and educated relative to those in low states. Median distances to all types of

government and private health centers are similar across state types. Across all states only

3.4 percent of households have health insurance of any kind.

By design, more than twice as many women in low states are eligible for the JSY

transfer. Prior to JSY’s introduction in April 2005, only 25.2 percent of women in low

states utilized institutional delivery (both public and private combined) compared with 59.9

percent in high states. During the period from April 2005 through the end of 2008, these

figures changed to 33.0 and 59.8 percent in low and high states, respectively. Transportation

costs to medical facilities are higher in low states, likely due to households living in more

rural locations. Payment for services are considerably lower at public facilities across both

state types. While medical care at government facilities is supposed to be free, or at most

require nominal fees for some services, in practice patients are forced to make payments to

different personnel for medicine, supplies, or use of a room. Comparing mean prices for home

deliveries to mean costs at government facilities plus transportation fees, delivery at public

locations costs approximately Rs. 1,000 more across all state types. If costs are the main

criteria households use to select delivery location, these facts, coupled with the size of the

JSY transfer, imply that JSY would not induce everyone to utilize institutional delivery.

We also examine trends in delivery locations before and after JSY’s implementation.

Figure 1 depicts delivery rates by state type and urban/rural regions. Vertical lines are placed

at two dates: first, when JSY was officially announced in April 2005; and second, when

eligibility and incentives changed in November 2006. Before April 2005 institutional delivery

rates were constant in all panels. During the first phase of JSY there is no evident change

in locations in urban areas or high states, whereas there is a small increase in institutional

delivery in rural areas of low states. This is not surprising given the incentives outlined in

Table 1. After late 2006, however, there is a sharp rise in institutional deliveries in rural and

urban areas of low states. We also depict trends in delivery locations by eligibility for the JSY

transfer. Again rates are constant in Figure 2 for the period before initial implementation in

all four panels.6 Institutional delivery rates increase slightly for early eligibles in the initial

program period, but the increase is much more pronounced after late 2006.

5We exclude India’s Union Territories due to their small size and lack of information on NRHM programs
in these areas, and only one state (Nagaland) since it was not surveyed in the DLHS-III.

6We omit a panel for late eligibles in high states due to very few observations. In low states there are no
women that are never eligible.
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Figure 1:
Deliveries by Location and Region

Figure 2:
Deliveries by Location and Eligibility
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Table 2:
Summary Statistics for Household Characteristics and Delivery

Low Performing States High Performing States

Covariates Mean Median S.D. Obs. Mean Median S.D. Obs.

Household Characteristics
BPL (%) 0.316 0 0.465 135,434 0.315 0 0.464 79,515

SC (%) 0.188 0 0.391 133,878 0.195 0 0.396 78,430

ST (%) 0.151 0 0.358 133,878 0.239 0 0.426 78,430

Rural (%) 0.866 1 0.341 136,098 0.757 1 0.429 80,381

HH Head Education (years) 4.571 4 4.738 136,028 5.559 5 4.785 80,195

Have Health Insurance (%) 0.025 0 0.157 134,611 0.048 0 0.215 79,148

Distance to Govt District Hospital (km) 39.271 35 26.089 105,069 43.389 36 29.781 57,113

Distance to Govt CHC (km) 23.131 15 22.516 107,242 20.449 14 22.101 55,719

Distance to Govt PHC (km) 10.735 8 11.630 102,931 11.504 8 14.331 50,327

Distance to Private Hospital (km) 22.855 15 21.766 107,289 24.517 15 26.535 54,219

Mother and Child Characteristics
Age at Childbirth (years) 25.418 25 5.482 136,098 24.537 24 4.929 80,381

Eligible for JSY Transfer (%) 0.625 1 0.484 136,098 0.285 0 0.452 79,828

Child Delivered is Male (%) 0.534 1 0.499 136,044 0.540 1 0.498 80,346

Mother Sick in Last 3 Months (%) 0.274 0 0.446 136,097 0.200 0 0.400 80,381

Mother Sought Treatment if Sick (%) 0.311 0 0.463 36,939 0.381 0 0.486 15,467

Child Sick Last 2 Weeks (%) 0.306 0 0.461 131,544 0.291 0 0.454 78,495

Child Sought Treatment if Sick (%) 0.693 1 0.461 31,430 0.772 1 0.419 15,907

Delivery Characteristics
Pre-April 2005 Delivery in Public Facilities (%) 0.141 0 0.348 20,156 0.318 0 0.466 13,368

Post-April 2005 Delivery in Public Facilities (%) 0.215 0 0.411 113,344 0.317 0 0.465 65,551

Pre-April 2005 Delivery in Private Facilities (%) 0.111 0 0.314 20,156 0.281 0 0.450 13,368

Post-April 2005 Delivery in Private Facilities (%) 0.115 0 0.319 113,344 0.281 0 0.450 65,551

Pre-April 2005 Delivery at Home (%) 0.738 1 0.440 20,156 0.390 0 0.488 13,368

Post-April 2005 Delivery at Home (%) 0.660 1 0.474 113,344 0.390 0 0.488 65,551

HH Borrowed/Sold Items to Afford Delivery (%) 0.312 0 0.463 133,494 0.263 0 0.440 78,900

Cost of Transportation to Facility (Rs.) 267.25 164 323.66 34,649 193.09 88.8 268.59 38,836

Cost at Public Facility, Normal Birth (Rs.) 1,138.3 739 1,418.6 20,649 1,319.9 815 1,693.7 17,659

Cost at Public Facility, Assisted/C-Section (Rs.) 3,955.1 2,341 4,130.0 3,082 3,975.7 2,880 3,798.4 3,466

Cost at Private Facility, Normal Birth (Rs.) 2,687.0 1,860 2,521.3 9,549 3,619.0 2,759 2,896.7 13,824

Cost at Private Facility, Assisted/C-Section (Rs.) 8,013.4 8,000 5,594.0 3,844 9,814.7 9,600 4,874.9 5,918

Cost for Home Delivery, Normal Birth (Rs.) 372.9 187 663.7 82,598 501.6 243 884.8 26,919

Cost for Home Delivery, Assisted/C-Section (Rs.) 583.3 234 1,223.5 625 569.4 246 1,276.2 269

Notes: Values for cost of transportation and delivery variables exclude the top one percent of outliers. Cost variables are adjusted using
monthly inflation rates to be in terms of January 2004 Rupees.

Our model in section 4 incorporates how individuals’ prior expectations over facility

quality affect facility choices, as well as considers how individuals update these expectations

after utilizing a particular facility. To test the model’s predictions, we construct measures

of priors and signals for each woman that gives birth in our data. Few variables in the

DLHS-III speak to pre-birth beliefs, though we are able to construct measures of priors by
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assigning point values to answers regarding experiences with facilities before giving birth

(see Appendix Table A1). Since this construction is somewhat arbitrary, we provide two

different measures of priors, showing results with both measures. The first measure places

more weight on advice and services provided by facilities, while the second puts more weight

on one’s overall impression of facility care. Since survey questions do not specify expectations

between private and public facilities, priors are for all facilities in general relative to come

care.

After utilizing a facility, women may revise their beliefs of facility quality based on

their most recent experience. We similarly calculate a measure for signals regarding one’s

experience at a facility during childbirth based on the number of complications during, and

services and advice given after, delivery.7 We normalize both signals and priors to be mean

zero and with standard deviation equal to one.

4 Theoretical Model of Facility Choice

This section lays out our theoretical framework for understanding why facility choice

at the time of childbirth may affect future health care seeking behavior. We provide a two-

period, random utility model that allows for both learning about facility quality and paying

one-time experience costs.8 The model is meant to, first, show how JSY affects delivery

locations, and second, help distinguish between these two possible mechanisms that would

cause delivery facility choice in one period to influence future decisions. We finalize this

section with predictions and results to be empirically tested.

4.1 Setup

Women are pregnant in the initial period (t = 1), and they, or their children, may have

a separate illness in a later period (t = 2). In each period women must make the decision

of which facility to utilize for medical care. Agents are forward-looking such that they take

into account how an initial period choice affects the utility of future choices when deciding

upon a location in the first period. Individuals are Bayesian and update their beliefs about

facility quality after utilizing a facility.

7One concern with using experiences at birth to construct signals is that experiences may be correlated
with expectations. For instance, if a woman expects a difficult birth and receives satisfactory treatment, she
may receive a relatively high signal while we assign her a low signal. This would result in defining more
people to have revised down their expectations of quality.

8We omit an income effect here because we find no empirical support for such an effect. We expect any
income effect to be small since the illnesses we analyze in the second period occur on average nearly 20 months
after childbirth. Since the JSY transfer is not high frequency, we do not see this as an appropriate setting to
test for reference dependence either.
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Define wtijd as an indicator for whether or not woman i in district d seeks treatment in

facility j in period t, such that ∀t ∈ {0, 1}, wtijd = 1 if the mother uses facility j in period t

and equal to 0 otherwise (further denote wtid to be the chosen location). We assume women

have three alternatives from which to choose (J = 3): a public facility (j = 1), a private

facility (j = 2), or home treatment (j = 3). Each woman has an initial prior over facility

j’s quality (relative to home treatment) which incorporates facility characteristics that may

affect one’s treatment experience. Priors are assumed to be normally distributed with mean

µijd and variance σ2
jµ. If a woman delivers in facility j in t = 1 she receives a noisy and

private signal (θijd) over that facility’s quality, but receives no information about non-chosen

alternatives.9 This signal is defined as:

θijd = qj + ζijd,

where qj is facility j’s true quality, and the signal noise is assumed to be normally distributed

[ζijd ∼ N(0, σ2
jζ)] and independent across individuals. These signals can be interpreted in a

variety of ways, including: observations about facility cleanliness, maintenance, and infras-

tructure; degree of attention and comfort given by medical staff to the patient; ability of

medical staff to handle unexpected events that arise while receiving care; etc. Women may

also be reluctant to go to a formal medical facility if they think staff will refuse to admit

and care for them. Thus, priors and signals can also be thought of as incorporating people’s

expectations over admission probabilities.

Given one’s prior and signal, private updating over quality in t = 2 is given by:

Ei[qj|µijd, θijd] = αiθijd + (1− αi)µijd, (4.1)

where the weight on the signal equals:

αi =
w1
ijd · σ2

jµ

w1
ijd · σ1

jµ + σ2
jζ

.

Following standard methods of Bayesian learning, women thus place more weight on their

signal the higher is the variance in the prior over quality (σ2
jµ) and the lower is the degree

of noise in the signal (σ2
jζ). However, since women only receive a signal for facility j if they

utilized it in t = 1, the posterior expected quality in t = 2 will be different than the prior

only if w1
ijd = 1 (and there is non-zero variance in priors).

9While in practice information about facility quality may diffuse through other channels (e.g. through
neighbors and relatives), this framework limits belief formation to be based only on personally obtained
information.
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We then define U t
ijd to be woman i’s (ex-ante) period-specific utility from choosing

facility j. Decomposing utility into its expected (v) and unobserved (ε) factors we have:

U t
ijd = vtijd + εtijd

= γtidEi[qj]− ctijd − λtjd(wt−1
id ) + εtijd.

(4.2)

Here, γtid is a scale parameter indicating the severity of one’s medical condition. A larger γ

puts more weight on expected quality relative to other utility components, thus if expected

quality of facility j is sufficiently high, a higher γ increases the probability of treatment

being sought in that facility. λtjd(w
t−1
id ) ≥ 0 represents the non-monetary, experience costs of

utilizing a facility (figuring out its location, learning about administrative and bureaucratic

procedures, etc.). This cost only needs to be paid once, so it is a function of previous facility

choice. For example, if a private facility is chosen in both periods, then λ2
2d(w

1
id = 2) = 0,

but if a public facility is chosen in the second period after private delivery in the first,

λ2
1d(w

1
id = 2) > 0. ctijd represents the out-of-pocket costs to an individual for utilizing facility

j, and we further define costs as:

ctijd =

ptijd − 1(eligiblei)1(existtd)1(j = 1) · JSY id, if t = 1

ptijd, if t = 2,

where ptijd is out-of-pocket expenses for facility treatment (treatment fees plus transportation

costs) relative to home delivery, and the second term includes indicator variables each equal

to one if woman i is eligible for the JSY transfer, JSY exists in her district at time t, and

she chooses a public facility, respectively. If all three conditions are met then the JSY

cash transfer, JSY id, also factors into expected utility.10 Since JSY is a public program

primarily encouraging births in public facilities, for simplicity we assume the transfer can

only be received if utilizing a public facility. Receiving benefits at private facilities was more

difficult, and some women were only eligible in the public sector.11 Lastly, εtijd is a random

variable representing individual preferences for facilities and is assumed to be distributed

type-1 extreme value and independently across mothers and facilities. Since expected quality

10We make the simplifying assumption that women fully expect to receive the entitlement conditional on
eligibility and that they have full information regarding the terms of the transfer. In practice, however, some
may meet program requirements, but due to distrust in institutions have a non-zero expectation that they
will not receive their entitlement; others may not know if they meet eligibility criteria. Estimates indicate
that only between 65 and 82 percent of deserving mothers received the JSY transfer in from 2007-08 (UN
Popultion Fund (2009); Comptroller and Auditor General of India (2008)). This assumption then understates
expected costs for public facilities, thus overstating mothers’ willingness to choose them.

11For example, even by mid-2013, 11 states did not have any private facilities accredited under the program,
and 7 more states had fewer than 20 accredited facilities state-wide.
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and prices are relative to home treatment, and no experience costs need be paid if choosing

home treatment, U t
i3d = εti3d.

4.2 Facility Choices

Since women are forward looking we further analyze facility choices in each period by

backwards induction.

4.2.1 Second Period Choices

After giving birth in the initial period, women (or their children) may experience ill-

nesses in the future (t = 2). If so, they must decide whether or not to seek treatment and

at which facility. These illnesses are assumed to be independent across individuals and un-

correlated with facility choice in the initial period. We assume expected quality is constant

across all medical needs, but the importance of expected quality to expected utility is allowed

to vary based on the seriousness of the condition. At the start of the second period illness

severity is revealed to the mother, and conditional on her facility choice in the first period

she chooses the facility that maximizes her second period utility, i.e. maxj(U
2
ijd(w

1
id)). Given

the distributional assumption on ε2ijd, the probability that facility j is chosen in the second

period, conditional on being ill and first period choice, is:

Pr(w2
ijd = 1|w1

id, γ > 0) = Pr
(
U2
ijd(w

1
id) ≥ U2

ij′d(w
1
id)
)

∀j′ 6= j

=
e

(
γ2idEi[qj ]−c2ijd−λ

2
jd(w1

id)
)

3∑
k=1

e

(
γ2idEi[qk]−c2ikd−λ

2
kd(w1

id)
) , (4.3)

where Ei[qj] is a function of priors and any signal received in the first period. Note that

the JSY transfer does not directly impact second period choice probabilities, but does so

indirectly by increasing the utility of public facility delivery in the initial period.

Our goal is to examine how facility choice in the first period affects future facility

choice. To asses whether any effects we find are driven by paying one-time experience costs or

learning about facility/clinician quality, we analyze, without loss of generality, the difference

in probability of choosing public treatment in the second period between those that also chose

public delivery in the first period and those that chose home delivery. This comparison yields

(where we drop subscripts i and d for ease of exposition):

Pr(w2 = 1|w1 = 1) > Pr(w2 = 1|w1 = 3)

⇐⇒ γ2α(θ1 − µ1) + λ2
1 > 0.

(4.4)
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If this inequality holds, people who utilized public delivery in the initial period are more

likely to also utilize public facilities in the later period relative to those that chose home

delivery. Inequality (4.4) indicates this result can be caused by updating (θ1 and µ1) or

paying experience costs (λ2
1).

4.2.2 First Period Choices

In the first period, women are uncertain about whether or not they (or their children)

will become ill in the second period. For analytical simplicity, suppose that with probability

πid ∈ [0, 1] woman i (or her child) becomes ill in t = 2, and that conditional on being ill,

expected illness severity (γ2
id) is known. If no illness occurs no treatment facility is chosen.

Since actual illness status is revealed only in the second period, in the initial period women

have expected utility of the second period choice equal to:

Ei

[
maxj(U

2
ijd(w

1
id))|πid

]
= πid

[
ln
( 3∑
j=1

e(v2
ijd(w1

id))
)

+ κ
]
,

where v2
ijd(w

1
id) = γ2

idµijd−c2
ijd−λ2

jd(w
1
id) are known factors of utility, κ is Euler’s constant, and

the expression is derived from the log-sum formula (see Williams (1977); McFadden (1978)).

To the econometrician, the total (ex-ante) expected discounted utility from choosing facility

j for childbirth in t = 1, Vid(j), then equals:

Vid(j) = U1
ijd + δπid ln

( 3∑
k=1

e(v2
ikd(w1

id))
)
, (4.5)

where δ ∈ (0, 1) is the discount factor, and we omit κ due to its analytical irrelevance. A

mother thus chooses delivery facility alternative j in the initial period to maximize equa-

tion (4.5).

Given the distributional assumption on ε1ijd, the probability that facility j is chosen for

childbirth is:

Pr(w1
ijd = 1) = Pr

(
Vid(j) ≥ Vid(j

′)
)

∀j′ 6= j

=
e

(
γ1idµijd−c

1
ijd−λ

1
jd+δπid ln

[∑3
k=1 e

(v2ikd(w
1
id))
])

3∑
j=1

e

(
γ1idµijd−c

1
ijd−λ

1
jd+δπid ln

[∑3
k=1 e

(v2ikd(w
1
id))
]) . (4.6)

If women were myopic the last term in the exponents would be omitted from equation (4.6).

The forward-looking assumption, however, implies that women know that initial period
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choices influence second period utilities.

4.3 Model Implications

Using the framework laid out in the previous subsections, and deriving basic compar-

ative statics on equations (4.3) and (4.6) and inequality (4.4), we formulate a number of

predictions and results regarding facility choice in each period (function forms of the deriva-

tives are shown in Appendix section 8.1). These are:

Prediction 1.
∂Pr(w1

id=1)

∂JSY id
> 0,

∂Pr(w1
id={2,3})

∂JSY id
< 0. JSY increases the probability of public

delivery in the first period and lowers both the probabilities of private and home delivery.

This effect of JSY is thus stronger in low states and during the late program period (where

the transfer is larger), but only for eligible women.

Prediction 2.
∂Pr(w1

ijd=1)

∂µijd
> 0 for j ∈ {1, 2}. First period institutional delivery is positively

correlated with priors on quality.

Prediction 3.
∂Pr(w1

ijd=1)

∂πid
> 0 if λjd > 0 for j ∈ {1, 2}, but

∂Pr(w1
ijd=1)

∂πid
= 0 if λjd = 0 ∀j. The

probability of institutional delivery in the first period increases with the likelihood of being ill

in the second period so long as experience costs are non-zero.

This comes from the fact that the more likely a woman is to need medical treatment in the

future, the more willing she will be to pay experience costs in the first period since doing so

raises the relative utility of choosing that same facility again in the future.

Prediction 4. If θijd > (<) µijd quality expectations are revised upward (downward), in-

creasing (decreasing) the probability of selecting treatment at facility j in the second period.

The extent of belief revision is dependent upon the relative size of the variances in the prior

and signal. θijd may be � µijd, but if σ2
jζ � σ2

jµ the extent of updating is muted.

Result 1. First period facility choice impacts second period choice through learning about

quality and paying experience costs. From inequality (4.4), if people weakly revise down their

quality expectations after the first period (θ1 ≤ µ1), yet Pr(w2 = 1|w1 = 1) > Pr(w2 = 1|w1 =

3), then λ2
1 must be greater than 0 and the effect of having already paid one-time experience

costs is present. Alternatively, if people strictly revise down their quality expectations (θ1 <

µ1), and Pr(w2 = 1|w1 = 1) < Pr(w2 = 1|w1 = 3), then the effect of learning about quality

dominates any effect of paying experience costs.

From a policy perspective, it is important to know if JSY has the indirect benefit of improving

health care utilization in India. We use the intuition developed here to better understand

the mechanisms driving the empirical results that follow.
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5 Empirical Strategy

5.1 Choices of Delivery Facilities

The previous section highlights factors that affect women’s choices of delivery locations,

namely beliefs about quality, costs, and expectations about future illnesses. To analyze the

effects of JSY on institutional delivery, we use its introduction in 2005 as an exogenous shock

to women’s expected utilities for delivery at each facility. Those who gave birth prior to JSY

chose facilities partially due to medical fees at each facility, but once JSY became available the

costs many women faced at public facilities fell precipitously. Proper identification of JSY’s

effect requires a valid control group. We handle this by exploiting the program’s individual-

level variation in eligibility and regional-level changes in cash incentives in late 2006, but

our primary source of identification is the cross-sectional and temporal variation in JSY’s

introduction across India’s districts. We demonstrate below that the timing of district-level

program adoption is quasi-random and exogenous to other factors that may influence facility

choice.

Using the three above-mentioned sources of variation, we test Prediction 1 by estimating

the following equation by multinomial logit:

yijmd = β0j + β1j(JSY Implemented)md + β2jpijmd +X ′ijmdβ3j + ηs + ρm + υijmd, (5.1)

where yijmd represents an underlying latent index of utilities for each facility alternative j

of women i in district d and month m, JSY Implementedmd is an indicator variable for the

program being in existence in one’s district at the time of childbirth, pijmd is total out-

of-pocket expenses (facility plus transportation charges), X ′ijmd is a vector of individual and

household characteristics, and ηs and ρm are state and month dummies, respectively.12 Home

births is used as the base category. With program treatment at the district level and the

included fixed-effects, this specification estimates how JSY impacts facility choice within a

given state and month for women living in a district where JSY was adopted relative to

those living in non-JSY districts. Thus the parameter of interest is β1j. We also estimate

specifications which include dummy variables for eligibility (Eligible), being in a low state

(Low St.), giving birth in the later period of JSY after program incentives increased (Post Nov.

2006), and a full set of interactions of these terms. Although the framework in section 4.2

suggests that priors of each facility’s quality should influence mother’s decisions, we are only

able to construct priors for all types of medical facilities as a whole, i.e. public and private

12The mean (median) number of observations per state-month group is 365 (224), so inconsistency of the
estimates is not a primary concern.
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facilities together. To test Prediction 2 we thus estimate the following equation by probit:

yimd = α0 + α1(JSY Implemented)md + α2(Prior)imd

+ α3(JSY Implemented × Prior)imd + α4pimd +X ′imdα5 + ηs + ρm + νimd,
(5.2)

where yimd equals 1 if woman i selects institutional delivery (public or private) and 0 other-

wise, Priorimd is our constructed value of priors over facility quality, and all other variables

are analogous to equation (5.1).

5.2 Choices of Post-Delivery Facilities

We aim to quantify the impact of using a formal health care facility on future treatment

decisions to see whether in this context short-run incentive programs can have long-lasting

impacts on health-seeking behavior. Predictions 3 and 4 indicate that previous facility usage

changes the relative probabilities of future usage. We first outline the empirical strategy to

test if this effect is present and then aim to distinguish between possible mechanisms.

We regress treatment at a formal medical facility (either public or private), conditional

on recently being ill, on past facility use. With binary variables for the outcome of inter-

est, treatment status, and our instrument, we estimate the following equation by bivariate

probit13:

Treatmentimd = γ0 + γ1(Exposed)imd +X ′imdγ2 + ηs + ρm + εimd, (5.3)

where Treatmentimd is an indicator variable equal to 1 if women i (or her child) uses institu-

tional treatment when recently sick and equal to 0 if no treatment is received or care is only

given at home, Exposedimd is an indicator variable equal to 1 if women i was recently ex-

posed to (delivered her most recent child in) a public medical facility, and all other variables

are analogous to equation (5.1).14 The DLHS-III provides data on recent illness episodes for

both women and their children.15 Recent illnesses occur on average 19.9 months after women

13Equations (5.3) and (5.4) are estimated by bivariate probit and the conditional mixed process estimator
(CMP) (see Roodman (2011)). CMP aids in maximum-likelihood estimation and calculation of marginal
effects for interaction terms when one of the interacted variables is being instrumented. Parameter restrictions
are imposed on all variables except for interaction terms when multiple equations are included.

14Since JSY is a public program primarily encouraging births in public facilities, we define exposure as
utilizing public facilities. Receiving JSY benefits at private facilities was more difficult, and some women
were only eligible in the public sector. Further, by mid-2013, 11 states did not have any private facilities
accredited under the program, and 7 more states had fewer than 20 accredited facilities each. Though we do
not have this data for 2004-08, even fewer private facilities would have been accredited at that time.

15For children a recent illness is defined as having a fever or cough in the two weeks prior to being in-
terviewed. We define a woman as having a recent illness if she claims to have any of ten different medical
problems during the three months preceding interview, including: lower backache; non-menses abdominal
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delivered their most recent child, thus we consider these episodes to be independent of one’s

experience at childbirth such that a new decision must be made of whether or not to seek

treatment.

Exposure to public facilities, however, is likely correlated with factors unobserved by

the econometrician, including preferences for facility types, how much a mother values her

and her child’s health, and expectations regarding future illness probabilities and the need

for recurring use of medical facilities. If some women value their health more highly and

believe medical facilities are beneficial, an uninstrumented regression of equation (5.3) likely

would lead to an overestimate of γ1. On the other hand, this parameter would be biased

downward if some women had low expectations of future needs for facilities and so did

not utilize institutional delivery because of relatively high experience costs, but then later

unexpectedly fell ill. To deal with these sources of selection bias we instrument for exposure

using an indicator variable for whether or not JSY existed in the mother’s district at the

time of childbirth. Estimation of delivery locations from equation (5.1) is then similar to a

first-stage regression for the instrumented regression in equation (5.3). As shown below we

find large and significant effects of JSY’s existence at the time of childbirth on exposure to

public medical facilities.

We believe this is a valid instrument since the timing of JSY’s introduction within a

given state is plausibly random and uncorrelated with many factors that would influence fa-

cility choice for childbirth and for future illnesses (see section 5.3). An additional requirement

to satisfy the exclusion restriction is that medical facilities in JSY districts did not improve

over time relative to those in non-JSY districts due to NRHM investments. We test this by

regressing the change in a district’s public facility quality from 2003 to 2007-08 on the length

of time that JSY operated in that district. Results are shown in Appendix Table A3, which

show that the length of JSY’s existence is unrelated to changes (improvements) in public

facility quality that may induce future facility take-up.

Our theoretical framework suggests that exposure to public facilities could influence

future treatment decisions though either learning about clinician quality or paying one-time

experience costs. To test Result 1, we estimate a variation of equation (5.3) where we

interact institutional delivery with the direction of women’s updating about facility quality.

Specifically, we estimate by bivariate probit:

Treatmentimd = ψ0 + ψ1(Inst.×Revise Up)imd + ψ2(Inst.×No Revision)imd

+ ψ3(Inst.×Revise Down)imd +X ′imdψ4 + ηs + ρm + ϕimd,
(5.4)

where Treatmentimd is the same as above, Inst. is an indicator variable equal to 1 if mother

pain, pain during urination or defecation; swelling of or lesions around the groin; and pain from intercourse.
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i’s most recent childbirth occurred at a formal medical facility, which we interact with the

direction of updating about facility quality. Home delivery is the omitted category (for which

no updating is made regarding facility quality). Since we only have measures of signals

and priors for all facilities as a whole, the independent variables in this estimation are not

facility-specific. We estimate equation (5.4) separately for women and children, and also

run specifications where we control for illness severity and length of time between facility

choices. By Result 1, a positive value for ψ2 and ψ3 would suggest experience costs affect

future facility use since these women would be more likely to use facilities even though they

(weakly) revised down their quality beliefs. A negative ψ3 would suggest learning about

quality dominates any effect of paying experience costs.

5.3 Estimation of District-Level Program Start Dates

The empirical strategy outlined above relies upon the use of exogenous variation in

district-level JSY start dates. We show that most districts did not implement the program

in April 2005, but instead experienced long delays in adoption, which are uncorrelated with

many factors that affect facility choice.

5.3.1 Mean-Shift Model

Proper implementation of the NRHM and JSY involved setting up State Health So-

cieties to actually carry out reforms at the state level (GOI (2005a)). From administrative

records we construct a timeline of when each state officially constituted State Health Soci-

eties by approving the Center’s Memorandum of Association and Bylaws for the NRHM.16

Appendix Table A2 lists each state’s approval date, which shows that it took almost a year

for all states to formally agree to initiate programs under the NRHM. In addition, States

were required to carry out reforms under a decentralized arrangement with their own dis-

tricts, setting up District Health Societies to implement program components locally, where

District managers were given full power to distribute funds to hospitals, medical officers,

and any other implementing agencies (GOI (2014)). Given this institutional framework, we

define the district as the level of treatment under JSY, and expect within-state variation in

the timing of JSY’s implementation if District Health Societies did not all form at once.

Following Bai (1994) and Munshi and Rosenzweig (2013) we formally identify in which

month each district implemented JSY by applying least squares to estimate a change-point

16Official documents dating Bylaw approval dates are unavailable for three states. For Sikkim we use the
month that that NRHM was launched in India’s Northeastern States. For Orissa we use the date mentioned
in an audit study by the International Labour Organization. We are unable to find specific information for
Kerala, and therefore we only set April 2005 as a lower bound on district-level start dates for this state.
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in the percent of women receiving the JSY cash transfer. We regress, separately for each

district and each potential start month, the percent of women receiving the cash transfer on

a hypothetical post-period dummy variable.17 Defining t as the true district-level start date,

the least squares estimate of t, t̂, is chosen as the t̂ that minimizes the residual sum of squares

among all possible sample splits (τ), i.e. t̂ = argminτ [RSS(τ)]. The change-point month is

thus identified as the date which yields the largest mean-shift in receipt of JSY funds out of

all possible dates. Following Hansen (1999), we test the significance of each district’s t̂ using

a likelihood ratio test, with the test statistic calculated as: LRT (τ) = RSS(τ)−RSS(t̂)

RSS(t̂)
×N (see

Appendix section 8.2 for complete details on this procedure). On average across all districts

the structural break is relatively precisely estimated; weighting districts by number of births,

the confidence bounds for the estimated dates are [-2 months, 2 months] and [-1 month, 1

month] for 95 percent and 90 confidence intervals, respectively (see Appendix Figure A2).

Estimates show districts took between 0 and 39 months to implement JSY from their

states’ approval of the Center’s NRHM Bylaws, and on average 23.1 months from April 2005.

Figure 3 shows the number of districts implementing JSY in each month, as well as the

cumulative number of implementing districts over time. Appendix Figure A1 depicts a map

of Indian districts color-coded by delay in JSY adoption after April 2005. From this map it

is clear that variation in start dates exists both within and across states. In broad terms,

southern states (which are mostly high performing states) were faster at implementation than

the northern and central states (predominantly low performing states).

We perform two additional analyses to validate this estimation. First, for results to

be consistent with the story that districts implemented JSY at the estimated change-point

month, the percent of women choosing institutional births should also increase discontinu-

ously at these dates. Consistent with the institutional delivery patterns seen in Figure 1, we

find that in low states institutional delivery significantly increases at the same estimated JSY

start dates, but insignificantly in high states (see Appendix Figure A3 and the Appendix sec-

tion 8.3 for further discussion). Second, we verify that the rise in receipt of the cash transfer

(the outcome variable in the mean-shift model) is not driven by changes in the composition

of mothers giving birth. If birth rates rose for women eligible for maternal benefits but fell

for ineligibles, it is possible that the mean-shift model is simply picking up these movements

in composition. We do not find, however, any changes in birth mother composition at the

same time as the estimated start-dates (see Appendix Figure A4).

17The DLHS-III asks whether women received any government financial assistance for delivery under JSY or
any state-specific scheme. This wording was chosen since JSY took local language names in some states, but
it also induced positive responses for people that received funds under the NMBS. As a result, 4.4 percent
of women report receiving a transfer before April 2005. The monthly percent of women reporting this is
constant, however, up through April 2005. Since there were no other maternal benefit schemes initiated at
this time, any uptick in positive response rates to this question we attribute to JSY becoming operational.
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Figure 3:
Number of Districts Having Implemented JSY Over Time

While on average across all districts the estimated dates are precisely estimated, this is

not the case for all districts individually. Using a 90 percent confidence interval 197 out of 581

districts (33.9 percent) do not see a statistically significant change in the percent of women

receiving maternal delivery benefits over time. In Appendix section 8.4 we discuss three

plausible explanations. We conclude this is likely caused by program mismanagement and

budgetary bottlenecks in certain districts that inhibited program funds from being distributed

to all eligible mothers, even though the program was technically in existence. Based on this

we use the estimated district-level start dates from the mean-shift model regardless of whether

or not the estimated break date is significantly different from all other dates.

5.3.2 Testing for the Exogeneity of District-Level Start Dates

We propose to exploit the variability in program implementation across time and space

to identify the causal effect of JSY on use of medical facilities. The main threat to this

methodology’s validity is that the timing of program implementation may be correlated with

district characteristics which also are related to mothers’ choice of medical facilities. We
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identify seven categories of factors which may be correlated with both the timing of program

adoption and women’s use of medical facilities, and show that that, within a given state, a

district’s JSY start date is uncorrelated with these factors. District-level factors we analyze

include: pre-JSY rates of institutional delivery; socio-economic characteristics such as urban-

icity and wealth; availability of public and private medical facilities; people’s preferences for

health investments18; ethnic fractionalization19; extent of female political representation; and

political party affiliation among MLAs20 (see Appendix section 8.5 for a detailed discussion

of why these factors are selected for analysis).

To assess if these factors are related to the timing of program implementation we es-

timate a discrete-time hazard model of the probability of program adoption. We regress

whether or not a district implemented JSY in a given month on a full set of district charac-

teristics by logit. Traditional non-linear probability models assume duration independence,

i.e. the probability of surviving or failing at any point in time is the same. However, since

a district’s action in one month is dependent upon is past actions, we allow for duration

dependence by including a non-linear spline function in the logit equation21 (see Appendix

section 8.6 for additional details).

Marginal effects from the hazard model are shown in Table 3. Without controlling

for state fixed effects (column 1) a higher rate of pre-JSY institutional delivery and the

proportion of female politicians are positive predictors of implementation, whereas wealth

and the percent of households who treat their water are negative predictors. Even though

these effects are statistically significant, the magnitudes are small. For example, a 1 s.d.

(60.1 percent, or 24.8 percentage points) increase in the pre-JSY institutional delivery rate

would result in a 0.06 s.d. (24.5 percent, or 1.5 percentage points) increase in the probability

18We use three measures of a district’s relative preference for heath investments: the percent of households
that regularly treat their drinking water; the percent of villages that have formed a Village Health & Sanitation
Committee (VHSC); and the percent of villages that discussed health related issues at Gram Sabha meetings
(public forums) in the year prior to being interviewed in 2008.

19We construct an ethnic fractionalization index for each district as: EthnicFracd = 1 −
∑

i(casteid)2,
where casteid is the percent of households in district d belonging to caste group i. Caste groups include upper
caste, scheduled caste, scheduled tribe, other backward class, Muslim, and other.

20We use two measures of political party allegiance: first, the percent of MLAs that belong to the Indian
National Congress (INC, same party that headed the Central government and initiated the NRHM), and
second, the percent of MLAs that belong to the same party as their state’s Chief Minister.

21Splines allow for a smoothed baseline hazard probability over predetermined intervals, and estimated
coefficients on the intervals help trace out the path of duration dependence. Following MaCurdy et al. (2014)

we specify the spline as: f(t, α) =
∑J

j=1[Φj−1(t) − Φj(t)] · αj , where Φj(t) represents the CDF of a normal

random variable with mean µj and variance σ2
j for interval j in time t, and αj denotes a parameter vector.

Appendix Figures A5 and A6 show that the logit specification with splines fits the raw data well, but the
model without splines over- and under-predicts the adoption probability over various time intervals. The non-
monotonicity of duration dependence is evident in both figures; while the model without the spline function
predicts a decreasing probability of adoption over the relevant interval, the model with the spline allows for
both increasing and decreasing probabilities over different time intervals.
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Table 3:
Discrete-Time Hazard Estimates of a District’s Probability of Implementing JSY

Covariates (1) (2)

Pre-April 2005 Institutional Delivery Rate 0.054*** 0.023
(0.011) (0.016)

% Rural HHs 0.015 0.014
(0.015) (0.021)

Average Wealth Index -0.018*** -0.009
(0.006) (0.011)

% Households Treating Water -0.014** -0.000
(0.007) (0.012)

% Villages with VHSCs -0.002 0.011
(0.009) (0.012)

% Villages Discussing Health at Gram Sahab 0.014 0.005
(0.010) (0.013)

Ethnic Fractionalization Index -0.012 -0.012
(0.013) (0.017)

Public Hospital Beds Per Capita -0.000 0.000
(0.000) (0.000)

Average Distance to Private Hospitals -0.000 -0.000
(0.000) (0.000)

% Female Politicians 0.037*** 0.038***
(0.014) (0.014)

% Politicians from INC -0.004 -0.007
(0.007) (0.007)

% Politicians in Same Party as Chief Minister 0.001 -0.003
(0.006) (0.006)

Obs. 10,093 10,093

χ2 Stat. for Joint Spline Significance 484.07*** 528.06***
Includes Spline Yes Yes

State Fixed Effects No Yes

Estimates by logit. The dependent variable is an indicator equal to one if JSY
was implemented in that month, and zero otherwise. Coefficients are marginal
effects and standard errors, which are clustered at the district level, are listed in
parentheses. *** p < 0.01, ** p < 0.05, * p < 0.1.

of a district adopting JSY in a given month. To put this into context, a 24.8 percentage

point increase in pre-JSY institutional delivery is equivalent to a district moving in rank

from the 10th percentile to the 50th percentile among all districts. Such a percentage point

increase is also larger than the increase in institutional delivery from April 2005 through

early 2008 in rural areas of low performing states, which are the regions that experienced the

largest increase after JSY’s introduction. When state fixed effects are included coefficients

on almost all factors reduce in magnitude and lose their statistical significance; only the

coefficient on the percent of female politicians remains as a significant predictor of program

adoption. The practical size of this correlation, however, is also small. This coefficient from

column 2 indicates that a 1 s.d. (178.1 percent, or 10.4 percentage points) increase in the

mean level of female representation would lead to a 0.02 s.d. (7.2 percent, or 0.4 percentage

points) increase in the probability of a district implementing JSY in a given month. At this

time only 6.7 percent of MLAs across India were female, and only 35.0 percent of districts
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had at least one female MLA. Thus, while the point estimate is statistically significant, with

such a small practical effect it is unlikely that this factor alone is playing the key role in the

within-state variation in implementation dates we find.

One concern with the hazard analysis is that some states have a small number of districts

and including state fixed effects (which are non-linear functions) with a spline function may

result in inconsistent estimates. As an additional test for the exogeneity of JSY start dates

we therefore regress by OLS the number of months it took each district to implement JSY

after its state approved the NRHM Bylaws on the same twelve potentially influencing factors

from Table 3. The first half of Appendix Table A4 shows bivariate (OLS) regressions for

each factor, and two additional regressions with all factors included. All coefficients are

statistically insignificant from zero except for the coefficient on the level of female political

representation, and this coefficient is again practically small. Comparing columns 2 and 3

which include and exclude state fixed effects, respectively, we find a similar pattern as we

did with the hazard model; including state fixed effects reduces the predictive power of most

factors. To verify that the 33.9 percent of districts which do not have statistically significant

changes in JSY beneficiaries are not driving the insignificance and small magnitude of these

results, in the second half of Appendix Table A4 we replicate the analysis but limit the sample

to only districts that were found to have a statistically significant JSY start dates. Again,

only the extent of female representation in State Assemblies significantly impacts program

timing, and the magnitude of the effect remains quite small.

The reduction in predictive power of these factors (observables) when including state

fixed effects suggests that some unobservables for which we cannot account would also lose

significance by looking at within-state variation in start dates. We take the OLS and hazard

model results as evidence that the timing of JSY implementation within a state is quasi-

random and plausibly orthogonal to district characteristics which may on their own affect

mothers’ use of health facilities. We exploit this variation as part of our identification strategy

to estimate equations (5.1)-(5.4).

5.3.3 Additional Evidence For Start Date Exogeneity

The evidence provided above indicates that observable characteristics of districts’ pop-

ulation, infrastructure, and political makeup are not capable of explaining the large within-

state variation in JSY start dates across India. What then is driving this variation? Anecdo-

tal evidence suggests that delays in program implementation are likely due to disagreements

between implementing agencies, lack of information regarding program policies at the dis-

trict level and block level, and budgetary bottlenecks. For example, in Rajnandgaon district

of Chhattisgarh the State Health Society rejected the district hospital’s proposal for fund
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utilization, initially delaying any NHRM programs (CBGA (2011)). Given that JSY is a

Centrally-funded scheme with a highly decentralized strategy for implementation, funds were

transfered first from the Center to State Governments, then further down to districts, blocks,

and finally to primary health centers. In Chhattisgarh it took on average 229 days for funds

to reach the block level during 2006-07 (CBGA (2011)). Such delays would impede the hiring

of office staff, training of ASHA workers, and the commencement of payments to expectant

mothers. In one southwestern district of Bihar, the District Manager took more than six

months to hire a District Project Manager for the District Health Society because Center-

and State-level politicians were pressuring him to hire their preferred candidate. In Ut-

tar Pradesh, political instability in some areas led to implementation delays (Dagur et. al.

(2010)). With respect to lack of information, most of the NRHM documents distributed to

local bodies were in English, yet many district and block level offices would not have had

English-proficient staff. These events are unlikely to be correlated with households’ prefer-

ences for medical care utilization.

6 Program Effects

6.1 Effects on Delivery Location

We first report on the estimates of equations (5.1) and (5.2). Table 4 shows results

from multinomial logit regressions of delivery location on the existence of JSY. Coefficients

are marginal effects calculated at the mean value of independent variables. The first columns

indicate that JSY increased institutional deliveries by 5.5 percentage points, with all of the

increase occurring for public facilities, and no change in the usage of private ones. This

is consistent with the fact that costs at public facilities are lower, as well as JSY being a

government program that specifically encourages women to utilize public facilities. Receiving

benefits at private facilities was often problematic and in some cases impossible, suggesting

there may also be substitution away from private facilities in order to avail program benefits.

The second columns examine effects by state type. Consistent with Prediction 1, here JSY is

found to increase the probability of public facility delivery in low states by 14.8 percentage

points, with 4.9 percentage points of this increase coming at the expense of private facilities.

The main effect on JSY implementation is negative, indicating that home births actually

increased in high states; but here we do not account for eligibility. The third set of columns

indicates that eligible women in all states increased public facility deliveries by 12 percentage

points. Ineligible women, however, experience a small, marginally significant reduction in

public facility births. If capacity constraints are binding, the increase in usage by eligibles

may have crowded out ineligible women. The fourth columns consider both state type and
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Table 4:
Effects of JSY on Choice of Delivery Location

(1) (2)

Covariates Public Private Home Public Private Home

JSY Implemented 0.053*** 0.001 -0.055*** -0.061*** 0.014 0.047***
(0.012) (0.008) (0.013) (0.011) (0.011) (0.016)

Low State × JSY Implemented 0.209*** -0.049*** -0.161***
(0.014) (0.010) (0.016)

Obs. 172,946 172,946

(3) (4)

Public Private Home Public Private Home

JSY Implemented -0.023* 0.005 0.018 -0.068*** 0.004 0.063***
(0.012) (0.011) (0.016) (0.012) (0.012) (0.018)

Low State × JSY Implemented 0.177*** -0.035 -0.143***
(0.028) (0.023) (0.030)

Eligible 0.024*** -0.029*** 0.005 -0.021* -0.030*** 0.051***
(0.009) (0.006) (0.009) (0.012) (0.010) (0.014)

JSY Implemented × Eligible 0.120*** -0.013 -0.106*** 0.039*** 0.011 -0.050***
(0.012) (0.009) (0.014) (0.012) (0.010) (0.015)

Low State × Eligible 0.041*** 0.008 -0.049***
(0.013) (0.010) (0.015)

Low State × JSY Imp. × Eligible -0.002 -0.010 0.012
(0.029) (0.023) (0.029)

Obs. 172,946 172,946

Includes Household Characteristics Yes Yes
Month Fixed Effects Yes Yes
State Fixed Effects Yes Yes

Estimates by multinomial logit. The dependent variable is categorical for delivery location taking three possible
alternatives: public, private, and home. Individual and household characteristics include: dummies for SC, ST,
BPL status, having insurance, and rural/urban status; a set of dummies for wealth quintiles; out-of-pocket costs;
mother’s age at birth; distance to facilities; and years of education of the household head. Regressions include
population sampling weights. Coefficients are marginal effects calculated manually to address the interaction
terms, are calculated at the mean of the control variables. Robust standard errors, clustered at the district level,
are listed in parentheses. *** p < 0.01, ** p < 0.05, * p < 0.1.

eligibility. Here, JSY is found to increase public facility deliveries in low states among eligibles

and ineligibles by 14.6 and 10.9 percentage points, respectively, and decrease home deliveries

for these populations by 11.8 and 8.0 percentage points, respectively. These large effects

even for ineligibles should not be too surprising. Evidence of elite capture, leakage of funds,

and people pretending to be eligible for benefits is widespread in many national government

programs in India. For example, Niehaus et. al. (2013) find that 70 percent of households in

Karnataka that are ineligible (based on a proxy means test) for food subsidies actually posses

BPL cards which they can use to purchase these goods. Thus, women who are supposed to

be ineligible for JSY benefits may have nevertheless been able to avail them. In fact, the

percent of ineligible JSY women receiving maternity benefits rose from 5.4 percent before
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the program began to 10.6 percent thereafter. Lastly, in high states, eligibles and ineligibles

actually increased home deliveries by nearly 1.3 and 6.3 percentage points, respectively.

These results show large and positive effects of JSY on increasing institutional delivery,

with some substitution away from private facilities and towards public ones. To help validate

these results we perform two sets of robustness checks. First, the most robust result from sec-

tion 5.3.2 is that program implementation is positively correlated with prevalence of female

politicians. Even though this correlation is small in magnitude, it is possible that the posi-

tive effects from Table 4 are driven by districts with female MLAs implementing the program

earlier than others, and women from these districts having preferences that induce institu-

tional delivery more so than women in other districts. We re-estimate the four specifications

from Table 4 on a sub-sample of 366 districts (65.0 percent) that did not have any female

MLAs during 2005-06. These results, shown in Panel A of Table 5, tell a very similar story

to those above. The marginal effects are similar in magnitude to those for the whole sample,

and their level of statistical significant is generally maintained. Such similarity in results

should alleviate concerns of endogeneity with respect to district-level start dates. Second, we

instead limit the sample to the 384 districts (66.1 percent) that have statistically significant

estimated JSY start dates from the mean-shift model. Panel B of Table 5 shows results for

this sub-sample. The effects here demonstrate the same types of substitution patterns, but

the magnitudes of the marginal effects are noticeably larger. Inclusion of all districts in the

main estimation, regardless of the significance in their estimated program dates, is then a

more conservative estimate of JSY’s effect on choices of delivery locations.

Prediction 1 also states that the effects of JSY should be larger in the later period of

JSY’s existence when cash incentives were increased. We test this prediction by re-estimating

equation (5.1) now including a dummy variable (and interaction terms) that is equal to one

if the delivery month is on or after November 2006. Results from this specification are

shown in Table 6. The parsimonious regressing the first two sets of columns do not show

any differential effect between the two program periods. In the third set of columns, which

conditions on eligibility, JSY is found to decrease institutional deliveries in the late JSY

period among ineligibles by 6.3 percentage points relative to the early period. Eligibles, on

the other hand, were 3.0 percentage points more likely to utilize a medical facility when

JSY was adopted in the later period relative to the early period. This is consistent with

incentive amounts increasing after November 2006, and is further evidence of crowding out.

The final regression in the fourth columns suggests the decreases and increases for ineligibles

and eligibles, respectively, found in the third columns are driven by changes in low states

only, but these coefficients are insignificant from zero.

From Prediction 2, individuals’ priors over facility quality should also affect choice
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probabilities. Data limitations do not allow us to exploit variation in priors for each of the

three location alternatives, so we construct priors of facility quality at institutions in general

(both public and private). While the DLHS-III is limited in data on pre-delivery beliefs, we

nonetheless view our measures of priors to be noisy proxies of pre-delivery perceptions of

facility quality. Reducing the mother’s decision to a binary choice problem (institutional or

home delivery), we estimate equation (5.2) by probit.

Table 7 shows results from regressions of institutional delivery on JSY being imple-

mented and women’s priors of facility quality. The magnitude of the marginal effects related

to priors do not have a clear economic meaning, but their sign is revealing. In column 2 we

see that a higher prior increases the likelihood of institutional delivery. This effect, however,

is weakened when JSY exists in a woman’s district. This is an interesting finding, which

suggests that JSY induced those with low priors to deliver in medical facilities more so than

those with high priors. Similar results are found in columns 3-4 with our second measure

of priors. In column 6 we see that higher priors are associated with higher probabilities of

institutional delivery, and that this effect is stronger for ineligible mothers who may be less

resource constrained. One endogeneity concern with this specification is that JSY may affect

women’s priors even before they give birth. For example, simply knowing that a new public

health program exists in one’s district may raise one’s perception of facility quality. To mit-

igate this concern, we re-estimate equation (5.2) on a sub-sample of women that gave birth

either prior to JSY’s introduction in their district or in the the month JSY was introduced

itself. Since our measure of priors uses survey responses related to pre-natal care, we thus

exclude women who received pre-natal care during JSY’s existence in their district. Columns

7-8 show results on this sub-sample. While marginal effects are slightly different because of

the selected sample, the direction of the effects remains.

The results in Tables 4-7 show a large and significant impact of JSY on institutional

deliveries. Including state and month fixed effects help limit omitted variable bias from

unobserved factors varying across regions and time. Analysis in section 5.3.2 shows that

compositional changes in the attributes of mothers are uncorrelated with the timing of JSY

implementation, and that district-level characteristics cannot explain the within-state varia-

tion in program adoption. These facts make it unlikely that some factor other than JSY is

driving these results. Nevertheless, in Appendix section 8.7 we detail two alternative expla-

nations for our findings. These relate to changes in the quality of care for home deliveries

that may have induced women to start utilizing the formal health sector, and changes in the

availability of medical facilities due to supply-side investments under the NRHM. We do not

find, however, that these alternative stories can explain the patterns we see in the data.
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Table 7:
Effects of JSY on Institutional Delivery, Including Priors on Quality

Excludes Births post
All Births Initial JSY Month

Prior: Measure 1 Prior: Measure 2 Prior: Measure 2

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

JSY Implemented 0.038*** 0.043*** 0.038*** 0.042*** -0.023* -0.022* 0.056*** 0.057***
(0.011) (0.010) (0.011) (0.010) (0.013) (0.013) (0.010) (0.010)

Prior 0.298*** 0.186*** 0.188*** 0.172***
(0.004) (0.003) (0.004) (0.003)

JSY Implemented × Prior -0.021*** -0.030*** 0.008 -0.034***
(0.005) (0.004) (0.007) (0.007)

Eligible -0.014* -0.015**
(0.007) (0.007)

JSY Implemented × Eligible 0.094*** 0.092***
(0.011) (0.012)

Eligible × Prior -0.010**
(0.005)

JSY Imp. × Eligible × Prior -0.039***
(0.009)

Obs. 186,902 186,902 186,660 186,660 186,660 186,660 131,442 131442

Includes HH Characteristics Yes Yes Yes Yes Yes Yes Yes Yes
Month and State Fixed Effects Yes Yes Yes Yes Yes Yes Yes Yes

Estimates by probit. Columns 1-6 include all mothers. Columns 7-8 includes only those who gave birth prior to JSY, or who deliv-
ered in the month JSY began (i.e. excludes births in JSY districts occurring more than 1 month after JSY began). The dependent
variable is an indicator for institutional delivery. Individual and household characteristics include: dummies for SC, ST, BPL status,
having insurance, and rural/urban status; a set of dummies for wealth quintiles; mother’s age at birth; distance to facilities; and
years of education of the household head. Regressions include population sampling weights. Coefficients are marginal effects and
robust standard errors, clustered at the district level, are listed in parentheses. *** p < 0.01, ** p < 0.05, * p < 0.1.

6.2 Effects on Future Use of Facilities

In addition to the short-run program effects of increasing institutional delivery, the

extent to which financial incentives for health can impact long-term behavior is an open

question. Using equation (5.3) we estimate the effect of exposure to public medical facilities

during one’s most recent childbirth on later treatment of children, conditional on a child

being ill. Table 8 shows marginal effects for a sample including any child of the mother,

i.e. the most recently born child for which we have delivery location data as well as any

older child. In column 1 we run an uninstrumented probit regression of formal treatment

on exposure and find that exposure leads to an increased likelihood of treatment for future

illness by 2.1 percentage points. Columns 2-6 instrument for exposure with the existence of

JSY in a mother’s district at the time of childbirth. The two-stage least squares estimate

of future treatment on previous exposure is insignificant, but with binary variables for the

outcome, treatment, and instrument, two-stage least squares is not preferred. The bivariate

probit estimate in column 3 implies exposure raises the probability of treating a sick child in

the future by 6.8 percentage points (out of a mean treatment rate of 71.9 percent), which is

significant at the 90 percent confidence level. This effect is larger than in column 1, indicat-
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Table 8:
Effects of Facility Use on Future Treatment of Sick Children

Probit 2SLS Bivariate Probit

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

Exposed 0.021*** 0.050 0.068* 0.067* 0.055** 0.026***
(0.006) (0.120) (0.036) (0.038) (0.025) (0.008)

Illness is Severe 0.167*** 0.160***
(0.004) (0.018)

Age of Child (mths.) -0.000 -0.004*
(0.001) (0.002)

Exposed × Illness is Severe 0.028
(0.073)

Exposed × Age of Child (mths.) 0.014**
(0.007)

Obs. 39,995 39,995 39,995 39,689 39,693 39,687

Instrument for Exposed No Yes Yes Yes Yes Yes
Includes Household Characteristics Yes Yes Yes Yes Yes Yes
Month and State Fixed Effects Yes Yes Yes Yes Yes Yes

Estimates in columns 3-6 by a fully interacted system of equations and MLE assuming bivariate normality
of error terms. First stage dependent variable: “Exposed” (dummy for using public facility for childbirth);
instrument: existence of JSY at the time of most recent childbirth. Main equation dependent variable:
dummy for receiving treatment conditional on being sick. Individual and household characteristics include:
dummies for SC, ST, BPL, having insurance, and rural status; dummies for wealth quintiles; distance to
facilities; mother’s age; and years of education of the household head. Coefficients are marginal effects
with robust standard errors listed in parentheses. *** p < 0.01, ** p < 0.05, * p < 0.1.

ing downward bias in the probit estimate which does not account for mothers’ preferences

or expectations. One explanation could be related to Prediction 3, which states that the

probability of institutional birth increases with the probability of being sick in the future.

If during pregnancy women had low expectations of needing to treat their children in the

future, thus opting for home delivery, the probit estimate would underestimate the effect of

exposure if mothers later sought care for unexpected medical needs. In column 4 we control

for the child’s age (which also partially controls for length of time since delivery), as well as

include an indicator variable for whether or not the illness was self-proclaimed as severe. We

find similar results with these controls. In column 5 we interact exposure with illness sever-

ity. While the point estimate on exposure falls slightly, it is measured with more precision,

though there are no differential effects by severity. Column 6 interacts exposure with age,

indicating that the positive effect of exposure on treatment is increasing with the age of the

child.

We further investigate how exposure to public medical facilities at the time of childbirth

influences the type of treatment facility chosen for future illnesses. Table 9 shows results

separately for public and private facilities where we regress whether or not a child was treated

in a public (private) facility on the same instrumented measure of exposure. Exposure to

public facilities is found to significantly increase the probability of going to a public facility

again, but reduce the probability of later seeking care for a sick child at a private facility.
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Table 9:
Effects on Future Treatment of Sick Children, by Future Treatment Location

Panel A - Treatment in a Public Facility

Probit 2SLS Bivariate Probit

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

Exposed 0.091*** 0.303 0.053 0.054 0.075*** 0.093***
(0.004) (0.262) (0.036) (0.036) (0.020) (0.007)

Illness is Severe 0.035*** 0.031**
(0.004) (0.015)

Age of Child (months) -0.000 -0.000
(0.001) (0.001)

Exposed × Illness is Severe 0.013
(0.058)

Exposed × Age of Child (months) -0.000
(0.002)

Obs. 39,989 39,993 39,993 39,685 39,689 39,989

Panel B - Treatment in a Private Facility

Probit 2SLS Bivariate Probit

(7) (8) (9) (10) (11) (12)

Exposed -0.075*** -0.479 -0.111** -0.114*** 0.008 -0.062***
(0.006) (0.326) (0.043) (0.042) (0.027) (0.010)

Illness is Severe 0.107*** 0.112***
(0.005) (0.020)

Age of Child (months) -0.001** -0.001
(0.001) (0.001)

Exposed × Illness is Severe -0.016
(0.081)

Exposed × Age of Child (months) -0.003
(0.003)

Obs. 39,993 39,993 39,993 39,686 39,690 39,989

Instrument for Exposed No Yes Yes Yes Yes Yes
Includes Household Characteristics Yes Yes Yes Yes Yes Yes
Month Fixed Effects Yes Yes Yes Yes Yes Yes
State Fixed Effects Yes Yes Yes Yes Yes Yes

Estimates in columns 3-6 and 9-12 by a fully interacted system of equations and MLE assuming bivariate
normality of error terms. First stage dependent variable: “Exposed” (dummy for using public facility for
childbirth); instrument: existence of JSY at the time of most recent childbirth. Main equation dependent
variable: dummy for treatment location conditional on being sick. Individual and household characteristics
include: dummies for SC, ST, BPL, having insurance, and rural status; dummies for wealth quintiles; distance
to facilities; mother’s age; and years of education of the household head. Coefficients are marginal effects with
robust standard errors listed in parentheses. *** p < 0.01, ** p < 0.05, * p < 0.1.

This type of substitution is consistent with both learning about facility quality (if women

revise upward their priors on public facility quality) and paying one-time experience costs.

We explore the prevalence of these mechanisms below.

The use of facilities in one period may also affect women’s decisions to seek treatment

for themselves in the future. Table 10 shows results from regressions of whether or not a

woman sought treatment at a medical facility for a recent condition on exposure to public

medical facilities at the time of childbirth, conditional on being ill. Results from an uninstru-

mented probit regression in column 1 reveal that exposure increases the probability of future
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Table 10:
Effects on Future Treatment of Women’s Personal Illnesses

Probit 2SLS Bivariate Probit

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

Exposed 0.019*** 0.093 -0.026 -0.017 0.007 -0.013
(0.006) (0.236) (0.044) (0.044) (0.009) (0.010)

Number of Medical Problems 0.044*** 0.045***
(0.002) (0.007)

Months Since Last Birth 0.007*** -0.002
(0.002) (0.009)

Exposed × No. of Medical Problems -0.005
(0.027)

Exposed × Months Since Last Birth 0.012
(0.028)

Obs. 45,354 45,353 45,354 43,296 45,356 43,298

Instrument for Exposed No Yes Yes Yes Yes Yes
Includes Household Characteristics Yes Yes Yes Yes Yes Yes
Month Fixed Effects Yes Yes Yes Yes Yes Yes
State Fixed Effects Yes Yes Yes Yes Yes Yes

Estimates in columns 3-6 by a fully interacted system of equations and MLE assuming bivariate normality
of error terms. First stage dependent variable: “Exposed” (dummy for using public facility for childbirth);
instrument: existence of JSY at the time of most recent childbirth. Main equation dependent variable:
dummy for receiving treatment conditional on being sick. Individual and household characteristics include:
dummies for SC, ST, BPL, having insurance, and rural status; dummies for wealth quintiles; distance to
facilities; mother’s age; and household head’s years of education. Coefficients are marginal effects with
robust standard errors in parentheses. *** p < 0.01, ** p < 0.05, * p < 0.1.

treatment by 1.9 percentage points. Columns 2-6 instrument for exposure by the existence

of JSY at the time of childbirth. We do not find, however, that our measure of exposure has

predictive power in these specifications. More medical problems is positively associated with

seeking treatment, but institutional birth has a small and insignificant effect on a woman’s

propensity to visit a facility conditional on being ill once we instrument for exposure. Mea-

sures of recent illness for children relate to fevers and coughs, whereas for women they include

potentially more chronic ailments. Dror et. al (2008) find in Bihar, Maharashtra, and Tamil

Nadu that out-of-pocket expenses for treatment of chronic ailments are 22.5 percent higher

than for acute illnesses (which includes fevers and coughs), and that payments made to treat

adults aged 16 to 55 are 6.7 percent higher than treatments for children aged 5 to 15. If the

importance of costs to expected utility is sufficiently high, these facts are consistent with our

results; prior facility usage impacts future usage, but only for relatively low cost needs.

Recall from Table 8 that we found downward bias in the probability of using a medical

facility for children’s illnesses when we do not instrument for exposure, possibly due to moth-

ers’ low expectations of future facility needs for children. This is in contrast to the upward

bias in Table 10 for women. One explanation for this divergence in effects relates to the dif-

ferences in illness types. Chronic ailments are more commonly associated with repeated need

for medical care, thus those with such conditions likely have relatively high expectations for
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later being in a health state that requires choosing to visit a medical facility. Acute illness,

by contrast, occur more abruptly, and so women likely have relatively lower expectations

regarding needing to visit a health facility in the future for such conditions. Since the ill-

nesses we examine for women are more chronic, following Prediction 3 high expectations for

future facility needs, coupled with preferences over health in general and facility types, would

then lead to positive bias in an uninstrumented regression examining women’s treatment of

themselves (since those women positively select into first period institutional delivery).

Having found that using a public medical facilities increases the probability of a mother

seeking care for her child later in life by 6.8 percentage points, we examine which mechanisms

may be driving this result. Prediction 4 in conjunction with Result 1 state: first, that if

women maintain or reduce their perceptions of quality after using a facility, yet are more likely

to seek facility treatment later in life, then having paid one-time experience costs increases

the relative utility and probability of facility treatment; and second, if women revise down

their beliefs over quality, and are less likely to utilize facilities in the future, then learning

about clinician quality dominates any effect of paying experience costs. Comparing signals to

priors we identify women as having revised up, down, or not at all their beliefs with respect

to facility quality. Those that do not utilize institutional delivery do not receive a signal and

perform no updating.

Table 11 shows results from estimation of equation (5.4) of future treatment of children,

conditional on being sick, on institutional delivery and belief revision using both measures

of priors. The omitted category is home births. In the uninstrumented regressions we find

positive and statistically significant increases in the probability of future treatment for those

who had an institutional delivery regardless of the direction of belief revision. In columns 2

and 5 we instrument for institutional delivery and find that women who delivered in a formal

medical facility and revise up their beliefs over facility quality are 8.1 and 10.3 percentage

points, respectively, more likely to seek formal treatment for their sick children relative to

women who delivered at home, while those who did not update their beliefs are still 8.2

and 9.2 percentage points, respectively, more likely to seek treatment. Across both prior

measures there is an insignificant effect of institutional delivery for those that revised down

expectations over quality. Marginal effects reduce in magnitude slightly when controlling for

illness severity and time since childbirth in columns 3 and 6, though the difference in point

estimates between revising down and revising up, and revising down and no revision, are

statistically significant.

Referring to inequality (4.4), these findings suggest that both paying one-time experi-

ence costs and learning about clinician quality are present. Those who revise down beliefs

over quality are not less likely to seek treatment for children, and those that do not update
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Table 11:
Effects of Institutional Delivery and Belief Revision on Future Treatment of Sick Children

Prior: Measure 1 Prior: Measure 2

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

Institutional Delivery × Revise Down 0.019** 0.019 0.021 0.011 -0.001 -0.016
(0.008) (0.044) (0.046) (0.009) (0.046) (0.047)

Institutional Delivery × No Update 0.027*** 0.082* 0.074 0.048*** 0.092** 0.079*
(0.009) (0.045) (0.047) (0.009) (0.045) (0.045)

Institutional Delivery × Revise Up 0.056*** 0.081* 0.066 0.059*** 0.103** 0.070
(0.010) (0.048) (0.051) (0.010) (0.046) (0.048)

Months Since Last Birth 0.000 -0.000
(0.001) (0.001)

Illness is Severe 0.166*** 0.164***
(0.005) (0.005)

Obs. 36,300 36,305 36,044 30,995 30,995 30,783

Instrument for Institutional Delivery No Yes Yes No Yes Yes
Includes Household Characteristics Yes Yes Yes Yes Yes Yes
Month and State Fixed Effects Yes Yes Yes Yes Yes Yes

p-value for Test of Coefficient Equality:
Revise Down and No Update 0.636 0.003*** 0.011** 0.002*** 0.000*** 0.001***
Revise Down and Revise Up 0.002*** 0.006*** 0.042** 0.000*** 0.000*** 0.001***
No Update and Revise Up 0.011** 0.980 0.756 0.403 0.660 0.703

Estimates in columns 1 and 4 by probit; all others by a fully interacted system of equations and MLE assuming
bivariate normality of error terms. Parameter restrictions are imposed on all variables except for interaction
terms such that coefficients of control variables are equal across equations. Institutional delivery is instrumented
with the existence of JSY at the time of most recent childbirth. Main equation dependent variable: dummy for
receiving treatment conditional on being sick. Individual and household characteristics include: dummies for SC,
ST, BPL status, having insurance, and rural/urban status; a set of dummies for wealth quintiles; mother’s age;
distance to facilities; and years of education of the household head. Coefficients are marginal effects with robust
standard errors listed in parentheses. *** p < 0.01, ** p < 0.05, * p < 0.1.

are significantly more likely. Thus regardless of one’s perception over quality, the probability

of future use is (weakly) higher for everyone that utilized institutional delivery, implying that

women internalize payment of one-time experience costs after facility use. Further, the mag-

nitude of the effect for those that weakly revise up beliefs over quality is significantly larger

than for those that revising down in all of the instrumented specifications. With the full

set of controls in columns 3 and 6, the 4.5 and 8.6 percentage point differences, respectively,

between revising up and revising down are statistically different at the 95 percent confidence

level (p-value=0.042 and 0.001). Since women who have relatively high signals have a higher

probability of utilizing institutional treatment than those who have relatively low signals over

facility quality, learning about quality also appears to impact health-seeking behavior.

While individuals may have internalized paying one-time experience costs after institu-

tional delivery, it is true that many of these women would have visited health care facilities

earlier in their lives, and thus already paid these costs in the past. In this case, institutional

delivery should not have as strong of an effect on their behavior. Further, those who vis-

ited facilities in the past should have a better defined belief over facility quality, lessening
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the importance of one’s recent visit for childbirth for their belief formation. We therefore

compare the effect of institutional delivery on future treatment probabilities for those that

had previously visited a health facility and those that did not. We use data on pre-natal

care visits or other facility visits during pregnancy to define previous experience. The first

half of Table 12 shows that institutional delivery raises the probability of future treatment

of sick children by 8.4 percentage points for those that had not been to a facility before. No

differential effect exists, however, for those with previous facility experience.

Since medical care is costly, it is possible that persistence in facility treatment also

occurs due to an income effect. Illnesses we analyze in the second period occur on average

nearly 20 months after childbirth, though we test for an income effect by comparing women

who gave birth before and after cash incentives were increased in low states in November

2006. For an income effect to be present, those who delivered after late 2006 should be more

likely to finance future medical needs at institutions. The second half of Table 12 compares

future treatment probabilities for those giving birth before and after late 2006. We find the

marginal effects of institutional delivery on future treatment are no different for the early

and late birth cohorts. This casts doubt on income effects being responsible for the results

seen in Tables 8-11.

Table 12:
Experience Costs and Income Effects (Treatment of Children)

Experience Costs Income Effects

Previously Didn’t Previously
Covariates Visited Facility Visit Facility Pre-Nov. 2006 Post-Nov. 2006

Institutional Delivery 0.007 0.084** 0.040 0.030
(0.038) (0.042) (0.051) (0.029)

Months Since Last Birth -0.000 -0.000 0.007*** 0.003**
(0.001) (0.001) (0.002) (0.002)

Illness is Severe 0.163*** 0.177*** 0.178*** 0.092***
(0.004) (0.005) (0.005) (0.036)

Obs. 39,682 29,207

Instrument for Institutional Delivery Yes Yes
Includes Household Characteristics Yes Yes
Month Fixed Effects Yes No
State Fixed Effects Yes Yes

p-value for Test of Coefficient Equality:
Previously and Didn’t Previously Visit .000***
Pre Nov. 2006 and Post Nov. 2006 0.361

Estimates by a fully interacted system of equations and MLE assuming bivariate normality of error terms. Parameter
restrictions are imposed on all variables except for interaction terms such that coefficients of control variables are equal
across equations. Institutional delivery is instrumented with JSY’s existence at the time of most recent childbirth. Main
equation dependent variable: dummy for receiving treatment conditional on being sick. Individual and household charac-
teristics include: dummies for SC, ST, BPL, having insurance, and rural status; dummies for wealth quintiles; distance to
facilities; mother’s age; and household head’s years of education. Coefficients are marginal effects with robust standard
errors listed in parentheses. *** p < 0.01, ** p < 0.05, * p < 0.1.
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An alternative interpretation of these results relates to expectations of admission prob-

abilities. By definition, anyone who delivered in a formal medical facility was admitted by

facility staff and was not refused to be seen. In many Indian contexts some people, partic-

ularly the poor and lower caste groups, are apprehensive about utilizing formal institutions

for fear of being discriminated against. Having a successful birth in a facility may simply

make these women revise up their expectations about being admitted again, increasing the

probability they opt for formal treatment in the future. If our measure of signals and priors

incorporates this aspect of expectations then our interpretation of the results holds. Other-

wise, what we attribute to paying one-time experience costs may in part be this alternative

aspect of learning. Nonetheless, we take these results as evidence that institutional delivery

induced by JSY has lasting positive effects on women’s use of formal medical care in India.

7 Conclusion

Understanding the long-term impacts of conditional cash transfer programs is of partic-

ular importance to policymakers and researchers. While financial incentives have been shown

to have strong short-term effects on health, the welfare benefits of conditional cash transfer

programs are enhanced if adopted behaviors persist when subsidies end. We find in the case

of JSY that subsidized use of institutional delivery affects unsubsidized behaviors; women

who give birth in formal medical facilities are more likely to seek care in formal facilities

again when their children are ill later in life.

We explore three potential mechanisms for why facility choice in one period may affect

future choices, including paying one-time fixed costs of facility use, learning about quality,

and income effects. Our empirical results suggest that in this context persistence in health-

seeking behavior is driven both by paying one-time experience costs and through learning

about facility quality. Finding that any mechanism is present is encouraging if it means

that people are more likely to participate in the formal health care sector, and our results

indicate that both demand- and supply-side initiatives can improve health care utilization:

subsidizing fixed costs makes it more affordable for a household to utilize a product or service

again, but households will also respond to the relative quality of health facilities while making

treatment decisions.

We do not find that women are more likely to seek formal treatment for their own

ailments after previous facility use. If unequal expenses for treating sick children and adults

are leading to these differential effects, then short-term subsidies for health may only have

long-term impacts in select contexts and for relatively inexpensive services.

Corruption, political disagreements, and budgetary bottlenecks often impede swift pro-
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gram adoption at the local level. We find that JSY did not become operational on average

at the district level for nearly two years after the Central government formally launched the

initiative. Awareness of why these delays occur may help policymakers design better pro-

gram rollout. In this setting, however, apart from a small but significant positive correlation

between the presence of female politicians in a district and program adoption, we show the

timing of JSY’s implementation within states to be orthogonal to many factors that may also

influence health care utilization.

One important limitation to this paper is that that in the DLHS-III we only observe a

birth outcome and then illnesses in the three months preceding a woman’s interview, but not

a complete history of all health facility visits and illness episodes. Individuals may gather

information from a larger set of outcomes and experiences which we do not observe. Further,

the process of learning about facility and clinician quality is not instantaneous and households

may not learn much after only one provider visit. Thus observing a more complete panel of

health episodes along with treatment choices would strengthen our ability to examine effects

of learning on health-seeking behavior. Previous work has also highlighted effects of social

learning in health care and other contexts. Signals may not be entirely private information,

but individuals likely learn about heath care facilities from members of their social network.

Examining whether social learning is present in this context is one avenue for future research

which we plan to explore.
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8 Appendix

8.1 Comparative Statics on Delivery Location Probabilities

In section 4.2 we show the probability of choosing alternative j for childbirth equals:

Pr(w1
ijd = 1) =

e
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where vtijd = γtidµijd − ctijd − λtjd(wt−1
id ). In section 4.3 we list a number of model predictions,

and provide here the functional form of the derivatives given in these predictions. We show

derivatives for
∂Pr(w1

id=1)

∂(·) (change in probability of public delivery) only (and omit subscripts

i and d for ease of exposition), though the derivatives for j = {2, 3} are calculated similarly.
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> 0 ⇐⇒ 1(eligible) = 1(exist1) = 1.

Prediction 2.

∂Pr(w1 = 1)

∂µ1

=
γ1ev1

1

(∑3
j=1 e

v2
j (w1=1)

)δπ[
ev1

2

(∑3
j=1 e

v2
j (w1=2)

)δπ
+
(∑3

j=1 e
v2
j (w1=3)

)δπ][∑3
j=1 e

(
v1
j+δπ ln

[∑3
k=1 e

(v2
k
(w1))
])]2 > 0.

Prediction 3.
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j+δπ ln

[∑3
k=1 e

(v2
k
(w1))
])]2×

{
ev1

2
( 3∑
j=1

ev2
j (w1=2)

)δπ[
ln(ev2

1(w1=1) + ev2
2(w1=1) + 1)− ln(ev2

1(w1=2) + ev2
2(w1=2) + 1)

]
+
( 3∑
j=1

ev2
j (w1=3)

)δπ[
ln(ev2

1(w1=1) + ev2
2(w1=1) + 1)− ln(ev2

1(w1=3) + ev2
2(w1=3) + 1)

]}
> 0 ⇐⇒

(
v2

1(w1 = 1) > v2
1(w1 = 2)

)
or
(
v2

2(w1 = 1) > v2
2(w1 = 2)

)
⇐⇒ (γ2µ1 − c2

1 > γ2µ1 − c2
1 − λ2

1) or (γ2µ2 − c2
2 > γ2µ2 − c2

2 − λ2
2)

⇐⇒ λ2
1 > 0 or λ2

2 > 0.
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8.2 Specifics on Mean-Shift Estimation of District-Level Start Dates

We estimate the month JSY began in each of India’s districts using a mean-shift model

(Bai (1994); Munshi and Rosenzweig (2013)). Unlike Maximum Likelihood techniques to

estimate a structural change-point, we apply least squares because it does not assume any

underlying distribution of the error term and is computationally simple (Bai (1994)). For

each district we allow the set of possible start dates to range from the month that the district’s

state officially constituted District Health Societies by approving the NRHM’s Bylaws (τ = 0,

between May 2005 and March 2006) to the last month of birth history data for women in that

district (τ = T , between December 2007 to December 2008). The change-point is identified

as the date which yields the largest mean-shift in receipt of JSY funds out of all possible

dates. We test the null hypothesis of no structural change (no program exists) versus the

alternative hypothesis that the program is present by estimating, separately for each district

and each τ ∈ (0, T ), the following equation:

yit = β0 + β1Diτ + β2(Post-Nov 2006)it + β3Ruralit + εit. (8.1)

Here yit is an indicator variable equal to 1 if woman i received a cash transfer for delivery in

birth month t. The DLHS-III asked women whether they received any government financial

assistance for delivery under JSY or any state-specific scheme. This wording about state-

specific schemes was included since JSY took local language names in some states, but it

also induced positive responses for people that received funds under the NMBS. As a result,

4.4 percent of women report receiving a transfer before April 2005. The monthly percent of

women reporting this is constant, however, up through April 2005. Since there were no other

maternal benefit schemes initiated at this time, any uptick in positive response rates to this

question we attribute to JSY becoming operational. Diτ is an indicator variable equal to 1 if

birth month t is on or after the hypothetical JSY start date τ . Post-Nov 2006it is a dummy

variable equal to 1 if the birth month is on or after November 2006, where we condition on

the early and late stages of the program to ensure that the start date is not selected due

to eligibility and incentive changes at this time. This allows the change-point to be selected

as the date with the largest shift in receipt of the cash transfer independent of changes to

the program’s configuration. Ruralit is an indicator variable equal to 1 if the woman giving

birth lives in a rural area of her district, which is added because JSY incentives differed by

rural/urban status, thus helping avoid picking up regional compositional changes in births

within a district over time. Finally, εit is a mean-zero, i.i.d. disturbance term.

Let t be the true district-level start date. To derive the least squares estimate of t, t̂,

we estimate equation (8.1) for all τ ∈ (0, T ). t is then estimated by minimizing the residual
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sum of squares among all possible sample splits. That is, the least squares estimate of t is:

t̂ = argminτ
[
RSS(τ)

]
,

where RSS(τ) is the residual sum of squares when equation (8.1) is estimated with the

assumed start date τ . Intuitively, equation (8.1) will best fit the data when t = τ .

To test the statistical significance of the estimated dates, consider the null hypothesis

that any hypothetical start date is equal to the true start date against the alternative hy-

pothesis that only the estimated start date is equal to the true start date. When the data

generating process is consistent with equation (8.1), t is consistently estimated by t̂ (see The-

orem 1 of Hansen (2000)). Following Hansen (1999), we test this null hypothesis against the

alternative using a likelihood ratio test. The test statistic is calculated as follows:

LRT (τ) =
RSS(τ)−RSS(t̂)

RSS(t̂)
×N.

The null hypothesis is rejected when the hypothetical start date is sufficiently far from the

true program start date; that is, when LRT (τ) exceeds a critical value. Under the null the

change-point cannot be identified, so the likelihood ratio test does not have a standard χ2

distribution. Hansen (1999) derives the asymptotic distribution of LRT (τ) and corresponding

critical values. Mechanically, LRT (τ) = 0 when τ = t̂. If the change-point is estimated

precisely, LRT (τ) will increase quickly as the distance between τ and t̂ increases. The range

of hypothetical start dates close to the estimated start date t̂ for which LRT (τ) is less than

the 5 (10) percent critical value therefore defines the 95 (90) percent confidence interval for

the district-level start date.

Figure A2 plots the mean LRT (τ) across all districts for each hypothetical district-level

program start date within two years of the chosen start date. The value 0 on the horizontal

axis represents the month that corresponds to t̂, and positive (negative) values represent

the number of months after (before) that date. The mean LRT (τ) decreases sharply when

the hypothetical start date approaches 0 from either side. The horizontal lines at 7.35 and

5.94 correspond to the 5 and 10 percent critical values, respectively, which allows us to place

statistical bounds on the average estimated start date. Using a 95 percent confidence interval

these bounds are [-3,2], while with a 90 percent confidence interval they are [-2,1]. If we weight

the mean LRT (τ) by the number of births in each district the bounds become even more

precise; [-2,2] and [-1,1] for 95 percent and 90 confidence intervals, respectively. Thus, on

average across all districts the structural break is relatively well estimated.
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8.3 Mean-Shift in Institutional Delivery and Composition of Mothers

For results from the estimated start dates to be consistent with the story that districts

implemented JSY at the estimated change-point date, the percent of women choosing institu-

tional births should also increase discontinuously at these dates. As noted above, low states

experience a more noticeable increase in institutional births in the aggregate relative to high

states. Nonetheless, both state types experience a rise in benefit recipients. This indicates

that many women in high performing states who began receiving benefits were the types

of women who would have chosen institutional delivery in the absence of JSY, but began

receiving benefits because they met the eligibility criteria. If the number of these “always

takers” dominate the number of “compliers,” the patterns seen in the data will prevail.

We re-estimate equation (8.1) now with yit as an indicator variable equal to 1 if mother

i delivers her child in either a public or private facility at time t, and equal to 0 if the delivery

occurs at home.22 We run a separate regression for each district and for all τ ∈ (0, T ). We

calculate a likelihood ratio statistic for the τ -ith regression where t̂ is the same month as

was estimated as the change-point month from (8.1). That is, we hold fixed the estimated

JSY start date from before, and calculate the test statistic for each month relative to that

date. Appendix Figure A3 shows the average test statistic across districts by state type.

As expected the values are small and insignificant for high performing states. While receipt

of JSY benefits increased in these states, institutional deliveries did not. However, the test

statistic does become significantly different from zero for low performing states, although

LRT (τ) does not decline as steeply as the relative start date approaches zero relative to

Figure A2. Changes in program benefit receipts would have begun prior to an increase

in institutional deliveries because “always takers” began receiving benefits as soon as the

program commenced. On the other hand, it would take some time for those who were

encouraged to utilize health facilities for delivery to start doing so, particularly since it would

take time for women to learn about JSY. Thus any change in institutional delivery rates would

be more gradual than benefit receipt rates, resulting is the bounds placed on significant values

of LRT (τ) with respect to institutional delivery to be wider.

We also verify that the rise in receipt of the cash transfer is not driven by changes in the

composition of mothers giving birth. To alleviate this concern, we re-estimate equation (8.1),

but now with yit equal to eight different variables related to mothers’ socio-economic charac-

teristics.23 These characteristics include: years of education of the household head; mother’s

age at birth; indicator variables equal to 1 if any member of the household has medical in-

surance, the household lives in a rural locality, the household is a member of a scheduled

22The indicator variables for Post-Nov 2006 and Rural are excluded from this estimation.
23The indicator variables for Post-Nov 2006 and Rural are excluded from this estimation.
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caste, scheduled tribe, or has BPL status; and the DLHS-III wealth index score. We run

a separate set of regressions for each of these characteristics and for each district for all

τ ∈ (0, T ), calculating a likelihood ratio statistic for the τ -ith regression where t̂ is the same

month as was estimated as the change-point month. Appendix Figure A4 depicts the district

average likelihood ratio test statistic for each of these dependent variables. The average test

statistics increase only slightly as the relative break month increases or decreases from zero,

and they do not become significantly different from zero for any of the characteristics. This

is in contrast to Figure A2 where receipt of cash transfers changed discontinuously at the

estimated JSY start date. We conclude that underlying compositional change in the types

of women giving birth are not driving results from the mean-shift model.

8.4 Insignificance of Some Estimated District-Level Start Dates

Figure A2, which plots the mean LRT (τ) across all districts, shows that estimated

JSY start dates are on average estimated relatively precisely. This is not the case, however,

for all districts individually. Using a 90 percent confidence interval 197 out of 581 districts

(33.9 percent) do not see a statistically significant change in the percent of women receiving

maternal delivery benefits over time (i.e., the LRT (τ) for these districts are always below

the 90 percent confidence bandwidth). Three plausible explanations for this are: (1) the

program truly was not implemented in these districts; (2) these districts are small and so even

moderate-sized changes in receipt percentages over time will not be statistically significant

changes; or (3) the program was implemented but women did not receive benefits due to poor

management of funds or lack of knowledge by health personnel.

The first possible reason does not seem to hold. District hospitals, community health

centers (CHCs), and primary health centers (PHCs) were asked in the DLHS-III how many

women were beneficiaries under JSY in the last month.24 Only 2 of these 197 districts did not

have any reported beneficiaries in the month prior to being interviewed. The second reason

is also unlikely. These 197 districts recorded an average of 323.5 births per district from 2004

to 2007 in the DLHS-III, while the remaining 384 districts averaged 347.3 births (difference

in means p-value=0.060). However, this difference over the course of 4 years corresponds to

a monthly difference of only approximately 0.5 births. It is thus unlikely that such a small

deviation is driving the lack of significance of the LRT (τ) in these districts.

24These are the principle public facilities a women would utilize to avail JSY benefits. India’s public
health system is comprised of rural-based sub-centers, primary health centers (PHCs), community health
centers (CHCs), and urban-based district hospitals. Sub-centers are the most peripheral facilities providing
communities with basic care. PHCs have slightly more capacity than sub-centers and provide curative and
preventive care while acting as referal units for sub-centers. CHCs are small hospitals staffed with various
medical doctors and equipped with surgical, labor, and x-ray facilities. Medical staff at district hospitals
oversee activities at sub-centers, PHCs, and CHCs.

48



What is more likely is the third proposed reason, where JSY became operational but

program funds were not distributed to households to the extent that they should have been.

Many studies have documented low payment rates to eligible mothers. A March 2008 report

by the Comptroller and Auditor General cites that during the fiscal years 2006-07 and 2007-

08 only 57.5 and 82.0 percent, respectively, of women conducting institutional births received

JSY funds. The United Nation Population Fund finds that only 64.8 percent of eligible

mothers received the JSY transfer in 2008. There is plausibly variation in these percentages

even within states. Therefore the lack of a significant structural break in the percent of

women receiving benefits may be due to the receipt percentage being suppressed by program

mismanagement and budgetary bottlenecks in certain districts. Based on this evidence, we

use the estimated district-level program start dates from the mean shift model regardless of

whether or not the estimated break date is significantly different from all other dates.

8.5 Description of Potential Factors Affecting Program Start Dates

Here we further motivate the inclusion of the seven categories of factors we identify as

plausibly correlated with both JSY program adoption and mothers’ use of medical facilities.

First, the NRHM intends to focus on regions most in need of development. We therefore

may expect districts which had very low institutional delivery rates before the program to be

the first to implement. Socio-economic characteristics also could have influenced the timing;

rural and poorer districts may have been targeted first, but they also may have taken longer

to receive the program if the necessary infrastructure is less developed in these areas.

Third, the availability of medical facilities may have influenced program adoption. Dis-

tricts with high patient capacity at public facilities likely were better equipped to begin a

program that would increase demand for such facilities. Alternatively, high capacity at pri-

vate hospitals could indicate people’s preference for private medical care, dissuading local

officials from rushing to implement JSY. Along similar lines, a fourth category of factors

is people’s preferences for health investments. Sorting yields higher variance of preferences

across districts than within districts, and a population that values health relatively little may

take longer to make the cash transfer available (Tiebout (1956); Epple and Sieg (1999)). We

use three measures of a district’s relative preference for heath investments: the percent of

households that regularly treat their drinking water; the percent of villages that have formed

a Village Health & Sanitation Committee (VHSC); and the percent of villages that discussed

health related issues at Gram Sabha meetings in the prior year.25

25In an effort to address local needs of communities the NRHM ordered the formation of VHSCs in each
village under the Panchayat Raj Institution. The Panchayat Raj is a system of local governance in which
leaders are democratically elected. VHSCs have the role of developing a Village Health Plan, maintaining
registers on health initiatives, providing feedback to relevant officials regarding health related issues in the
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A fifth hypothesis is that the decision to adopt the program was affected by the extent

of district-level ethnic fractionalization. A large literature exists on the inverse relationship

between ethnic fragmentation and the quantity of public goods provided by local governments

(see, e.g., Alesina et. al. (1999); Miguel and Gugerty (2005); and Banerjee et. al. (2005)).

While all districts were mandated to offer JSY benefits to eligible mothers, the decentralized

nature of the program gave local authorities freedom over its implementation. Therefore,

district-level ethnic diversity coupled with this freedom could be related to local leaders’

willingness to offer the program as soon as possible. Since caste-affiliations play a strong role

in local politics and program benefits were directed towards low-caste women, higher ethnic

diversity could result in districts taking longer to coordinate the organization of District

Health Societies, and therefore implement JSY.

A sixth category relates to the role of gender in affecting public good distribution and

the actions of local governments. Chattopadhyay and Duflo (2004) show that the mix of

public goods conforms more closely to the preferences of women when women are Panchayat

heads. Clots-Figueras (2011) finds that female politicians in seats reserved for scheduled

castes and tribes invest more in health and early education while favoring women-friendly

laws. Since JSY is a program targeted to women it is plausible that districts with more

female politicians were faster at its implementation. We test this using data on the gender

composition of MLAs at the time each state approved the NRHM’s Bylaws and ordered the

formation of State and District Health Societies.

Finally, we consider political party affiliation among MLAs. The NRHM is one of the

Central government’s flagship development programs over the last decade, and since 2004

the Center has been controlled by the Indian National Congress (INC).26 It is plausible

that districts which are also dominated by the INC were faster at implementing its own

party’s program. For example, Ansolabehere and Snyder (2006) find that governing parties

of US states skew the distribution of funds in favor of counties that provide them with the

strongest electoral support (see, also, Shleifer and Vishny (1994)). Alternatively, non-INC

politicians in districts with a strong opposition presence may purposefully have obstructed

the implementation of INC legislation in order to undermine their opponent. Either story

would indicate a higher proportion of INC MLAs should result in faster program adoption.

village, and creating awareness about health services and entitlements. The Gram Sabha is a constitutional
body consisting of all persons registered in the electoral rolls of a village Panchayat with the responsibility
of holding (at least) semiannual meetings for people in the village to discuss common issues.

26The INC lists the NRHM as one of its major accomplishments in a manifesto to voters during the 2009
parliamentary elections (INC (2009)). We recognize that Indian politics is comprised of coalitions of parties
as opposed single party control. The makeup of these coalitions varies across both regions and time. For
simplicity we limit our focus to analyzing whether or not a MLA is a member of the INC or the same party
as his/her state’s Chief Minister and do not consider possible coalitions of parties.
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8.6 Description of Discrete-Time Hazard Model with Non-Linear Spline

To assess which of the factors presented in section 8.5 are correlated with JSY im-

plementation dates we estimate a discrete-time hazard model of the probability of program

adoption that allows for duration dependence. Consider the hazard rate (probability of im-

plementing JSY), Pr(t,Xd), as the likelihood that a district adopts JSY in the t-th month

after already having gone t − 1 months without implementation. Covariates Xd summarize

the demographic, infrastructural, and political factors mentioned above of district d at t = 0.

We specify the following logistic probability model:

Pr(t,Xd) =
e[Xdβ+f(t,α)]

1 + e[Xdβ+f(t,α)]
, (8.2)

where β is a parameter vector and f(t, α) is a spline function determining properties of dura-

tion dependence. Traditional non-linear probability models assume duration independence.

However, this assumption is violated if a district’s action in one month is dependent upon its

previous actions. Splines allow for a smoothed baseline hazard probability over predetermined

intervals, and estimated coefficients on the spine intervals help trace out the path of duration

dependence. Implicit in conventional spline models is a tradeoff between smoothness and

goodness-of-fit. Increasing the number of polynomial functions improves the goodness-of-fit,

but non-differentiability at the boundaries requires sacrificing smoothness. Further, limiting

the number of intervals or the order of the polynomial functions yields a smoother curve but

diminishes the capabilities of detecting complicated forms of duration dependence.

Following MaCurdy et al. (2014), we specify f(t, α) as:

f(t, α) =
J∑
j=1

[
Φj−1(t)− Φj(t)

]
· αj, (8.3)

where Φj(t) represents the CDF of a normal random variable with mean µj and variance σ2
j ,

and αj denotes a parameter vector. The functional form of the splines in equation (8.3) allows

for αj to represent f(t, α) over only a specified range of t. We set J = 4 (four intervals), and

select values for µj and σj such that Φ0(t) = 1 and Φ4(t) = 0. In order to have a good fit,

we set µ1=10 months, µ2=18 months, and µ3=26 months, with the corresponding standard

deviations equal to 3, 2, and 2, respectively. These values for µ imply that the intervals are

[0,10], [10,18], [18,26], and [26,39], where 39 months is the longest time any district takes to

adopt JSY. Results are fully robust to estimating the logit model with different spline values

for µ and σ. Appendix Figures A5 and A6 show that the logit specification with splines

fits the raw data well, but the model without splines over- and under-predicts the adoption
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probability over various time intervals. The non-monotonicity of duration dependence is

evident in both figures; while the model without the spline function predicts a globally

decreasing probability of adoption, the model with the spline allows for both increasing and

decreasing probabilities over different time intervals.

8.7 Alternative Explanations for Changes in Institutional Delivery Rates

We explore two alternative explanations for changes in institutional delivery rates that

are unrelated to JSY cash incentives. We show that compositional changes in the attributes

of mothers, as well as district-level characteristics, are uncorrelated with the timing of JSY

implementation. Regression results shown in Tables 4-6 include state and month fixed effects

which help limit omitted variable bias from unobserved factors which vary across regions and

time. These facts make it unlikely that some factor other than JSY is driving the results in

section 6.1. Nevertheless, we consider here two alternative explanations.

8.7.1 Changes in Quality of Home Delivery

One possibility is that poor quality of care by mid-wives and traditional home-birth

attendants caused women to opt for institutional delivery. For this story to be consistent

with the aforementioned results, quality would have to have fallen in low performing states

with little to no change in high performing states, and done so at the same time as increases

in usage of public facilities. Figure A7 depicts changes in the quality of care for assisted

home deliveries. Three measure of quality are shown: the percent of newborns that are

immediately wiped dry and wrapped; the percentage of birth assistants that use a new or

sterilized blade to cut the umbilical cord; and the percentage of birth assistants that use

a disposable delivery kit.27 Overall, these procedures/instruments were are utilized 58, 93,

and 18 percent of the time, respectively. However, rates remain constant over the relevant

period with no discontinuous changes. These quality measures change neither in high nor

low performing states at the time of large increases in institutional deliveries. Furthermore,

this hypothesis is unable to explain the small reduction in delivery rates at private medical

facilities. We thus conclude that quality of care of home deliveries is not a viable explanation

for our results.

8.7.2 Changes in Supply of Public Facilities

It is also reasonable to think that utilization of public medical facilities for child delivery

increased due to increased capacity of these facilities. Although India’s public health system

27Disposable delivery kits vary in contents but typically contain waterproof sheets, disposable gloves, soap,
towels, a mucus extractor, condoms, oral contraceptive pills, and iron tablets.
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is intended to provide access to rural communities throughout the country, many remotely

located villages do not have access to public health care. In 2008 only 40.8 percent of villages

sampled in the DLHS-III had a sub-center located within the village, and villages without

them were on average 6 kilometers away from the nearest one. Part of the NRHM is aimed at

addressing this lack of universal access by constructing new facilities in under-served areas,

as well as focusing on upgrading poorly maintained facilities. With these efforts occurring

around the same time as the introduction of JSY, it is possible that an increased supply of

public facilities is leading to rising rates of institutional delivery.

We calculate the district-level number of PHCs, CHCs, and district hospitals per 1

million people from 2000 to 2008, as well as the number of labor beds per capita. These three

facility types comprise 95.2 percent of all deliveries in public facilities. Figure A8 depicts the

average across districts separately for high and low performing states. For this supply-driven

hypothesis to hold, supply of public facilities would need to increase discontinuously at the

same time that the rate of public deliveries rose in the end of 2006, and more so in low states

than high states. The figure’s top three panels show the number of facilities per capita. The

number of PHCs and CHCs increases slightly each year over the sample period, but there are

no noticeable discontinuities. Yearly increases occur from 2000 through 2005, yet as we have

seen institutional delivery rates do not change over this period. District hospital availability

remains fairly constant over the time period. The bottom three panels depict number of

labor room beds per capita. There is a small increase in per capita PHC labor beds in low

states in 2007 and 2008. However there is a similarly sized increase in per capita district

hospital labor beds in high states in 2006 and 2007. If the uptick in PHC beds resulted in

the large increases in public facility deliveries, we would also expect the uptick in district

hospital beds to cause a rise in public deliveries. This,, however is not the case.

While we do not have intertemporal data on private facility capacity, the inclusion

of month fixed effects in the earlier analysis helps control for aggregate changes in private

capacity over time. Further, changes in private facility capacity are unlikely to induce women

to switch from home births to delivery at public institutions.
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Appendix Tables and Figures

Table A1:
Calculation of Priors and Signals of Facility Quality

Priors Signals

Question, Response Measure 1 Measure 2 Measure

Why didn’t you go to a facility Complications arising during delivery
for pre-natal care or delivery?
Cost too much 0 0 Premature Labor 0
Too far/no transport/no time to go 0 0 Breech Presentation 0
Not Customary, Family didn’t allow 0 0 Excessive bleeding -1
Lack of knowledge 0 -1 Prolonged labor (12+ hours) -1
Not necessary -1 -2 Obstructed Labor w/o assisted delivery -1
Poor quality service -2 -3 Convulsions/eclampsia -1

Was sufficient time given to you Which services/advice were provided during
for your pre-natal care visit? your checkup within 48 hours of delivery?
Enough time 1 2 Abdomen examined 1
Somewhat enough time 0 0 Advice on breastfeeding 1
Not enough/Hurriedly -1 -2 Advice on baby care 1

Nutrition advice 1
Which services and information were Advice on family planning 1
provided at your pre-natal care visits?
Blood tested 1 1
Sonogram/ultrasound done 1 1
Delivery date told 1 1
Nutrition advice 1 0
Advice on need for cleanliness at delivery 1 0
Need for institutional delivery 1 0

Who motivated you to go to a
facility for pre-natal care or delivery?
Self or relatives 2 0
Doctor, health worker 1 0

Priors are measures of womens’ beliefs over medical facility quality, relative to quality of care for home treatment, and are not facility-specific.
Responses associated with relatively poor (high) facility quality receive negative (positive) point values, while those that do not speak directly
to facility quality we treat as uninformative (zero value). Point values are aggregated across questions.
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Table A2:
State-Wise Approval Dates of National Rural Health Mission By-Laws

State State Type Approval Date

Karnataka High May 2005
Haryana High July 2005
Tripura High July 2005
Uttarakhand Low July 2005
Madhya Pradesh Low August 2005
Uttar Pradesh Low August 2005
Chhattisgarh Low September 2005
Gujarat High September 2005
Rajasthan Low September 2005
Arunachal Pradesh High October 2005
Assam Low October 2005
Maharashtra High October 2005
West Bengal High October 2005
Meghalaya High November 2005
Mizoram High November 2005
Punjab High November 2005
Sikkim High November 2005
Andhra Pradesh High December 2005
Jammu Kashmir Low December 2005
Manipur High December 2005
Orissa Low December 2005
Bihar Low January 2006
Goa High February 2006
Jharkhand Low February 2006
Tamil Nadu High March 2006
Kerala High Unknown

Source: Ministry of Health and Family Welfare, Gov-
ernment of India, http://nrhm.gov.in.

Table A3:
Effect of JSY on Changes in Public Facility Quality

Covariates (1) (2)

No. of Months of JSY’s Existence in the District -0.001 -0.000
(0.001) (0.001)

Constant -0.017 -0.029***
(0.030) (0.010)

Obs. 362 362

R-Squared 0.005 0.545

State Fixed Effects No Yes

Estimates by OLS. Dependent variable: difference between district-level public facility quality at SCs,
PHCs, CHCs, and district hospitals from the DLHS-II (2003) and DLHS-III (2007-08). Quality is
measured as an index of infrastructure, personnel, and supplies, including: presence of obstetricians,
surgical and medical specialist, and pediatricians; regular water and electricity supply; biohazardous
disposal methods; a pharmacy; cleanliness of wards, patient rooms, and the premises; and regular
supply of medications including oral pills, tetanus vaccinations, iron and folic acid pills, and oral re-
hydration salts. Standard errors, which are clustered at the state level, are listed in parentheses. ***
p < 0.01, ** p < 0.05, * p < 0.1.
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Figure A1:
Map of Indian Districts: Delay in JSY Adoption After April 2005

Figure A2:
Average Likelihood Ratio Statistic (Change in Receipt of Cash Transfer)
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Figure A3:
Average Likelihood Ratio Statistic (Change in Rate of Institutional Delivery)

Figure A4:
Average Likelihood Ratio Statistic (Change in Mothers’ Characteristics)
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Figure A5:
JSY Adoption Probability by No. of Months After State’s Adoption of NRHM

Figure A6:
Cumulative Probability of Adopting JSY by No. of Months After State’s NRHM Adoption
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Figure A7:
Quality of Care for Home Deliveries

Figure A8:
Supply of Public Medical Facilities (District Average)
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