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Abstract 

The economic rationale for public intervention into private markets through price 

mechanisms is twofold: to correct market failures and to redistribute resources. Financial 

incentives are one such price mechanism. In this dissertation, I specifically address the 

role of financial incentives in providing social goods in two separate contexts: a 

redistributive policy that enables low income working families to access affordable 

childcare in the US and an experimental pay-for-performance intervention to improve 

population health outcomes in rural India. In the first two papers, I investigate the effects 

of government incentives for providing grandchild care on grandmothers’ short- and 

long-term outcomes.  In the third paper, coauthored with Manoj Mohanan, Grant Miller, 

Katherine Donato, and Marcos Vera-Hernandez, we use an experimental framework to 

consider the the effects of financial incentives in improving maternal and child health 

outcomes in the Indian state of Karnataka.  

Grandmothers provide a significant amount of childcare in the US, but little is 

known about how this informal, and often uncompensated, time transfer impacts their 

economic and health outcomes. The first two chapters of this dissertation address the 

impact of federally funded, state-level means-tested programs that compensate 

grandparent-provided childcare on the retirement security of older women, an 

economically vulnerable group of considerable policy interest. I use the variation in the 

availability and generosity of childcare subsidies to model the effect of government 

payments for grandchild care on grandmothers’ time use, income, earnings, interfamily 
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transfers, and health outcomes. After establishing that more generous government 

payments induce grandmothers to provide more hours of childcare, I find that 

grandmothers adjust their behavior by reducing their formal labor supply and earnings. 

Grandmothers make up for lost earnings by claiming Social Security earlier, increasing 

their reliance on Supplemental Security Income (SSI) and reducing financial transfers to 

their children. While the policy does not appear to negatively impact grandmothers’ 

immediate economic well-being, there are significant costs to the state, in terms of both 

up-front costs for care payments and long-term costs as a result of grandmothers’ 

increased reliance on social insurance. 

The final paper, The Role of Non-Cognitive Traits in Response to Financial 

Incentives: Evidence from a Randomized Control Trial of Obstetrics Care Providers in 

India, is coauthored with Manoj Mohanan, Grant Miller, Katherine Donato and Marcos 

Vera-Hernandez. We report the results from “Improving Maternal and Child Health in 

India: Evaluating Demand and Supply Side Strategies” (IMACHINE), a randomized 

controlled experiment designed to test the effectiveness of supply-side incentives for 

private obstetrics care providers in rural Karnataka, India. In particular, the experimental 

design compares two different types of incentives: (1) those based on the quality of inputs 

providers offer their patients (inputs contracts) and (2) those based on the reduction of 

incidence of four adverse maternal and neonatal health outcomes (outcomes contracts). 

Along with studying the relative effectiveness of the different financial incentives, we 
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also investigate the role of provider characteristics, preferences, expectations and non-

cognitive traits in mitigating the effects of incentive contracts. 

 We find that both contract types input incentive contracts reduce rates of post-

partum hemorrhage, the leading cause of maternal mortality in India by about 20%. We 

also find some evidence of multitasking as output incentive contract providers reduce the 

level of postnatal newborn care received by their patients. We find that patient health 

improvements in response to both contract types are concentrated among higher trained 

providers. We find improvements in patient care to be concentrated among the lower 

trained providers. Contrary to our expectations, we also find improvements in patient 

health to be concentrated among the most risk averse providers, while more patient 

providers respond relatively little to the incentives, and these difference are most evident 

in the outputs contract arm. The results are opposite for patient care outcomes; risk averse 

providers have significantly lower rates of patient care and more patient providers 

provide higher quality care in response to the outputs contract. We find evidence that 

overconfidence among providers about their expectations about possible improvements 

reduces the effectiveness of both types of incentive contracts for improving both patient 

outcomes and patient care. Finally, we find no heterogeneous response based on non 

cognitive traits.   
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Chapter 1: The Unintended Consequences of Informal 
Childcare Subsidies on Older Women’s Retirement Security 
Part 1   

1.1 Introduction  

 Grandparents, particularly grandmothers, provide a significant amount of 

childcare in the United States,1 but little is known about how this informal, and often 

uncompensated, time transfer impacts the economic and health outcomes of older 

American women.2 The implications of such transfers and the scope of the consequences 

are empirically important, as the number of Americans age 65 and over is expected to 

double by 2050 to nearly 89 million, while the projected costs of Medicare and Social 

Security are expected to reach 15 percent of GDP by the same year. This project uses a 

previously unexplored dimension of government-provided childcare subsidy policy to 

identify the causal impact of providing grandchild care on the economic and health 

outcomes of grandmothers. 

Federally funded childcare assistance, provided by states to families with young 

children earning up to 85% of state median income, can be used to compensate 

grandparent-provided childcare or, alternatively, to substitute market care in the place of 

grandparent care (Ho 2014). Childcare subsidies reduce or eliminate out-of-pocket costs 

                                                

1 Nearly a quarter of children under five were cared for by a grandparent in 2011 (Laughlin 2013). 
2 There is a large literature exploring the impact of raising grandchildren on grandparent physical and 
mental health, and labor market outcomes that finds largely negative correlations. (Wang and Marcotte 
2007; Blustein, Chan, and Guanais 2004). In this paper, I address the case of grandmothers who provide 
childcare but are not the primary guardians of their grandchildren.  
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for childcare, allowing low-income families with young children to participate in the 

labor market or in educational programs (Meyers, Heintze, and Wolf 2002; Washbrook et 

al. 2011; Tekin 2005). However, by subsidizing informal care at or near market rates, 

state subsidies may incentivize families to shift the burden of childcare to grandparents 

via informal care arrangements. Policy discussions often ignore the potential effects of 

childcare subsidies on long-term economic and welfare outcomes of the elderly.  

The direction of the effect will depend on the individual grandmother’s 

opportunity costs and formal labor force attachment, as well as the family’s preferences 

for childcare mode. Subsidized grandchild care may generate new income-earning 

opportunities for grandmothers, which would likely improve well-being (Black et al. 

2012) and might offset other government transfers to grandmothers, such as 

Supplemental Security Income (SSI). Alternatively, it could take altruistic grandmothers 

out of the (higher-paying) formal sector (Rupert and Zanella 2014), weakening their 

long-term economic welfare and raising long-term government costs for their support. 

Caregiving could also directly affect a grandmother’s physical or mental wellbeing by 

requiring constant physical strain while imposing social isolation or, conversely, provide 

her with stimulating and meaningful activity (Blustein, Chan, and Guanais 2004).  

State funding for means-tested childcare assistance comes primarily via the Child 

Care and Development Fund (CCDF), an $11 billion federal block grant that replaced a 

group of smaller federal grants during the welfare system overhaul of 1996.  Within 

broadly defined parameters, states have great flexibility in administering these funds. As 
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a result, there is significant heterogeneity in many dimensions of childcare subsidy 

policy, including eligibility requirements, co-pays and maximum reimbursement 

amounts. However, previous work has not exploited this state-year variation in potential 

payments to examine the effects of subsidy policy. In this and the following chapter, I use 

this heterogeneity to address two related empirical questions. First, how does the 

availability and generosity of subsidies shape the decisions of older women to provide 

grandchild care? Second, what are the causal impacts of subsidizing grandchild care on 

the formal labor supply, living arrangements, retirement security, and health outcomes of 

grandmothers?   

Ceteris paribus, grandmothers eligible for higher subsidies are more likely to 

commit a significant amount of time to taking care of their grandchildren (Doyle, 2007), 

even though reimbursement rates for legally unregulated informal care – the rates that 

apply to grandmothers and other relatives – are frequently far below minimum wage (Ho 

2014). Rates are as low as $175 per month for full-time care in Florida for a four-year-old 

or $0 in Massachusetts, which does not subsidize unregulated informal care. There are 

some notable exceptions, however, including Indiana, which reimburses legally 

unregulated informal care providers at the state minimum wage of $1,276 per month, 

regardless of how many children are in their care (Giannarelli, Minton, and Durham 

2012), and California, where the monthly rate for caring for three infants is over $2,000.  

Because labor market and caregiving decisions are interrelated (McGarry 2006; 

Weber 2011; Blau and Robins 1989; Wakabayashi and Donato 2006), the decision to 
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provide grandchild care and the effects of such caregiving are not straightforward to 

establish. For example, grandparents who provide childcare may be altruistically forgoing 

paid work in the formal labor market, or they may be choosing to provide grandchild care 

because of unattractive outside options. Similarly, grandparents who care for their 

grandchildren may be in poor health, but poor health may be the cause, rather than the 

consequence, of substituting childcare for formal work.  The direction of causality of 

relationships between health, formal labor market outcomes, and care provision is 

impossible to establish with cross-sectional or even longitudinal data on family behavior 

(McGarry 2006; Rupert and Zanella 2014). By contrast, studying these relationships in 

the context of differing incentives provided by childcare subsidies represents an advance 

over previous work in that: 1) it focuses on a caregiving role driven in part by 

government policy, and 2) the policy provides a set of natural experiments, which allow 

for an examination of the causal channels behind the relationships between caregiving, 

work, and well-being. However, this approach is not without its limitations. In particular, 

along with changing relative prices (leading grandmothers to substitute childcare for 

work), subsidizing childcare also shifts the budget constraint up, by increasing income at 

any given level of grandchild care. As a result, the policy has both an income and a 

substitution effect, which I am not able to separately identify.  

In addition to the social scientific value of determining relationships between 

care, income, and well-being, establishing the specific causal impact of subsidized 

grandparent-provided childcare on grandmothers is important for several reasons. State 
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childcare subsidy policy, which targets lower-income working families, may have 

spillovers through the family to another vulnerable demographic.  Women comprise the 

majority of caregivers, as well as the majority of the poor elderly in the US (Government 

Accountability Office[GAO], 2012).  Women 65 and older have, on average, less 

retirement income and have higher rates of poverty than men, and this disadvantage is 

due in part to the caregiving role they play over their lifetimes (McGarry 2006; 

Wakabayashi and Donato 2006). Women are more likely to rely solely on Social Security 

as their primary source of income in retirement and, likewise, make up the majority of 

elderly poor recipients of Supplemental Security Income (SSI) (GAO, 2008). Women 

nearing retirement age are also more likely to face age-based discrimination in hiring 

(Neumark, Burn, and Button, 2015)  and may have greater difficulty entering the labor 

force after time out for caregiving.  

If states direct federal block grant spending toward the use of grandparent care as 

a lower-cost alternative to formal care, thereby pulling low-skilled women in their fifties 

and sixties out of the formal labor force (Wakabayashi and Donato 2006), the federal 

government may end paying more money in the form of SSI or Medicaid outlays down 

the road. Additionally, state-determined childcare subsidy policy might be directly 

undermining federal initiatives to encourage older workers to postpone retirement. 

Quantifying these causal impacts is of policy importance, with regard to understanding 

both how work and family policies impact older women’s behavior and ability to finance 
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their retirement and how those behavioral changes translate to changes in costs at the 

state and federal level. 

To address this topic, I use longitudinal survey data from the Health and 

Retirement Study (HRS) over the period 2006 to 2012 and match grandmothers to the 

childcare policy regime in their state. I calculate an expected value of the government 

payment that a grandmother would receive for grandchild care based on her family’s 

characteristics using family information in the HRS. I model the government payment as 

a function of the characteristics of an HRS respondent’s daughter – the working-age 

parent of the grandchild(ren) who require care.  Individual daughter income eligibility 

and grandmother outcomes may be correlated; therefore, instead of using income, I 

assign subsidies based on daughter characteristics – age, education level, race, and 

marital status. To further  abstract from state-level economic and demographic 

characteristics that may determine both subsidy receipt and grandmother outcomes, or 

that may be endogenous to state subsidy policy, I use a variation of a simulated 

instrument approach developed by Currie & Gruber (1996). Specifically, I draw a 

nationally representative random sample of working-age mothers of each age, education 

level, race, and marital status and calculate average individual subsidies for this sample 

using each state’s specific policy parameters while excluding from the sample those who 

reside in that specific state. Then I sum the average subsidy each daughter is eligible to 

give an informal provider to care for her children across all of a woman’s daughters, to 
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determine the total predicted informal caregiver payment each HRS grandmother may 

receive if she cares for all her grandchildren under age six. 

Having assigned a predicted government payment for grandchild care for each 

grandmother in my sample, I exploit the wealth of information about respondents in the 

HRS to address in detail the relationship between caregiving, work, and wellbeing. I 

model outcomes of interest as a function of the payment and control for individual 

(grandmother-level) characteristics as well as state-fixed effects, year-fixed effects, a 

fixed effect for daughter characteristics and number of grandchildren in care, and a state-

specific time trend. Because the object of interest is the overall impact of subsidized care 

on outcomes that are long-term and “sticky” in nature, I model cumulative level of 

subsidy over the length of the exposure period – i.e., as long as a grandmother has 

grandchildren under six.  

In this chapter, I look at hours of grandchild care as the primary outcome of interest. 

I find that a one standard deviation increase in annual payment ($2,587, equivalent to an 

increased wage of $1.29 per hour) results in an intent-to-treat (ITT) effect of 22 

additional hours of care annually. Scaling this effect by the number of eligible families 

who actually receive subsidies, I find that a one standard deviation increase in annual 

payment increases caregiving by 79 hours, or 6.6 hours per week. This finding is robust 

to a variety of specifications.  

The remainder of this chapter proceeds as follows: Section 0 reviews several 

strands of literature that address the impacts of childcare subsidies on various outcomes, 
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as well as the consequences of caregiving, Section 3 describes the policy context, Section 

4 the data, and Section 5 the empirical strategy. Section 6 presents results, and Section 7 

concludes.    

1.2 Literature 

Evidence on the direct impact of childcare subsidies on increasing the labor 

supply of mothers is mixed. Focusing on the pre-PRWORA3 period, Meyer and 

Rosenbaum (2001) look at the effect of a mix of government programs enacted in the 

late-1980’s through the mid-1990’s on the labor force participation of single mothers and 

find that, relative to the Earned Income Tax Credit (EITC), childcare subsidies had a 

positive, but small impact. In the post-PRWORA landscape, Washbrook et al. (2011) find 

little to no effect of similar subsidies on mother’s work participation.  A possible 

explanation for these mixed results is that childcare subsidies are primarily taken up by 

women who already work and, therefore, already use some form of childcare.4 The 

subsidy instead affects childcare mode, because subsidies allow, and in some cases 

require, low income families to shift from informal and relative-based towards more 

formal and center-based care (Currie and Hotz 2004; Washbrook et al. 2011; Havnes and 

Mogstad 2011; Blau and Currie 2004; Ho 2015).  In contrast to these studies, Meyers et 

al. (2002) find that actual receipt of (rather than just eligibility for) subsidies may raise 

mother’s labor force participation by as much as twenty percent.  

                                                

3 Personal Responsibility and Work Opportunity Act (PRWORA) of 1996 
4 Havnes and Mogstad (2011) report a similar finding in the Norwegian context. 
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Existing studies using variation in childcare subsidy policy to examine labor 

market outcomes focus primarily on maternal labor supply, ignoring the joint labor 

supply decision of the multigenerational family (Meyer and Rosenbaum 2001; Black et 

al. 2012; Bainbridge, Meyers, and Waldfogel 2003; Felfe, Nollenberger, and Rodríguez-

Planas 2013).  A notable exception in the pre-PRWORA period is Blau and Robbins 

(1998), who propose a model of family labor supply and childcare choice where a family 

member, besides the mother, can provide informal care and estimate the model using the 

Employment Opportunity Pilot baseline household survey. They conclude that both 

mothers’ and other family members’ labor supply is responsive to the market price of 

childcare, as is the mode of childcare chosen.  

Blau and Robbins do not specify the identity of the other family member in their 

model, but there is evidence that grandparents often provide daily or weekly babysitting 

for their grandchildren. A recent report from the Census Bureau finds that 24 percent of 

children under five were regularly cared for by a grandparent in 2011 (Laughlin 2013). In 

a recent example, Compton and Pollak (2014) find that women who live within 10 miles 

of their mothers or mothers-in-law are more likely to work and attribute this to the 

availability of grandparent-provided childcare. While they recognize that both labor 

supply and location may be endogenous, their work illustrates the large role played by 

grandparents, and specifically grandmothers, as a source of childcare.5 

                                                

5 The emphasis on grandmothers (versus grandfathers) as caregivers is also echoed in Wang and Marcotte 
(2007) and Compton (2013). 
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Despite the evidence that grandchildren are a significant input into grandparent 

decision making, particularly around labor force participation and retirement decisions 

(Lumsdaine and Vermeer 2015; Ho 2013; Rupert and Zanella 2014), the majority of the 

literature on childcare subsidies does not address in a meaningful way the decision by 

grandmothers to care for their grandchildren and the resulting impacts.6  One exception is 

Ho (2014) who uses a difference-in-differences framework to show that the 1996 welfare 

reform led to a decrease in caregiving and an increase in financial transfers by single 

grandmothers to their welfare-eligible single daughters with young children.  She also 

finds an increase in non-childcare hours worked by grandmothers. Ho suggests that the 

expansion of childcare subsidies under the 1996 reform overall incentivized a net shift 

towards formal childcare, thereby driving her findings, but she is not able to directly 

identify this proposed mechanism. Furthermore, this result does not take into account the 

significant heterogeneity in childcare policies across states – only some of which 

encourage formal over family care – that may increase or decrease the frequency of 

grandparent-provided care arrangements. Looking at national averages in the presence of 

such heterogeneity masks important state-level effects that can be used to shed light on 

the question of the effects of policy on intergenerational family behavior (Currie and 

Hotz 2004; Blau and Currie 2004; Snyder, Bernstein, and Adams 2008).  

                                                

6 A largely separate literature has identified negative correlations between grandchild care and well-being 
among grandparents who are primary caregivers, with a particular focus on grandparent mental and 
emotional health (Wang and Marcotte 2007; Blustein, Chan, and Guanais 2004; Deaton and Stone 2013). 
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Research addressing the relationship between caregiving and grandparent 

outcomes has difficulty identifying causal effects because these outcomes may 

themselves also drive the decision to provide grandchild care. To my knowledge, no 

study has identified and exploited exogenous variation in grandparent-provided care to 

evaluate the causal impact of providing such care on grandparent outcomes in either the 

short- or long-term. Furthermore, few empirical studies have focused on grandchild care 

among low-skilled older women, a group that is most likely to assume the role of 

caregiver and is also particularly vulnerable to the challenges of aging (McGarry 2006).     

A parallel line of research that addresses the relationship between work and 

caregiving in this age group focuses on caregiving to elderly parents (McGarry 2006; 

Wakabayashi and Donato 2006). Generally, studies in this literature are hampered by the 

same concerns of endogeneity that face existing studies of childcare. Broadly, this 

literature concludes that elder caregiving, provided primarily by women, has little 

relationship with work status and labor market participation and instead crowds out 

leisure time. However, using the HRS, Wakabayashi & Donato (2006) find that female 

caregivers have more intermittent job histories, are more likely to incur job loss and 

subsequent earnings loss, and have poor long-term economic and health outcomes.  

1.2.1 Using state-level policy variation as an instrument 

In my approach, I take advantage of the significant variation in childcare subsidy 

policies across states to identify outcomes of interest. Previous studies have taken 

advantage of other aspects of state-level heterogeneity in US childcare policy. 
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Specifically, Currie and Hotz (2004) have measured the relationship between childcare 

regulations and incidence of childhood accidents by using state-level variation in the 

regulation of childcare centers between 1987-1998. They find that while educational 

requirements for daycare center directors reduce the incidence of unintentional injuries, 

they also crowd some children out of formal care (Currie and Hotz 2004). Washbrook et 

al. (2011) exploit variation in childcare subsidies’ work exemptions and overall levels of 

generosity (as measured by state and federal expenditures), and look at maternal labor 

supply as an outcome. They find few effects of these policy variables on maternal labor 

supply but note that neither of their measures of state-level variation are very precise.  

In sum, significant gaps in the literature remain. Much of the existing work on 

subsidies and labor supply considers only maternal labor supply and not that of other 

family members. Studies that look at grandparent outcomes focus mostly on grandparents 

who are primary guardians, and such studies do not address the endogeneity of 

grandparent-provided care. Finally, most of these studies focus on the mid-1990’s and 

early-2000’s. My approach studies a more recent time period and uses state-level 

heterogeneity to identify the causal effects of a policy that subsidizes grandchild care on 

grandparent outcomes. I address both the direct impact of such childcare on grandparents 

as well as study the broader economic tradeoff implicit in government policy that 

subsidizes grandparent-provided childcare.   
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1.3 Policy Context 

The current childcare subsidy regime was put into place as part of the Personal 

Responsibly and Work Opportunity Reconciliation Act (PRWORA) of 1996. The reform 

consolidated and expanded four separate smaller programs into a Child Care and 

Development Fund (CCDF) block grant. The CCDF allows states to serve families with 

incomes up to 85% of state median income (although many set the eligibility thresholds 

much lower), with children under 12 whose parents are working or in school. States may 

also put up to 30% of their Temporary Assistance for Needy Families (TANF) block 

grant towards childcare subsidies, and many states use additional funding to subsidize 

childcare through vouchers (Washbrook et al. 2011), although many states have also cut 

back such additional funding in recent years. There is therefore wide variation by state 

and year in the level of funding for subsidies.  In addition, the block grant structure gives 

states near-total freedom to determine reimbursement rates, parent copayments, eligibility 

requirements, provider and facility certification requirements, and more, which results in 

significant variation in multiple dimensions across states (Currie 2008). “Thus, while 

CCDF is a single program from the perspective of federal law, it is in practice a different 

program in every State and Territory” (Giannarelli, Minton, and Durham 2012). 

These differences reflect a tradeoff between the somewhat conflicting goals of 

government subsidization of childcare – specifically, maternal employment versus child 

development (Fuller et al. 2002). For example, if the budget-constrained goal of a state is 

to improve kindergarten readiness, that state will likely structure subsidies so as to shift 
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parental choice towards formal care, particularly by accredited centers. By contrast, if the 

budget-constrained goal of a state is to maximize maternal employment, that state will 

likely structure subsidies so as to shift parental choice towards the lowest cost providers, 

e.g., grandmothers. One issue this calculation misses, however, is the potential hidden 

cost, both public and private, of this policy choice for grandmothers.  

A concern with using state-level variation in social policy to identify impacts on 

individuals is legislative endogeneity, i.e., the responsiveness of state social policy to the 

state political and economic environment. In this case, the concern is that generous 

subsidies for childcare may result from political processes that also affect grandmother 

outcomes in other ways. I address this by including specifications with state-specific 

linear time trends, as well as state- and year-fixed effects.  

1.4 Specific Policy Parameters Used in the Analysis 

Childcare subsidy policy is complex and multidimensional. States determine not 

only prices and eligibility cutoffs but also who can provide subsidized care, quality 

regulation, what information families must provide to obtain and maintain a subsidy, and 

how frequently they must update that information. Undoubtedly, all aspects of policy 

determine families’ decision-making about childcare and their interaction with the 

subsidy system (Medeiros & Ananat 2015). Because subsidy receipt per se is endogenous 

to family characteristics, I focus instead on predicted eligibility and the predicted dollar 

value of the benefit. In this section, I provide more detail on the three policy components 
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that enter directly into my analysis: eligibility rates, reimbursement rates, and family 

copays.  

1.4.1 Eligibility 

Subsidized childcare is a means-tested federal program. Federal law mandates 

that states set the maximum allowable family income limit at 85% of state median 

income.7 However, states are free to set eligibility thresholds below that limit, and in 

practice, income eligibility limits vary a great deal by state. For example, in 2013, the 

income threshold for a family of three ranged from $1,545 per month in Kentucky to 

$4,915 per month in North Dakota (Minton, Durham, and Giannarelli 2014). Figure 1 

presents maximum state eligibility cutoffs for a three-person family in 2012. Cutoffs can 

vary dramatically even between states with similar income distributions, such as Alabama 

and Mississippi, Wisconsin and Iowa, and Nebraska and Kansas.  

1.4.2 Reimbursement rates 

Reimbursement rates are determined at the state (or county) level and apply to all 

subsidy beneficiaries.  While copayments are based on family characteristics, 

reimbursement rates depend only on the mode of childcare used and the age of children 

in care. As with eligibility rates, federal guidelines provide broad parameters within 

which states have significant leeway. In particular, states are required to set center 

reimbursement rates using a market rate survey, which establishes the range of the cost of 

                                                

7 With the exceptions of Rhode Island and Nebraska, eligibility for childcare assistance does not depend on 
asset tests.  
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childcare within a specific geographic area at a particular time. Center reimbursement 

rates can range from the 3rd to the 75th percentile of the market rate, depending on region 

(Schulman and Blank 2004).  

Because no market rate surveys exist for legally unregulated informal providers, 

which include relatives in all states that reimburse for relative care, there are no 

guidelines for how to set the rates for relative-provided care. These rates may be set as a 

percentage of the center rate, may follow state minimum wage laws as in Indiana, or may 

follow their own schedule. Figure 2 presents the reimbursement rate for center care and 

relative care between 2006 and 2012 for a family with two children in care in California, 

Illinois, Indiana, Louisiana, New Hampshire, and Ohio.  

1.4.3 Family copay  

Families are usually required to cover a share of childcare costs in the form of a 

family copayment. The structure of copayments varies by state, but is always a function 

of family income and family size. The copayment may be: per child or set at the family 

level regardless of the number of children in care; it may be a percentage of the childcare 

costs, a percentage of family income, or a flat dollar amount that rises stepwise with 

family income; it may have a minimum of $0, or there might be an expected contribution 

even for families with no income.  For example, the monthly copay for a three-person 

family with a monthly income of around $1,250 would range between $0 and $414 in 

2013, depending on state of residence (Minton, Durham, and Giannarelli 2014).  
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Figure 3 presents the family copay calculator in 2010 as it applies to a single 

woman with two children in care, along with the relative reimbursement rate, for a subset 

of states. The horizontal axis is annual family income, and the vertical axis is monthly 

income. The vertical dashed line is at $20,000, which is about the federal poverty rate.   

1.5 Data  

Measuring the effects of childcare subsidies on grandmothers requires a dataset 

containing information about three generations of family members (grandmothers, 

daughters, and grandchildren), grandmother economic and health information, as well as 

daughter subsidy take-up and childcare outcomes. No existing nationally representative 

dataset contains this level of information for the US population. The Health and 

Retirement Study (HRS) is a nationally representative, biannual, longitudinal survey of 

Americans over 50 that collects a wealth of information about labor force participation, 

income and assets, family transfers, co-residence patterns, and various health metrics, and 

as such, it is well-suited to look at grandmother outcomes. The HRS also collects detailed 

information about respondents’ family members, as well as interfamily transfers. This 

includes, crucially, the total hours of time transfers for childcare, between respondents 

and their children.  This allows me to determine the payment a grandmother would 

receive for taking care of her grandchildren based on her daughters’ characteristics. The 

longitudinal nature of the HRS allows me to focus on both short- and long-term outcomes 

and to construct a more complete picture of grandmothers’ outside options. 
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To conduct my analysis, I create a unique dataset that matches respondents from 

the HRS with the relevant childcare subsidy policy in their state of residence. Information 

about childcare subsidies comes from the CCDF Policies Database, a detailed and up-to-

date database that captures the intricacies of individual state policy created and 

maintained by the Urban Institute. The database includes information about multiple 

dimensions of state policy, focusing on administration, rules, and regulations.  

Information is organized topically into 32 separate data sets (Giannarelli et al., 2012). 

The CCDF database indexes and standardizes a large amount of information, making it 

possible to compare childcare regimes across states and time periods.  

Additionally, I use the Administration for Children and Families’ (ACF) CCDF 

Administrative Database, which compiles case-level data reported monthly to the ACF by 

states and territories, as required by PRWORA.  This dataset reports the monthly counts 

of families who receive subsidy services in each state, which I use to calculate rates of 

subsidy receipt. 

1.5.1 Sample selection 

My population of interest is women with grandchildren under the age of six from 

biological, adopted, or step-daughters. I focus only on grandchildren from daughters 

because subsidy eligibility and the level of payment is based on the circumstances of the 

mother of the grandchild, and I cannot observe the characteristics of the mothers of 

grandchildren from sons unless the son is married to or living in the same household as 

the child’s mother (a highly selected group). I focus on grandchildren under six because 
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school-age children (six and over) will not, in most cases, require continuous full-time 

care.  I leverage the longitudinal nature of the HRS and select an (unbalanced) panel of 

grandmothers who appear in the survey between 2006 and 2012.8 I use female 

respondents with daughters between the ages of 18 and 50 with at least one child under 

the age of six at the first wave interview.9 I drop any wave in which the respondent 

interview was conducted by proxy, and I drop grandmothers who ever reported being the 

primary guardian for a grandchild. I also drop observations for which I am missing any 

daughter demographic information necessary to match to subsidy parameters. My final 

sample consists of 4,658 grandmother-year observations. Table 1, Panel 1, Columns 1 

and 2 report descriptive statistics for the full sample. Grandmothers in this sample are on 

average 64 years old, 70% white, and just over 52% have less than a high school 

education. They have an average household income of about $60,000 and household 

wealth of just over $386,000. Median household wealth is nearly $180,000.  

Not all grandmothers in this sample have daughters that will be eligible for 

childcare subsidies, and so this sample may not be representative of grandmothers who 

may be eligible for subsidies. Columns 3 and 4 of Table 1 report descriptive statistics for 

the sample of grandmothers with daughters who are eligible10 for a positive level of 

subsidy. This subsample consists of 3,323 grandmother-year observations, or about 70% 

                                                

8 The earliest CCDF information that I have is for 2002, but that includes subsidy data for only a few states. 
Most of the identifying variation in payments used in this paper comes from 2008-2012.  
9 As the outcomes I am interested in are long-term and “sticky,” I include grandmothers in the sample even 
after their grandchildren have aged out of the 0-6 age range.  
10 How the daughter subsidy level is determined is described in the next section. 
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of the full sample. Grandmothers in this subsample do not appear significantly different 

from the full sample. Notably, there is no difference in mean household income or 

wealth. Mean household wealth is 29% lower in the restricted sample.  

1.5.2 Grandmother variables 

1.5.2.1 Grandchildren  

I focus my analysis on care for grandchildren under six, because school-aged 

children are in school during the day and do not require continuous care. While the HRS 

contains a wealth of information about respondents’ family members, it does not report 

the ages of individual grandchildren. Respondents are asked, at every survey wave, if 

they had any new grandchildren since the previous wave. To approximate the number of 

grandchildren under six, I calculate the number of new grandchildren reported for up to 

six years prior to the current interview (three waves). For example, for respondents in 

2008, I add up the number of new grandchildren they report in 2008, 2006, and 2004 to 

approximate the number of grandchildren under six they have. I assume that all new 

grandchildren arrive at age zero, rather than being adopted at an older age. Critically, I 

can also link grandchildren directly to their mothers (i.e., to the grandmother’s daughter). 

Because the subsidy is determined at the parent level, this allows me to precisely estimate 

the predicted payment a grandmother can receive for providing care to all of her 

grandchildren.  

The HRS panel of respondents was updated with a new cohort in 2004 and again 

in 2010. For new respondents in those waves, I do not have previous waves with which to 
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estimate the number of grandchildren under six. Thus, with the current approach, I 

undercount the number of grandchildren under six years old that respondents have and 

the payment the grandmother can receive; this should lead to attenuation bias in my 

estimates.11 Table 1 reports sample statistics for number of grandchildren for the full 

sample (Columns 1 and 2) as well as for the restricted sample (Columns 3 and 4). 

Grandmothers in this sample have on average six grandchildren and 1.2 grandchildren 

under six years old from on average one daughter12.  

1.5.2.2 Quantity of grandchild care provided 

My measure of caregiving is the answer to the question “Did you … spend 100 or 

more hours in total (in the last two years) taking care of grand or great grandchildren?” 

and to the follow-up question about how many hours precisely, if over 100.13 The 

distribution of grandchild care is, therefore, left censored at 100 hours. For this reason, I 

can only measure changes in grandchild care at the intensive margin – i.e., whether 

higher subsidies result in more hours of care, rather than the extensive margin – i.e. 

whether subsidies encourage grandmothers to start providing care.  

                                                

11 I also assume that a new grandchild arrives at the beginning of the two-year period, which should also 
result in attenuation bias.  
12 The discrepancy between total number of grandchildren and number of grandchildren under six is a 
consequence of undercounting grandchildren under six. The total number of grandchildren is directly 
reported by the respondent.  
13 If respondents do not give the number of hours directly, they are prompted to give a range of hours. In 
these cases, I impute a direct value by drawing randomly from the distribution of directly reported hours 
that fall within the reported range. 



 

 

22 

Although I cannot observe the extensive margin for the decision to provide any 

care – this is not likely to be a meaningful margin in the context of a subsidy targeted to 

support maternal employment. More relevant in the context of this policy is the margin at 

which a grandparent might provide a “substantial” amount of care.  For example, the 100 

hours per two years’ margin in the HRS questionnaire structure translates to about half-

an-hour per week.  

Table 1 reports sample statistics for hours of childcare reported in the HRS. In the 

full sample, 42% of grandmothers report providing grandchild care in excess of 100 

hours over the last two years, and grandmothers on average provide 275 hours of care 

over a two-year period.  

1.5.3 Policy variables  

The wealth of information available in the CCDF datasets allows me to leverage 

several dimensions of childcare policy and, in particular, to exploit within-state variation 

based on family characteristics. Unlike previous studies that use state and even national 

subsidy levels (Ho 2013),  I am able to predict a precise value of the potential 

government payment for providing childcare for every grandmother in the HRS sample.  

The value of the payment is determined by the daughter’s characteristics – i.e., the 

characteristics of the working parent who qualifies for the childcare subsidy.  HRS 

contains extensive information on daughter characteristics, including income and family 

composition, all of which are reported by the grandmother. One concern is that 

grandmother-reported daughter’s income may be imprecise and subject to significant 
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measurement error. Furthermore, even without error, individual income may be 

endogenous to childcare subsidy program rules. Instead, I assign a predicted subsidy to 

each of a grandmother’s daughters based on average subsidies for demographically 

similar women, and then sum them to determine the payment that grandmother is 

predicted to be eligible to receive in each period if she cares for all her daughters’ 

children under age six. Demographically similar women in the same state, however, are 

subject to the same program rules and thus the same endogeneity concerns. I address this 

by employing a strategy derived from the simulated instrument approach developed by 

Currie and Gruber (1996) to study the impact of states’ Medicaid expansion on children’s 

health in the mid-1990’s.  In their approach, Currie and Gruber instrument for actual 

Medicaid eligibility with the fraction of children from a nationally representative sample 

of demographically similar children who would be eligible under each state’s policy 

rules.  The simulated instrument addresses bias that arises from the correlation between 

individual eligibility and outcomes that would be mirrored at the demographic group 

level within the same state.   

Because I do not observe actual daughter eligibility, I cannot replicate the first 

stage of their procedure. Instead, I conduct a simpler procedure.  To predict each 

daughter’s potential subsidy, I select a sample from the American Community Survey 

(ACS) of women age 18-50 who have at least one child under the age of six. For each 

state, I calculated directly the level of subsidy for the sample using the respective state-

specific rules, based on their income and family size, omitting residents of that state. I 
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then calculate the average subsidy for women in 144 different age, education, race, and 

household composition categories by state and year.  This approach allows me to address 

any omitted variable bias arising from state-specific factors that may be correlated with 

both a demographic group’s eligibility for subsidy and the outcomes of the group’s 

mothers.  

Using the corresponding daughter information in the HRS (age, education level, 

race, marital status) I create the same 144 family profiles in the HRS sample and assign 

each HRS respondent’s daughter the average subsidy in her state and year based on the 

grandmother’s report of her characteristics.14 The components of the family profile are 

also grandmother-reported in the HRS, but they are likely less prone to measurement 

error than family income. Below I describe more precisely how I calculate each 

component of the subsidy and grandmother payment. 

1.5.3.1 Reimbursement rate 

The reimbursement rate is reported per child and depends on age in months, as 

well as the type of provider and hours of care. In my analysis, I use the lowest reimbursed 

legally unregulated informal in-home rate to capture what a state is likely to pay a 

grandmother for providing care. In some states, a rate is explicitly identified as applicable 

for care provided by relatives or neighbors.  

                                                

14 A note on dimensionality: policy information is at the quarterly level, ACS is at the yearly level, and 
HRS is biannual. I create weighted average values of the predicted subsidy over each two-year increment.  
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To obtain average monthly reimbursement rates for a family, I again use the ACS 

to calculate the typical age distribution in months of children in four family groups: 

families with one child under six, with two children under six, with three children under 

six, and with four children under six.  Using these typical profiles, I calculate a 

reimbursement rate for each of the family types, using the corresponding age distribution 

at the state-year level, by provider type. Rates are reported as hourly, daily, weekly, or 

monthly, for full-time or part-time care, which varies by state. I standardize by coding the 

monthly rate for full-time care for each state. If the state does not report monthly 

reimbursement rates, I scale up the weekly, daily, or hourly full-time rate, assuming that 

full-time care is 40 hours per week.  

1.5.3.2 Parent copayments 

In most cases, families who receive subsidies have to pay for some amount of the 

childcare costs out of pocket. Parent copayment determination varies state by state, but is 

always a function of family income and family size. The copayment may be per child or 

determined at the family level regardless of the number of children in care; it may be a 

percentage of the child care costs, a percentage of family income, or a flat dollar amount 

that increases stepwise with family income. Some states impose a minimum copayment, 

while others allow a copayment of zero for very low-income families. I calculate a 

monthly family copayment directly for each family in the ACS sample using reported 

income and family size. In states where the copay is calculated as a percentage of 
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childcare costs, I approximate the cost of center provision by using the highest 

reimbursed center rate and the costs of informal care by the informal reimbursement rate.  

1.6 Identification & Empirical Strategy  

1.6.1 Parameterization of childcare subsidy policy  

In this section, I describe how I parameterize the aspects of the policy described 

in the previous section into a single value for each HRS grandmother.  Recall that the 

subsidy consists of two components: the reimbursement rate and the parent copay. As 

described above, a provider is responsible for collecting the parent copay directly from 

the family. When families have copay responsibilities, the state pays a provider the full 

reimbursement amount less the mandated family payment.  When families choose center 

care, the cost of their childcare is the parent copayment they have to pay to the center.  

When families choose relative care, they similarly are responsible for compensating the 

provider the copayment amount. 

 A key assumption I make is that, when care is provided by a grandmother, she 

does not actually receive the portion of the childcare subsidy that is the parent copayment 

for which the family is responsible. The predicted payment for grandchild care is then the 

reimbursement rate less the statutory parent copayment, because that is what the state will 

actually pay the grandmother.  While the reimbursement rate varies by state and year as 

well as by number of children, the parent copayment also varies within state and year by 

family income and family size, generating a significant amount of within-state variation 
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in copay amount in a given year, as well as between-state variation in copay amount for 

similarly situated families.  

Modelling the net payment received by grandmothers in this way has both a 

theoretical and empirical basis. First, in the unitary household model (Gary 1981), any 

financial transfers between family members do not change the pooled family budget 

constraint. Second, a case study of legally unregulated informal providers in the US 

provides qualitative evidence that grandmothers who provide subsidized grandchild care 

do not collect the parent copayment from their daughters (Snyder, Bernstein, and Adams 

2008).  

I model the cost of market-based childcare faced by the family as the parent 

copayment for center care based on the daughter’s income and family size.  For families 

who are above the state’s eligibility cutoff for receiving subsidies, the cost of market-

based care is the state’s highest reimbursement for center care. The subsidy for 

grandmother care is the predicted payment, which is the state reimbursement rate for 

relative care less the mandated parent copayment. Figure 3 represents this graphically as 

the vertical difference between the reimbursement rate and the family copay for a subset 

of states. These states represent some of the variation in copay calculation, which results 

in variation for similarly situated families across states. 

To construct the predicted grandmother payment, I select a nationally 

representative sample from the ACS of women age 18-50 with at least one child under 

six. For each state, I calculated directly the level of subsidy for the sample using the state-



 

 

28 

specific rules, based on their income and family size, omitting residents of that state.  

Specifically, I predict each mother !’s subsidy as a function of her family income, family 

size, and number of children under age six, and year:  

"#$"!%&' = )*+ !,-./0', )2/!3&	"!50', ,#/$06	.)	-ℎ!3%60,	#,%06	280	6'  

The subsidy is calculated differently in every state and also sometimes differently 

within a state in different years, which is captured by the subscript on ). I calculate a 

separate net subsidy for the number of children under six, so each mother has four values: 

"#$"!%& ',:;< , where = ∈ {1,2,3,4} 

Note that "#$"!%&' is usually nonlinear function of family size and income, as 

shown in Figure 3. Several states compute the family copay as a percent of income, in 

which case the relationship between income and copay is linear, but most use a step 

function or a more complex calculation. Furthermore, the copay is not a linear function of 

the number of children under six in care. In some states, parent copays are determined per 

child, and so total net subsidy is the per-child net subsidy times the number of children in 

care, while in other states parent copays are determined per family and are either flat with 

number of children in care or rise less than one-for-one. Additionally, recall that 

reimbursement rates vary by the age distribution of children in care, and this variation 

differs by state and over time, which is an additional source of nonlinearity.  

 Using the ACS sample to predict subsidy value has several advantages over 

imputing subsidies directly for the daughters of grandmothers in HRS. First, I am able to 

abstract from family level omitted variables that may be correlated with both subsidy 
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receipt and my outcomes of interest. However, there may still be omitted variables at the 

state level that jointly determine both eligibility and outcomes. To address this, I adopt a 

“simulated instrument” approach as in Currie and Gruber (1996)  and generate the 

individual subsidy in each state and year using the sample of mothers in the remaining 49 

states. This way, I am able to generate a variable based solely on the administrative 

aspects of state policy, rather than on the economic or demographic characteristics of the 

state that might be correlated with policy choices or based on endogenous behavioral 

responses by families toward their state’s policy.  

Having simulated a range of individual subsidy values for every state, I calculate 

an average subsidy for 144 separate demographic cells within a state and year. These 

cells are determined by the following mother characteristics: age in six categories, 

education level in four categories, race in three categories, and marital status. As before, I 

calculate a separate subsidy amount by number of children under six. An average cell 

subsidy is simply an unweighted average of individual subsidies of all the members of the 

cell: 

E033F#$"G%&H,< =
I
J F#$"!%&',<,'∈KLMM   ! ∈ 280 = 2; 62-0 = 6; 	0% = 0; 	/26"O2O =

/  

The average cell subsidy is therefore a highly nonlinear function of the cell 

characteristics.   

Next, I match average cell subsidies to the HRS grandmother-daughter sample 

using cell characteristics. In the HRS, I am able to identify to which cell each daughter 



 

 

30 

belongs, given her age, race, education level, and marital status. For state, I use the state 

in which the grandmother resides when she first enters the study.  I match each HRS 

daughter with her cell average subsidy and the number of kids under six she has: 

F#$"!%&H< = 	E033F#$"G%&H< 

Finally, the predicted payment to an HRS grandmother depends on the number of 

daughters with children under six she has, as well as each daughter’s individual 

characteristics. As the predicted subsidy is determined at each individual daughter level, 

the net potential payment to the grandmother is the sum of each of her individual 

daughters’ predicted subsidy amounts (There is neither a legal limitation on the total 

subsidy an informal provider can receive nor on the total number of related children who 

can be cared for by an informal provider.): 

P2&/0,OQ = 	 F#$"!%&H<
R

S;I
 

where D indexes the daughters. For example, a grandmother with two daughters who 

each have a child under six will have a predicted payment that is the sum of the two 

daughters’ cell average subsidies.  

The average predicted net payment for a grandmother in this sample, reported in 

Table 1 is about $126 per month, or $1,508 annually. This payment includes 

grandmothers who are predicted to be eligible for a zero payment, either because their 

daughters are predicted to be ineligible due to high income or because they live in a state 

that does not reimburse legally unregulated informal childcare providers. The predicted 
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payment conditional on receiving a positive subsidy is $175 per month, or $2,102 

annually.  

1.6.2 Pseudo first stage  

Evaluating the strength of the simulated instrument in predicting the level of 

subsidy that a grandmother can receive for providing grandchild care would require a 

nationally representative dataset with information on all three generations, including 

precise hours of grandchild care provided and the dollar amount that grandmothers 

receive for the care. To my knowledge, no such dataset exists. The Annual Social and 

Economic (ASEC) Supplement to the Current Population Survey (CPS) included a 

question about receiving federal childcare assistance until 2009.  Using this dataset, I 

draw a sample of mothers age 18-50 with at least one child under six, and I generate a 

predicted eligibility for childcare assistance based on CCDF rules using the same 

simulated approach that I describe in the previous section. I also create the corresponding 

144 daughter demographic types.  

This approach allows me to estimate how well my simulated instrument approach 

predicts receipt of childcare assistance. To do this, I estimate the following first stage 

specification: 

Fℎ260	T0-!0U0H*+ = VW3G8G$30H*+ +	Y+ + Z* + [H*+   (1) 

where the dependent variable is the share of mothers in the demographic cell who report 

receiving federal childcare assistance in the CPS, W3G8G$30H*+ is the share of mothers in 

the demographic cell who I predict to be eligible for federal childcare assistance using the 
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simulated instrument approach, Y+ is a year fixed effect, Z* is a state fixed effects, and 

[H*+  is a  demographic cell-level error term. Standard errors are clustered at the state 

level.  

Table 2 reports results from this specification. Column 1 reports estimates from 

Equation 1 without state- and year-fixed effects, and Column 2 reports results from the 

complete specification. Predicted eligibility is a strong and robust predictor of subsidy 

receipt, which suggests that the simulated instrument approach is valid. A 1 percentage 

point increase in share eligible translates to a .054 percentage point increase in share who 

receive subsidies, over a base rate of 2%. This result remains virtually unchanged when I 

include state- and year-fixed effects.  

1.7 Estimating Equation 

The treatment variable P2&/0,OQ is a continuous scalar that is the output of a 

multidimensional nonlinear treatment function whose inputs are: characteristics and 

number of individual daughters, number of each daughter’s children,15 state, and year.  

My estimation strategy exploits three sources of variation in subsidy: differences in 

payment across years, across states, and across families within a state.  

To measure the effect of this treatment on grandmothers, I estimate the following 

model: 

                                                

15 For example, in states where the copay rises less than one-for-one with each child, the net subsidy to a 
grandmother from having two grandchildren from one daughter and one grandchild from another daughter 
is smaller than the net subsidy from having three grandchildren from one daughter, even if the daughters 
have the exact same characteristics.  
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&'H\*+ = VP2&/0,OQ + ] '̂ + Z* + Y+ + Z*×`WaT + bH'	*+	'	∈{I..R} + d\ + ['H\*+ (2) 

Here,  &'H\*+ denotes the outcome of interest for grandmother ! with family type ) 

with 8 grandchildren under six in state " and year O, while Z*  and Y+ are individual 

indicators for state and year which capture time-invariant state characteristics as well as 

annual shocks that affect all observations in a year. I also include Z*×`WaT, which is a 

state-specific linear time trend, to control for average trends at the state level.  bH' is an 

indicator for daughter cell for each of D daughters. This controls non-parametrically for 

family characteristics, which may be correlated with subsidy level and grandmother 

outcomes.  '̂ is a vector of grandmother-specific controls, and d\ is an indicator for the 

number of grandchildren under six. The key identifying assumption in the framework is 

that subsidy level is “as good as randomly assigned” conditional on covariates and fixed 

effects. If this identifying assumption is correct, then the coefficient of interest, D, 

identifies the effect on a grandmother of a one standard deviation increase in the average 

payment for full-time grandchild care over the last two years.   

A potential concern with the specification in Equation 2 is that sharp deviations 

from state trends that may affect both childcare subsidy budgets and family-level 

outcomes may introduce bias into the estimates. Therefore, I also estimate a model that 

includes state-by-year fixed effects: 

&'H\*+ = VP2&/0,OQ + ] '̂ + Z* + Y+ + Z*Y+ + bH'	*+	'	∈{I..R} + d\ + ['H\*+   (3) 
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This specification is identified off differences in year-by-year policy changes 

within states and across different family profiles.  

Childcare as an outcome is cumulative and “sticky” in nature. Therefore, I 

measure the impact of subsidy levels over the entire period that a grandmother is “at risk” 

for qualifying for subsidies – i.e, as long as she has grandchildren under six.16 To 

estimate this dose effect, my variable of interest is the running sum of the average 

subsidy for as long as she has grandchildren under six in the panel. Further, I want to 

examine her cumulative and current outcomes even after her grandchildren age out of 

subsidized care.  

1.8 Results 

1.8.1 Main effects 

In this chapter, I address how the generosity of childcare subsidies influence a 

grandmother’s likelihood of providing grandchild care. I am interested in both the effect 

of exposure to a childcare subsidy on the total amount of childcare provided while a 

grandmother is “at risk” for providing such care, i.e., when her grandchildren are aged 0- 

6, as well as any effects on subsequent care.  Thus, my outcome of interest is the natural 

log of the cumulative hours of care over the exposure period. The coefficient of interest, 

                                                

16 Additionally, I do not know precisely when the HRS survey was conducted with each individual, nor do I 
know at which point a new grandchild arrived. Thus, my preferred specification looks at the overall impact 
of the subsidy over the entire exposure period.  
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D, should be interpreted as the percent increase in childcare hours generated by a one 

standard deviation increase in the predicted annual payment.  

Table 3 reports results from an ordinary least squares (OLS) regression (Equation 

2) of cumulative subsidy on log cumulative childcare hours. Even columns report results 

for only for “at-risk” grandmothers – i.e., grandmothers who currently have 

grandchildren under six, while odd columns include all grandmothers. Columns 1 and 2 

include all grandmothers, while columns 3-6 restrict the sample to grandmothers whose 

daughters collectively have a 25% and 50% likelihood of being eligible for childcare 

assistance. Each column includes the full set of controls indicated in the previous section. 

All coefficients are reported as the effect of one standard deviation increase in annual 

payment, which is $2,537 annually or $215 monthly.  

For the unrestricted sample, I find that a one standard deviation increase in the 

predicted annual payment for full-time care increases total number of hours provided by 

4.2 percentage points from a base rate of 515.2 hours, or about 21.7 hours per year. This 

effect is somewhat larger for grandmothers who currently have grandchildren under six 

(column 2), although this sample has a lower base rate. A one standard deviation increase 

in predicted payment increases total number of hours by 4.7 percentage points, or 23.3 

hours per year.  
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There is substantial evidence that a majority of families eligible for subsidies do not 

receive them.17 An effect size of 4.2 percentage points should then be interpreted as an 

ITT effect – the average treatment effect for all families based on their eligibility, 

regardless of whether they actually receive a subsidy. To estimate a “treatment on the 

treated” (TOT) effect, this coefficient should be adjusted by the rate of eligible families 

who actually receive subsidies. I calculate the national average rate of subsidy receipt for 

eligible families with at least one child under six over the time period in question to be 

28%,18 which is within the range calculated by others (Witte and Queralt 2002; Currie 

2004). Using this average, the TOT effect of a one standard deviation increase in the 

predicted annual payment for grandchild care increases the annual hours of care provided 

by 77.5 hours. This translates to a monthly effect of 6.6 hours for just over $200 

additional dollars. For the “at risk” sample, the effect is just over 7% larger. Panel 2 of 

Table 3 reports the monthly TOT effects with a 95% confidence interval. Effect sizes are 

somewhat stronger for the subsamples restricted by eligibility; however, as average hours 

of care decreases as eligibility increases, average effects remain constant.  

1.8.2 Effect heterogeneity  

Grandmothers’ responsiveness to financial incentives for providing grandchild 

care depends on many factors. The direction and magnitude of this heterogeneity is an 

empirical question. For example, younger grandmothers may be more responsive because 
                                                

17 The primary reason for this is that states with more generous eligibility cutoffs have many more eligible 
families than funds to serve them, resulting in waiting lists.  
18 Calculations available upon request. 



 

 

37 

they have greater physical capacity for caregiving but may also have more lucrative 

outside options. In this section, I consider how the caregiving response varies by 

grandmother characteristics.   

Table 4 reports results from Equation 3 on subsamples split by grandmother 

characteristics. The treatment effect for white grandmothers is about twice as large as the 

effect for black or Hispanic grandmothers (Columns 1-3). While grandmothers increase 

their care by nearly 10 hours per month for a $200 increase in subsidy. Hispanic 

grandmothers are less responsive, providing an additional four hours of care monthly. 

This effect is similar in magnitude for black grandmothers but not precisely estimated. 

This suggests that Hispanic grandmothers may already be providing the maximum hours 

of grandchild care without the subsidy. However, Hispanic grandmothers also have the 

lowest average cumulative hours of care. They provide about 30% less care than white 

grandmothers do. 

The effect size does not vary by grandmother marital status (Table 4, Columns 4 

and 5).19 However, married grandmothers provide more care on average than unmarried 

grandmothers do. Looking at grandmother age, grandmothers younger than 65 have a 

stronger response to financial incentives than grandmothers over 65 have. As reported in 

Column 6, Panel 2, of Table 4, grandmothers under 65 provide 8.22 additional hours of 

care per month in response to more generous payments, almost twice as much as 

grandmothers 65 and over. While average hours of caregiving does not vary by 
                                                

19 Marital status is measure at the first wave that a grandmother is observed in the HRS.  
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grandmother education, grandmothers with no college education are much more 

responsive to financial incentives for caregiving than grandmothers with at least some 

college education. Columns 8 and 9 of Table 4 report caregiving results by grandmother 

education status.  Grandmothers with no college education provided nearly seven 

additional hours of care per month, while the effect for grandmothers with some college 

education is smaller and not precisely estimated.  

One significant factor in grandmothers’ responsiveness to financial incentives for 

caregiving had to do with geographic proximity. Grandmothers cannot care for children 

who do not live within a reasonable distance. Daughter location is not available in the 

restricted HRS dataset. However, there is a variable in the constructed data that records 

whether a daughter lives within a 10-mile radius of her mother. Using this variable, in 

columns 10 and 11 of Table 4, I split the sample by distance to at least one grandchild. 

Grandmothers who live within 10 miles of a grandchild increase hours of care by over 

5%, providing nearly 11 additional hours of care per month for a $200 increase in subsidy 

payment. 20 While grandmother location is undoubtedly endogenous to caregiving and 

possibly to the subsidy generosity, the fact that this result moves in the expected direction 

serves as a robustness check to the empirical strategy.  

                                                

20 This does not include co-resident grandchildren, which will be addressed in the next chapter.  
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1.8.3 Alternative specifications  

In this section, I consider several alternative specifications of the empirical 

approach. Table 5 reports the main caregiving results using Equation 3, which includes a 

more restrictive state-by-year fixed effect. Column 1 reports results for the full sample, 

while column 2 reports results for the sample of “at-risk” grandmothers only. These 

results are nearly indistinguishable from the main results in Table 2, which suggests that 

the identifying variation does not come from sharp deviations within states that may be 

correlated with grandmother caregiving outcomes.  

Finally, I consider several different treatments of the dependent variable. As 

discussed above, reports of caregiving hours are left censored at 100. In the main results, 

I recode the censored hours of care to 50 hours per two years. Table 6 reports results from 

the main specification with the left censored observations dropped (Columns 1 and 2), 

recoded to 1 (Columns 3 and 4) and recoded to 99 (Columns 5 and 6). While this changes 

the magnitude of the effect somewhat (as well as mean hours of caregiving), it does not 

change the direction or the significance of the result, suggesting that the results are not 

sensitive to this recoding.21 

1.9 Conclusion   

Federally-funded childcare assistance can be used to compensate informal care 

providers, such as relatives, for providing childcare, yet we know very little about how 

                                                

21 The results are also not sensitive to a Tobit specification. Results available upon request.  
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this policy impacts such, many of whom are grandmothers. In this paper, I consider 

previously unexplored multi-dimensional variation in childcare subsidy policy to 

examine how more generous subsidies for informal care affect grandmothers’ caregiving 

behavior. To my knowledge, this is the first study to identify how variation in state 

childcare policies affects incentives for grandmothers to provide childcare. I find that in 

response to more generous government, grandmothers increase the hours of childcare 

they provide. However, the effect sizes are economically small.  For a one standard 

deviation increase in predicted payment ($2456, or approximately $200 per month) 

grandmothers provide an additional 79 hours of care per year, or 7 hours of care per 

month. These results are robust to a number of specifications. 

The results in this chapter suggest that grandmother care is largely inframarginal – 

i.e., that grandmothers provide care with or without the subsidy. The payment can be 

understood primarily as an income effect. As a result, the additional care ends up being 

heavily subsidized, at $30 per hour, compared with an average center reimbursement rate 

of $60 per day for two children in care.  Insofar as states incentivize relative care as a 

low-cost way to achieve greater program coverage, the results presented here suggest that 

this is not the case. In the next chapter, I consider how this increased care affects 

grandmother outcomes, including co-residence, labor supply, earnings, use of social 

insurance, and health.  
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Figure 1. Monthly Income Cutoffs for 3-Person Family in 2012 
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Figure 2. Max Reimbursement Rates, Grandmother & Center Care 
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Figure 3. Copay Schedule as a Function of Family Income 

0
50

0
10

00
15

00

0 10000 20000 30000 40000 50000

Alabama

0
50

0
10

00
15

00

0 10000 20000 30000 40000 50000

California

0
50

0
10

00
15

00

0 10000 20000 30000 40000 50000

Indiana

0
50

0
10

00
15

00

0 10000 20000 30000 40000 50000

Michigan
0

50
0

10
00

15
00

0 10000 20000 30000 40000 50000

Oregon

0
50

0
10

00
15

00

0 10000 20000 30000 40000 50000

South Carolina

Single mother with 2 kids in care
Family Copay Schedule as Function of Annual Income, 2010

Family Copay Grandmother Reimbursement Rate



 

 

44 

Table 1. Descriptive Statistics 

Variables mean sd mean sd 

Panel 1: Demographic Characteristics     

Age (years) 64.14 (7.529) 63.22 (7.351) 

White (%) 70.18  67.14  

Less Than High School  (%) 52.43  51.10  

Total Grandchildren (N) 6.00 (3.120) 5.94 (3.135) 

Grandchildren under six (N) 1.17 (0.846) 1.42 (0.735) 

Daughters (N) 2.12 (1.178) 2.17 (1.220) 

Daughters with children under  
six (N) 

1.01 (0.626) 1.22 (0.478) 

Panel 2: Income and Wealth      

Mean Household Income ($) $60,976 ($55,097) $61,613 ($55,506) 

Mean Household Wealth ($) $386,292 ($504,357) $364,647 ($491,504) 

Median Household Wealth ($) $179,000  $129,133  

Panel 3: Grandmother Outcomes 
(Hours of Care) 

    

Provide any Grandchild Care (%) 0.42 (0.49) 0.42 (0.49) 

Total Hours of Care Provided  
(hours) 

275.34 (635.30) 281.23 (643.31) 

Cumulative Grandchild care  
(hours) 

514.53 (1033.18) 475.40 (989.56) 

Panel 4: Grandchild Care and 
Payment  

    

Predicted Monthly Payment for  
Grandchild Care ($) 

$126 ($211) $175 ($232) 

Predicted Annual Payment for  
Grandchild Care ($) 

$1,508 ($2,537) $2,102 ($2,779) 

Predicted Cumulative Payment  
($) 

$5,650 ($10,045) $7,131 ($11,234) 

Cumulative Grandchild Care  
(hours) 

514.53 (1033.18) 475.40 (989.56) 

Years of Exposure (years) 3.62 (1.64) 3.26 (1.49) 
Observations 4658  3323  
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Table 2. Pseudo First Stage Results 

 Share Receive Childcare 
Assistance (%) 

 (1) (2) 
Share Eligible for Childcare Assistance (%)        0.0540***        0.0543*** 
  (0.007) (0.008) 
N 2445 2445 
F-statistic  54.76 2.333 
State & Year Fixed Effects   X 
Dependent Variable  Mean  0.019 
* p<0.05, ** p<0.01, *** p<0.001  
Notes: Unit of observation is daughter demographic cell. Data come from the Annual Social 
and Economic Supplement of the Current Population Survey 2007-2009. Results are from OLS 
estimates of share of a demographic cell predicted to be eligible for childcare assistance on 
share of a demographic cell reporting receiving childcare assistance in the last year. The 
dependent variable the share of mothers in the demographic cell who report receiving childcare 
assistance. The independent variable is measures as the share of mothers who are predicted to 
be eligible for childcare assistance in that state and year using the CCDF database policy rules. 
Robust Standard Errors are clustered at the state level in parentheses 
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Table 3. Effect of a Standard Deviation Increase in Predicted Annual Payment for Grandchild Care 

 Log of Cumulative Hours of Care 

 Full Sample  Daughter elig> 25% Daughter elig> 50% 

 w/Any GK w/Gk<6 w/Any GK w/Gk<6 w/Any GK w/Gk<6 

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

Panel 1       
Predicted annual 
government payment for 
childcare (SD) 

        0.0421***         0.0471***         0.0461***         0.0505***         0.0475***         0.0484*** 
(0.007) (0.008) (0.007) (0.008) (0.006) (0.009) 

Observations 4532 3775 3772 3171 2044 1720 
Dep var mean (hours) 515.2 494.9 504.0 481.6 484.3 437.9 

       
Panel 2       

Effect of $200/month 
increase in subsidy 

6.46 6.94 7.07 6.75 6.85 6.31 

95% Confidence Interval [ 4.3, 8.6 ] [4.6, 9.3] [4.8, 9.0] [4.9, 9.5] [5.1, 8.6] [3.9, 8.7] 

* p<0.05, ** p<0.01,  
*** p<0.001 

      

Notes: Results are from OLS estimates of predicted cumulative subsidy on the log of reported cumulative hours of care. All columns control 
for grandmother characteristics including: age, age squared, foreign born, education, race, number of living children, number of children ever 
born, total number of grandchildren, number of living parents. All columns also include state, year and daughter-group fixed effects, a state 
specific linear trend, and control non-parametrically for the number of grandchildren under six.  Odd columns include all grandmother and 
even columns restrict the sample to grandmothers with grandchildren under six. Column 3&4 restrict the sample to grandmothers whose 
daughters have a 25% likelihood of being eligible for childcare assistance. Columns 5&6 restrict the sample to grandmothers whose daughters 
have a 50% likelihood of being eligible for childcare assistance. Standard errors clustered at the state level are in parentheses.  
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Table 4. Effect of a Standard Deviation Increase in Predicted Annual Payment for Grandchild Care - Heterogeneity 

	 Log of Cumulative Hours of Care 

 white black  hispanic  married not married 
 (1) (2) (3) (4) (5) 

Panel 1      

Predicted annual government 
payment for childcare (SD) 

  

      0.059*** 0.0277         0.0317***         0.0411***        0.0419** 
(0.012) (0.027) (0.005) (0.008) (0.019) 

Observations 3194 732 606 3156 1376 
Dep var mean (hours) 555.5 440.6 396.3 541.1 457.2 

Panel 2      

Effect of $200/month increase  
in subsidy 

9.75 3.63 3.74 6.62 5.70 

95% Confidence Interval [5.79, 13.72] [-3.49, 10.71] [2.56, 4.91] [4.04, 9.20] [.53, 10.87] 
* p<0.05, ** p<0.01,  
*** p<0.001 

     

Notes: Results are from OLS estimates of predicted cumulative subsidy on the log of reported cumulative hours of care. All 
columns control for grandmother characteristics including: age, age squared, foreign born, education, race, number of living 
children, number of children ever born, total number of grandchildren, number of living parents. All columns also include state, 
year and daughter-group fixed effects, a state specific linear trend, and control non-parametrically for the number of grandchildren 
under six. Standard errors clustered at the state level are in parentheses. 
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Table 5. Effect of a Standard Deviation Increase in Predicted Annual Payment for Grandchild Care - Heterogeneity Cont. 

	 Log of Cumulative Hours of Care 

 < 65 >=65 no college at least some 
college 

grandkids 
w/in 10 miles 

no grandkids 
w/in 10 miles 

 (6) (7) (8) (9) (10) (11) 
Panel 1       

Predicted annual government 
payment for childcare (SD) 

        0.0514***        0.0321**        0.044*** 0.0369       0.0527**         0.0345*** 
(0.012) (0.014) (0.007) (0.022) (0.016) (0.009) 

Observations 2574 1958 3339 1193 1637 2895 
Dep var mean (hours) 537.5 486.0 514.1 518.2 688.3 418.9 

Panel 2       

Effect of $200/month  
increase in subsidy 

8.22 4.64 6.78 5.69 10.80 4.30 

95% Confidence Interval [4.38, 12.06] [.059, 8.69] [4.63, 8.92] [-1.09, 12.47] [4.24, 17.35] [2.06, 6.54] 
* p<0.05, ** p<0.01,  
*** p<0.001 

      

Notes: Results are from OLS estimates of predicted cumulative subsidy on the log of reported cumulative hours of care. All columns control for 
grandmother characteristics including: age, age squared, foreign born, education, race, number of living children, number of children ever born, 
total number of grandchildren, number of living parents. All columns also include state, year and daughter-group fixed effects, a state specific 
linear trend, and control non-parametrically for the number of grandchildren under six. Standard errors clustered at the state level are in 
parentheses. 
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Table 6. Effect of a Standard Deviation Increase in Predicted Annual Payment for 
Grandchild Care w/State by Year Fixed Effects 

 Log of Cumulative Hours of Care 

 w/Any GK w/Gk<6 
 (1) (2) 

 Predicted annual government payment for childcare 
(SD) 

0.0399*** 0.0445*** 
(0.007) (0.008) 

Observations 4542 3785 
Dep var mean (hours) 515.2 494.9 

Notes: Results are from OLS estimates of predicted cumulative subsidy on the log of reported 
cumulative hours of care. All columns control for grandmother characteristics including: age, age 
squared, foreign born, education, race, number of living children, number of children ever born, total 
number of grandchildren, number of living parents. All columns also include state, year, state by year,  
and daughter-group fixed effects,  and control non-parametrically for the number of grandchildren 
under six. Standard errors clustered at the state level are in parentheses. 
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Table 7. Effect of a Standard Deviation Increase in Predicted Annual Payment for Grandchild Care - Specification Checks 

 Log of Cumulative Hours of Care 

  Bottom Code  When Hours of Care Reported as < 100 
 0 1 99 
 w/Any GK w/Gk<6 w/Any GK w/Gk<6 w/Any GK w/Gk<6 
 (1) (2) (3) (4) (5) (6) 

Predicted annual 
government payment for 
childcare (SD) 

0.0267** 0.0409*** 0.0634*** 0.0658*** 0.0394*** 0.0513*** 
(0.011) (0.011) (0.013) (0.013) (0.007) (0.008) 

Observations 2041 1638 4532 3775 4532 3775 
Dep var mean  
(hours) 

1029.4 1033.6 458.15 444.47 567.86 544.03 

* p<0.05, ** p<0.01,  
*** p<0.001 

 

Notes: Results are from OLS estimates of predicted cumulative subsidy on the log of reported cumulative hours of care. All columns control for 
grandmother characteristics including: age, age squared, foreign born, education, race, number of living children, number of children ever born, total 
number of grandchildren, number of living parents. All columns also include state, year and daughter-group fixed effects, a state specific linear 
trend, and control non-parametrically for the number of grandchildren under six. Standard errors clustered at the state level are in parentheses. 
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Chapter 2: The Unintended Consequences of Informal 
Childcare Subsidies for Older Women’s Retirement Security 
Part 2 

2.1 Introduction  

In the previous chapter, I developed a strategy for parameterizing 

multidimensional variation in childcare subsidy policies across states to identify the 

impact of more generous subsidies for informal childcare on grandmother childcare 

hours. I find that a one standard deviation increase in annual payment ($2,587, equivalent 

to an increased wage of $1.29 per hour) results in an ITT effect of 22 additional hours of 

care annually. Scaling this effect by the number of eligible families who actually receive 

subsidies, I find that a one standard deviation increase in annual payment increases 

caregiving by 79 hours, or 6.6 hours per week. This finding is robust to a variety of 

specifications.  

 Given this finding, in this chapter, I investigate the effects of this subsidized 

caregiving on grandmother economic and health outcomes using the same empirical 

strategy. I consider a broad range of grandmother outcomes, including co-residence, labor 

supply, income, wealth, use of social insurance, and health. To look at co-residence 

outcomes, I introduce a new policy dimension: restrictions about co-residence of the 

subsidized caregiver.  

  I find that a one standard deviation increase in predicted subsidy reduced 

individual earnings by $333 per year, with a TOT effect of $1,189. This implies that the 
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government transfer crowds out individual earnings at a rate of 2:1. In addition to 

earnings, I find that grandmothers reduce labor supply on both the intensive and the 

extensive margin. Grandmothers are 1.2 percentage points less likely to be working for 

pay and reduce both weeks worked per year and the likelihood of working a second job 

(TOT of 1.12 weeks and 1%, respectively). Consistent with the reduction in labor supply, 

a one standard deviation increase in annual payment induces grandmothers to start 

claiming Social Security over half-a-year earlier, and to be 20% more likely to receive 

SSI (0.6 percentage point increase from a baseline of 3%).  Additionally, as grandmothers 

substitute toward time transfers to their daughters by providing care, they substitute away 

from financial transfers within the family – a one standard deviation increase in payment 

leads to a $307 decrease in annual transfers from grandmother to daughter, or 

approximately $13 for each additional hour of care provided.  

I find no effects of predicted payment on measures of household wealth or 

poverty status, implying that grandmothers are able to compensate for any loss of 

earnings due to changes in labor supply. In contrast to large literature documenting 

correlation between grandchild care and poor physical and mental outcomes for 

grandparents, I find that the increase in grandchild care has no impact on a wide range of 

health outcomes.  

The rest of this chapter proceeds as follows: Section 2 introduces additional 

policy variables; Section 4 discusses the empirical strategy; Section 5 presents the results; 

and Section 6 concludes.  
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2.2 Policy Context: Co-residence Rules  

The previous chapter introduced three policy parameters – eligibility rates, 

reimbursement rates and family copays – that together determine the dollar amount that a 

grandmother can receive from the government for providing grandchild care. There are 

also policy parameters that establish criteria a provider must meet for providing care 

under the childcare subsidy program. Nearly one-third of states prohibit relatives who 

live in the family home from being compensated for providing childcare under the 

childcare subsidy program.  

2.3 Data 

I use the same data sources, policy variables, and HRS sample as described in the 

previous chapter. In this chapter, I consider the effect of providing subsidized care on 

grandmother economic and health outcomes. Table 8, Panel 3 summarizes these outcome 

variables. Columns 1 and 2 report results for the full sample, and columns 3 and 4 report 

results for the sample restricted to grandmothers that have daughters who are eligible for 

a positive subsidy. Just over 40% of grandmothers in the full sample are employed, with 

average annual earnings of $13,642.  Just over 30% transfer money to their children. 

Average age of Social Security (conditional on already receiving Social Security) is just 

over 60 years old. Nearly a quarter of grandmothers report their health as fair or poor on a 

five-category Likert scale. About 8% co-reside with a child, and just under 4% report that 

they live with a daughter who has a child under six.  
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2.4 Empirical Strategy 

I employ the same empirical strategy and estimating equation as in Chapter 1. To 

measure the effect of this treatment on grandmother outcomes, I estimate the following 

model: 

!"#$%& = ()*!+,-./ + 12" + 3% + 4& + 3%×6789 + :#"	%&	"	∈{>..@} + B$ + C"#$%&   (1) 

Here  !"#$%& denotes the outcome of interest for grandmother D with family type E 

with F grandchildren under six in state G and year ., while  3%  and 4&  are individual 

indicators for state and year, which capture time-invariant state characteristics as well as 

annual shocks that affect all observations in a year. I also include 3%×6789, which is a 

state-specific linear time trend, to control for average trends at the state level.  :#" is an 

indicator for daughter cell for each of D daughters. This controls non-parametrically for 

family characteristics, which may be correlated with subsidy level and grandmother 

outcomes.  2" is a vector of grandmother-specific controls, and B$ is an indicator for the 

number of grandchildren under six. The treatment variable )*!+,-./ is a continuous 

scalar that is the output of a multidimensional nonlinear treatment function whose inputs 

are: characteristics and number of individual daughters, number of each daughter’s 

children,1 state, and year. The key identifying assumption in the framework is that 

subsidy level is “as good as randomly assigned” conditional on covariates and fixed 

                                                

1 For example, in states where the copay rises less than one-for-one with each child, the net payment to a 
grandmother from having two grandchildren from one daughter and one grandchild from another daughter 
is smaller than the payment from having three grandchildren from one daughter, even if the daughters have 
the exact same characteristics.  
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effects. If this identifying assumption is correct, the coefficient of interest, D, identifies 

the effect on a grandmother of a one standard deviation increase in the average payment 

for full-time grandchild care over the last two years.   

A potential concern with the specification in Equation 1 is that sharp deviations 

from state trends that may affect both childcare subsidy budgets and family-level 

outcomes may introduce bias into the estimates. Therefore, I also estimate a model that 

includes state by year fixed effects: 

!"#$%& = ()*!+,-./ + 12" + 3% + 4& + 3%4& + :#"	%&	"	∈{>..@} + B$ + C"#$%&   (2) 

This specification is identified off differences in year-by-year policy changes 

within states and across different family profiles. 

To study the effect of childcare subsidy policy on the likelihood that 

grandmothers co-reside with their grandchildren, I use the following model that explicitly 

takes into account the restriction that some states place on reimbursing co-residing 

relatives: 

 

!"#$%& = ()*!+,-./ + 1>HIJIK,G% + 1L )*!+,-./×HIJIK,G% + 12" + 3% + 4& +

																																																											:#"	%&	"	∈{>..@} + B$ + C"#$%&(3) 

where HIJIK,G% is a state indicator set to 1 if that state prohibits reimbursing co-residing 

relatives. The coefficient 1L is the causal effect of more generous subsidies in a state that 

restricts co-residence.   
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2.5 Results  

2.5.1 Co-residence 

Given the finding in the previous chapter on the effect of subsidies on caregiving, 

I explore the effect of more generous payment rates for childcare care on several 

determinants of grandmothers’ retirement security. In this subsection, I consider the 

effect of more generous payments for childcare on a grandmother’s likelihood of co-

residing with her children. Co-residing may lower the economic costs of providing 

regular childcare, in particular if grandmothers are giving up market-rate earnings. 

However, if the marginal grandmother is not working and privacy is a normal good 

(Becker 1991), the additional income from grandchild care may result in grandmothers 

choosing to live separately from their children. Residing in a state which prohibits co-

resident caregivers adds additional incentives for grandmothers who are eligible for the 

payment.  

Table 9 reports results from Equations 1 and 3 on co-residence as an outcome. 

Columns 1-3 look at any co-residence with a son or daughter, while columns 4-6 look 

just at co-residence with a daughter who has a child under six. In these columns, the 

sample is just to “at-risk” grandmothers. Columns 1 and 4 report results from a model 

that looks just at the association between likelihood of co-residence and living in a state 

with the “no co-residence” rule. Grandmothers living these states are 6.8 percentage 

points less likely to live with a child, over an average rate of 7.9 percent. This suggests 
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that state with these rules have lower rates of co-residence, and the rules are generally not 

binding constraints for families.  

Columns 2 and 5 report the results of Equation 1, adding an indicator for a state 

with a no co-residence rule. A one standard deviation increase in government payment 

for caregiving reduces likelihood of co-residence by 0.26 percentage points in the full 

sample. This effect is 0.34 percentage points in the restricted sample, about 7.5 percent 

over a base rate of 4.5 percent co-residence. Finally, Columns 3 and 6 reports the results 

of Equation 2, including an indicator for the interaction of subsidy generosity with the 

“no co-residence” rule, for the full sample and the restricted sample. Looking at the 

restricted sample (Column 6), living in a no co-residence state reduces the likelihood of 

co-residing with a daughter and a grandchild by an additional 0.0071 percentage points, 

or another 16% over the average rate. This result suggests that the restrictions may in fact 

be binding for a subset of the sample.  

2.5.2 Earnings and labor supply  

Next, I consider the effects of more generous subsidies on earnings and labor 

supply. Current earnings and labor force participation are important predictors of future 

economic security, including future Social Security payments, especially for older 

workers. 

 Results on labor supply and wages are reported in Table 10 and results on 

earnings and income are reported in Table 11.  Odd columns report results from Equation 

1 (linear time trend) and even columns report results from Equation 2 (state-by-year fixed 
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effects). There are no substantial differences between the two models, so in what follows, 

I focus the discussion on the results from Equation 1.  

 More generous grandmother payments reduce grandmother earnings.  A one 

standard deviation ($2,537) increase in predicted annual payment reduces grandmother 

earnings by $371 per year. Scaling this result by the rate of receipt (28%, as described in 

the previous chapter), the TOT effect is $1,325 annually. This implies that every $2 

increase in government payment reduces individual earnings by $1. The rest of Table 10 

reports results for additional sources of income. The effects on income from SSI, Social 

Security Disability Insurance (SSDI), Social Security, and unemployment are small and 

not statistically significant. There is a significant increase in the “other income” category, 

which is a non-specific income category which is meant to capture single transfers such 

as inheritances as well as income from “odd jobs or babysitting.” A one standard 

deviation increase in grandmother payment increases income from his category by nearly 

$1,000 (TOT), which is symmetric with the reduction in earnings.  

This reduction in earnings could reflect a labor supply reduction at either the 

extensive margin (dropping out of the labor force to take care of grandchildren) or the 

intensive margin (reducing working hours), and there is evidence of both effects in 

response to more generous subsidies. Table 11 reports these results. At the extensive 

margin, a one standard deviation increase in annual government payment for childcare 

reduces the likelihood that grandmothers are working for pay by 0.55 percentage points 

from a base rate of 40%. This translates to a TOT effect of 1.2 percentage points. At the 
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intensive margin, grandmothers reduce the likelihood of working a second job (TOT 

effect of 1 percentage point over a baseline of 3.8 percent) and conditional on 

employment, reduce weeks worked per year by 1.25 weeks. Columns 9 and 11 also report 

significant decreases in hourly and weekly wage rates, suggesting that grandmothers may 

be transitioning to lower paying more flexible jobs to provide additional care. I see no 

change in grandmothers’ retirement status (Columns 7 and 8 of Table 11). 

Considering that increase in caregiving is actually quite small (7 hours per 

month), these income and labor supply changes may be due more to a pure income effect, 

whereby grandmothers reduce market work and wages because they are getting a higher 

transfer for providing childcare.  

2.5.3 Intergenerational transfers   

In this section, I present evidence on the impact of more generous payments for 

childcare on intergenerational transfers within the family. The results of the previous 

sections suggest that the value of a government transfer will compensate a grandmother 

for about half of her forgone earnings. Ho (2013) posits that expanding access to 

subsidized formal childcare post welfare reform led many families to move from informal 

to center care and that, as a result, single grandmothers substituted transfer of time in the 

form of childcare with a financial transfer.  I find that this substitution effect holds in the 

opposite direction as well: grandmothers substitute away from financial transfers when 

they increase their caregiving in response to more generous payments from the 

government.  
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 Results from OLS regression of the estimating equation on net cumulative 

financial transfers are reported in reported in Columns 7 and 8 of Table 13. To get a 

measure of net financial transfers between grandmothers and their children, I subtract 

financial transfer from children to parents from financial transfers in the other direction. 

The dependent variable in this model is net financial transfers over the exposure period. I 

find that a one standard deviation increase in the annual government payment reduced 

financial transfers from from grandmothers to their daughters by $276. The TOT estimate 

is $985 per year or $82 per month. Given that they are providing an additional 6.6 hours 

of care monthly, this implies that grandmothers charge their daughters about $12.40 per 

hour on top of the government payment they are receiving.     

Overall, the results on transfers, coupled with those from the previous sections on 

work outcomes, suggest that subsidized childcare crowds out intergenerational transfers, 

grandmother labor supply, and earnings. However, the net effects on grandmother 

retirement security are not immediately clear, and may differ in the short- and long-term. 

If grandmothers are able to replace the lost earnings through a combination of the 

compensation for care, a reduction in financial transfers to her children and other means, 

the immediate impact on grandmother economic welfare may not be negative. In fact, if 

grandmothers are substituting grandchild care for unsatisfying jobs, they may well be 

better off in the short-term.  However, if reducing formal labor supply weakens their later 

security through reduced savings, Social Security, or pension benefits, the long-term 

impacts of the policy may be unambiguously negative.  In the next section, I provide 
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evidence on grandmothers’ welfare in the short-term and behavior that may impact their 

welfare in the long-term. 

2.5.4 Household wealth  

Table 13 reports the results of Equations 1 and 2 on several wealth outcomes and 

the likelihood of being below the poverty line. There appear to be no effects on either 

overall household wealth or likelihood that the household is in poverty, suggesting that 

grandmothers’ reductions in labor supply does not appreciably impact their immediate 

economic wellbeing. There do appear to be significant increases in net housing wealth 

and transportation wealth, which suggests that grandmothers are more likely to have a 

car, or to live in their own home when they are providing subsidized grandchild care.2  

2.5.5 Use of social insurance  

Columns 1-6 of Table 12 report the results on age at which respondents claim 

Social Security as well as the likelihood that they are receiving SSDI and SSI.3  

 A one standard deviation increase in annual payment for childcare reduces the age 

at which grandmothers claim social security by 0.2 years, over a baseline of 60.6 years.4 

The TOT estimate is 0.6 years, or more than 7 months. Additionally, a one standard 

deviation increase in annual subsidy raises the likelihood that grandmothers receive SSI 

                                                

2 This effect does not vary significantly across states with different co-residence rules (results available 
upon request).  
3 SSDI is a benefit for disabled individuals who are unable to work and are tied to an individual’s work 
record. SSI is a benefit for aged or disabled persons who have limited income and resources, and it is not 
dependent on an individual’s work history. 
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by 0.6 percentage points (TOT), which is a 20% increase over a baseline of 3%. The 

coefficient on SSDI is positive, although not precisely estimated.   

These results suggest that grandmothers may be compensating for some of their 

lost income by claiming Social Security earlier, or by depending on other forms of social 

insurance. These behavioral changes may have negative impacts on grandmothers’ long-

term economic well-being, especially if grandmothers are altruistic or myopic. Claiming 

Social Security a year early can reduce the monthly benefit by 6-8%, depending on year 

of birth. There may significant long-term costs for the state and the federal government if 

older women are incentivized to drop out of the labor market early and depend on social 

insurance for more of their income.  

 2.5.6 Health behaviors and outcomes   

A sizeable body of literature reports negative correlations between living with 

grandchildren and grandparent physical and mental health, both in cases where 

grandparents are primary caregivers (Blustein et al., 2004) and when they are not (Deaton 

& Stone, 2013).  In this section, I present evidence on the causal impact of providing 

subsidized childcare on grandmothers’ health. Table 14 presents results of OLS estimates 

of the estimating equation on a subset of grandmother physical and mental health 

outcomes. The dependent variable in column 1, “in poor health,” is a binary outcome set 

to “1” if the grandmother responded that she was in fair or poor health to a five-category 

question on self-reported health. The dependent variable in column 3 is the count of 

Activities of Instrumental Daily Living (AIDLs) with which the grandmother reports 
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having trouble, and the dependent variable in column 5 is the Center for Epidemiological 

Studies Depression (CESD) Scale. A higher value on the CESD scale corresponds to a 

higher rate of depression. Number of health conditions is the only self-reported health 

outcome, out of the many that are available in the HRS, that shows a significant positive 

increase in response to the treatment. A one standard deviation increase in annual subsidy 

increase the number of health conditions reported by 0.02 – from an average of about two 

health conditions. This is not an economically meaningful increase, and it is well within 

the range of the number of outcomes I expect to appear significant due to chance. The 

results in Table 14 suggest that despite the correlational evidence, providing grandchild 

care (when it is compensated) does not have causal effects on grandmothers’ physical or 

mental health.  

Finally, Table 14 also reports results for a subset of healthcare related outcomes 

reported in HRS. Column 9 reports the dollar value of out-of-pocket medical 

expenditures, and Column 11 the number of doctors’ visits. These null results suggest 

that along with no changes in health outcomes, grandmothers do not change how they 

interact with the healthcare system in any significant way. 

2.6 Conclusion  

Grandparents, particularly grandmothers, provide a significant amount of 

childcare in the United States,5 but little is known about how this informal, and often 

                                                

5 Nearly a quarter of children under five were cared for by a grandparent in 2011 (Laughlin 2013). 
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uncompensated, time transfer impacts the economic and health outcomes of older 

American women.6 The implications of such transfers and the scope of the consequences 

are empirically important, as the number of Americans age 65 and over is expected to 

double by 2050 to nearly 89 million, while the projected costs of Medicare and Social 

Security are expected to reach 15 percent of GDP by the same year. This project uses a 

previously unexplored dimension of government-provided childcare subsidy policy to 

identify the causal impact of providing subsidized grandchild care on the economic and 

health outcomes of grandmothers.  

I use the multi-dimensional variation in the predicted grandmother payment for 

childcare to identify the impacts of providing subsidized care on a set of grandmother 

outcomes, inclusing labor market participation, earnings, use of social insurance and 

interfamily financial transfers. Previous studies looking at the relationship between 

providing childcare and health related outcomes rely on correlations (Wang & Marcotte, 

2007) or use the birth of grandchildren as shocks to identify labor market outcomes  (Ho, 

2015; Lumsdaine & Vermeer, 2015). To my knowledge, no study has identified the 

causal impacts of providing additional care on labor supply, nor on a wider range of 

related outcomes.   

                                                

6 There is a large literature exploring the impact of raising grandchildren on grandparent physical and 
mental health, and labor market outcomes that finds largely negative correlations. (Wang and Marcotte 
2007; Blustein, Chan, and Guanais 2004). In this paper, I address the case of grandmothers who provide 
childcare but are not the primary guardians of their grandchildren.  
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In the previous chapter, I show that in response to more generous government 

payments for providing grandchild care, grandmothers increase the hours of childcare 

they provide, but that grandmother care is largely inframarginal. In this chapter, I show 

that along with the increase in compensated childcare, grandmothers reduce their labor 

earnings by reducing labor supply at both the intensive and extensive margin. I also find 

that grandmothers reduce their earnings, and conditional on working they reduce their 

hourly and weekly wage rate.  

I find that grandmothers reduce financial transfers to their children at a rate of 

about $12 per each additional hour of care provided. I find no effects on short term well-

being, including household wealth, poverty status, or health. However, I do find that 

grandmothers claim Social Security over half a year earlier, directly counteracting federal 

efforts to extend retirement age. In addition, grandmothers are 30% more likely to depend 

on monthly SSI payments. These results suggest that while subsidized grandchild care 

may not have immediate effects on outcomes, there may be permanent long-term 

consequences for economic well-being, especially if grandmother preferences are 

altruistic or myopic. There may also be higher long term costs for the state and federal 

governments as grandmothers depend more on social insurance. 
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Table 8. Descriptive Statistics 

 Full Sample  w/Eligible Daughters 
Variables mean sd mean sd 

Panel 1: Demographic    
Characteristics 

 
 

   

Age (years) 64.14 (7.529) 63.22 (7.351) 

White (%) 70.18  67.14  
Less Than High School  (%) 52.43  51.10  
Total Grandchildren (N) 6.00 (3.120) 5.94 (3.135) 

Grandchildren under six (N) 1.17 (0.846) 1.42 (0.735) 

Daughters (N) 2.12 (1.178) 2.17 (1.220) 

Daughters with children under six (N) 1.01 (0.626) 1.22 (0.478) 

Panel 2: Income and Wealth      
Mean Household Income ($) $60,976 ($55,097) $61,613 ($55,506) 

Mean Household Wealth ($) $386,292 ($504,357) $364,647 ($491,504) 

Median Household Wealth ($) $179,000  $129,133  
Panel 3: Grandmother  
Outcomes  

    

Cumulative Grandchild care (hours) 514.53 (1033.18) 475.40 (989.56) 

In Labor Force (%) 41.84  44.15  
Annual Earnings  ($) $13,643 ($28,430) $14,381 ($27,590) 

Any Financial Transfer to Children (%) 37.38  36.86  
Age Receive Social Security (years) 60.64 (6.458) 60.29 (6.767) 

Report Poor Health (%) 24.87  26.11  
Co-resides with a Child (%) 7.77  7.90  
Co-resides with a Daughter    
w/Grandchild (%) 

3.73  4.72  

Panel 4: Grandchild Care and  
Payment  

    

Predicted Monthly Payment for  
Grandchild Care ($) 

$126 ($211) $175 ($232) 

Predicted Annual Payment for  
Grandchild Care ($) 

$1,508 ($2,537) $2,102 ($2,779) 

Predicted Cumulative Payment ($) $5,650 ($10,045) $7,131 ($11,234) 
Cumulative Grandchild Care (hours) 514.53 (1033.18) 475.40 (989.56) 
Years of Exposure (years) 3.62 (1.64) 3.26 (1.49) 
Observations 4658  3323  

Notes: Descriptive statistics are from a pooled cross-section of the full sample of female HRS 
respondents with daughters age 18-50 and at least one grandchild under six in the panel. HRS 
waves 2008-2012 are used.  
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Table 9. Effects of Childcare Subsidies and Residence Restrictions on Co-residence 

 Has Co-resident Son or Daughter Has Co-resident Daughter w/Child 
 (1) (2) (3) (4) (5) (6) 

No Co-residence 
Rule 

   -0.0681** -0.0295   -0.0607**  -0.0894*   -0.0579** -0.0732 
(0.0273) (0.0334) (0.0261) (0.0509) (0.0259) (0.0517) 

Government 
Payment 

  -0.00259* -0.00222     -0.00392**    -0.00313** 
 (0.00134) (0.00134)  (0.00104) (0.00110) 

Rule X Payment   -0.00559    -0.00708* 
  (0.00612)   (0.00369) 

Observations 4551 4551 4551 3791 3791 3791 
Dep var mean 0.0778 0.0778 0.0778 0.0451 0.0451 0.0451 

* p<0.05, ** p<0.01, 
*** p<0.001 

 

Notes: Results are from OLS estimates of predicted cumulative subsidy on each outcome of interest. All columns control for 
grandmother characteristics including: age, age squared, foreign born, education, race, number of living children, number of 
children ever born, total number of grandchildren, number of living parents. All columns also include state, year and 
daughter-group fixed effects, and control non-parametrically for the number of grandchildren under six. Odd columns include 
a state specific linear time trend, and even columns include a state by year fixed effect. Standard errors clustered at the state 
level are in parentheses. 
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Table 10. Effects of Childcare Subsidies on Earnings and Income 

 Annual Earning ($) 
 

SSI/SSDI 
Income ($) 

Social Security 
Income ($) 

Unemployment 
Income ($) 

Other Household 
Income ($) 

 (1) (2) (3) (4) (5) (6) (7) (8) (9) (10) 

Predicted annual 
government payment 
for childcare (SD) 

-371.75* -374.46** 30.08 30.17 17.37 16.97 24.93 25.37 278.62* 293.97* 

(174.41) (174.06) (20.19) (20.28) (29.14) (29.67) (15.41) (15.72) (139.03) (139.86) 
State specific linear 
trend 

X  X  X  X  X  

State year fixed effects  X  X  X  X  X 
Observations 4541 4541 4541 4541 4541 
Dep var mean 13719.22 643.74 5395.01 144.70 3929.48 

* p<0.05, ** p<0.01, 
*** p<0.001 

 

Notes: Results are from OLS estimates of predicted cumulative subsidy on each outcome of interest. All columns control for 
grandmother characteristics including: age, age squared, foreign born, education, race, number of living children, number of children 
ever born, total number of grandchildren, number of living parents. All columns also include state, year and daughter-group fixed 
effects, and control non-parametrically for the number of grandchildren under six. Odd columns include a state specific linear time 
trend, and even columns include a state by year fixed effect. Standard errors clustered at the state level are in parentheses. 
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Table 11. Effects of Childcare Subsidies on Labor Supply 

  Working for Pay 
(%) 

Working for Pay- 2nd 
Job (%) 

Weeks worked per 
year (weeks) 

Retired (%) Hourly Wage 
Rate ($) 

Weekly Wage Rate 
($) 

 (1) (2) (3) (4) (5) (6) (7) (8) (9) (10) (11) (12) 

Predicted 
annual 
government 
payment for 
childcare (SD) 

-0.0055* -0.0054* -0.0028** -0.0029** -0.35** -0.33** 0.0011 0.0011 -3.03** -3.06* -51.84** -46.41** 

(0.0030) (0.0030) (0.0011) (0.0012) (0.13) (0.14) (0.002) (0.002) (1.32) (1.46) (19.74) (19.42) 

State specific 
linear trend 

X  X  X  X  X  X  

State year fixed 
effects  

 X  X  X  X  X  X 

Observations 4533 4494 1726 4541 1519 1528 
Dep var  
mean (hours) 

0.394 0.038 47.55 0.541 25.89 768.43 

* p<0.05,  
** p<0.01,  
*** p<0.001 

 

Notes: Results are from OLS estimates of predicted cumulative subsidy on each outcome of interest. All columns control for grandmother characteristics 
including: age, age squared, foreign born, education, race, number of living children, number of children ever born, total number of grandchildren, number 
of living parents. All columns also include state, year and daughter-group fixed effects, and control non-parametrically for the number of grandchildren 
under six. Odd columns include a state specific linear time trend, and even columns include a state by year fixed effect. Standard errors clustered at the 
state level are in parentheses.  
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Table 12. Effects of Childcare Subsidies on Social Insurance and Family Transfers 

  Age Start Receiving 
Social Security 

(years) 

Receive SSDI (%) Receive SSI (%) Net Family Transfers 
Parent to Child ($) 

 (1) (2) (3) (4) (5) (6) (7) (8) 
Predicted annual 
government payment 
for childcare (SD) 

 -0.178*  -0.176* 0.002 0.002 0.002* 0.002* -275.94* -275.06 
(0.094) (0.094) (0.002) (0.002) (0.0009) (0.0009) (153.8015) (155.3223) 

State specific linear 
trend 

X  X  X  X  

State year fixed effects   X  X  X  X 
Observations 2517 4541 4541 4541 
Dep var mean  
(hours) 

60.66 0.057 0.029 8811.11 

* p<0.05, ** p<0.01,  
*** p<0.001 

  
  

Notes: Results are from OLS estimates of predicted cumulative subsidy on each outcome of interest. All columns control for grandmother 
characteristics including: age, age squared, foreign born, education, race, number of living children, number of children ever born, total 
number of grandchildren, number of living parents. All columns also include state, year and daughter-group fixed effects, and control non-
parametrically for the number of grandchildren under six. Odd columns include a state specific linear time trend, and even columns include 
a state by year fixed effect. Standard errors clustered at the state level are in parentheses. 
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Table 13. Effects of Childcare Subsidies on Wealth 

  Household Wealth Transportation Wealth Net Housing Wealth  Household In 
poverty  

 (1) (2) (3) (4) (5) (6) (7) (8) 
Predicted annual 
government payment for 
childcare (SD) 

  

2556.69 2801.15 1774.13** 1756.64** 2786.13** 2933.73** 0.002 0.002 
(2717.12) (2766.64) (443.01) (448.06) (1284.68) (1311.28) (0.0016) (0.0016) 

state specific linear trend X  X  X  X  
state year fixed effects   X  X  X  X 

Observations 4541 4541 4541 4509 
Dep var mean (hours) 365845.65 17552.36 155993.51 0.1180 

* p<0.05, ** p<0.01, *** 
p<0.001 

 

Notes: Results are from OLS estimates of predicted cumulative subsidy on each outcome of interest. All columns control for grandmother 
characteristics including: age, age squared, foreign born, education, race, number of living children, number of children ever born, total 
number of grandchildren, number of living parents. All columns also include state, year and daughter-group fixed effects, and control non-
parametrically for the number of grandchildren under six. Odd columns include a state specific linear time trend, and even columns include a 
state by year fixed effect. Standard errors clustered at the state level are in parentheses.  
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Table 14. Effects of Childcare Subsidies on Health Behavior and Outcomes 

  In Poor Health 
(%)  

AIDL Summary  CESD Summary  Number of 
Health 

Conditions (#) 

Out of Pocket 
Medical 

Expenditures 
($) 

Doctors Visits 
(#) 

 (1) (2) (3) (4) (5) (6) (7) (8) (9) (10) (11) (12) 

Predicted annual 
government payment for 
childcare (SD) 

0.0018 0.0016 -0.0027 -0.0025 0.0046 0.0030 0.021*** 0.021*** 17.12 14.50 0.0003 0.0004 

(0.0016) (0.0016) (0.0026) (0.0025) (0.0090) (0.0092) (0.005) (0.005) (45.45) (45.13) (0.0015) (0.0015) 

State specific linear trend X  X  X  X  X  X  
State year fixed effects   X  X  X  X  X  X 

Observations 4541 4538 4433 4541 4541 4530 

Dep var mean (hours) 0.246 0.112 1.462 2.053 3305.33 0.927 

* p<0.05, ** p<0.01, 
 *** p<0.001 

 

Notes: Results are from OLS estimates of predicted cumulative subsidy on each outcome of interest. All columns control for grandmother 
characteristics including: age, age squared, foreign born, education, race, number of living children, number of children ever born, total number 
of grandchildren, number of living parents. All columns also include state, year and daughter-group fixed effects, and control non-
parametrically for the number of grandchildren under six. Odd columns include a state specific linear time trend, and even columns include a 
state by year fixed effect. Standard errors clustered at the state level are in parentheses. 
 



 

 

73 

Chapter 3: The Role of Non-Cognitive Traits in Response to 
Financial Incentives: Evidence from a Randomized Control 
Trial of Obstetrics Care Providers in India 

Joint with Manoj Mohanan, Grant Miller, Katherine Donato, and Marcos Vera-

Hernandez.  

3.1 Introduction  

Pay-for-performance schemes (P4P, or performance-based incentives) define a 

strategy to strengthen health systems and improve health outcomes that has been widely 

applied in developing counties (Basinga et al. 2011 Miller et al. 2012, Eichler et al. 

2014). Such schemes reward key players (providers, households, administrators) for pre-

specified and contracted outputs or outcomes.  P4P schemes improve the provision of 

health care by targeting efforts toward specific desirable activities as well as by 

increasing the resources available to put towards the activities (Basinga et al., 2011, 

Eichler et al., 2014). However, P4P schemes can also lead to multi-tasking, where actors 

focus all of their efforts on rewarded actions instead of the end goal of high quality care 

(Basinga et al., 2011). Along with this concern, policymakers do not know the health 

production function and subsequently which efforts should be targeted and rewarded. 

Finally, as with the classic principal-agent problem, many key efforts are non-

contractible and cannot be directly incentivized.  
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“Improving Maternal and Child Health in India: Evaluating Demand and Supply 

Side Strategies” (IMACHINE) is a randomized controlled experiment designed to test the 

effectiveness of supply-side incentives for private obstetrics care providers in rural 

Karnataka, India. This study is designed to experimentally compare behavioral responses 

to performance incentive contracts that reward either input use or outputs in the context 

of maternal and newborn care. With a population of over 60 million, Karnataka reported 

a maternal mortality rate (MMR) of 144 deaths per 100,000 live births in 2013 (MMR for 

India in 2013 was 178), and an infant mortality rate (IMR) of 31 per 1000 live births 

(IMR for India was 40).1   These key health indicators remain slow to improve despite the 

share of births occurring in health care facilities (versus at home) increasing significantly 

from 65% in 2007-08 to almost 90% in 2012-13 (NRHM 2015). 

Specifically, we randomly assign private rural maternity care providers (who 

almost universally operate solo practices in rural areas where there are rarely other formal 

maternity care providers nearby) to one of three study arms: an input performance 

contract group, an output performance contract group, and a control group. The input-

based performance contracts reward adherence to current (at the time of the intervention) 

World Health Organization (WHO) guidelines for obstetric care. The WHO guidelines 

cover five domains of care: (A) Pregnancy Care – antenatal care (ANC) provided during 

the pregnancy period, (B) Childbirth Care – care provided to the mother during the birth 
                                                

1 Data from NRHM: http://nrhm.gov.in/nrhm-in-state/state-wise-information/karnataka.html  
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process and immediately after, (C) Postnatal Maternal Care – care provided to the mother 

after the delivery in facility and up to until six weeks afterward, (D) Newborn Care – care 

provided immediately after birth until discharge from the hospital, and (E) Postnatal 

Newborn Care – care provided to the newborn baby after initial discharge from the 

hospital.  The guidelines describe specific inputs for each domain such as checking for 

complications during Pregnancy Care and active management of third stage of labor in 

Childbirth Care to ensure the placenta is delivered completely following birth of the 

baby.  

On the other hand, the output-based performance contracts rewarded good health 

outcomes among mothers and newborns. Importantly, the output-based contracts do not 

specify how the good health outcomes should be achieved.  Although the same WHO 

guidelines were given to output incentive providers, their scope for flexibility and 

innovation in delivering services were emphasized. Specific adverse health outcomes that 

were rewarded in the output-based contracts – for low rates – include post-partum 

hemorrhage, preeclampsia, sepsis (the three leading causes of maternal mortality in 

India), and neonatal mortality. 

Theoretical predictions about how to structure performance contracts2 depend on 

a number of factors including the underlying production function, uncertainty in the 

                                                

2 For a detailed discussion of the contract theory literature as it pertains to pay for performance outcomes 
and healthcare, see Mohanan et al.,  2016 
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environment, observability, and specific information that principals and agents might 

have (Prendergast 2002; Raith 2008). There is increasing evidence that non-cognitive 

traits, including personality, may play an important role both in determining performance 

directly and in mitigating the impact of incentive contracts (Borghans et al. 2008, 

Almlund et al. 2011, Callen et al., 2015).  Along with studying the relative effectiveness 

of the different financial incentives, this experiment explores the role played by non-

cognitive traits in driving individual responses to incentives. These non-cognitive traits 

include subjective probabilistic expectations, personality, locus of control, and other pro-

social traits. To this end, we designed four instruments to collect relevant data on 

providers at different points in the project timeline: (1) a subjective expectations 

questionnaire that was administered at the time that providers signed the contract, (2) a 

personality inventory and (3) a locus of control inventory that were administered at the 

final provider visit, and (4) a job satisfaction inventory that was administered at three 

different visits. We also included a standard instrument to elicit provider risk and time 

preferences using a hypothetical series of lotteries.  

In this paper, in addition to presenting the main results from the incentive 

experiment, we address the role of non-cognitive traits and provider characteristics in 

mitigating or enhancing the effectiveness of incentive contracts for providers. We find 

that providers in both incentive groups achieved post-partum hemorrhage (PPH) rates 

that were 7-8 percentage points lower than the control group mean, a 22% decrease. 
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Changes in other health outcomes (preeclampsia, sepsis, and neonatal death) were small 

and statistically indistinguishable from zero among both input and output incentive arms. 

We find provider certifications plays an important role in how providers respond to 

incentive contracts. We find also that provider overconfidence reduces the effectiveness 

of contracts, and provider time and risk preferences pay an important role. Finally, we 

find no effects of non cognitive traits on contract effectiveness.  

The rest of this paper proceeds as follows: Section 3 provides a brief overview of 

the relevant literature; Section 4 describes the experimental design and data collection; 

and Section 5 describes the provider characteristics used in the analysis; Section 6 

presents the results; and Section 7 concludes.  

3.2  Literature Review 

3.2.1 Pay for performance in heath 

Over the past decade, the use of performance pay to induce higher levels of effort 

from healthcare providers has become widespread in developing country health programs 

(Peabody, Shimkhada et al. 2011, Soeters, Peerenboom et al. 2011, Basinga, Gertler et al. 

2011, Bonfrer, Van de Poel et al. 2014, Miller and Babiarz 2013, Witter et al Coch.Rev 

2012. Gertler and Vermeersch 2013; de Walque, Gertler et al. 2015). A key motivation 

for many of these programs is that quality of health care and performance of healthcare 

providers in developing countries is very low (Das Hammer Leonard 2008; Das et al. 

2012). Some of the observed low quality is also driven by know-do gaps, where 
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healthcare providers deliver health care of lower quality than what they know and often 

deliver unnecessary services and treatments that are potentially detrimental to patients 

(Mohanan et al. 2016, Kremer 2002; Blumenthal and Hsiao 2005; Bloom et al. 2006).  In 

this context of low provider effort in developing country settings, pay for performance 

programs aim to align incentives for providers to exert higher levels of effort and 

improve quality of care delivered.  

However, pay for performance programs in developing countries almost 

universally reward input use despite the absence of empirical evidence on the relative 

merits of contracting for input use versus outputs (good health outcomes) (Miller and 

Singer Babiarz 2014). For example, commonly rewarded inputs include the use of a 

health facility for services such as antenatal care, delivering babies (institutional 

deliveries), HIV care, childhood immunizations, and family planning. A performance 

incentive program in Rwanda, for example, provided incentives for 10 indicators of HIV 

care and 14 indicators spanning primary care, family planning, maternal health, and child 

health (Basinga et al. 2011; Sherry, Bauhoff, and Mohanan 2015).  To our knowledge, 

there are no published instances of rewarding providers for following established clinical 

guidelines in developing country contexts.3 

                                                

3  The ongoing BetterBirth Program in India, for example, aims to achieve better adherence with WHO-
approved Safe Childbirth Checklists but relies on coaching interventions rather than incentives to adhere to 
protocol (http://www.ariadnelabs.org/programs/betterbirth/).  
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Offering performance incentives in these settings generated mixed results; the 

programs led to improvements on some indicators of service delivery but found only 

modest effects on related health outcomes.  The Rwanda pay for performance experience 

found significant effects on rates of institutional delivery but less so for other rewarded 

inputs (Basinga and Sherry et al 2015). This program also led to improved nutritional 

outcomes for children (Gertler and Vermeersch 2013). Another performance incentive 

program in Burundi, similar to the Rwanda program, found that most of the 

improvements seen in the program were among the non-poor households who were not 

intended beneficiaries of the program (Soeters et al 2014).  Despite offering substantial 

performance incentives to its family practitioners (up to 25% of income), a program in 

the UK only found modest short-term improvements in quality indicators (Campbell, 

Reeves et al. 2007; Campbell, Reeves et al. 2009). In Argentina, a performance incentive 

program successfully increased early initiation of prenatal care but did not improve birth 

outcomes (Celhay et al 2015).   

There have been very few efforts to directly reward improvements in health 

outcomes in developing countries.  Two recent efforts in China and India featured 

interventions outside the medical care system, focusing on childhood malnutrition.  

Primary school principals in China, who were offered performance incentives for 

reducing anemia, were able to reduce anemia prevalence by 25% by the end of the 

academic year (Miller et al 2013). In India, Singh (2015) found that frontline workers in 
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India’s Integrated Child Development Services (ICDS) program who were offered high 

levels of incentives were able to reduce severe malnutrition by 6.3 percentage points.   

3.2.2 Non-cognitive traits 

 Many studies have looked at non-cognitive traits such as personality, motivation, 

and expectations in predicting life outcomes and behavioral responses (see Almlund et al 

(2011) for an extensive review). Such traits are thought to be distinct and complementary 

to cognitive ability and preferences, although challenges to their predictive ability and 

stability across situations remain (Borghans et al., 2008). Studies have found significant 

correlations between outcomes such as wages, schooling, criminal behavior, loan default, 

and non-cognitive traits (Karlan et al. 2011, Almlund et al., 2011). 

 The majority of these studies are descriptive, and any causal conclusions rely on 

the assumptions that the traits are inherent and stable (Cobb-Clark & Schurer, 2013). 

Furthermore, in spite of the evidence that these traits seem to predict behavior, there is 

practically no evidence on how non-cognitive traits might determine differential 

behavioral responses to incentive schemes. To our knowledge, two papers study 

personality traits and behavior of public sector employees in the presence of financial 

incentives in an experimental context. Personality might explain how individual 

providers respond to incentives.  

 The relationship between personality traits and financial incentives has been taken 

up by Dal Bo et al. (2013), who use an experimental design to study whether financial 
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incentives (in the form of higher wages) can attract higher quality candidates to the public 

sector in Mexico. They find that “better”4 personality types are attracted to higher wage 

jobs and argue that increasing wages might lead to better functioning of the public sector. 

Higher wages attracted employees who were more conscientious and less neurotic. In 

ongoing work, which more closely resembles to ours, Callen et al. (2015) use Big Five 

traits and Perry Public Sector Motivation scores to explain performance of public sector 

doctors and public health officials and their responses to reforms in Pakistan. They find 

that providers with “better” traits have a larger response to performance incentives.  

3.3  Experimental Design and Data 

3.3.1 Design and implementation of the experiment 

The randomized experiment and data collection efforts spanned two years, from 

late-2012 to late-2014.  Over this period, we interviewed study providers four times. We 

also collected detailed birth history and health outcomes data from women who delivered 

at a study provider or who delivered elsewhere but lived near a study provider, within one 

to three weeks after their delivery and again at least one month post-delivery.  We 

collected informed consent from all respondents at the time of data collection and at time 

of enrolment into the study, based on IRB protocols that were approved by Duke 

University Office of Human Subjects Research. The timeline of the project is shown in 

                                                

4 The concept of “better” personality traits is not something that is found in the psychology literature. 
Better traits are defined in this context as those that are consistently correlated with positive outcomes.  
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Figure 1, with details about when data were collected in the left column and details about 

the intervention in the right column.  

3.3.1.1 Selection of providers 

Providers in the study were selected in three steps. We first identified the potential 

universe of private providers who provided obstetric care (conducting deliveries) in rural 

areas of Karnataka where there were no other formal medical providers of obstetric care 

nearby.  To identify these providers, we first used 2001 census GIS data from the 

Government of Karnataka to identify hoblis (geographic areas similar to rural towns) 

where there was no large public health provider (e.g., district hospitals, staffed and 

functional 24/7 primary health centers).  This also eliminated all hoblis in urban areas.  

The state government also commissioned fieldwork to conduct interviews with local key 

informants, such as village health workers in hoblis, to identify all formal medical 

providers who offered obstetric care within 10 kilometers of the hobli. 319 potential 

providers were initially identified, and basic demographic and infrastructure data were 

collected.  Among the 319 providers, 280 were identified as potentially eligible for 

participation in the study based on the size of their catchment area, proximity of other 

potentially eligible providers nearby, number of deliveries conducted per month, and 

proximity to district headquarters.   

Next, we further refined the list of eligible providers based on information 

collected through interviews with these 280 providers between October 2012 and January 
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2013 (“Provider Baseline Visit”).  72 providers were classified as ineligible for the study 

because they had stopped conducting deliveries, provided obstetric care services rarely or 

irregularly, or moved out of the area.   

The third and final step in the provider selection process was to conduct 

additional snowball sampling to identify any providers who were missed during previous 

fieldwork commissioned by the state (which added 24 eligible providers) and remove 

ineligible providers. 19 providers declined to respond to interviews or participate in the 

study. Of the remaining 213, during visits to implement the contracts5 interventions, 73 

providers were classified as ineligible because they conducted fewer than two deliveries 

per month, practiced at large multi-specialty hospitals or in urban areas that were 

included in error earlier, or relocated to areas outside the study clusters. Our final sample 

of eligible providers who participated in the study, signed incentive contracts, was 140 

(53 in outputs arm, 40 in inputs arm, and 47 in control arm). Of these, 5 providers 

declined to participate in final interview and the end of the study, and were classified as 

attrition from the study (2 from input and 3 from control).  Our final analytical sample 

thus includes 135 providers.   

                                                

5 See “Contracts Intervention” for more detail about the contracts.   



 

 

84 

3.3.1.2 Randomization of Providers 

Using simple randomization, eligible providers (described in the previous 

subsection) were assigned to the input incentive group, output incentive group, or control 

group in early-2013, between the Baseline Provider Visit and First Provider Intervention 

Visit.  In order to randomize providers identified through snowball sampling during the 

third step of provider identification, a list of 200 sequential unique identifiers were 

randomly assigned to the three study groups before the third stage using simple 

randomization.  New providers were sequentially assigned to these identifiers and 

incorporated into the appropriate study group.  

3.3.2 The contracts 

Providers were first introduced to the incentive contracts during the First Provider 

Intervention Visit in February – April 2013.  During this visit, providers were given 

copies of letters of support from the state government and a full set of reference materials 

including guidelines from the WHO and Government of India (GoI).6  Each provider was 

given a copy of the incentive contract randomly assigned to her.   

                                                

6 Details about the guidelines are provided in Appendix 2. All providers were given hard copy versions of 
WHO guidelines and key sections of GoI guidelines. A complete set of guidelines was also provided to 
them on a CD. If a provider was unable to access the materials on the CD, she was offered the option of 
having the hard copy versions sent to her at no charge. 



 

 

85 

The three contracts were designed to look very similar, and identical language 

was used wherever possible.7  All letters referenced support from the World Bank, the 

International Initiative for Impact Evaluation (3ie), the UK Department for International 

Development (DFID), and the Government of Karnataka (the state where the study took 

place).  The letters additionally provided a broad overview of what participation in the 

study would entail, including future meetings and payments in compensation for the time 

needed to complete surveys.  Finally, all letters emphasized the importance of 

maintaining appropriate patient referral patterns.  

The treatment contracts listed the categories on which providers would be 

rewarded, provided a detailed structure of payments and reward calculations, and 

emphasized that providers had the potential to earn approximately Rs. 150,000 

(approximately US$2,700 at the time of the contract, equivalent to more than 15% of a 

mid-level doctor’s salary and more than double the state per capita income).8  The 

contracts specified that providers’ performance would be evaluated based on data 

collected from surveys with their patient population. While both providers and 

enumerators had information on categories of inputs or outputs tied to rewards, only 

authors had knowledge of specific questions on the surveys that would be used to 

compute performance. This was done to avoid possibilities of collusion or gaming.  
                                                

7 All contracts are included in Appendix 2.  
8 “Karnataka.” www.ibef.org. India Brand Equity Foundation, Nov. 2010. Web. 
<http://www.ibef.org/download/Karnataka_19011.pdf>  
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Enumerators were trained to ensure that the providers fully understood the treatment 

contracts, including the payment structure, the potential reward payments that were 

obtainable with a strong performance, and that the provider would never lose money by 

participating in the study. 

3.3.2.1 Output Treatment 

 Providers assigned to the output treatment were offered a one-time reward based 

on the rates of four adverse health outcomes9 in their patient population over the study 

period, approximately one year.  The first three health outcomes, post-partum 

hemorrhage, preeclampsia, and sepsis, are the most prevalent causes of pregnancy-related 

mortality and morbidity in India. The fourth rewarded health outcome is neonatal 

mortality.   

For each maternal health outcome, the reward payment, !(#$), where #$	is the 

incidence of outcome i,  is structured as a decreasing linear function of incidence in the 

provider’s patient population, starting at a maximum threshold #' percent incidence: 

! #$ = )$ #$ − #$ , #$ ≤ #$
0									, #$ > #$

. 

                                                

9 Details of the measurement of these health outcomes are below and in the appendix. 
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)$ was predetermined based on the projected range of improvements and budget 

constraints, and #$ was set at projected pre-intervention average rates.10  Pre-intervention 

average rates for each of the three adverse maternal health outcomes were determined 

using existing data from government surveys and calibrated through piloting with doctors 

in Karnataka and Delhi to ensure that they were locally appropriate.  For neonatal 

mortality, providers were offered a flat reward of Rs. 15,000 for achieving zero neonatal 

deaths in their patient population over the study period.  Each provider’s one-time total 

reward payment was the sum of rewards earned for performance on each of the four 

adverse health outcomes. 

3.2.2.2 Input Treatment 

Providers assigned to the input treatment arm were offered a one-time reward 

based on healthcare inputs provided to their patients over the study period.  These inputs 

are based on recommendations in the 2009 WHO guidelines11 for basic obstetric care that 

were distributed to all providers in the study when they agreed to participate.  Input 

quality is measured separately in the five domains: Pregnancy Care, Childbirth Care, 

                                                

10 For example, pre-intervention rates of post-partum hemorrhage (PPH) were estimated at 35 percent 
(#//0 	= 35) in the study area.  Providers could earn )//0 = Rs. 850 (equivalent to about $17 at the time 
of the contract) for every percentage point below 35 percent incidence of PPH in their patient population.  
If the rate of PPH in their patient population over the study period was, for example, 25%, they would earn 
$170; if they were able to completely eliminate PPH in their patient population, they would earn $595. 
11 These were the most up-to-date guidelines at the time of the intervention.   
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Postnatal Maternal Care, Newborn Care, and Postnatal Newborn Care.12  For each 

domain of care, the reward payment ! #$ 	is structured as an increasing linear function of 

#$ – the performance level on domain 3 – achieved in the provider’s patient population, 

starting at a minimum threshold performance level #$%: 

! #$ = )$	 #$ −	#$ , #$ ≥ #$
0									, #$ < #$

. 

)$ was predetermined based on the projected range of improvements and budget 

considerations, and #$ was set at projected pre-intervention average rates.13  Pre-

intervention average rates for each of the five domains of care were determined using 

existing data from government surveys and calibrated through piloting with doctors in 

Karnataka and Delhi to ensure that they were locally appropriate.  Each provider’s total 

reward payment was the sum of rewards earned for their performance in each of the five 

domains of care.  

3.2.2.3 The control arm Contract 

Providers assigned to the control study arm received contract agreements that 

provided all information and guidelines, as well as payments for participation and 

                                                

12 Details of the measurement of these health inputs are below and in the appendix. 
13 For example, pre-intervention coverage of the inputs in the Childbirth Care domain was estimated at 
about 65% (#67$89:$;<7	6=;> = 65) in the study area: 65% of women receive appropriate childbirth care 
according to WHO guidelines.  Providers earn )67$89:$;<7	6=;> = Rs. 750 (equivalent to about $15 at the 
time of the contract) for every percentage point in coverage of these inputs above 65%. If 75% of a 
provider’s patients had received an appropriate level of inputs for the Childbirth Care domain, she would 
earn $150, and if she were able to provide this level of care for 100% of her patients, she would earn $525. 
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responding to surveys, but had no payments related to performance on inputs or outputs. 

Providers were told they were participating in a study about maternal and child health 

outcomes and that we would collect data from surveys with their patient population. 

Control arm providers were also required to sign the contract agreements and were 

visited for follow-up interviews exactly as we did with intervention arm providers. 

3.3.3 Data collection  

We collected data from providers in multiple interviews over the period of the 

study and from households over the latter portion of the study; Figure 1 shows details of 

timing of data collection and intervention visits to providers.  

3.3.3.1 Provider data collection and summary of providers 

Over the course of two years, we collected data from multiple surveys of the 

provider and a hospital staff member (who assisted the provider with clinical or 

administrative tasks).  At the time of each survey, providers were also given Rp. 2,500 as 

compensation for participation. 

Baseline provider visit: October 2012 - January 2013 

From October 2012 through January 2013, the study team visited each provider’s 

facility to conduct baseline interviews with the provider and one facility staff member to 

learn about the provider’s current medical practices, expectations about the performance 

of the average doctor in rural Karnataka, training, job satisfaction, and the facility’s 

capacities, staffing, and provider demographics.  



 

 

90 

First provider intervention visit: February - April 2013 

During the first intervention visit, the incentive contracts14 were signed after 

administering a series of questions eliciting the providers’ expectations of their own and 

the average rural Karnataka doctor’s current performance and ability to improve, as well 

as the major challenges the providers felt prevented such improvements. A first set of 

identical questions were asked of all providers before they saw their randomly assigned 

performance contract, and a second set of questions, related specifically to the metrics in 

the contract, were asked after the providers saw their contracts. The field enumerators 

also asked providers if they had strategies they might employ in order to meet the 

performance goals listed in their contracts and to be prepared to discuss these strategies 

and potential successes or failures at the second intervention visit.  Control providers 

were similarly asked to prepare to discuss potential improvement strategies for health 

inputs and outputs but without the specific focus on the target numbers that study 

providers were given through the incentive contracts.   

Second provider intervention visit: May - August 2013 

The second visit focused on open-ended interviews regarding the new strategies 

that the providers had developed and had potentially begun implementing since the last 

visit.  After giving the providers a chance to discuss their own ideas of strategies for 

                                                

14 Since there were newly identified providers included in this visit, these providers were also administered 
a brief survey with a subset of key questions asked in the baseline interviews. 
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improvement, they were then offered some other broad illustrative ideas for how to 

improve, including by beginning outreach programs, changing how they manage their 

patients, seeking out new training, or making strategic investments in new medical 

equipment or pharmaceutical supplies.  All providers were additionally asked a series of 

questions measuring risk aversion, standard obstetric practices, training, and job 

satisfaction through closed-ended surveys.  Finally, hospital staff members at each 

facility were asked questions focused on changes in facility capacity and supplies. At the 

end of the visit, the study team arranged for biweekly collection of contact information 

for women who delivered at the provider’s facility.15  These patient lists were collected 

between the second and the third intervention visits, and providers were also 

compensated a nominal sum of Rs.1000 for any additional recordkeeping required.  

Third provider intervention visit: September - November 2014 

Our final visit to each of the providers was after data collection from households 

and patients was completed.  We collected data on providers’ expectations of their own 

and others’ improvements in rates of adverse health outcomes and in providing high 

quality health care, in addition to information on job satisfaction, psychological 

                                                

15 Providers were reminded that any evidence of cream skimming or failing to divulge their full patient list 
would result in invalidation of their contract and that such information would be obtained through broader 
population-based household interviews that were occurring simultaneously.  See “Contract Intervention” 
for more details. 



 

 

92 

characteristics (personality traits and locus of control),16 as well as perceived challenges 

in making improvements. Finally, we also collected follow-up data on facility capacity 

and supplies. 

3.3.4 Provider characteristics, balance, and attrition 

Basic provider characteristics for the full sample are presented in Panel 1 of Table 

15.  Just over half of providers were female, and the vast majority (79%) had at least a 

bachelor’s degree in medicine (MBBS). The average provider was just under 50 years old 

and has been practicing for nearly two decades. The average clinic has been open for 17 

years.  

Sample characteristics across the three study arms are presented in Table 16, 

along with the p-value from a joint test of significance across treatment arms. There are 

no significant differences in provider demographics between the three study groups.  

Attrition from the final sample due to provider’s refusal to participate was low. 

Overall, five providers opted out of the study after signing contracts to participate in the 

study. Two providers left during the second provider intervention visit (both from the 

control group). An additional three providers refused to participate before the third 

provider intervention visit (two from the input group and one from the control group). 

                                                

16 Details about these data collection efforts below.  
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This attrition was not statistically different among the three study groups (results 

available upon request).  

3.3.5 Household data collection 

We collected household-level survey data from two samples of new mothers. 

Using patient lists collected from providers in our study, we drew a sample of 25 women 

from each list17 who had recently given birth at the provider’s facility.  To keep check on 

providers potentially referring away or denying care to cases with potentially worse 

outcomes, we also collected population-level data from areas surrounding each provider’s 

physical location. We collected data from 110 women per study cluster, defined as the 

contiguous catchment area of villages from where providers reported receiving patients 

regularly at baseline.18 The size of study clusters was capped at 35 villages to keep data 

collection manageable.  

For both patient- and population-level surveys, we aimed to interview every 

mother at approximately two weeks to minimize loss of recall (Das et al 2013). Using 

patient lists and tracking expectant mothers in real time with information from key 

informants (typically village-level health workers), surveys were conducted between 7-20 

days after delivery. In all, we interviewed 12,084 new mothers including 2,941 mothers 

                                                

17 During the second provider intervention visit, the field team developed a feasible strategy for 
transmitting each provider’s patient list biweekly to the field team.  
18 Because some providers are located close to one another, there are a total of 99 clusters covering the 164 
providers in the study.   
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from providers’ patient lists. The surveys covered a range of topics, including questions 

that allow us to measure the five domains of inputs, the four key outputs, as well as other 

health outcomes and the quality of care that each woman had received, in addition to 

demographic information and health history. In this paper, we rely mainly on data from 

the 2,941 mothers who delivered their babies with providers participating in our study.  

3.3.6 Measurement of outputs and inputs 

All outputs and inputs for evaluation and provider performance payments were 

determined using responses from household questionnaires.  The questions used for 

identifying health outcomes and quality of care were generally chosen in order to (1) 

match with questions previously validated in the literature as useful measures, given 

limitations in women’s recall and ability to observe and understand what is happening 

during pregnancy, labor/delivery, and postpartum, or (2) match with questions identified 

as performing relatively well in a validation study in June - July 2011 among women in 

rural Karnataka, where women’s answers 7-14 days after delivery were compared to the 

observations of a trained observer present through her entire delivery (forthcoming).   

3.3.6.1 Outputs measurement 

For each woman, the incidence of each adverse health outcome is determined 

based on the application of specific rules to a combination of her responses to a few 

relevant questions (such as questions about convulsions during pregnancy for 

preeclampsia).  These rules for determining whether each adverse health outcome likely 
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occurred are based primarily on three previous studies that evaluated the sensitivity and 

specificity of responses to particular questions or combinations of questions from surveys 

of mothers, compared to clinical evaluation of the incidence of these outcomes (Stewart 

and Festin, 1995; Filippi et al. 2000; Souza et al. 2010). Details of outputs measurements 

are specified in the appendix to our pre-analysis plan. 

3.3.6.2 Inputs measurement 

All providers were given the 2009 WHO Recommended Interventions for 

Improving Maternal and Newborn Health guidelines.  These guidelines, which are 

designed to be relevant for contexts like rural Karnataka, include five domains of care, 

beginning with prenatal care and ending with postnatal care for the mother and newborn.  

Within each domain, there are several recommended inputs that providers should provide 

routinely in all cases (i.e., that are not dependent on there being a specific complication or 

health issue).  These include actions such as anemia control/prevention during pregnancy 

and promotion of breastfeeding post-birth.  

We evaluate each provider’s quality of care – the “inputs” they provide – by 

measuring each provider’s adherence to these routine guidelines.  More specifically, we 

first identified a set of questions from the household survey corresponding to each 

domain of care.  The responses to these questions were assigned a “1” if they adhered to 
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the guidelines and a “0” otherwise.19 Each woman’s responses to the questions in a 

particular domain were combined into a standardized index score for the domain 

(Anderson 2008). A provider’s performance in a particular domain was then the mean of 

these scores for all women who came to the provider for delivery, where higher scores 

reflect greater adherence to the guidelines and better performance. 

3.3.7 Provider heterogeneity 

3.3.7.1 Subjective expectations 

A provider’s response to the incentive contract relies critically on beliefs about 

her current performance and her ability to achieve outcomes above the minimum 

thresholds for reward. Understanding these expectations and how they influence behavior 

can unpack some of the mechanisms which drive (the lack of) results (Delavande et al., 

2011). In designing the instrument used for this experiment, we relied heavily on the 

discussion in Delavande et al. (2011), which advocates using visual aids to elicit 

respondents’ subjective probabilities of specific outcomes.  

 We ask about doctors’ perception of their own performance and likelihood of 

improvement and elicit probabilistic expectations using a visual aid. Providers are given 

ten coins and instructed to allocate a number of coins on a mat to indicate how strongly 

they feel a future event is going to occur. All providers are asked their beliefs about the 
                                                

19 For example, if a woman answered affirmatively to the question, “Was your blood pressure checked 
during labor?” the question was assigned a “1.”  Details about the specific questions used for each domain 
and how responses were coded are included in the appendix.  
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possibility of improvement in each of the four adverse outcomes and each of the five 

domains of care quality. Specifically, providers were asked, “In general, do you think 

doctors can reduce the incidence rates of these four adverse health outcomes among their 

patients?” and “In general, do you think doctors can improve these five domains of care, 

as defined by the WHO guidelines, among their patients?” 

 Summary statistics for pre-contract expectations are reported in Table 1, Panel 4. 

There is some variation in provider’s expectations of improvement in both inputs and 

outcomes categories. Within outputs, providers are most confident about reducing sepsis 

(87% likelihood) and least confident about reducing pre eclampsia (72 % likelihood). 

Within inputs, providers are most confident about improving pregnancy care (89% 

likelihood) and least confident about improving postnatal maternal care (82%).  Table 17 

reports summary statistics by treatment group as well the p-value from a test of joint 

significant across all groups. There appears to be significant differences across treatment 

groups in expectations about preeclampsia (p-value 0.08). However, this is one of two 

characteristic out of thirty which appear unbalanced across the three treatment groups – 

about as much as we would expect by chance. Subjective expectation questionnaires were 

administered before the contracts were introduced, so its highly unlikely that treatment 

assignment influenced provider expectations.  
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3.3.7.2 Personality inventory 

Personality traits predict individual outcomes in many domains, and the 

economics literature has particularly focused on the relationship between personality 

traits and labor market outcomes (Almlund et al., 2011). The canonical approach to 

measuring personality traits is the Big Five factor model, which organizes personality 

into five orthogonal factors: Openness, Conscientiousness, Extraversion, Agreeableness, 

and Neuroticism (OCEAN). These five factors can be further broken down into more 

detailed traits (see Almlund et al. (2011) for greater detail about sub-traits).  

There is broad consensus about interpretation of these five factors and associated 

traits. Barrick and Mount (1991) summarize these traits.  Extraversion is associated with 

sociability, talkativeness, ambition, and assertiveness. Neuroticism is associated with 

anxiety, worry, anger, and insecurity. Agreeableness is associated with good-naturedness, 

cooperation, courtesy, and trust. Conscientiousness is associated with dependability, 

organization skills, perseverance, and achievement-oriented thinking. Finally, openness 

to experience, which is the least well understood parameter, is associated with curiosity, 

imagination, and broadmindedness. Conscientiousness is the only factor that consistently 

predicts high performance in an educational and professional context. (Barrick and 

Mount 1991, Almlund et al., 2011). Neuroticism (or its converse – emotional stability) 

also consistently predicts negative outcomes in these and other contexts.  
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There are several different tools for measuring Big Five personality traits. The 

Big Five Inventory (BFI) is a multidimensional personality inventory consisting of 44 

short and accessible phrases that takes five to ten minutes to administer (John et al., 

2008). The BFI is frequently used in research settings because it is short and easy to use, 

and it is made available free of charge by its creators. It has been translated into many 

languages including German, Spanish, and Urdu (Rammstedt & John, 2007, Dal Bó et 

al., 2013, Callen et al., 2013 ). Respondents indicate how closely they identify with each 

phrase by using a five-item Likert-type scale. Four factors have five associated phrases, 

and one has four associated phrases.  A shortened version of the survey, the BFI10, was 

developed and validated as a sufficient approximation of the full survey, with just two 

adjectives per factor (Rammstedt & John, 2007). 

To develop the IMACHINE personality inventory, we had to keep both time and 

language constraints in mind. There is no validated translation of the BFI into Kannada, 

the primary language spoken by the providers in the study. Furthermore, many items in 

the BFI are similar, and language capacity and cultural differences were a first-order 

concern. We developed the instrument using an iterative process, by selecting the phrases 

that made contextual sense in Kannada and that represented all five factors. Finally, 

because we were unable to pilot and validate our modified instrument beforehand, we 

also include both the BFI10 and a 12-adjective instrument that was piloted and tested in 

another developing country context and used in the Study of the Tsunami Aftermath and 
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Recovery (STAR) project. The instrument was also back-translated into English to ensure 

that the true concepts were getting across. The final personality inventory consists of 23 

phrases spanning the domains.   

 Panel 2 of Table 1 reports summary statistics for the raw scores for each of the 

Big Five personality traits. There is substantial variation among individuals within each 

of the five domains. Table 18 reports summary statistics across treatment arms for each 

of the domains standardized into z-scores using control group means, as well as the p-

value from a test of joint significance across all treatment arms. There are significant 

differences across arms in the trait of openness (p-value 0.020). However, this is one of 

two characteristic out of thirty which appear unbalanced across the three treatment groups 

– about as much as we would expect by chance.   

3.3.7.3 Locus of control & job satisfaction index  

Along with personality, locus of control may be an important predictor of how 

providers respond to incentives. “Locus of control refers to one’s belief about whether the 

determinants of one’s life events are largely internal or external” (Almlund et al., 2011). 

In our context, this measure might be an important component in explaining provider 

behavior, as providers with an external locus of control might be less likely to respond to 

financial incentives because they believe that the rewarded indicators may be beyond 

their control. Furthermore, the different contracts (inputs or outputs) may have different 

interactions with locus of control. Locus of control is arguably distinct from but related to 
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non-cognitive traits including some of the Big Five factors (Cobb-Clark & Schurer, 2013, 

Almlund et al., 2011). Like the Big Five, locus of control is thought to be a stable trait 

and thus can be used in this experimental context, even though we collect the information 

ex post (Cobb-Clark & Schurer, 2013).  

Our measure of locus of control comes from the HRS psychosocial leave-behind 

participant lifestyle questionnaires Mastery and Control section. These questions were 

given to HRS respondents in 2006, 2008, and 2010. The instrument consists of ten 

statements, and respondents indicate how strongly they agree with each statement. Five 

statements relate to perceived constraints, and five statements relate to perceived mastery. 

We created two separate indices by averaging across each set of questions. We followed 

the same back-translating procedure that was used for the personality scores to ensure 

proper translation.  

Finally, we also include a battery of twelve job satisfaction questions, such as “I 

like taking care of my patients’ health” and “I feel a sense of pride in my job,” which 

providers answer in a similar way to the locus of control questions. To construct a job 

satisfaction index, we averaged scores across all twelve items.  Panel 3 of Table 1 reports 

summary statistics for the Mastery, Constraint, and Job Satisfaction raw score indices. 

Overall, providers exhibit low perceptions of constraint (average response is a 2 – 

“slightly disagree”) and high levels of mastery (average response is – “somewhat agree”). 

Similarly, providers report on average high levels of job satisfaction (average response is 



 

 

102 

between “slightly agree” and “somewhat agree”).  Table 4 reports summary statistics by 

treatment group standardized into z-scores, as well as the p-values for a test of joint 

significant across three treatment arms. There are no significant differences across 

treatment arms for these three traits.  

3.3.7.4 Risk and time preferences 

Both inputs and outputs contracts have elements of riskiness for the providers. In 

general, given the intrinsic riskiness of contracts, we might expect to see less risk averse 

providers responding more to incentive contracts and to have better performance. With 

input based incentives, providers face the risk that inputs are poorly observed. However, 

providers might not recognize this risk fully the first time. (In other words, they might not 

know the extent to which the research team is unable to measure all relevant inputs).  

Although we were able to validate some inputs reported by mothers in this project, we are 

still able to measure only a subset of all clinically relevant inputs.  

With output-based contracts, providers face the risk that patient outcomes might 

be driven by factors outside the provider’s control. Further, with the output-based 

contracts there is an additional problem of observability. While input-based providers are 

able to observe their own inputs in real time, output-based providers are unable to 

observe key patient outcomes after the mother goes home. For three of our key outcomes, 

PPH, sepsis and neonatal mortality, complications often arise after the mother is sent 

home and the provider has little or no information about outcomes. This lack of 
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knowledge of the rewarded outcomes in their own patient population will be a significant 

deterrent to providers responding to the output incentive contracts. Further, in our open-

ended interviews with providers, they overwhelmingly reported that health outcomes are 

determined by patients’ actions and they had relatively little control on the final outcome. 

The lack of knowledge of health outcomes combined with providers believing the 

outcomes are highly uncertain increases the riskiness of the output-based contract. 

We measure provider preferences for risk with a series of hypothetical lotteries, 

where providers are asked to compare a certain payment to a lottery with a know 

probability. Providers are categorized into four groups. Providers who chose a lottery 

over a certain payment with the same expected value are categorized as “least risk 

averse.” Providers who chose a certain payment over a lottery with a much higher 

expected value are categorized as “most risk averse.” Table 1, Panel 5 reports the 

distribution of this measure. 27% of the providers are categorized as least risk averse, and 

26% are most risk averse. 46% of providers are “less risk averse” meaning they fall in the 

into the top two risk categories.  

We also measure time preferences with a similar procedure. Providers are asked 

to choose between two hypothetical payments, one immediately, or a larger payment in a 

month’s time. Providers who are willing to wait for the smallest premium are classified 

as “most patient;” providers who would not wait for even the largest premium are 

classified as least patient.  
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3.4 Empirical Framework  

3.4.1 Main experiment  

We follow the econometric analysis plan that we specified in our pre-analysis 

plan, which we published on the AEA RCT registry in December 2013, prior to 

collecting any household level data.  In order to estimate the effect of the intervention on 

patient-level outcomes, we regress outcomes on dummy variables indicating treatment 

status using the following parsimonious specification: 

@$A = ) + CDA + E9+	F> + 	G$A (1) 

where yIJ is the outcome of interest for woman i who has received care from provider p, 

sL are district-level fixed effects, λN are enumerator fixed effects, and TJis a vector of 

treatment indicators. While we also analyzed all intermediate specifications as mentioned 

in the pre-analysis plan, our main estimating equation is one where we include a full set 

of household and provider level controls: 

@$A = ) + CPDA + CQRA	 +	CST$ + E9 +	F>	+	G$A (2) 

where RA	 is a vector of baseline (pre-contract) provider characteristics, T$ is a vector of 

time-invariant household characteristics (such as mother’s age, education status, religion, 

and birth history), E9 are district-level fixed effects, and F> are enumerator fixed effects.  

All errors are clustered at the provider level. 
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Power calculations were conducted prior to the trial.  Estimated baseline 

performance rates and feasible improvement levels were determined using existing data 

from government surveys and calibrated through piloting with doctors in Karnataka and 

Delhi to ensure that they were locally appropriate. For all specifications at the individual 

level, we assume an intra-class correlation coefficient of 0.05 and that there are 25 

individuals per provider.  At the individual level, all five categories for quality of care 

have at least 85% power to detect improvements that reach the target levels, with the 

“Childbirth Care,” “Postnatal Maternal Care,” and “Postnatal Newborn Care” categories 

having at least 95% power.  Two of the four outputs, post-partum hemorrhage, and 

preeclampsia have at least 85% power to detect improvements to the target levels.  Note 

that these calculations do not take into account additional precision gained by including 

covariates.  

Given the multiple outcomes that we test in our main hypotheses, in addition to 

normal p-values, we also report p-values adjusted for multiple comparisons within the 

hypothesis, so as to control the Familywise Error Rate Control (using the free step-down 

resampling method as in Westfall and Young (1993)). 

3.4.2 Heterogeneity analysis 

For each set of heterogeneity variables (provider characteristics, risk and time 

preferences, Big Five, Locus of Control, and subjective expectations), we study 
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heterogeneous responses to incentive contracts by adding an interaction term to equation 

(2):  

@$A = ) + CPDA + CQRA	 +	CST$ + βVWℎYZA +	C[ DA×WℎYZA + E9 +	F>	+	G$A  (3) 

where RA	 is a vector of baseline (pre-contract) provider characteristics, T$ is a vector of 

time-invariant household characteristics (such as mother’s age, education status, religion, 

and birth history), E9 are district-level fixed effects, and F> are enumerator fixed effects.  

All errors are clustered at the provider level.	WℎYZA is the provider-level heterogeneity 

characteristic of interest. In this model, the coefficient  CP is the effect of the treatment on 

providers with a zero value of the characteristic in question, while C[ identifies the effect 

of the treatment on providers with a positive value of the characteristic in question.  

3.5 Results 

3.5.1 Main experiment 

3.5.1.1 Health outputs 

Table 6 reports estimates obtained from Equations 1 and 2 for health outputs.  

Results for each maternal and child health outcome are shown in pairs of columns.  The 

first column of each pair reports estimates conditional only on district fixed effects; the 

second (which we emphasize) reports estimates from the main estimating equations 

specified in our pre-analysis plan.   
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Both treatment groups reduced rates of PPH in their patients compared with the 

control group. In the input incentive group, PPH rates declined by 7.5 percentage points.  

Compared with the control group mean, this reduction corresponds to a 21% decrease 

(.07.5/.365). In the output incentive group, PPH rates declined by nearly 7 percentage 

points, or a reduction of 19%. The declines in PPH rates in both treatment arms remains 

statistically significant after correcting for multiple comparisons, as specified in our pre-

analysis plan. As seen in Table 21, the adjusted p-values using the Westfall and Young 

(1993) step-down resampling method are .037 for the inputs arm and .08 for the outputs 

arm. 

Interestingly, the outputs group seems so have slightly higher rates of pre 

eclampsia. While the coefficient is not significant for the input group, it is positive, and 

the two treatment effects are not statistically significant from each other. Changes in all 

other health outcomes (sepsis and neonatal death) are small and statistically 

indistinguishable from zero – among providers with both input and output incentives.  

Because the primary form of health improvement that we observe among patients 

of input incentive providers is a reduction in PPH, we focus on understanding how these 

reductions were achieved.  Although preeclampsia and sepsis are important causes of 

maternal mortality and morbidity, it is perhaps unsurprising that we find little to no 

changes in them associated with our incentive contracts.  It is biomedically unknown how 

to prevent preeclampsia (guidelines typically only address how to manage the condition 
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when present, and the primary clinical action for preventing sepsis (providers wearing 

gloves during delivery (WHO, 2003) was already practiced at a very high rate (99% in 

our control group).20 We elicited providers’ subjective expectations about likelihood of 

the four outcomes improving prior to offering the incentive contracts. Over 32% of 

providers said NMR was the least likely outcome to improve.  Further, when asked which 

of the outcomes was most important to improve based on clinical needs of their patients, 

only 8% said neonatal mortality was most important, compared to 74% of providers who 

said that PPH was the most important outcome. If providers strongly believe that PPH is 

far more important to improve and that neonatal mortality has the lowest likelihood of 

improving, it is likely that they direct most of their efforts towards decreasing PPH. 

3.5.1.2 Health input use 

We next examine differences in health input use associated with input and output 

incentive contracts (Table 7).  The top of each pair of columns shows indices that we 

study for each major domain of maternity and neonatal care, constructed as described in 

Section 3.6.2 under “Inputs Measurement” (Anderson 2008). 

Although postnatal maternity care appears to improve in the output group relative 

to the control group (p =.069), this result does not remain statistically significant after 

                                                

20 The other clinical action listed in the guidelines given to providers is handwashing, but because we rely 
primarily on data collected from mother and those accompanying them, we do not observe provider 
handwashing behavior. Further, antibiotics are routinely overused in clinical settings in India. 
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correcting the significance criterion for multiple comparisons (Table 9). We find 

significant reductions in rates of postnatal newborn care in the outputs group. Postnatal 

newborn care is defined in the WHO guidelines as care provided to the newborn for up to 

six weeks after delivery, while our neonatal death output was measured only up to 28 

days after delivery. Furthermore, we discovered in preliminary fieldwork that women in 

Karnataka usually return to their mothers’ home for an extended period of time after 

childbirth. If outputs providers see postnatal newborn care as a high cost effort that is not 

likely to impact contracted health outcomes, they may have shifted effort away from this 

type of care. There were no meaningful changes in input provision in other domains of 

medical care (pregnancy care, childbirth care, newborn care).  

3.6 Results: Heterogeneity  

3.6.1 Time invariant provider characteristics 

To explore heterogeneous effects of provider characteristics on provider response 

to incentive contracts, we report results of Equation 3 in Table 24. For ease of exposition, 

we explore heterogeneity in the subset of outcomes where we saw mean changes in 

response to treatment, namely PPH and postnatal newborn care. Each column in Table 

24, Panel 1 is result of a single regression with PPH as the dependent variable and reports 

the results of a single provider’s characteristics. Similarly, Panel 2 uses the same format 

and reports results for postnatal maternal care.  
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Output providers with older clinics (Column 3) are less responsive to incentive 

contracts – every year reduces contract effectiveness by .8 percentage points. This does 

not seem to be the case for input contracts. Older clinics may be larger, with more staff 

and incentives offered to a single provider may have less of an overall effect on 

outcomes21. 

Columns 4 and 5 report results based on provider medical degree. The majority of 

providers (80%) have a MBBS degree. Almost 20% have a Bachelor of Ayurvedic 

Medicine (BAMS) degree, and a small percentage have some other, less official degree.  

Both contract types were more effective in reducing PPH among MBBS providers. 

Similarly, providers with BAMS degrees see no improvements in PPH (in both cases, 

point estimates are more precise for the inputs group than the outputs group). These 

results suggest that more qualified providers have greater capacity to respond to incentive 

contracts and improve patient outcomes. While this may be because they have more 

resources, this may also be evidence of a know-do gap – highly trained providers may 

simply not do everything because they lack the proper incentives (Mohanan et al. 2016).  

Panel 2 of Table 24 reports results for postnatal newborn care. In our main results, 

providers offered outputs incentive contract saw reductions in the quality of care in this 

domain. The results from table 2 suggest that these results were concentrated among the 

MBBS providers. Column 5 of of Panel 2 shows that BAMS providers saw no reductions 
                                                

21 Its not clear for the moment why we wouldn’t see a similar effect for inputs. 
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in care in this dimension – the interaction term is positive and highly significant for both 

contract interaction terms.  

3.6.2 Risk and time characteristics  

Table 11 reports results from how provider characteristics interact with incentive 

contracts to affect rates of PPH in patients.  More risk averse providers (column 3) are 

more responsive to incentive contracts – both interaction coefficients are negative, and 

although only significant for the output group the coefficients are not different from each 

other. The most risk averse providers reduce PPH by and additional 12 percentage points. 

The most patient providers (column 4) seem to react less to incentive contracts. The 

positive effects of treatment on PPH are completely reversed for these providers. These 

results seem counterintuitive to what we would expect, given the risk profile of the 

contracts described in previous sections. There is some level of risk to both contracts, so 

we expect the strongest treatment effects would be concentrated among the risk averse 

providers.  

Looking at the results for postnatal newborn care, output contract providers who 

are the most risk averse appear to do even worse relative to their peers. However, more 

patient providers see no reductions in this health input in response to the output contracts. 

IT appears that being patient may mitigate the incentives to multitask away from this 

input for providers offered inputs contract.  
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3.6.3 Provider expectations  

We next look at the interaction of provider expectations about likelihood of 

reducing PPH and improving postnatal newborn care with the incentive contracts. These 

results are reported in Table 12. We find that for PPH, more confident providers are least 

responsive to the incentive contracts. One standard deviation increase in expectations 

reverses and gains in PPH made by the incentive contracts. Similarly, all of the decreases 

in postnatal newborn care seem to be concentrated with the overconfident providers. In 

fact, the results in Colum 2 suggest that low levels of care in this dimension for 

overconfident providers may be masking some small improvements among providers 

with lower expectations.  

3.6.4 Provider personality  

Based on previous literature (Barrick and Mount, 1991), we expect Extraversion 

and Conscientiousness to be associated with positive performance and Neuroticism to be 

associated with poor performance.  

Looking at experimental results (Table 13), we find little to no evidence of 

personality traits interacting with incentive contracts. If anything, more “positive” traits 

are associated with less response to incentive contrast. More agreeable providers are 

marginally less likely to respond to output-based incentive contracts. More conscientious 

providers are less likely to respond to input contracts, although this is not precisely 

measured.  Similarly, there is little heterogeneous responses to provider incentive 
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contracts with regards to inputs. Outputs providers who have higher “openness” were less 

likely to multitask away from postnatal newborn care. Our results are in contrast to 

Callen et al (2015), who find that conscientiousness and extraversion are correlated with 

provider behavior and enhance the effects of incentive contracts.  

3.6.5 Locus of control and job satisfaction 

 Our final set of provider characteristics are Locus of Control and Job Satisfaction. 

These traits do not have appear to have any effect on provider responses to incentive 

contracts, as reported in Table 27.  

3.7  Conclusion  

Performance pay for developing country health providers almost universally 

rewards health input use (i.e., service delivery indicators).  In principal-agent 

relationships in which principals have complete information about input productivity - 

and input use can be verified, this is optimal.  However, if input use is difficult to verify 

and principals lack adequate local information about the health production function, 

rewarding health outputs (good health status) is preferable.  Moreover, when both inputs 

and outputs are difficult to observe, theory offers little guidance.  In this paper, we 

directly compare input and output incentive contracts for maternity care providers in 

India.  We find that both contract types input incentive contracts reduce rates of post-

partum hemorrhage, the leading cause of maternal mortality in India by about 20%. We 
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also find some evidence of multitasking as output incentive contract providers reduce the 

level of postnatal newborn care received by their patients.  

 We also investigate the role of provider characteristics, preferences, expectations 

and non-cognitive traits in mitigating the effects of incentive contracts. We find that 

patient health improvements in response to both contract types are concentrated among 

higher trained providers. We find improvements in patient care to be concentrated among 

the lower trained providers. Contrary to our expectations, we also find improvements in 

patient health to be concentrated among the most risk averse providers, while more 

patient providers respond relatively little to the incentives, and these difference are most 

evident in the outputs contract arm. The results are opposite for patient care outcomes; 

risk averse providers have significantly lower rates of patient care and more patient 

providers provide higher quality care in response to the outputs contract. We find 

evidence that overconfidence among providers about their expectations about possible 

improvements reduces the effectiveness of both types of incentive contracts for 

improving both patient outcomes and patient care. Finally, we find no heterogeneous 

response based on non cognitive traits.   
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Figure 4. Project Timeline 
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Table 15. Provider Level Summary Statistics 

 mean sd min max 
Panel 1: Provider Charactersitics     

Female (%) 0.56 0.50 0 1 
Provider Age (years) 47.01 10.29 31 70 
Years Practicing (years) 19.93 10.68 2 48 
Years Clinic Operating (years) 17.32 11.84 1 57 
Provider Qualification MBBS (%) 0.79 0.41 0 1 
Provider Qualification BAMS (%) 0.18 0.38 0 1 

Panel 2: Big Five Personality Traits      
BigFiveIndex 4.05 0.34 3.0 4.7 
Extraversion 4.05 0.71 2.0 5.0 
Agreeableness 3.82 0.51 1.8 4.8 
Conscientiousness 4.65 0.47 3.3 5.0 
Openness 3.58 0.51 2.1 4.4 
Neuroticism 1.85 0.75 1.0 3.8 

Panel 3: Mastery, Constraint and Job 
Satisfaction Index  

    

Constraint 1.99 0.76 1.0 4.4 
Mastery 5.39 0.66 2.0 6.0 
Job Satisfaction Index 4.56 0.34 2.8 5.0 

Panel 4: Pre-Contract Expectations     
Reduce PPH 0.78 0.16 0.30 1 
Reduce Pre Eclampsia 0.72 0.21 0.00 1 
Reduce Sepsis 0.87 0.15 0.40 1 
Reduce NNM 0.79 0.16 0.20 1 
Pregnancy Care 0.89 0.14 0.40 1 
Childbirth Care 0.85 0.15 0.30 1 
Postnatal Maternal Care 0.85 0.14 0.40 1 
Newborn Care 0.83 0.15 0.30 1 
Postnatal Newborn Care 0.82 0.16 0.20 1 

Panel 5: Risk and Time Preferences      
risk1 - Least risk averse 0.27 0.45 0 1 
risk1_2 - less risk averse  0.46 0.50 0 1 
risk4 - most risk averse  0.26 0.44 0 1 
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time1 - most patient  0.59 0.49 0 1 
time1_2 - more patient  0.71 0.45 0 1 
time4 - least patient  0.11 0.31 0 1 

Notes. Provider variables are self-reported and measured through interviews with the provider or 
with a staff member.  
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Table 16. Balance Across Treatment Groups: Provider Characteristics 

  All Input Outcome Control Test of 
Equality  

(p-value)1 
Female (%) 0.560 0.550 0.570 0.550 0.980 
 (0.50) (0.50) (0.50) (0.50)  
Provider Age (years) 47.010 46.420 47.450 46.980 0.890 
 (10.29) (9.14) (11.33) (10.12)  
Years Practicing (years) 19.930 19.680 20.980 18.890 0.640 
 (10.68) (9.95) (11.00) (11.04)  
Years Clinic Operating (years) 17.320 15.500 19.280 16.520 0.300 

 (11.84) (11.04) (12.78) (11.24)  
Provider Qualification MBBS (%) 0.790 0.710 0.830 0.800 0.420 

 (0.41) (0.46) (0.38) (0.41)  
Provider Qualification BAMS (%) 0.180 0.260 0.150 0.140 0.330 

 (0.38) (0.45) (0.36) (0.35)  
N 135 38 53 44   
Notes. Provider characteristics are self-reported and measured through interviews with the 
provider or with a staff member.  Standard deviations are reported in parentheses. 
1P-values are associated with F-tests of joint equality across the three study groups. 
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Table 17. Balance Across Treatment Groups: Provider Expectations 

  All Input Outcome Control Test of 
Equality  

(p-value)1 
Reduce PPH 0.780 0.760 0.790 0.810 0.330 
 (0.16) (0.17) (0.16) (0.14)  
Reduce Pre eclampsia 0.720 0.690 0.700 0.770 0.080 
 (0.21) (0.25) (0.22) (0.16)  
Reduce Sepsis 0.870 0.850 0.890 0.870 0.370 
 (0.15) (0.16) (0.12) (0.16)  
Reduce NNM 0.790 0.800 0.790 0.770 0.850 
 (0.16) (0.17) (0.13) (0.18)  
Pregnancy Care 0.890 0.910 0.870 0.890 0.360 
 (0.14) (0.12) (0.13) (0.15)  
Childbirth Care 0.850 0.860 0.850 0.850 0.910 
 (0.15) (0.15) (0.14) (0.17)  
Postnatal Maternal Care 0.850 0.830 0.860 0.840 0.620 
 (0.14) (0.13) (0.12) (0.17)  
Newborn Care 0.830 0.860 0.840 0.800 0.340 
 (0.15) (0.13) (0.12) (0.20)  
Postnatal Newborn Care 0.820 0.810 0.830 0.810 0.840 
 (0.16) (0.13) (0.13) (0.21)  
N 135 38 53 44   
Notes. Provider characteristics are self-reported and measured through interviews with the 
provider or with a staff member.  Standard deviations are reported in parentheses. 
1P-values are associated with F-tests of joint equality across the three study groups 
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Table 18. Balance Across Treatment Groups: Non Cognitive Traits 

  All Input Outcome Control Test of 
Equality  

(p-value)1 
Extraversion 0.000 -0.100 -0.020 0.100 0.640 
 (1.00) (1.01) (1.05) (0.94)  
Agreeableness 0.000 -0.160 -0.030 0.170 0.270 
 (1.00) (1.12) (1.04) (0.82)  
Conscientiousness 0.000 0.120 0.040 -0.150 0.490 
 (1.00) (1.00) (0.90) (1.12)  
Openness 0.000 -0.260 0.290 -0.120 0.020 
 (1.00) (1.14) (0.84) (0.98)  
Neuroticism 0.000 0.110 0.000 -0.100 0.620 
 (1.00) (0.96) (1.05) (0.98)  
Constraint 0.000 -0.220 0.020 0.170 0.130 
 (1.00) (0.86) (1.16) (0.88)  
Mastery 0.000 -0.090 0.010 0.070 0.800 
 (1.00) (1.12) (0.88) (1.04)  
Job Satisfaction Index  0.000 -0.100 0.140 -0.080 0.430 
 (1.00) (0.89) (0.99) (1.10)  
N 135 38 53 44   
Notes. Provider characteristics are self-reported and measured through interviews 
with the provider or with a staff member.  Standard deviations are reported in 
parentheses. 
1P-values are associated with F-tests of joint equality across the three study groups 
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Table 19. Balance Across Treatment Groups: Risk Aversion 

  All Input Outcome Control Test of 
Equality  

(p-value)1 
Least Risk Averse  0.270 0.380 0.200 0.270 0.200 
 (0.45) (0.49) (0.40) (0.45)  
Less Risk Averse  0.460 0.570 0.380 0.460 0.220 
 (0.50) (0.50) (0.49) (0.50)  
Most Risk Averse 0.260 0.220 0.320 0.220 0.460 
 (0.44) (0.42) (0.47) (0.42)  
Most Patient 0.590 0.680 0.520 0.590 0.340 
 (0.49) (0.47) (0.50) (0.50)  
More Patient  0.710 0.820 0.700 0.640 0.160 
 (0.45) (0.39) (0.46) (0.49)  
Least Patient 0.110 0.000 0.140 0.170 0.000 
 (0.31) (0.00) (0.35) (0.38)  
N 135 38 53 44   
Notes. Provider characteristics are self-reported and measured through interviews with the 
provider or with a staff member.  Standard deviations are reported in parentheses. 
1P-values are associated with F-tests of joint equality across the three study groups 
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Table 20. Impact of Provider Incentives on Outputs 

 Postpartum Hemorrhage Pre-eclampsia Sepsis Neonatal Death 

  (1) (2) (3) (4) (5) (6) (7) (8) 
Input incentives -0.0842*** -0.0752** 0.0312 0.0455 0.0333 0.0401 -0.00732 0.00478 
 (0.0297) (0.0316) (0.0450) (0.0455) (0.0228) (0.0261) (0.00873) (0.00498) 
         
Output incentives -0.0622** -0.0688** 0.0466 0.0580* 0.00645 0.0236 -0.00907 0.00284 
 (0.0286) (0.0323) (0.0325) (0.0344) (0.0198) (0.0222) (0.0111) (0.00545) 
         
District & 
Enumerator fixed 
effects 

Yes Yes Yes Yes Yes Yes Yes Yes 

Household- and 
provider-level 
controls 

No Yes No Yes No Yes No Yes 

Control mean 0.365 0.365 0.179 0.179 0.0651 0.0651 0.0121 0.0121 
Observations 2890 2740 2894 2740 2891 2740 2894 2740 
R2 0.266 0.280 0.255 0.271 0.106 0.119 0.0582 0.0576 
Notes. Robust standard errors, clustered at the provider level, are reported in parentheses.  Each specification includes district and enumerator  fixed 
effects; even columns additionally include household-level controls (mother’s age and education; household’s caste and house type (houseless, kutcha, 
semi-pucca, or pucca); head of household’s religion; mother’s history of hypertension, diabetes, asthma, hyper- or hypothyroidism, and convulsions; 
whether the mother has had a previous stomach surgery; whether it is the mother’s first pregnancy, number of previous pregnancies, whether the mother 
has had a stillbirth or abortion, and number of previous children birthed; whether the household owns land, has no literate adults, and owns a Below 
Poverty Line card) as well as provider-level controls (primary provider’s gender, professional qualifications, number of years in practice, and number of 
years that the facility has been in operation).  All dependent variables are measured through household surveys; see appendix for details of measurement. 
* Significant at the 90% confidence level, ** Significant at the 95% confidence level, *** Significant at the 99% confidence level. 
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Table 21. Impact of Provider Incentives on Outputs - Correcting for Correlated Outcomes 

 Postpartum 
Hemorrhage 

Sepsis Neonatal Death 

  (1) (2) (3) 
Input incentives -0.0752** 0.0401 0.00478 
 (0.0316) (0.0261) (0.0050) 
Unadjusted p-value 0.019 0.128 0.338 
Adjusted p-value 0.037 0.266 0.366 
    
Output incentives -0.0688** 0.0236 0.00284 
 (0.0323) (0.0222) -(0.0055) 
Unadjusted p-value 0.035 0.290 0.603 
Adjusted p-value 0.080 0.514 0.652 
    
District fixed effects Yes Yes Yes 
Enumerator fixed effects  Yes Yes Yes 
Household- and provider-level 
controls 

Yes Yes Yes 

Control mean 0.365 0.0651 0.0121 
Observations 2740 2740 2740 
R2 0.280 0.119 0.0576 
Notes. Robust standard errors, clustered at the provider level, are reported in parentheses.  The associated 
p-value is reported below.  The adjusted p-values are calculated using the free step-down resampling 
method and implemented using code from Soledad Giardili and Marcos Vera Hernandez, accounting for 
the grouping of  PPH, Sepsis, and Neonatal death   into outputs that are primarily influenced by care at the 
time of delivery.  Each specification includes district fixed effects and household-level controls (mother’s 
age and education; household’s caste and house type (houseless, kutcha, semi-pucca, or pucca); head of 
household’s religion; mother’s history of hypertension, diabetes, asthma, hyper- of hypothyroidism, and 
convulsions; whether the mother has had a previous stomach surgery; whether it is the mother’s first 
pregnancy, number of previous pregnancies, whether the mother has had a stillbirth or abortion, and 
number of previous children birthed; whether the household owns land, has no literate adults, and owns a 
Below Poverty Line card) as well as provider-level controls (primary provider’s gender, professional 
qualifications, number of years in practice, and number of years that the facility has been in operation).  All 
dependent variables are measured through household surveys; see appendix for details of measurement. 
* Significant at the 90% confidence level after adjustment, ** Significant at the 95% confidence level after 
adjustment, *** Significant at the 99% confidence level after adjustment. 
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Table 22. Impact of Provider Incentives on Inputs 

 Pregnancy Care Childbirth Care Postnatal Maternal 
Care 

Newborn Care Postnatal Newborn 
Care 

  (1) (2) (3) (4) (5) (6) (7) (8) (9) (10) 
Input incentives -0.0106 -0.00613 -0.0203 0.0269 0.0380 0.0325 -0.0545 -0.0464 -0.0650 -0.0351 
 (0.0455) (0.0429) (0.0338) (0.0304) (0.0390) (0.0392) (0.0350) (0.0362) (0.0576) (0.0487) 
           
Output 
incentives 

-0.0529 -0.0445 -0.0311 -0.0326 0.0674* 0.0696* -0.0285 -0.0135 -0.161*** -0.159*** 

 (0.0373) (0.0360) (0.0268) (0.0266) (0.0354) (0.0365) (0.0322) (0.0409) (0.0435) (0.0421) 
           
District & 
enumerator fixed 
effects 

Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes 

Household- and 
provider-level 
controls 

No Yes No Yes No Yes No Yes No Yes 

Control mean -0.0621 -0.0621 -0.00480 -0.00480 -0.0876 -0.0876 -0.00203 -0.00203 -0.0680 -0.0680 
Observations 2893 2740 2892 2739 2890 2739 2890 2740 2890 2739 
R2 0.355 0.361 0.356 0.383 0.406 0.423 0.427 0.449 0.471 0.491 
Notes. Robust standard errors, clustered at the provider level, are reported in parentheses.  Each specification includes district fixed effects; even 
columns additionally include household-level controls (mother’s age and education; household’s caste and house type (houseless, kutcha, semi-
pucca, or pucca); head of household’s religion; mother’s history of hypertension, diabetes, asthma, hyper- or hypothyroidism, and convulsions; 
whether the mother has had a previous stomach surgery; whether it is the mother’s first pregnancy, number of previous pregnancies, whether the 
mother has had a stillbirth or abortion, and number of previous children birthed; whether the household owns land, has no literate adults, and owns a 
Below Poverty Line card) as well as provider-level controls (primary provider’s gender, professional qualifications, number of years in practice, and 
number of years that the facility has been in operation).  All dependent variables are measured through household surveys and are based on WHO 
Guidelines (available at http://whqlibdoc.who.int/hq/2007/who_mps_07.05_eng.pdf); see appendix for details of measurement. 
* Significant at the 90% confidence level, ** Significant at the 95% confidence level, *** Significant at the 99% confidence level. 
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Table 23. Impact of Provider Incentives on Inputs - Correcting for Correlated Outcomes 

 Childbirth Care Postnatal Maternal 
Care 

Newborn Care 

  (1) (2) (3) 
Input incentives 0.0269 0.0325 -0.0464 
 0.0304 0.0392 0.0362 
Unadjusted p-value 0.377 0.408 0.202 
Adjusted p-value 0.612 0.612 0.478 
    
Output incentives -0.0326 0.0696* -0.0135 
 0.0266 0.0365 0.0409 
Unadjusted p-value 0.223 0.059 0.743 
Adjusted p-value 0.393 0.157 0.744 
    
District fixed effects Yes Yes Yes 
Enumerator fixed effects  Yes Yes Yes 
Household- and provider-
level controls 

Yes Yes Yes 

Control mean -0.00480 -0.0876 -0.00203 
Observations 2739 2739 2740 
R2 0.383 0.423 0.449 
Notes. Robust standard errors, clustered at the provider level, are reported in parentheses.  The 
associated p-value is reported below.  The adjusted p-values are calculated using the free step-down 
resampling method and implemented using code from Soledad Giardili and Marcos Vera 
Hernandez, accounting for the grouping of childbirth care, postnatal maternal care, and newborn 
care into inputs that are primarily influenced by care at the time of delivery.  Each specification 
includes district fixed effects and household-level controls (mother’s age and education; 
household’s caste and house type (houseless, kutcha, semi-pucca, or pucca); head of household’s 
religion; mother’s history of hypertension, diabetes, asthma, hyper- of hypothyroidism, and 
convulsions; whether the mother has had a previous stomach surgery; whether it is the mother’s 
first pregnancy, number of previous pregnancies, whether the mother has had a stillbirth or 
abortion, and number of previous children birthed; whether the household owns land, has no 
literate adults, and owns a Below Poverty Line card) as well as provider-level controls (primary 
provider’s gender, professional qualifications, number of years in practice, and number of years 
that the facility has been in operation).  All dependent variables are measured through household 
surveys and are based on WHO Guidelines (available at 
http://whqlibdoc.who.int/hq/2007/who_mps_07.05_eng.pdf); see appendix for details of 
measurement. 
* Significant at the 90% confidence level after adjustment, ** Significant at the 95% confidence 
level after adjustment, *** Significant at the 99% confidence level after adjustment. 
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Table 24. Interacting Treatment with Individual Characteristics 

 Female 
Provider  

Years 
practicing  

Years 
clinic 

operating 

MBBS 
qual 

BAMS 
qual 

 (1) (2) (3) (4) (5) 
Panel 1 Outcome: PPH  

Provider Characteristic -0.023 -0.003 -0.003 0.040 -0.017 
(0.051) (0.002) (0.003) (0.052) (0.059) 

Input Group -0.057 -0.135* -0.070 0.069 -0.092*** 
(0.037) (0.070) (0.047) (0.043) (0.035) 

Output Group -0.091 -0.119** -0.202*** 0.037 -0.071** 
(0.063) (0.060) (0.053) (0.050) (0.032) 

Input Group X Characteristic -0.038 0.003 -0.001 -0.168*** 0.155*** 
(0.055) (0.003) (0.002) (0.057) (0.045) 

Output Group X Characteristic 0.025 0.002 0.008*** -0.116* 0.098 
(0.073) (0.002) (0.003) (0.063) (0.065) 

      
Panel 2 Outcome: Postnatal Newborn Care 

Provider Characteristic 0.143** 0.002 0.007*** 0.154** -0.397*** 
(0.069) (0.003) (0.003) (0.078) (0.073) 

Input Group -0.000 0.021 0.005 0.111 -0.059 
(0.077) (0.122) (0.092) (0.094) (0.057) 

Output Group -0.129* -0.063 -0.147* -0.014 -0.166*** 
 (0.074) (0.105) (0.087) (0.096) (0.042) 
Input Group X Characteristic -0.056 -0.002 -0.003 -0.170 0.386*** 

(0.102) (0.005) (0.004) (0.118) (0.078) 
Output Group X Characteristic -0.032 -0.004 0.000 -0.149 0.423*** 

(0.088) (0.004) (0.004) (0.107) (0.079) 
N 2740 2740 2740 2740 2740 
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Notes. Each column is from a separate regression of PPH (Panel 1) or post natal newborn care (Panel 2) on 
heterogeneity variable, treatment dummies, and their interactions. Robust standard errors, clustered at the 
provider level, are reported in parentheses.  Each specification includes district and enumerator fixed 
effects, household-level controls (mother’s age and education; household’s caste and house type (houseless, 
kutcha, semi-pucca, or pucca); head of household’s religion; mother’s history of hypertension, diabetes, 
asthma, hyper- or hypothyroidism, and convulsions; whether the mother has had a previous stomach 
surgery; whether it is the mother’s first pregnancy, number of previous pregnancies, whether the mother 
has had a stillbirth or abortion, and number of previous children birthed; whether the household owns land, 
has no literate adults, and owns a Below Poverty Line card) as well as provider-level controls (primary 
provider’s gender, professional qualifications, number of years in practice, and number of years that the 
facility has been in operation).  All heterogeneity variables measure through provider surveys. All 
dependent variables are measured through household surveys.  
 * Significant at the 90% confidence level, ** Significant at the 95% confidence level, *** Significant at 
the 99% confidence level 
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Table 25. Interacting Treatment with Individual Characteristics 

 Least Risk 
Averse  

Less Risk 
Averse  

Most Risk 
Averse 

Most 
Patient 

More 
Patient  

Least Patient 

 (1) (2) (3) (4) (5) (6) 
Panel 1 Outcome: PPH 

Provider Characteristic -0.0428 0.00550 0.0865 -0.152** -0.148*** 0.214*** 
(0.0571) (0.0487) (0.0665) (0.0741) (0.0497) (0.0538) 

Input Group -0.144*** -0.126*** -0.102*** -0.279*** -0.224*** -0.109*** 
(0.0475) (0.0468) (0.0258) (0.0757) (0.0657) (0.0262) 

Output Group -0.142*** -0.114** -0.0812** -0.220*** -0.193*** -0.0797*** 
(0.0448) (0.0476) (0.0320) (0.0685) (0.0659) (0.0249) 

Input Group X  
Characteristic 

0.0621 0.0288 -0.0854 0.223** 0.122* 0 
(0.0703) (0.0632) (0.0758) (0.0907) (0.0701) (.) 

Output Group X  
Characteristic 

0.0834 0.00629 -0.130* 0.170** 0.117* -0.116 
(0.0630) (0.0533) (0.0736) (0.0805) (0.0678) (0.0714) 

       
Panel 2 Outcome: Postnatal Newborn Care 

Provider Characteristic 0.108 0.0985 0.0721 -0.143 -0.147** 0.119 
(0.104) (0.0914) (0.1000) (0.103) (0.0661) (0.0719) 

Input Group -0.0472 -0.0155 -0.0202 -0.163 -0.206* -0.00189 
(0.0874) (0.0991) (0.0530) (0.113) (0.123) (0.0535) 

Output Group -0.0783 -0.0845 -0.0638 -0.241*** -0.368*** -0.0844* 
(0.0693) (0.0775) (0.0479) (0.0877) (0.0859) (0.0472) 

Input Group X 0.0439 0.0187 0.0421 0.178 0.207 0 
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Characteristic (0.129) (0.123) (0.151) (0.146) (0.133) (.) 
Output Group X 
Characteristic 

-0.136 -0.0687 -0.185* 0.204** 0.335*** -0.399*** 

 (0.112) (0.106) (0.109) (0.103) (0.0897) (0.122) 
N 2624 2624 2624 2624 2740 2624 
Notes. Each column is from a separate regression of PPH (Panel 1) or post natal newborn care (Panel 2) on 
heterogeneity variable, treatment dummies, and their interactions. Robust standard errors, clustered at the provider 
level, are reported in parentheses.  Each specification includes district and enumerator fixed effects, household-level 
controls (mother’s age and education; household’s caste and house type (houseless, kutcha, semi-pucca, or pucca); head 
of household’s religion; mother’s history of hypertension, diabetes, asthma, hyper- or hypothyroidism, and convulsions; 
whether the mother has had a previous stomach surgery; whether it is the mother’s first pregnancy, number of previous 
pregnancies, whether the mother has had a stillbirth or abortion, and number of previous children birthed; whether the 
household owns land, has no literate adults, and owns a Below Poverty Line card) as well as provider-level controls 
(primary provider’s gender, professional qualifications, number of years in practice, and number of years that the 
facility has been in operation).  All heterogeneity variables measure through provider surveys. All dependent variables 
are measured through household surveys.  
 * Significant at the 90% confidence level, ** Significant at the 95% confidence level, *** Significant at the 99% 
confidence level 
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Table 26. Subjective Expectations 

 Expectation About 
Reducing PPH 

Expectation About 
Improving 

Postnatal Newborn 
Care 

 (1) (2) 
 Outcome: PPH Outcome: Postnatal 

Newborn Care 

Provider Characteristic -0.421*** 0.214 
(0.138) (0.172) 

Input Group -0.467*** 0.513* 
(0.142) (0.269) 

Output Group -0.540*** 0.0968 
(0.152) (0.195) 

Input Group X Characteristic 0.492*** -0.745** 
(0.182) (0.344) 

Output Group X Characteristic 0.603*** -0.266 
(0.215) (0.225) 

N 2740 2740 
Notes. Each column is from a separate regression of PPH (Panel 1) or post natal 
newborn care (Panel 2) on heterogeneity variable, treatment dummies, and their 
interactions. Robust standard errors, clustered at the provider level, are reported 
in parentheses.  Each specification includes district and enumerator fixed effects, 
household-level controls (mother’s age and education; household’s caste and 
house type (houseless, kutcha, semi-pucca, or pucca); head of household’s 
religion; mother’s history of hypertension, diabetes, asthma, hyper- or 
hypothyroidism, and convulsions; whether the mother has had a previous 
stomach surgery; whether it is the mother’s first pregnancy, number of previous 
pregnancies, whether the mother has had a stillbirth or abortion, and number of 
previous children birthed; whether the household owns land, has no literate 
adults, and owns a Below Poverty Line card) as well as provider-level controls 
(primary provider’s gender, professional qualifications, number of years in 
practice, and number of years that the facility has been in operation).  All 
heterogeneity variables measure through provider surveys. All dependent 
variables are measured through household surveys.  
 * Significant at the 90% confidence level, ** Significant at the 95% confidence 
level, *** Significant at the 99% confidence level 
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Table 27. Interacting treatment with individual characteristics 

 Extroversion Agreeableness Conscientiousness Openness  Neuroticism Constraint Mastery Job 
Satisfaction 

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

Panel 1 Outcome: PPH 
Provider  
Characteristic 

0.044* -0.037 -0.009 -0.042** 0.006 0.043 -0.007 -0.064** 
(0.025) (0.024) (0.030) (0.020) (0.029) (0.028) (0.022) (0.028) 

Input Group -0.071** -0.071** -0.097*** -0.086*** -0.065** -0.074** -0.070** -0.085*** 
(0.028) (0.029) (0.036) (0.029) (0.028) (0.029) (0.029) (0.030) 

Output Group -0.057** -0.063** -0.067** -0.068** -0.061** -0.076** -0.063** -0.074** 
(0.028) (0.029) (0.030) (0.030) (0.030) (0.030) (0.029) (0.031) 

Input Group X  
Characteristic 

0.002 0.023 0.071 0.052 -0.023 -0.026 0.012 0.036 
(0.034) (0.028) (0.053) (0.033) (0.028) (0.035) (0.025) (0.040) 

Output Group  
X  
Characteristic 

-0.029 0.046* 0.020 0.018 0.032 -0.047 0.014 0.049 
(0.036) (0.026) (0.036) (0.031) (0.033) (0.033) (0.037) (0.034) 

         
Panel 2  Outcome: Postnatal Newborn Care 

Provider  
Characteristic 

0.050 0.020 0.036 -0.027 -0.024 0.021 0.016 0.015 
(0.046) (0.036) (0.040) (0.027) (0.037) (0.028) (0.024) (0.036) 

Input Group -0.029 -0.025 -0.017 -0.003 0.003 -0.062 -0.040 -0.048 
(0.043) (0.046) (0.054) (0.047) (0.047) (0.047) (0.049) (0.047) 

Output Group -0.124*** -0.135*** -0.142*** -0.148*** -0.120*** -0.138*** -0.118*** -0.130*** 
(0.040) (0.036) (0.037) (0.034) (0.038) (0.035) (0.038) (0.035) 
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Input Group X  
Characteristic 

-0.094 0.040 -0.070 -0.025 -0.064 -0.079 -0.071** 0.083 
(0.064) (0.041) (0.067) (0.048) (0.050) (0.053) (0.035) (0.061) 

Output Group  
X  
Characteristic 

-0.059 -0.024 -0.003 0.102*** 0.006 -0.023 -0.004 -0.027 
(0.051) (0.037) (0.056) (0.036) (0.040) (0.037) (0.035) (0.038) 

N 2740 2740 2740 2740 2740 2740 2740 2740 
Notes. Each column is from a separate regression of PPH (Panel 1) or post natal newborn care (Panel 2) on heterogeneity variable, treatment 
dummies, and their interactions. Robust standard errors, clustered at the provider level, are reported in parentheses.  Each specification includes 
district and enumerator fixed effects, household-level controls (mother’s age and education; household’s caste and house type (houseless, kutcha, 
semi-pucca, or pucca); head of household’s religion; mother’s history of hypertension, diabetes, asthma, hyper- or hypothyroidism, and 
convulsions; whether the mother has had a previous stomach surgery; whether it is the mother’s first pregnancy, number of previous pregnancies, 
whether the mother has had a stillbirth or abortion, and number of previous children birthed; whether the household owns land, has no literate 
adults, and owns a Below Poverty Line card) as well as provider-level controls (primary provider’s gender, professional qualifications, number of 
years in practice, and number of years that the facility has been in operation).  All heterogeneity variables measure through provider surveys. All 
dependent variables are measured through household surveys.  
 * Significant at the 90% confidence level, ** Significant at the 95% confidence level, *** Significant at the 99% confidence level 
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Conclusion 

The three essays that make up this dissertation explore the impacts of financial 

incentives in the public provision of social goods. The first two chapters examine the 

unintended effects of a redistributive government policy to provide affordable childcare 

on grandmothers who provide subsidized care. The third considers how incentive 

contracts and agent characteristics might impact population health outcomes. The first 

two studies suggest that targeted government transfer programs create incentives that 

may result in costly, unintended behavioral consequences. I find that more generous 

government subsidies for informal childcare have hidden immediate costs, and encourage 

grandmothers to reduce their labor supply and earnings and rely more on social 

insurance.  The final study suggests that both the structure of contracts and the 

preferences and characteristics of the contracted agents, are important considerations in 

the use of pay-for-performance schemes to improve population health.  
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