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Abstract 
 
 With over 45 million Americans lacking health insurance, over 8.5 million of 

whom are children, much discussion has been devoted to examining how coverage can be 

extended to a larger number of the nation’s uninsured. Through large scale empirical 

analysis, this paper attempts to prove that a decrease in the number of uninsured children 

in America can be brought about by better facilitation of existing policy rather than by 

enacting new legislation. Indeed, over two thirds of America’s uninsured children can be 

covered if Medicaid and SCHIP – the country’s two public insurance programs for 

children – were to enroll all who were eligible to participate in them.  

While perfect program take-up among eligible individuals is an impossible goal to 

aim for, this paper argues that a significant increase in program take-up can be brought 

about by ensuring that the enrollment screens operated by various states do not deter a 

large number of eligible individuals from enrolling. This paper studies six enrollment 

procedures, and their impact on state wide rates of uninsurance, as well as on individuals 

of different demographic backgrounds. It concludes that state policy plays a major role in 

shaping program take-up, and has a particularly large effect on Hispanic individuals, who 

comprise a disproportionate share of the nation’s uninsured population. In general, state 

policies seeking to simplify enrollment for prospective Medicaid or SCHIP participants 

are predictably tied to a lower probability of uninsurance among eligible individuals.   

 

Possible areas of relevance: Microeconomic behavior: underlying principles, Public 
economics, Health: governmental policy.   
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1. INTRODUCTION 
 

The United States is the world’s wealthiest and most powerful country, with a GDP of 

nearly $12.5 trillion, and a per capita income exceeding $42,000.1 In the eyes of many throughout 

the world, it serves as a model for economic strength, military power, and political stability. The 

American healthcare system, however, elicits far less admiration. Indeed, with over 45 million 

Americans lacking health insurance, over 8 million of whom are children, discussion throughout 

the world centers not on how the American healthcare system can be emulated, but rather on how 

it can be fixed.  

The situation is particularly troubling, given that there appears to be no shortage of good 

intentions among lawmakers in rectifying this egregious blot on the country’s collective 

conscience. In 1993, for example, former President Clinton undertook an ambitious plan aimed at 

overhauling health care in America, extending coverage to all citizens through a combination of 

employer mandates and health insurance subsidies to individual citizens. The primary impetus for 

his proposed reform was the vast number of Americans lacking health insurance – at the time, 

approximately 39.7 million. Though Clinton’s proposed overhaul was never enacted into law, the 

issue of uninsurance has remained a highly relevant one over the past decade. Indeed, despite 

spending over 16% of GDP on healthcare,2 the United States saw its number of uninsured 

individuals expand to 45.8 million as of March 2005.3  

This paper will argue that a major reduction in child uninsurance can be achieved through 

better implementation of existing government programs, rather than through the creation of new 

programs. Surprising as it may seem, as many as 70% of the 8.3 million children (below the age 

                                                 
1 Income and GDP statistics taken from US Bureau of Economic Analysis website. Accessed April 26, 
2006. <http://www.bea.gov/bea/dn/home/gdp.htm> 
2 Kaufman, Marc and Rob Stein. “Record Share of Economy Spent on Health Care.” Washington Post. 
January 10, 2006.  
3 Table HI-2, US Census Bureau Historic Health Insurance Tables. Accessed on April 15, 2006. 
<http://www.census.gov/hhes/www/hlthins/historic/hihistt2.html> 
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of 18) without insurance were actually eligible for public insurance, but had not enrolled.4 The 

goal of this project is to investigate the causes for this gap between the number of individuals 

eligible for public insurance, and the number actually covered by it. This is an important question 

to answer, not only because of its social welfare implications, but also because of its relevance to 

the larger question regarding the lack of universal health insurance in our country. 

1.1 Background 

            Medicaid represents the largest public insurance program for children, and has been in 

existence since 1965. This program also provides coverage to many individuals in the elderly, 

disabled, and low-income adult populations. However, children comprise the majority – 

approximately 55% – of its enrollees.5 The federal government is the primary source of funding 

for the program, and covers 50% to 83% of each state’s costs (those states with lower per capita 

incomes receive larger amounts of Federal funding). Each state is allowed significant discretion 

in determining the eligibility standards for its Medicaid program, and the medical services 

covered under it, though Federal guidelines do compel each state to cover vaccination, physician 

services, prenatal care, and inpatient and outpatient hospital services, as is noted by Neun and 

Santerre (2004). Throughout much of the 1970s and 1980s, health insurance through Medicaid 

was generally available only to families who also participated in the Aid to Families with 

Dependent Children (AFDC) program, generally known as welfare. During the 1990s, however, 

the two programs were decoupled, with the eligibility guidelines for Medicaid expanded to 

include a larger number of children and other recipients. The welfare program, meanwhile, was 

curtailed during the mid-1990s. Renamed Temporary Aid to Needy Families (TANF) following a 

1996 reform bill, the program imposed limits on the amount of time one could receive benefits 

for, and created a series of incentives encouraging program recipients to join the workforce.    

                                                 
4 Estimate taken from August 3, 2004 advocacy statement from American Academy of Pediatrics. Accessed 
December 10, 2005. <http://www.aap.org/advocacy/washing/covering_kids_BTS.htm> 
5 “The Medicaid Program at a Glance.” Kaiser Commission on Medicaid and the Uninsured. January 2004.  
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            In 1997, the State Child Health Insurance Program (SCHIP) was launched by the Federal 

Government in an attempt to make a further inroad against child uninsurance. Under it, states 

were given a mandate to expand child eligibility for public insurance, and were provided with 

block grants for covering the new enrollees, who generally have family incomes too high to 

qualify them for Medicaid, but too low to comfortably purchase private coverage by themselves. 

This program caters almost exclusively to children, and like Medicaid, varies markedly by state in 

areas such as income eligibility standards, enrollment procedure, and services covered. At the 

start of 2005, 18 states ran SCHIP programs independent of Medicaid, while 20 others operated 

joint Medicaid/SCHIP programs. The remaining states responded to the Federal mandate by 

simply expanding the eligibility standards for their state Medicaid programs, rather than 

launching separate SCHIP programs.6 Figure I on the next page seeks to diagram the general 

population sector that each program caters to. This figure is imprecise, given the differences in 

the programs operated by the various states. Since the inception of SCHIP, uninsurance among 

children has indeed declined, falling from an estimated 10.7 million in 1997 to approximately 8.3 

million in 2005.7 However, the large remaining uninsured child population continues to command 

significant attention nationwide, and poses a multitude of questions for policymakers. 

           This project attempts to answer the question of why uninsured children who are eligible 

for Medicaid or SCHIP do not take up either program. Each state has specific income eligibility 

standards for enrolling children and in most states this standard is well above the federal poverty 

guidelines. In most states, a child whose family income is twice the Federal Poverty Level (FPL) 

or below is eligible to enroll in either Medicaid or SCHIP. States use a variety of screening 

criteria to ensure eligibility among program applicants, with the reasonable intention of ensuring 

that their programs are not misused by opportunistic families seeking free health care without 

being eligible for it. My research though demonstrates that certain implementation screens 
                                                 
6 Kaiser Family Foundation State Health Facts Database. April 21, 2006. 
<http://www.statehealthfacts.org/cgi-bin/healthfacts.cgi> 
7 US Census Bureau Historic Health Insurance Tables. 
<http://www.census.gov/hhes/www/hlthins/historic/hihistt2.html>   
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imposed by the states may be doing more harm than good by obstructing a large number of 

parents from registering their children in public insurance 

Figure I 

 

In analyzing the insurance status of eligible individuals, there are two important margins 

to consider. First, there is the margin between those who have insurance and those who do not. 

Second, there is a margin between public insurance and private insurance; certain policies may 

encourage individuals to drop private insurance for public insurance (or vice versa). Several 

authors, such as Cutler and Gruber (1996), have studied this second margin, analyzing the extent 

to which public insurance programs crowd out private insurance. This paper, however, focuses 

entirely on the first margin, and examines only whether certain policies are associated with 

increased or decreased rates of uninsurance in the eligible population. Additionally, a small 

number of higher-income children are eligible for public insurance as a result of disabilities 

necessitating high medical expenses. This paper does not consider this population; it examines 

only those children who are eligible for public insurance due to low-income status.  

 

Medicaid Eligible 

SCHIP Eligible

   0%                                   100%                              200%                               300% 
       Family Income (% Federal Poverty Level) 

All are eligible for private insurance, though many are unable to afford

All have the option of remaining uninsured
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1.2 Paper Summary 

I base my analysis on two data sets. The first is a macro-level data set containing 

aggregated state level data. This data set enabled me to test whether a series of enrollment 

procedures whose use varies among the states had a significant effect on the percentage of poor 

individuals (defined as those with family incomes below 200% of the FPL) lacking health 

insurance in each state. My analysis (detailed in the Results section) confirmed that state 

enrollment procedures did indeed appear to play an important role. I then turned to an individual 

level data set, the US Census Bureau’s Current Population Survey (described in greater depth in 

the Data section), and analyzed the effects of the same series of enrollment procedures. I focused 

in particular on the effects that these procedures have on the enrollment of different segments of 

the eligible population. In general I again found that an individual’s probability of being 

uninsured is indeed strongly shaped by how the states implement their policies, and that those 

policies seeking to simplify the enrollment process for applicant families are predictably 

associated with a lower likelihood of uninsurance among eligible individuals.     

           This paper proceeds as follows: Section 2 provides background information on child 

uninsurance, and describes several factors that appear to shape it. Section 3 surveys existing 

literature on uninsurance and relevant state policies. Section 4 provides a detailed description of 

the data used in this paper, and outlines the empirical approach. Section 5 presents this paper’s 

empirical results, and briefly discusses their implications. Section 6 brings this paper to a close 

with concluding remarks.  

2. THEORY / MODEL DEVELOPMENT 
 

Nobel Prize laureate Amartya Sen’s book “Poverty and Families” provided me with the 

main idea behind this paper. Sen examines several famines during the 20th century, and seeks to 

debunk the claim that a decline in food availability is what underlies mass starvation. Through 

detailed study of selected famines, he argues instead that the loss of entitlement – one’s ability to 

command food, either through trade (of labor or goods) or through money – operated as the 
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fundamental cause behind all major famines of the 20th century. I believe that this thesis has 

relevance to the healthcare sector as well. There certainly exist significant differences between 

food and health insurance: most notably, an individual can rationally decide to forgo health 

insurance if the cost of obtaining it is too high. This is not the case for food, which is an essential 

good, and features a highly inelastic demand curve. Nonetheless, I believe that many poor 

individuals desire health insurance, but are unable to obtain it as a result of state policy factors 

that impair their access to it. Thus, a lack of access to available resources may serve as a central 

cause of both starvation and uninsurance. An understanding of factors that limit access to public 

health insurance is crucial to efforts at bolstering the take-up rate (the proportion of eligible 

individuals actually enrolled in a given program) for both Medicaid and SCHIP. 

2.1 Demographic Factors 

 In this project, I focus primarily on three different demographic characteristics relevant to 

the uninsured: racial or ethnic background, family income, and age. In examining the first of 

these factors, this paper shows that Hispanic ethnicity is associated with a markedly higher 

probability of being uninsured. Many Hispanic families use Spanish as a first language, and may 

thus have particular difficulty accessing and understanding outreach material disseminated in 

English, as well as completing necessary paperwork for enrollment and re-enrollment. As a result, 

children in Hispanic families may not only be more likely to be uninsured, but may also be 

particularly inconvenienced by burdensome enrollment procedures requiring increased paperwork 

or contact with the relevant program office. 

 The income level of a particular child’s family is also important in determining this 

child’s probability of being uninsured. Though each state’s eligible population can broadly be 

classified as low-income, there still exists much heterogeneity in the income levels of individuals 

within this group. There is also variation in the eligible populations across states, as differing 

eligibility cutoffs allow individuals with similar income levels to be eligible in some states but 

not others. In general, I hypothesize that children of relatively wealthy families (within the 
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eligible population) will have lower rates of uninsurance, given that many of these families have 

access to private insurance (in addition to Medicaid or SCHIP), either through an employer or 

through independent purchase. In addition, it is possible that those with higher incomes have 

better access to information about public insurance, and are thus more likely to enroll. Indeed, the 

poorest families – who often lack phone or internet access – are in many cases most isolated from 

relevant outreach information, and may be the group least likely to enroll their children in 

programs available to them. On the other hand though, the stigma of public insurance 

participation is a salient issue for many families, and may be most pronounced among those 

families with relatively larger income. This factor may serve to diminish public insurance 

enrollment among relatively wealthy families within the eligible population.  

 Several studies examining age and uninsurance have pointed to increased uninsurance 

rates among older children. A likely explanation for this is that many children who are initially 

enrolled in public insurance at a young age simply drop out at some point and fail to re-enroll. As 

a result of this attrition, a larger number of uninsured children are likely to be present among the 

older age groups. This hypothesis will be discussed in greater depth in the Results section of this 

paper. Another possible reason is that as children grow older, many parents (or guardians) play a 

smaller role in their lives, and are less likely to take the initiative for ensuring their child’s 

continued coverage. Finally, the Medicaid program has historically featured more generous 

eligibility guidelines for younger children. As a result, families of these children may be more 

likely to be aware of their program eligibility.  

 Other family specific factors are also important in analyzing public insurance take-up. 

Family size is one such factor: the cost of enrollment (administrative hassle, stigma) is largely the 

same regardless of family size, but the marginal benefit of enrollment is far greater when multiple 

children are gaining coverage. Thus, we may observe a form of economies of scale, in which 

children of larger families are more likely to find themselves covered by public insurance. 

Different family structures (such as two parent versus single parent, or male headed versus female 
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headed) could also be relevant to program take-up. Though this paper does not primarily focus on 

these demographic factors, they remain highly relevant to understanding uninsurance among 

eligible children.  

2.2 State Policy Factors 

 As was mentioned at the outset of this section, there are instances in which individuals 

desire public insurance, but are unable to obtain it due to the implementation (or lack thereof) of 

certain state policies. An understanding of state policies and their impact on public insurance 

take-up is thus crucial to this project. Kronebusch and Elbel (2005) undertake a national study of 

program participation among eligible individuals, and identify three possible points at which 

potential enrollees can slip through the cracks and remain uninsured: 1) Pre-application stage: 

many eligible individuals never seek enrollment in the first place, 2) Application stage: many are 

unsuccessful at completing all of the administrative and paperwork procedures necessary to 

enrollment, 3) Re-enrollment stage: many individuals successfully enroll for public insurance, but 

later drop out without gaining any alternate form of insurance. At each of these three stages, there 

are specific implementation factors that impact individuals who are on the margin between 

uninsurance and public insurance.  

2.2.1 Pre-Application Stage  
 
 At the pre-application stage, the availability of information about public insurance 

programs is very important in analyzing take-up among eligible individuals. Many times, families 

are unsure of whether they qualify for public programs designed to help them, and other times, 

may even be unaware that such programs exist. The extent and effectiveness of program outreach 

is thus a crucial state policy implementation variable. For example, in states with large Hispanic 

populations, it is crucial that programs make a concerted effort to be accessible to Spanish 

speakers. Thus, seemingly low-budget initiatives like the use of informational phone lines with 

bilingual operators, or the creation of informative program websites available in Spanish, could 
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play a major role in ensuring that eligible families have access to public programs in which their 

children can be enrolled.  

2.2.2 Application Stage   
 
 Successful program outreach, however, is not by itself sufficient for ensuring take-up 

among eligible individuals. Often, individuals are well aware of public insurance programs 

available to them, but do not enroll due to complicated or time-consuming application 

requirements. These requirements can not only lead to a large number of applications being 

rejected for lacking necessary paperwork, but may also deter eligible families from seeking 

enrollment in the first place. While all states require a certain amount of paperwork to be 

completed in order for potential enrollees to sign up, many require that other time-consuming 

steps are also completed. For example, a small number of states8 administer an asset test, which 

disqualifies certain families from public insurance coverage if their assets outside of personal 

income (such as cars or savings accounts) exceed a state specific threshold, even if their income 

is otherwise low enough to qualify them for the relevant program. Other states require applicants 

to go through face-to-face interviews with a program representative in order to verify their 

eligibility, for program participation.  

 Other policies are specifically designed to reduce the hurdles that an eligible individual 

must cross in order to obtain public insurance. For example, applicant families have historically 

been required to provide extensive documentation of their incomes to ensure eligibility. However, 

in recent years, some states have allowed families to simply declare their incomes (with periodic 

audits to counter fraudulent applications). This policy, known as self-declaration of income, is 

widely regarded as facilitating the process of income reporting for applicants. Other states have 

instituted what is known as presumptive eligibility, where medical providers are allowed to 

receive Medicaid or SCHIP reimbursement for treating uninsured individuals who they believe to 

be eligible for the program. These treated individuals must then officially enroll in the said public 

                                                 
8 A summary of the enrollment procedures used by the various states can be found in the Appendix.  
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insurance program afterwards. This policy, while intended to bolster public insurance enrollment, 

could have the perverse effect of leading eligible individuals to take for granted their ability to 

receive care covered by public insurance, regardless of their initial coverage status. Such 

individuals are said to be conditionally insured; despite being nominally uninsured, they are able 

to access public insurance coverage when a situation of need arises.   

2.2.3 Re-enrollment Stage 
 
 The enrollment procedures that may deter take-up at the initial application stage are often 

present again at the re-enrollment stage. In an attempt to counter this, certain states have also 

instituted a policy known as continuous 12 month eligibility. Under it, successful applicants 

remain enrolled in a given public insurance program for a full year after their initial approval, 

regardless of any income changes during this time. A small number of states also require a face-

to-face interview for re-enrollment in public insurance. Like the initial face-to-face interview 

requirement, this policy may promote take-up by providing information to applicants, but may 

also deter it by placing an additional procedural hurdle in their path.   

 While not explored in this paper, exposure to other public insurance programs can also 

influence the likelihood of re-enrollment. Families participating in the food stamps or TANF 

programs, for example, are likely to have an increased amount of contact with offices of public 

programs. This continued contact, combined with their additional experience in completing 

necessary administrative tasks, may make them more likely to re-enroll at the appropriate time.  

2.3 Conclusion 

I initially noted that various demographic factors are associated with different rates of 

public insurance take-up among different groups of individuals. However, these associations are 

not sufficient for proving causality. It is difficult to explain, for example, why Hispanic ethnicity 

by itself should necessarily lead to a decreased likelihood of take-up. I hypothesize that 

implementation of state policy can play a large role in driving these demographic differences. For 

example, low public insurance take-up rates among Hispanic individuals may be driven by 
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specific enrollment procedures that exert a disproportionate effect on this group, rather than by 

Hispanic identity alone.  

This paper thus devotes much attention to how these two sets of factors may operate in 

tandem with one another, and whether certain state policies have different effects on different 

demographic groups. There are a wide variety of demographic and state policy factors that can 

conceivably impact public insurance take-up. For the sake of simplicity though, I restrict my 

analysis to a smaller group of factors. My study of demographic factors focuses on the age, 

family income, and ethnic or racial background of a given individual. My analysis of state policy 

examines the effects of six enrollment procedure variables mentioned previously: the use of an 

asset test, use of an initial face-to-face interview requirement, use of self-declaration of income, 

use of presumptive eligibility, use of continuous eligibility, and use of a re-enrollment interview 

requirement.  

3. LITERATURE REVIEW 
 
 The discussion in this paper thus far has largely assumed that it is in the best interest of 

an eligible individual to take up public coverage rather than remain uninsured. However, many 

uninsured individuals continue to have access to care in public hospitals and most emergency 

rooms. If the expected health outcomes of uninsured individuals are no different from those of 

individuals covered by public programs, then this study would be of little practical value. Thus, 

while this project does not focus on the effect of public insurance coverage on health outcomes, I 

begin this literature review by surveying a series of papers that examine this issue in detail. I then 

proceed to survey existing literature on demographic and state policy factors that may affect 

public insurance take-up, and represent the core of this paper’s investigation.  

3.1 Uninsurance and Health Outcomes 

 Currie and Gruber (1996) find that making an individual eligible for Medicaid reduced 

the individual’s probability of going without a hospital visit over the period of one year by 12.8 

percentage points, and that a one percentage point increase in eligibility reduced deaths by 
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“internal causes” (comprising deaths by disease, but not by accidents or violence) by 0.53 

percentage points.9 In his book “Health Care Meltdown,” Robert LeBow offers a possible 

explanation, noting that uninsured individuals frequently lack the continuity of care needed to 

bolster their health, and also often lack the means to purchase prescription drugs crucial to the 

success of certain treatments. Currie and Gruber also show that in response to Medicaid eligibility 

expansions, visits to doctors’ offices (the most cost effective site of care) increased more than 

other types of hospital visits.  

 An Urban Institute study titled, “Children Eligible for Medicaid but not Enrolled: How 

Great a Policy Concern?” (2000) points to a similar conclusion, noting that access to care is more 

of a problem for eligible uninsured than for Medicaid covered children. The study estimates that 

23% of uninsured children lack a regular source of care, compared to only 6% of Medicaid 

enrollees. It also notes that eligible uninsured were almost 3 times more likely to have an unmet 

health need during the year, and more than four times more likely to delay care due to cost.  

 The articles surveyed above are representative of a large body of literature suggesting a 

positive correlation between the use of public insurance and overall health. These findings 

validate the assumption that take-up of public health insurance is beneficial to the overall health 

of eligible children. Therefore, there exists a clear impetus for examining why individuals who 

are eligible for public insurance programs may remain uninsured. Kronebusch and Elbel (2004) 

underscore the impact of this problem, estimating that 68.7% of uninsured children are actually 

eligible for Medicaid or SCHIP.      

3.2 Demographic Factors  
 
 Several individual level characteristics can play a significant role in shaping patterns of 

public insurance take-up. Bae and Gardner (2004) take a detailed look at the factors underlying 

enrollment in Georgia’s SCHIP program. Their paper analyzes enrollment in the program over a 

                                                 
9 The authors report that a 15.1% increase in eligibility reduces the number of deaths by “internal causes” 
by 8%. The above elasticity is calculated from this estimate.  
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21 month period, and looks at factors influencing the duration of enrollment for certain 

individuals. Importantly, they find that Hispanic ethnicity is associated with a far shorter expected 

duration of coverage – likely as a result of Hispanic individuals’ unfamiliarity with English, and 

subsequent difficulty understanding outreach information and completing the necessary 

enrollment forms. An additional cause may be the fact that many Hispanic youths are the children 

of immigrants who may not be familiar with the existing public assistance apparatus in the United 

States. Currie (1995) examines the impact of the Medicaid eligibility expansions of the early 

1990s, and specifically looks to the effects on native born versus immigrant children. She 

instruments for eligibility by taking a random sample of 300 children, and finding the percentage 

eligible in each state in a particular year. She finds that the eligibility expansions led to a 

significant increase in Medicaid take-up among native born children, but had a negligible impact 

on children of immigrants.    

 Various studies have indicated that the probability of uninsurance varies not only across 

ethnic background, but also across age, as older children consistently demonstrate higher rates of 

uninsurance than younger ones. For example, in study of eligible uninsurance in New York state 

in 1998, Thorpe and Florence (2000) find that in the eligible child population, children of the 

oldest age bracket (aged 15-21) had the highest uninsurance rate (34.5%), while those of the 

youngest (aged 0-5) had the lowest (20.4%).   

3.3 State Policy Factors  
 
 As was noted in the Theory section, the demographic factors mentioned above may 

operate in tandem with state policy in order to shape patterns of public insurance take-up. Somers 

(2005) examines the phenomenon of children who enroll in public insurance programs, but drop 

out within 12 months. His paper differentiates between those who drop out due to loss of 

eligibility or acquisition of some other form of insurance, and those who drop out despite 

remaining eligible, and lacking any alternate form of insurance. The bulk of his analysis focuses 

on this latter group, which he identifies as the primary concern of policymakers. Importantly, he 
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finds that a major factor tied to disenrollment was administrative hassle, and estimates that 24% 

of applications for continuing enrollment were rejected due to incorrect paperwork.  

 Kronebusch and Elbel (2004) and Wolfe and Scrivner (2005) undertake similar studies 

using nationwide data. Kronebusch and Elbel analyze enrollment in both Medicaid and SCHIP, 

while Wolfe and Scrivner focus on the latter program alone. Both sets of authors propose policy 

frameworks designed to bolster enrollment. Both papers agree that the use of presumptive 

eligibility on the part of states will bolster take-up. Kronebusch and Elbel also propose dropping 

asset tests, and allowing for the self-declaration of income. Additionally, Wolfe and Scrivner 

suggest dropping the face-to-face interview requirement, as well as creating a telephone hotline 

and family friendly website to facilitate enrollment. Kronebusch and Elbel estimate that 

appropriate state policy changes could increase total enrollment from 13.8 million children with 

family income under 200% of the FPL to 17.8 million.  

3.4 Conclusion 

I believe that the works surveyed above are representative of a large body of literature, 

which suggests that the likelihood of uninsurance is strongly tied to the policy implementation in 

the given individual’s state of residence, and that demographic factors play an important role as 

well. This paper seeks to build on this body of literature by studying the effect of such measures 

on insurance take up among children. I work to integrate demographic and policy implementation 

variables, and create a more comprehensive body of potential explanatory variables. I focus 

singularly on the child population, which I believe features the largest gap between eligibility and 

enrollment. Through this study, I analyze the extent to which a states’ policy implementation 

drives differences in take-up rates among individuals of different age groups, and among 

individuals of different ethnic and racial backgrounds.   
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4. DATA and EMPIRICAL STRATEGY 
 
4.1: Data  
 
 The primary dataset used for this paper was the Annual Social and Economic (ASEC) 

Supplement to the US Census Bureau’s Current Population Survey (CPS) The CPS provides 

information on population and employment in the United States, and the ASEC Supplement 

(formerly known as the March Supplement) contains added information on variables such as the 

individual’s source of health insurance coverage, age, state of residence, family income, and 

participation in other government programs. The survey samples individuals of all different ages, 

and includes 67,240 children aged 18 or below. All of the individual level regressions in this 

paper were run using this sample of children. 

Point-in-time observations (such as location and age) are taken from March 2005. Long-

term data observations (for variables such as annual family income, or total time unemployed) are 

taken over the course of the previous year from March 2004 to March 2005. Included in the data 

set was a variable that attached a sampling weight to each individual. The individual level 

regressions were all weighted using this variable in order to generate a nationally representative 

sample. The US Census Bureau also publishes aggregated state-level data, which is estimated 

using the CPS survey. This state level data was used for the macro-level regression in Table I.  

 The individual level data set did not provide any unique variable identifying individuals 

as being either insured or uninsured. However, it contained several dummy variables indicating 

coverage from various types of insurance (such as Medicaid, employer-based private coverage, 

and independently purchased private coverage). I labeled individuals who were not covered by 

any of the insurance types listed as uninsured. The data set also did not have any variable 

indicating eligibility for public insurance. In order to determine eligibility, I used data from the 

Kaiser Family Foundation website, which lists the income cutoffs for both Medicaid and SCHIP 

eligibility in each state. If the family income listed for a given child fell below the cutoff level for 

either Medicaid or SCHIP in his or her state of residence, I labeled the child eligible for public 
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insurance. On the whole, 28,726 children (approximately 43% of the child population) were 

determined to be eligible for public insurance. The following table presents summary values of 

the data.  

Data Summary Table
I II III IV

General Population 
(n = 67,420)

Public Insurance 
eligible population 

(n = 28,726)

Eligible Insured 
population (n = 

23,799)

Eligible Uninsured 
population (n = 

4,927)

Family Income ($) 66,679 (70,231) 23,270 (15,989) 23,916 (16,061) 20,148 (15,249)

% Below Poverty 
Line 17 39.8 38.7 45.4

% Below 200% of 
Poverty Line 38.1 86.6 86 89.3

Age 9.26 (5.37) 8.75 (5.33) 8.54 (5.27) 9.74 (5.51)
Number of 

Children under 18 
in Family

2.17 (1.23) 2.37 (1.41) 2.43 (1.38) 2.03 (1.48)

% White 62.6 45.4 47.6 34.9
% Hispanic 18.7 29.7 26.9 43

% Black 12.7 19.1 19.8 15.9
% Covered by 

Public Insurance 25.6 48.8 58.9 0

% Uninsured 10.9 17.2 0 100
% Eligible for 

Public Insurance 42.6 100 100 100

Standard error in parentheses for those values not expressed as a percentage. Sample
restricted to children under age 18. The above table provides details on the sample surveyed
by the data set. Accordingly, sampling weights were not used. 

 

 Column I of the above table analyzes the entire population of children in the sample. 

Column II examines the population of children eligible for public insurance. Columns III and IV 

divide the population of eligible children into those who are covered by some sort of insurance, 

and those who are not, respectively. Certain expected trends emerge when comparing the general 

population with the eligible population. For one, the average income of individuals in the eligible 

population is markedly lower than that of those in the general population, with a far greater 

proportion of children in the eligible population finding themselves below the poverty line. 

Minority individuals (of Hispanic or Black background)10 are predictably over-represented in the 

                                                 
10 Children identified as Hispanic and another ethnicity were classified only as Hispanic for the purposes of 
this paper. Mixed race Black children were classified as Black in every case, except for when Black and 
Hispanic identity were mixed. In this case, children were classified as Hispanic.  
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eligible population. The rate of uninsurance is also markedly higher in the eligible population, 

indicating that as noted in the Theory section, access to health insurance is often a problem for 

poor individuals.  

 A comparison of the eligible insured and eligible uninsured populations reveals 

additional observations of interest. First, the average age of children in the eligible uninsured 

population is 1.3 years higher than that of children in the eligible insured population. While these 

two averages are not statistically distinct from one another, their difference nonetheless suggests 

that older children are disproportionately represented in the eligible uninsured population. 

Additionally, the percentage of Hispanics in the eligible uninsured population is markedly higher 

than in the eligible insured population. Interestingly, the percentage of Black individuals in the 

eligible uninsured population is smaller than the percentage in the eligible insured one. This 

indicates that Hispanic individuals in particular have a high probability of uninsurance. Much of 

the analysis in the following Results section examines this effect, and factors that may underlie it.         

4.2: Empirical Strategy 

 For each of the individual level regressions in the following Results section, the 

dependent variable is a dummy indicating whether or not a given individual is uninsured. The six 

enrollment procedure variables mentioned previously are the main explanatory variables of 

interest. I used the previously mentioned Kaiser Family Foundation website to obtain data on 

which enrollment procedures were used in the various states. I created each enrollment procedure 

variable as a dummy taking on a value of 1 for those children living in states implementing the 

given policy. For example, the “continuous eligibility” dummy would take on a value of 1 for a 

child living in California (which uses continuous eligibility for both Medicaid and SCHIP) and a 

value of 0 for a child living in Texas (which does not use this policy). In certain states, a given 

policy was used for Medicaid enrollment but not for SCHIP (or vice versa). In these cases, the 

dummy variable took on a value of 1 only for states using the policies for both programs, unless 

otherwise noted.   
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 Different enrollment procedure variables are used in different regressions in the 

following Results section. Given that the dependent variable for all the individual level 

regressions takes on values of only 0 and 1, a dprobit regression model is used to estimate 

coefficients on the right hand side variables. For each regression, controls are included for the 

race or ethnicity, age, and family income of each subject. In addition, a series of state dummies 

are used to control for state fixed effects. 

5. RESULTS and EMPIRICAL ANALYSIS 
 
 I begin the empirical portion of this project by testing the underlying assumption of this 

paper, which is that state level variations in policy implementation can influence the access that 

individuals have to public insurance. Prior to examining the main CPS dataset, I experiment with 

aggregated state-level data, and estimate the effect of the six previously mentioned enrollment 

procedures on state wide rates of uninsurance among poor individuals. I then turn to the CPS data 

and estimate the effect that the enrollment procedures have on the likelihood of a particular 

individual being uninsured. The latter data allows for more precise estimates of the effects of the 

six enrollment procedures, as it allows me to control for several individual characteristics (such 

age, family income, and ethnic background) that could potentially be correlated with the 

probability of uninsurance. In both cases, dummy variables indicating the use of each of the six 

previously mentioned enrollment procedures in each state serve as the key explanatory variables.  

 Next, I examine the effects of Black and Hispanic background, and their interactions with 

age. In particular, I analyze whether the increased uninsurance rates among Hispanic individuals 

observed in Table I are observed for Hispanic children of all ages. I then proceed to focus on two 

specific enrollment procedures: continuous eligibility, and use of a face-to-face interview 

requirement. I study whether these two policies may have different effects on children of different 

ages and different racial or ethnic background. Finally, I test whether two enrollment procedures 

– 12-month continuous eligibility and self declaration of income – have different effects on 

children of different income levels.      
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5.1 State Level Regression: Enrollment Procedures  
 
 There are six enrollment procedure variables that I test in the state level regression below, 

each of which can possibly influence access to public insurance. The first indicates whether or not 

a certain state conducts an asset test on prospective Medicaid enrollees.11 By adding an extra level 

of complexity to the enrollment procedure for public insurance, states requiring asset tests will 

likely curtail access to Medicaid among eligible individuals. I thus hypothesize that the “asset 

test” variable will be associated with increased uninsurance among poor individuals.  

 The “initial face-to-face interview” variable indicates whether a given state requires that 

prospective applicants complete a face-to-face interview in order to first enroll in Medicaid or 

SCHIP. The “re-enrollment interview” variable identifies states requiring that enrollees seeking to 

renew their coverage complete a face-to-face interview with a program representative. By 

increasing the cost (as far as time and convenience is concerned) of obtaining public insurance, 

these interviews can make enrollment and re-enrollment more difficult for eligible individuals. 

On the other hand though, these interviews can act as a highly effective means of disseminating 

valuable information about enrolling in a given state’s public insurance programs. Accordingly, 

requiring prospective enrollees or returning enrollees to undergo face-to-face interviews can serve 

to increase access to public insurance. The overall effect of interview requirements on enrollment 

thus depends on which of these two effects predominate.  

 The “presumptive eligibility” variable can also conceivably reinforce or hinder public 

insurance take-up. By making it possible for healthcare providers to determine eligibility, and 

help with the initial enrollment procedure, this policy ostensibly increases access to public 

insurance for eligible individuals. However, as I mentioned in the Theory section, it is also 

possible that the use of this policy will lead individuals to believe that they are conditionally 

insured, and able to obtain treatment covered by public insurance programs even if they are not 

                                                 
11 Only one state (Texas) employs the use of an asset test for both Medicaid and SCHIP. Thus, for the sake 
of generating more variation in the “asset test” dummy, I allowed it to take on a value of 1 for those states 
using an asset test for Medicaid and not SCHIP (Colorado, Montana, Nevada, and Utah) as well.  
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enrolled in advance. This could potentially outweigh the effect of improved public insurance 

access, and thus increase the probability of eligible uninsurance. 

 I hypothesize that the remaining two variables, which indicate the use of self-declaration 

of income and continuous eligibility, will both be associated with increased access to public 

insurance. Both policies are aimed at facilitating public insurance enrollment, and lowering the 

barriers to obtaining it. Hence, I predict that both will have negative coefficients.   

 The dependent variable in the state level regression measures the percentage of poor or 

near-poor children (defined by the Census Bureau as those with family incomes below 200% of 

the FPL) who were uninsured in the year 2004. This variable is not a perfect indicator of the 

number of eligible uninsured, given that in certain states some individuals within this population 

are not eligible for public insurance (and in others, the eligible population extends beyond those 

with family incomes under 200% of the FPL). Nonetheless though, I believe that it is a good 

proxy, given that the majority of states use the 200% mark as the cutoff for determining public 

insurance eligibility. The main purpose of the state level regression was to gauge the potential 

effects of the enrollment procedure variables. Because the dependent variable is a continuous one, 

a linear regression model estimated using OLS was employed. The results of the regression are 

shown in Table I.  

State Level Regression Model 

% uninsured below 200% FPL = β1*(Self-declaration of income) + β2*(Asset 
test) + β3*(Presumptive eligibility) + β4*(Continuous eligibility) + 
β5*(Initial enrollment interview) + β6* (Re-enrollment interview) + ε 
 

In the above regression, the coefficient on the “continuous eligibility” variable is the only 

one that is not of the expected sign. This coefficient, however, is not close to being statistically 

significant at any level, indicating that this variable does not appear to have any significant 

correlation with the dependent variable. 
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Table I
State Level Enrollment Procedure
Regression

Self Declaration of 
Income

-0.03426 
(1.71)*

Asset Test 0.08702 
(3.05)**

Presumptive Eligibility 0.03450 
(1.20)

Continuous Eligibility 0.00323 
(0.17)

Face to Face Enrollment 
Interview

-0.05468 
(1.87)*

Face to Face Re-
Enrollment Interview

0.06060 
(1.63)

N = 51
Adjusted R^2: 0.1874

Cross sectional regression, in which the 
dependent variable was the percentage of 
those below 200% of the FPL in a 
particular state without Health Insurance 
in 2004. Independent variables are 
dummies indicating whether the above 
procedures were used in the given state. 
Coefficients on the above explanatory 
variables estimated using linear 
regression. T-statistics in parentheses.  

   

 The “presumptive eligibility” and “re-enrollment interview” variables both have positive 

coefficients, with the coefficient on the latter being nearly significant at the 90% level. It appears, 

therefore, that having already gone through the enrollment process once, individuals gain little 

added information from an additional round of interviews, but experience a significant amount of 

inconvenience from them. The positive coefficient on the presumptive eligibility variable 

suggests that the phenomenon of conditional insurance caused by this policy outweighs the 

increased access to public insurance that it creates. This coefficient is not statistically significant, 

however, making it difficult to conclude this with any certainty. The “asset test” variable also has 
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a coefficient that is positive and statistically significant, indicating that as I had hypothesized, the 

use of this policy serves to decrease public insurance access.  

 The “initial face-to-face interview” variable has a negative coefficient that is significant 

at the 90% level. This result indicates that the informational gain from the interview appears to 

outweigh the inconvenience that the requirement poses. As hypothesized, the “self-declaration of 

income” variable has a negative coefficient that is significant at the 90% level, indicating that this 

policy increases public insurance access through simplifying enrollment procedure that a 

prospective enrollee must complete.  

 The most important observation to take from the above macro-level regressions, 

however, is the fact that the variations in how the different states implement policies do indeed 

exert an influence on public insurance take-up among eligible individuals. The statistically 

significant coefficients on several of those variables, combined with the significant explanatory 

power of the regression (explaining 18.7% of the variation in uninsurance rates among the poor) 

strongly suggest that the implementation policies enacted by various states can play a very 

significant role in analyzing the differing rates of eligible uninsurance across the states.  

 Having established the linkage between the procedures and their impact on enrollment, I 

now proceed to use individual level data to take a closer look at these enrollment procedures, and 

specifically analyze their impact on different sectors of the population. 

5.2: Individual Level Regression: Enrollment Procedures  

 I next examine whether the findings from the state level regression are applicable to 

individual level data as well. As was mentioned in the Data section, the dependent variable for 

each of the following individual level regressions is a dummy variable indicating whether or not a 

particular child was uninsured. I began by restricting the sample to those children eligible for 

public insurance in their state of residence, and then individually regress each enrollment 

procedure dummy on the dependent variable. Next, I regress all six enrollment procedure 

variables jointly on the uninsurance dummy. In both regressions, I control for the age, racial or 
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ethnic background, family income, and state fixed effects of every individual in the sample. For 

all of the individual level regressions (which use CPS data from March 2005), data on the 

enrollment procedures used in the various states is taken from the fiscal year beginning on July 1, 

2004, and ending on June 30, 2005.    

Column I-VI 
 
Uninsured = β1i*(State Policy Dummy)i + λ*Demographic controls + γ*State 
fixed effects + ε 
 
Column VII 
 
Uninsured = β1*(SD of income) + β2*(No Asset test) + β3*(Presumptive 
eligibility) + β4*(Continuous eligibility) + β5*(FF Interview) + β6* (FF 
re-enrollment interview) + λ*Demographic controls + γ*State fixed 
effects + ε 
 

 As was the case in the previous regression, I hypothesize that three of the enrollment 

procedures will have a positive impact on public insurance take-up: the use of self declaration of 

income, absence of an asset test, and use of continuous eligibility. In the above regressions, in 

which a binary indicator of uninsurance serves as the dependent variable, I predict that the 

variables corresponding to these three enrollment procedures will have negative coefficients. As 

was discussed in the previous section, the three remaining enrollment procedure variables – 

“face-to-face enrollment interview,” “face-to-face re-enrollment interview,” and “presumptive 

eligibility” – can potentially work in two different directions. It is thus difficult to definitively 

predict whether their coefficients will be positive or negative.  

 In the table below, the “self-declaration of income” and “no asset test” variables have 

negative coefficients in both models. These coefficients are statistically significant at the 90% or 

95% level, indicating a strong negative correlation with the probability of uninsurance. These two 

results mirror those from the state level regression, and are in line with the theory predicting that 

both variables would be associated with a decreased probability of uninsurance. The “re-

enrollment interview” variable, meanwhile, has a positive coefficient in both models. Both 

coefficients are again statistically significant at the 90% or 95% level, indicating that the use of 
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this policy is associated with a significant increase in the probability of uninsurance. This result 

was observed in the macro-level regression as well, and indicates that the inconvenience and 

hassle caused by the re-enrollment interview requirement outweighs any informational gain from 

the actual interview. 

 
 

      

  

 

 

 

 

 

 

 

 

 

 

 The other three variables yield somewhat ambiguous results, with coefficients of different 

sign in the individual and joint regressions. Given that certain enrollment procedure variables are 

correlated with one another, I believe that the most accurate coefficients come from the model in 

which each enrollment procedure variable is regressed individually (with controls) against the 

probability of uninsurance. Indeed, collinearity between the six enrollment procedure variables 

makes it difficult to isolate the specific effect of one variable when all six are run jointly. Given 

this reasoning, the negative and statistically significant coefficient on the “continuous eligibility” 

variable from the individual model is likely to be the most accurate. This is again in line with the 

Table II
Individual Level Enrollment Procedure Regressions

I II III IV V VI VII

Self Declaration of 
Income

-0.1246 
(4.57)** -- -- -- -- -- -0.0378 

(1.78)*

No Asset Test -- -0.1285 
(3.05)** -- -- -- -- -0.2066 

(4.91)**
Presumptive 
Eligibility -- -- -0.0088 

(0.26) -- -- -- 0.0505 
(2.16)**

Continuous 
Eligibility -- -- -- -0.0817 

(2.54)** -- -- 0.0369 
(1.62)

Face to Face 
Enrollment Interview -- -- -- -- 0.0396 

(1.23) -- -0.0663 
(2.38)**

Face to Face Re-
Enrollment Interview -- -- -- -- -- 0.0658 

(1.84)*
0.1924 

(3.51)**

For each regression, n = 28,726 (*) denotes significance at 90% level, (**) denotes significance at 95% level. 
Z-statistics in parentheses. Sample restricted to children eligible for public insurance. Each column above 
denotes a different regression. In each regression, the dependent variable is a dummy taking on a value of 1 if 
the individual is uninsured, 0 otherwise. Dprobit regression was used to estimate coefficients on above 
explanatory variables. The above explanatory variables were first regressed individually on this dependent 
variable (Columns I-VI), then jointly (Column VII).Controls were included for subject's age,  race, family 
income relative to FPL, and state fixed effects in each regression. 
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theory that the use of this policy will lower the administrative hassle associated with maintaining 

public insurance coverage, and will thus lower the probability of uninsurance.  

 The coefficient on presumptive eligibility in the individual model is negative, but not 

close to being statistically significant. This finding is in line with the theory stating that this 

policy can conceivably serve to either reinforce or deter enrollment based on the circumstances of 

the individual in question. The fact that the coefficient is ambiguous likely indicates that neither 

effect predominates.  

 The “face- to-face interview” variable also demonstrates ambiguous results in Table III 

that make it difficult to pinpoint its effect on uninsurance. I believe that a major factor 

contributing to the ambiguity of these coefficients is the fact that the face-to-face interview 

requirement may exert opposite effects on different groups of individuals within the sample. Later 

in this Results section, I specifically examine the different impact that the interview requirement 

may have on Black and Hispanic individuals. 

5.3: Age, Race, and Ethnicity 

 Before analyzing whether certain enrollment procedures have different effects on 

different subsets of the eligible uninsured population, it is important to present a clear picture of 

this population. The Data Summary Table indicates that older children and Hispanics are 

disproportionately represented in this group. In this section, I run three regressions that quantify 

these two observations. The dependent variable is the same binary indicator of uninsurance. In 

Column I, having controlled for family income and state fixed effects, I use as explanatory 

variables two dummies indicating Black or Hispanic identity, and a series of four dummies 

indicating the age bracket under which a particular individual falls. In Column II, I interact the 

“Hispanic” dummy with the four age bracket dummies. The regression in column III is structured 

in the same way, but includes interaction terms involving the “Black” dummy and four age 

bracket dummies. Finally, in column IV, I include both sets of dummy variables. These 
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interaction terms are useful in estimating the effect of age on uninsurance within the Black and 

Hispanic populations.    

Column I:  
 
Uninsured = β1i*(Age bracket)i + β2*(Hispanic) + β3*(Black) + 
λ*Demographic controls + γ*State fixed effects + ε 
 
Column II:  
 
Uninsured = β1i*(Age bracket)i*(Hispanic) + β2i*(Age bracket)i + 
β3*(Hispanic) + β4*(Black) + λ*Demographic controls + γ*State fixed 
effects + ε 
 
Column IV:  
 
Uninsured = β1i*(Age bracket)i*(Hispanic) + β2i*(Age bracket)i*(Black) + 
β3i*(Age bracket)i + β4*(Hispanic) + β5*(Black) + λ*Demographic controls 
+ γ*State fixed effects + ε 
 

Column I in the table below demonstrates that as expected, older children are far more 

likely to be uninsured, as the coefficients on the age dummies grow increasingly positive and 

significant for children of older age groups. The coefficients on the two oldest age brackets are 

both positive and statistically significant at the 95% level, indicating that children belonging to 

these two groups are significantly more likely to be uninsured when compared to 0-1 year old 

children (the omitted age category in the above regression). A 16-18 year old child has the 

highest probability of uninsurance, and is nearly 12.5 percentage points more likely to be 

uninsured when compared to an infant in the sample.  

The phenomenon of attrition mentioned in the Theory section is a likely mechanism 

causing these higher rates of uninsurance among older children is attrition. It may be the case that 

at each age level, a certain number of children are simply not re-enrolled in public insurance 

programs that they are initially covered by. In older age groups, a larger group of drop-outs is 

likely to have accumulated, perhaps explaining the increased probability of uninsurance. 
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The results from Column II indicate that this effect is particularly pronounced within the 

Hispanic population. All of the interaction terms involving the “Hispanic” variable and Age 

dummies have positive and statistically significant coefficients at the 95% confidence level, 

indicating that Hispanic children of each age bracket are significantly more likely to be uninsured 

when compared to Hispanic newborns. These coefficients display a general trend of growing 

more positive with increased age (though the interaction term involving the “Age 6-9” dummy 

does have a more positive coefficient than the interaction term corresponding to the “Age 10-15” 

dummy). Controlling for age effects among Hispanic children markedly lowers the attrition effect 

Table III
Individual Level Age, Race, and Ethnicity Regression

I II III IV
Age1to5 -0.0159 (1.16) -0.0432 (2.66)** -0.0030 (0.19) -0.0345 (1.75)*
Age6to9 0.0135 (0.95) -0.0258 (1.56) 0.0245 (1.51) -0.0256 (1.28)

Age10to15 0.0298 (2.13)** -0.0101 (0.62) 0.0468 (2.96)** -0.0003 (0.02)
Age16to18 0.1249 (7.59)** 0.0710 (3.77)** 0.1467 (7.80)** 0.0817 (3.57)**
Hispanic 0.0849 (11.77)** -0.0177 (0.66) 0.0852 (11.79)** -0.0115 (0.40)

Black -0.0057 (0.75) -0.0060 (0.79) 0.0540 (1.65)* 0.0148 (0.44)
Hispanic* Age1to5 0.0907 (2.79)** 0.0805 (2.33)**
Hispanic* Age6to9 0.1293 (3.75)** 0.1288 (3.48)**

Hispanic* Age10to15 0.1274 (3.84)** 0.1158 (3.28)**
Hispanic* Age16to18 0.1529 (4.20)** 0.1418 (3.67)**

Black* Age1to5 -0.0507 (1.66)* -0.0258 (0.74)
Black* Age6to9 -0.0412 (1.30) -0.0006 (0.02)

Black* Age10to15 -0.0614 (2.09)** -0.0274 (0.81)
Black* Age16to18 -0.0628 (2.06)** -0.0254 (0.71)

For each regression, n = 28,726 (*) denotes significance at 90% level, (**) denotes significance at 
95% level. Z-statistics in parentheses. Sample restricted to children eligible for public insurance. 
Each column above denotes a different regression. In each regression, the dependent variable is a 
dummy taking on a value of 1 if the individual is uninsured, 0 otherwise. Dprobit model used to 
estimate the coefficients on the above explanatory variables. Column I includes only non-interacted 
age, Hispanic, and Black dummies. Column II includes interaction terms involving Hispanic dummy 
and age dummies. Column III includes interaction terms involving Black dummy and age dummies. 
Controls were included for subject's family income relative to FPL, and state fixed effects in each 
regression. Controls for Asian or Native American background were included in each regression, 
but are not reported above. 
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observed in the general population; children aged 16-18 in the general population are now only 

8.2 percentage points more likely to be uninsured compared to infants.   

Controlling for attrition among Hispanics in column II also renders the Hispanic dummy 

statistically insignificant. This indicates that after controlling for Hispanic age effects, Hispanic 

individuals are no more likely to be uninsured than other individuals in the general population. 

Hence, it appears that Hispanic newborns enter the world with an equal probability of insurance 

compared to non-Hispanics in the eligible population. The high rate of uninsurance in this ethnic 

group thus appears to be driven almost entirely by attrition. 

These results contrast with those observed for Black individuals. In column III, none of 

the interaction terms involving the age dummies and “Black” dummy are positive (indeed, two of 

the negative coefficients are statistically significant at the 95% level). This indicates that while 

the general trend of increasing uninsurance with age may still be present in the Black population, 

Black identity does not appear to exacerbate this attrition, as Hispanic identity appears to do.  

Column IV, which features both sets of interaction terms, allows for an easy comparison 

of the different attrition rates of Black and Hispanic children. In order to compare the probability 

of uninsurance of a 16-18 year old Hispanic child with that of a newborn Hispanic child, it is 

necessary to add the coefficients from the non-interacted “Age 16-18” dummy and the interaction 

term involving the “Age 16-18” dummy and the “Hispanic” dummy. Adding the two coefficients, 

I find that a 16-18 year old Hispanic child is 22.4 percentage points more likely to be uninsured 

when compared to a Hispanic newborn. Conducting the same comparison between a Black child 

aged 16-18 and a Black newborn, I find that the Black 16-18 year old is only 5.6 percentage 

points more likely to be uninsured when compared to a Black newborn. Carrying out this 

calculation across the four income brackets, I observe that Hispanic children of all four age 

brackets have a higher probability of uninsurance when compared to Hispanic newborns. This 

probability of uninsurance relative to that of a Hispanic newborn increases sharply with age. For 

Black children, only those in the “Age 16-18” bracket have a higher probability of uninsurance 
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when compared to Black newborns. It is thus clear that attrition has a prominent effect on 

Hispanic children, and that this effect is not nearly as strong in the Black population.    

It is possible that those states with large Hispanic populations feature policies or other 

state specific factors that promote attrition. In this case, the attrition effect could primarily be 

driven by individuals in these states, and may not be observed throughout the general population. 

To test this possibility, I removed children from California and Texas – the two states with the 

largest Hispanic populations – from the sample, and re-ran the regressions above. When these 

children are removed, the coefficients on the age dummies grow slightly less positive, providing 

less dramatic, but still solid evidence for attrition (for example, children aged 16-18 are now 11.1 

percentage points more likely to be uninsured compared to 0-1 year olds, rather than 12.5 

percentage points). This slight decrease in attrition is likely because the large population of 

Hispanic individuals in California and Texas, which is now removed from the sample, helps to 

drive the effect in the overall population. Re-running Regressions II, III, and IV with this smaller 

sample, meanwhile, does not cause the interaction terms to change in any consistent manner. As a 

result, the attrition hypothesis appears robust to removing these two states from the sample.    

 The bulk of the remaining analysis in this paper, therefore, focuses on analyzing in 

greater depth factors that may cause children – particularly those of Hispanic background – to be 

uninsured in larger and larger numbers as they grow older. In particular, I focus on the enrollment 

procedures analyzed in sections 5.1 and 5.2, and examine their effects on attrition among children 

of Hispanic origin. As a comparison, I also examine their effects on children in the Black 

population. 

5.4 Face-to-face Interview and Uninsurance  

 The results from Tables I and II indicate that the re-enrollment interview requirement 

increases the probability of uninsurance, ostensibly by adding significantly to the cost (in terms of 

time and effort) of re-enrollment. Given that many Hispanics do not speak English as a first 

language, I hypothesized that individuals within this group would find complicated enrollment 
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procedures to be particularly burdensome. I thus predicted that Hispanic individuals in particular 

would be disproportionately affected by the use of a re-enrollment interview requirement. 

However, regression analysis examining the impact of the re-enrollment interview on Hispanic 

individuals revealed no significant relationship. Most likely, this is due to the fact that only two 

states – Tennessee and Mississippi – require re-enrollment interviews for both Medicaid and 

SCHIP. This does not provide much variation in state policy with which to test these hypotheses 

regarding the re-enrollment interview requirement. Perhaps a larger sample size of children living 

in states requiring re-enrollment interviews would provide support for this hypothesis.  

 There are six states that require interviews for initial enrollment in Medicaid, SCHIP, or 

both.12 Four of these states require interviews for both policies. Two other states (New York and 

Alabama) require face-to-face interviews for Medicaid, but not for SCHIP. I allowed the “face-to-

face interview” dummy to take on a value of 1 for children living in all 6 states. While this 

variable is no longer fully accurate (given that not all eligible children in New York and Alabama 

were subject to the policy), I believe that it is still a useful one, given that Medicaid is by far the 

larger of the two programs in both New York and Alabama.13 While these six states again do not 

provide a tremendous amount of variation in state policy, they do provide a better starting point 

for analyzing the impact of the face-to-face interview requirement. I hypothesized that the initial 

enrollment interview would have a far smaller impact promoting drop-out when compared to the 

re-enrollment interview. This is because this initial interview represents for many the first direct 

contact with the relevant program office. As mentioned previously, this direct contact can serve 

as a means of disseminating useful information about the procedures for public insurance 

                                                 
12 In three of these states – Alabama, Tennessee, and Utah – families are permitted to complete the 
interview by phone rather than face to face. In this model though, I did not differentiate between those 
permitting a phone interview and those requiring face to face contact, and categorized all six states as 
having an interview requirement.  
13 According to estimates from the US Census Bureau, there were approximately 1,538,000 child enrollees 
in Medicaid in New York and 367,000 in Alabama as of March 2005. According to a 2004 report from the 
Kaiser Family Foundation, SCHIP enrollment in December 2004 was 452,932 in New York, and 62,817 in 
Alabama. Assuming that there was no significant change in SCHIP enrollment between December 2004 
and March 2005, the above numbers indicate that as of March 2005, approximately 77% of public 
insurance enrollees in New York and 85% in Alabama participated in Medicaid.  
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enrollment, and can thus increase program take-up. Additionally, the initial enrollment interview 

is a procedure needing to be completed only once, while the re-enrollment interview must be 

conducted year after year. As a result, the re-enrollment interview requirement would ostensibly 

place a larger burden on applicant families. 

Table IV tests these hypotheses. Column I examines the impact of the face-to-face 

interview requirement on attrition for the general population, using as right-hand side variables 

the face to face interview dummy, the four age dummies, and four interaction terms involving 

these two variables. Column II examines whether the interview requirement increases attrition 

among Hispanic individuals in particular. This regression includes all the variables from the 

previous one, and additionally contains a set of four triple interaction terms between the age 

dummies, the face-to-face interview dummy, and the Hispanic dummy. Column III is structured 

in the same way, but includes triple interaction terms that measure the marginal effect of the face-

to-face interview requirement on Black individuals across the age spectrum. The regression in 

Column IV includes both sets of interaction terms. 

Column I 

Uninsured = β1*(FF Interview) + β2i*(Age bracket)i + β3i*(FF 
Interview)(Age bracket)i + λ*Demographic controls + γ*State fixed 
effects + ε 
 

Column II 
 
Uninsured = β1*(FF Interview) + β2i*(Age bracket)i + β3*(Hispanic) + 
β4i*(FF interview)(Age bracket)i + β5i*(Age bracket)i(Hispanic) + β6*(FF 
interview)(Hispanic) + β7i*(FF interview)(Age bracket)i(Hispanic) + 
λ*Demographic controls + γ*State fixed effects + ε   
 
Column IV 
 
Uninsured = β1*(FF Interview) + β2i*(Age bracket)i + β3* (Hispanic) + 
β4*(Black) + β5i*(FF interview)*(Age bracket)i + β6i*(Age bracket)i 
(Hispanic) + β7i*(Age bracket)i*(Black) + β8*(FF interview)(Hispanic) + 
β9*(FF interview)*(Black) + β10i*(FF interview)(Age bracket)i(Hispanic) + 
β11i*(FF interview)*(Age bracket)i*(Black) + λ*Demographic controls + 
γ*State fixed effects + ε 
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In Column I, the coefficients on the interaction terms involving the “Face-to-face 

interview” variable and the age dummies are all negative. These coefficients consistently grow 

Table IV - Part A
Face-to-Face Interview and Uninsurance

I II III IV
Face to face interview 0.0776 (1.47) 0.0406 (0.74) 0.0793 (1.37) 0.0255 (0.42)

Hispanic 0.0854 (11.81)** -0.0197 (0.70) 0.0847 (11.70) -0.0170 (0.56)
Black -0.0053 (0.69) -0.0052 (0.69) 0.0470 (1.34) 0.0033 (0.09)

Age1to5 -0.0145 (0.99) -0.0459 (2.62)** -0.0001 (0.01) -0.0354 (1.65)*
Age6to9 0.0161 (1.05) -0.0303 (1.69)* 0.0264 (1.53) -0.0331 (1.53)

Age10~15 0.0357 (2.39)** -0.0116 (0.66) 0.0516 (3.06)** -0.0054 (0.25)
Age16~18 0.1347 (7.59)** 0.0731 (3.57)** 0.1539 (7.65)** 0.0781 (3.14)**

FFint* Age1to5 -0.0124 (0.30) 0.0208 (0.43) -0.0286 (0.62) 0.0027 (0.05)
FFint* Age6to9 -0.0223 (0.55) 0.0316 (0.63) -0.0183 (0.39) 0.0582 (0.95)

FFint* Age10to15 -0.0457 (1.22) 0.0096 (0.21) -0.0438 (1.01) 0.0316 (0.55)
FFint* Age16to18 -0.0578 (1.52) -0.0138 (0.29) -0.0502 (1.11) 0.0113 (0.19)
FFint* Hispanic 0.0923 (0.86) 0.1234 (1.07)

Hispanic* Age1to5 0.0968 (2.82)** 0.0841 (2.28)**
Hispanic* Age6to9 0.1437 (3.91)** 0.1472 (3.68)**

Hispanic* Age10to15 0.1425 (4.03)** 0.1347 (3.53)**
Hispanic* Age16to18 0.1636 (4.22)** 0.1580 (3.79)**

FFint*Black 0.0401 (0.43) 0.0917 (0.90)
Black*Age1to5 -0.0587 (1.80)* -0.0318 (0.85)
Black*Age6to9 -0.0399 (1.16) 0.0094 (0.23)

Black*Age10to15 -0.0601 (1.88)* -0.0181 (0.48)
Black*Age16to18 -0.0582 (1.74)* -0.0127 (0.32)

Hispanic* FFint* Age1to5 -0.0694 (0.81) -0.0615 (0.67)
Hispanic* FFint* Age6to9 -0.1115 (1.51) -0.1214 (1.68)*

Hispanic* FFint* Age10to15 -0.1273 (1.92)* -0.1341 (2.04)**
Hispanic* FFint* Age16to18 -0.1070 (1.39) -0.1171 (1.56)

Black*FFint*Age1to5 0.0685 (0.65) 0.0342 (0.33)
Black*FFint*Age6to9 -0.0102 (0.11) -0.0631 (0.74)

Black*FFint*Age10to15 0.0016 (0.02) -0.0554 (0.66)
Black*FFint*Age16to18 -0.0178 (0.19) -0.0644 (0.75)

reported above. 

For each regression, n = 28,726. (*) denotes significance at 90% level, (**) denotes significance at 95% level. Z-statistics in 
parentheses. Each column above denotes a different regression. In each regression, the dependent variable is a dummy taking 
on a value of 1 if the individual is uninsured, 0 otherwise. Dprobit regressions were used to generate estimates of coefficients 
on above explanatory variables. Column I includes double interaction terms involving "face to face interview" dummy and age 
dummies. Column II includes triple interaction terms involving "face to face interview" dummy, age dummies, and Hispanic 
dummy. Double interaction terms involving age dummies and "face to face interview" dummy, age dummies and Hispanic 
dummy, and Hispanic dummy and "face to face interview" dummy are included as well. Column III is structured in same way, 
but with Hispanic dummy replaced by Black dummy.  Column IV includes both “Hispanic” and “Black” dummies, and all the 
interaction terms from Columns II and III. Controls were included for subject's family income relative to FPL, and state fixed 
effects in each regression. Controls for Asian or Native American background were included in each regression, but are not 
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increasingly negative with older age groups. However, none are statistically significant at the 

90% or 95% level. Additionally, the coefficient on the non-interacted “face-to-face interview” 

variable is positive, and larger in magnitude than any of the negative coefficients on the double 

interaction terms.  

My overall objective from this regression was to compare the probability of uninsurance 

for a child living in a state with a face-to-face interview requirement with that of a child of the 

same age bracket living in a state without this requirement. To do this, it is necessary to add the 

coefficient from the non-interacted “face-to-face interview” variable to the coefficient on the 

relevant double interaction term involving the age dummy and the “face-to-face interview” 

dummy. For example, to estimate the impact of a face-to-face interview requirement on children 

aged 16-18, I add the coefficient on the double interaction term involving the “Age 16-18” and 

“face-to-face interview” dummies to the coefficient on the non-interacted “face-to-face 

interview” variable. This computation indicates that the presence of a face-to-face interview 

requirement increases the probability of uninsurance for children aged 16 to 18 by 1.98 

percentage points. Carrying out this exercise for all age brackets, I find that the face-to-face 

interview requirement increases the probability of uninsurance for children throughout the age 

spectrum. Interestingly, this effect appears to be larger for younger children. Indeed, for children 

aged 1-5, this requirement increases the probability of uninsurance by the largest amount: 6.31 

percentage points.   

I use the regressions in Columns II, III, and IV to estimate the specific effect of the face-

to-face interview requirement on Hispanic and Black individuals of each age bracket. To illustrate 

the procedure for calculating this effect, I outline the computation of the face-to-face interview’s 

impact on Hispanic children aged 1-5. I compare two samples: the sample of Hispanic children 

aged 1-5 residing in states with a face to face requirement, and the sample of Hispanic children 

aged 1-5 residing in states without face-to-face interviews. The difference in the probability of 

uninsurance among children of the two samples provides an estimate of the face-to-face 
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interview’s overall effect on Hispanic children in this age bracket. In order to compare the two 

previously mentioned samples, it is necessary to sum the coefficients on four terms in the Column 

II regression: the triple interaction term involving the “Age 1-5 dummy,” the “Hispanic” dummy, 

and the “face-to-face interview” dummy; the double interaction term involving the “Hispanic” 

dummy and the “face-to-face interview” dummy; the double interaction term involving the “face-

to-face interview” dummy and the “Age 1-5” dummy, and the non-interacted “face-to-face 

interview” dummy. Adding these four coefficients from Column II, I estimate that the face-to-

face interview requirement increases the probability of uninsurance for Hispanic children aged 1-

5 by 8.43 percentage points. In order to calculate the standard error on this estimate, I first square 

the standard errors on each of the four coefficients used in the calculation, and take the sum of the 

squared standard errors. The square root of this sum represents the standard error of the above 

estimate. Using this procedure, along with the coefficients in Column II, I estimate the effect of 

the face-to-face interview requirement on each of the age brackets within the Hispanic 

population. I then use the coefficients in column III to estimate the effect of this policy on each of 

the age brackets within the Black population. Finally, I use the coefficients in column IV to 

generate a second set of estimates of the effect of the face-to-face interview on Hispanic and 

Black individuals of different age brackets. Table IV (part B) summarizes these estimates. In this 

table, standard errors (rather than Z-statistics) are in parentheses. 

On the surface, it appears that there is nothing to be gleamed from the table on the 

following page. All of the standard errors are high relative to the estimated coefficients, none of 

which are close to being statistically significant. I believe that these high standard errors are 

partly the result of the small sample sizes that result from analyzing small subsections of the 

overall dataset. For example, the sample contains only 256 Hispanic children aged 1-5 living in 

states with a face-to-face interview requirement. However, if I momentarily leave aside the lack 

of statistically significant results and focus on the coefficients themselves, there are indeed 

interesting trends to examine. The positive coefficients in each column indicate that the use of a 



 35

face-to-face interview requirement appears to increase the probability of uninsurance for 

Hispanic and Black children individuals of all age groups. However, it is also clear that for both 

Black and Hispanic individuals, the coefficients grow less and less positive for older children. For 

example, the results of column II indicate that the use of a face-to-face interview increases the 

probability of uninsurance by 8.4 percentage points for Hispanic children aged 1-5, but increases 

this probability by only 1.2 percentage points for children aged 16-18. A similar trend of 

decreasing coefficients corresponding to older age groups among Hispanic children is observed in 

Column IV as well. 

 

 

 

 

 

 

 

 

 

 

 

 

I had previously noted that the face-to-face interview can have two competing effects on 

program take-up. On the one hand, it can reinforce take-up by serving as a venue for 

disseminating valuable information to applicants, while on the other, it can deter take-up by 

adding to the time and procedural burden of enrollment. I believe that the above results 

demonstrate both effects. The positive coefficients – indicating an increased probability of 

Table IV - Part B
Face to Face Interview: Effect on Specific Demographic Groups

II III IV
Hispanic Age 1-5 0.0843 (0.1592) 0.0901 (0.1744)
Hispanic Age 6-9 0.053 (0.1510) 0.0857 (0.1656)
Hispanic Age 10-15 0.0152 (0.1462) 0.0464 (0.1611)
Hispanic Age 16-18 0.0121 (0.1500) 0.0431 (0.1641)
Black Age 1-5 0.1593 (0.1695) 0.1541 (0.1787)
Black Age 6-9 0.0909 (0.1551) 0.1123 (0.1754)
Black Age 10-15 0.0772 (0.1540) 0.0944 (0.1609)
Black Age 16-18 0.0514 (0.1528) 0.0641 (0.1602)

Standard errors in parentheses. The above coefficients indicate the effect of 
face-to-face intervew requirement on individuals of the following 
demographic groups. The values in Column II were generated using the 
coefficients from Column II in Table V - Part A. The values in Columns III and 
IV were also generated using coefficients from the corresponding columns in 
Table V - Part A. Coefficients computed by summing the coefficients on the 
following four variables: the triple interaction term involving the relevant 
age dummy, the “Hispanic” dummy, and the “face-to-face interview” dummy; 
the double interaction term involving the “Hispanic” dummy and the “face-to-
face interview” dummy; the double interaction term involving the “face-to-
face interview” dummy and the relevant age dummy, and the non-interacted 
“face-to-face interview” dummy.
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uninsurance caused by the face-to-face interview requirement – on each age group within the 

Hispanic and Black population are likely due to the policy’s effect of adding to the time and 

effort needed to enroll in a given public insurance program. However, the decreasing coefficients 

indicate that this policy has a smaller effect on individuals of older age groups. This is likely 

because those families who initially enroll in public insurance (despite the presence of a face-to-

face interview) are less likely to drop out through attrition, due to the informational gain from the 

face-to-face interview. This mitigating effect on attrition serves to counterbalance the former 

effect that increases the likelihood of uninsurance. Given that a policy mitigating attrition will 

have the largest cumulative effect on children of older age groups, it is logical this latter effect 

reinforces public insurance take-up to the largest extent among older children. Accordingly, while 

the face-to-face interview requirement serves to increase the probability of uninsurance across the 

age spectrum, it has the smallest effect on individuals in the highest age bracket.  

 In both columns III and IV, analysis of the face-to-face interview’s effect on the Black 

population again reveals positive coefficients across the age spectrum, with the trend of 

coefficients growing less and less positive with increasing age. It thus appears that for the Black 

population as well, the presence of a face-to-face interview requirement exerts the same two 

opposing effects observed for the Hispanic population. Interestingly, in Column IV, the 

coefficients on the Black age brackets are more positive than those on the corresponding Hispanic 

age brackets, indicating that on the whole, the presence of a face-to-face interview requirement 

increases the probability of uninsurance to a greater extent among Black individuals. I believe 

that this is because the face-to-face interview does not have nearly as much of a mitigating effect 

on attrition among Black individuals. I previously hypothesized that the language barrier is a 

major factor driving attrition among Hispanic individuals, hindering many in their ability to 

comprehend the necessary paperwork and enrollment procedures. I believe that the informational 

gain from the face-to-face interview is thus particularly large for Hispanics. For Black 

individuals, there is ostensibly no language barrier. Accordingly, while the face-to-face interview 
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may still mitigate attrition among Black individuals, this effect is not nearly as strong as it is in 

the Hispanic population.   

5.5 Continuous Eligibility and Uninsurance 

I hypothesized that continuous eligibility may represent another policy with a mitigating 

effect on attrition among Hispanic children. The results from Table II indicate that as I had 

hypothesized, this policy lowers the probability of eligible uninsurance. States implementing this 

policy ostensibly reduce the administrative and procedural burden to remaining enrolled in public 

insurance by requiring individuals to re-enroll only once every 12 month period. Given my 

previous hypothesis that Hispanic individuals may be particularly averse to added administrative 

requirements to enrolling in public insurance, it is possible that children from Hispanic families 

will particularly benefit from the use of continuous eligibility.  

The set of regressions in Table V is structured the same way as the set presented in Table 

IV, with the “continuous eligibility” dummy replacing the “face-to-face interview” dummy. The 

explanatory variables in Column I are thus the “continuous eligibility” dummy, the four age 

dummies, and four interaction terms involving these two variables. Column II includes a series of 

four triple interaction terms generated by multiplying the “Hispanic” dummy with the double 

interaction terms in Column I, as well as a set of double interaction terms involving the age 

dummies and the “Hispanic” dummy. In Column III, the “Hispanic” dummy is replaced by the 

“Black” dummy. Finally, Column IV features both dummies, and all of the interaction terms from 

Columns II and III. 

In Regression I in the table below, none of the double interaction terms between the 

continuous eligibility dummy and the age dummies have coefficients are close to being 

statistically significant. These coefficients are all small in magnitude, and do not exhibit any 

discernible trend. The negative and statistically significant coefficient on the non-interacted  
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“continuous eligibility” variable does indicate that the policy lowers the probability of eligible 

uninsurance across the age spectrum. However, the statistically and economically insignificant 

Table V - Part A
Continuous Eligibility and Uninsurance

I II III IV

Continuous eligibility -0.0801 (1.97)** -0.1010 (2.51)** -0.0743 (1.74)* -0.0333 (0.71)
Hispanic 0.0849 (11.77)** -0.0443 (1.34) 0.0852 (11.80)** -0.0185 (0.66)

Black -0.0056 (0.73) -0.0059 (0.78) 0.0587 (1.41) -0.0154 (0.48)
Age1to5 -0.0178 (1.04) -0.0526 (2.64)** -0.0010 (0.05) -0.0324 (1.81)*
Age6to9 0.0166 (0.91) -0.0394 (1.93)* 0.0339 (1.64)* -0.0171 (0.93)

Age10to15 0.0314 (1.78)* -0.0215 (1.06) 0.0519 (2.59)** 0.0007 (0.04)
Age16to18 0.1261 (6.00)** 0.0559 (2.41)** 0.1468 (6.15)** 0.0687 (3.27)**

CE* Age1to5 0.0056 (0.19) 0.0297 (0.81) -0.0052 (0.16) -0.0030 (0.09)
CE* Age6to9 -0.0073 (0.25) 0.0417 (1.10) -0.0221 (0.70) -0.0105 (0.32)

CE* Age10to15 -0.0039 (0.14) 0.0328 (0.91) -0.0120 (0.39) 0.0018 (0.06)
CE* Age16to18 -0.0023 (0.08) 0.0377 (0.99) -0.0008 (0.03) 0.0137 (0.40)
Hispanic* CE 0.07588 (1.25) 0.0307 (0.63)

Hispanic* Age1to5 0.1261 (2.98)** 0.1062 (3.02)**
Hispanic* Age6to9 0.2067 (4.45)** 0.1485 (3.96)**

Hispanic* Age10to15 0.1897 (4.30)** 0.1543 (4.24)**
Hispanic* Age16to18 0.2370 (4.77)** 0.1948 (4.70)**

Black* CE -0.0094 (0.15) 0.0576 (0.94)
Black* Age1to5 -0.0664 (1.77)* -0.0150 (0.43)
Black* Age6to9 -0.0634 (1.64)* 0.0075 (0.20)

Black* Age10to15 -0.0735 (2.01)** -0.0076 (0.22)
Black* Age16to18 -0.0612 (1.55) 0.0072 (0.19)

Hispanic* CE* Age1to5 -0.0630 (1.21) -0.0357 (0.77)
Hispanic* CE* Age6to9 -0.1053 (2.30)** -0.0589 (1.33)

Hispanic* CE* Age10to15 -0.0908 (1.92)* -0.0634 (1.49)
Hispanic* CE* Age16to18 -0.1019 (2.17)** -0.0728 (1.68)*

Black* CE * Age1to5 0.0551 (0.73) -0.0064 (0.11)
Black* CE * Age6to9 0.0728 (0.93) -0.0212 (0.36)

Black* CE * Age10to15 0.0412 (0.57) -0.0428 (0.79)
Black* CE * Age16to18 -0.0025 (0.04) -0.0552 (1.00)

n = 28,726. (*) denotes significance at 90% level, (**) denotes significance at 95% level. Z-statistics in parentheses. 
Sample restricted to children eligible for public insurance. Each column above denotes a different regression. In each 
regression, the dependent variable is a dummy taking on a value of 1 if the individual is uninsured, 0 otherwise. Dprobit 
regressions were used to generate estimates of coefficients on above explanatory variables. Column I includes double 
interaction terms involving "continuous eligibility" dummy and age dummies. Column II includes triple interaction terms 
involving "continuous eligibility" dummy, age dummies, and Hispanic dummy. Double interaction terms involving age 
dummies and "continuous eligibility" dummy, age dummies and “Hispanic” dummy, and “Hispanic” dummy and 
"continuous eligibility" dummy are included as well. Column III is structured in same way, but with “Hispanic” dummy 
replaced by “Black” dummy. Column IV includes both Hispanic” and “Black” dummies, and all the interaction terms from 
Columns II and III. For each regression, controls were included for subject's family income relative to FPL, and state fixed effe
American background were included in each regression, but are not reported above. 
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coefficients on the interaction terms indicate that this policy does not exert an increased effect on 

older individuals, as would be the case if it mitigated attrition in the general population. For 

example, the overall effect of continuous eligibility on eligible children aged 6-9 (calculated by 

adding the coefficient on the “continuous eligibility” dummy to that on the interaction term 

involving the “continuous eligibility” dummy and the “Age 6-9” dummy) is to reduce the 

probability of uninsurance by 8.74 percentage points. The policy’s overall effect on eligible 

children aged 16-18 is to lower the probability of uninsurance by 8.24 percentage points. 

As was the case in the previous section, I use the coefficients in Columns II, III, and IV 

in Table V to estimate the isolated effect of continuous eligibility on Hispanic and Black 

individuals of each age bracket. These estimates and their standard errors are calculated using the 

same methodology outlined in the previous section. The summed coefficients and their standard 

errors appear in the table on the following page. 

All of the standard errors from the following table are larger than the coefficients that 

they correspond to. Once again therefore, initial indications are that there is little information 

from the table above, as none of the coefficients are close to being statistically significant at 

either the 90% or 95% level. Once again though, I temporarily leave aside the high standard 

errors, and analyze the coefficients themselves to observe whether they reveal any notable results. 

Column II contains all negative coefficients, indicating that continuous eligibility, as 

hypothesized, serves to reduce the probability of uninsurance for eligible Hispanics across the age 

spectrum. While the three coefficients corresponding to the oldest age brackets are more negative 

than that corresponding to the “Age 1-5” bracket, they demonstrate no obvious trend of growing 

progressively more negative for older children. If a policy were to mitigate attrition across the age 

spectrum, such a trend would likely be present, given that if children of each age were kept from 

dropping out, a larger number of non-dropouts would accumulate in the age brackets 

corresponding to older children. Thus, while the use of continuous eligibility appears to lower the 

probability of uninsurance among eligible Hispanic children, it is unclear as to whether it serves 
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to mitigate attrition across the age spectrum. It is possible that this policy may lower the 

probability of uninsurance through some alternate mechanism, such as encouraging more eligible 

individuals to initially apply for enrollment. 

 

 

 

 

 

 

 

 

 

 

 

Column III suggests that continuous eligibility does appear to mitigate attrition among 

Black individuals. All four coefficients in this column are negative (though less negative than the 

coefficients on the corresponding Hispanic age brackets), and display a clear trend of growing 

more negative for children of older age brackets. However, the coefficients from Column IV do 

not lend much corroboration to the results in Column III. These coefficients are all relatively 

small in magnitude, and do not exhibit nearly as strong a trend of growing more negative for 

older children. The coefficients on the Hispanic age brackets in Column IV, however, remain 

relatively large in magnitude. It appears, for example, that the use of continuous eligibility 

reduces the probability of uninsurance among Hispanics aged 10-15 by 6.42 percentage points. 

The overall uninsurance rate for eligible Hispanic children aged 10-15 in the CPS sample is 

26.41%. A 6.42 percentage point decrease in this uninsurance rate thus represents a 24.3% 

reduction in the overall rate of uninsurance for this age group. In column IV, the coefficients on 

Table V - Part B
Continuous Eligibility: Effect on Specific Demographic Groups

II III IV
Hispanic Age 1-5 -0.0584 (0.0977) -0.0583 (0.1149)
Hispanic Age 6-9 -0.0887 (0.0935) -0.0720 (0.1179)
Hispanic Age 10-15 -0.0831 (0.0939) -0.0642 (0.1114)
Hispanic Age 16-18 -0.0893 (0.0940) -0.0617 (0.1081)
Black Age 1-5 -0.0338 (0.1150) 0.0149 (0.1225)
Black Age 6-9 -0.0330 (0.1179) -0.0074 (0.1209)
Black Age 10-15 -0.0545 (0.1114) -0.0167 (0.1160)
Black Age 16-18 -0.0870 (0.1081) -0.0172 (0.1106)

Standard errors in parentheses. The above coefficients indicate the effect of 
continuous eligibility on individuals of the following demographic groups. The 
values in Column II of this table were generated using the coefficients from 
Column II in Table V - Part A. Coefficients computed by summing the 
coefficients on the following four variables: the triple interaction term 
involving the relevant age dummy, the “Hispanic” dummy, and the “continuous 
eligibility” dummy; the double interaction term involving the “Hispanic” 
dummy and the “continuous eligibility” dummy; the double interaction term 
involving the “continuous eligibility” dummy and the relevant age dummy, and 
the non-interacted “continuous eligibility” dummy.
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the Hispanic age brackets again do not exhibit any real trend of growing increasingly negative by 

age.  

Though it is impossible to definitively conclude anything from the results above, given 

the statistical insignificance of the coefficients, it does appear that the data from the above table is 

consistent with the hypothesis that the use of continuous eligibility lowers the probability of 

uninsurance for Hispanic children across all age brackets. Additionally, while there is some 

evidence that this policy mitigates attrition among Black individuals, it is again impossible to 

conclude this with confidence, given that this effect is not observed in the results from Column 

IV. 

5.6 Continuous Eligibility, Self-Declaration of Income, and Different Income Levels 

In the previous two tables, I examined state enrollment procedures exerting different 

effects on individuals of different ethnic background. In the following table, I examine whether 

two procedures – use of continuous eligibility and self-declaration of income – may also have 

unique effects on individuals of different income levels. I hypothesize that continuous eligibility 

will have the strongest impact on those near the margin between eligibility and non-eligibility. 

This is because with this policy in place, an individual who has initially qualified for public 

insurance is able to remain enrolled in the program even if her family income exceeds the state 

threshold at some point during the 12-month period. Without this policy, the individual must re-

establish eligibility each month, and will lose coverage if her family income rises above the state 

cutoff at any point during the year. Those with initial family incomes closest to the cutoff level 

are the ones who are most likely to see their incomes fluctuate over the cutoff level. Accordingly, 

they are likely to be benefited the most by the use of continuous eligibility.  

I hypothesize that the use of self-declaration of income will also benefit those near the 

margin between eligibility and non-eligibility. This is because those unsure of their eligibility 

status will ostensibly be less likely to apply for coverage if doing so entails an extensive financial 

audit that could very well reveal them to be ineligible. Allowing individuals to declare their own 
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incomes may also help those above the eligibility threshold, as it would seemingly make it easier 

for certain individuals to misrepresent their income in order to obtain coverage. 

To test the above hypotheses, it was necessary to know not only the family income of a 

particular child, but also where this income stood relative to the income eligibility cutoff in her 

state of residence. I created such a measure by dividing a given individual’s family income 

relative to the FPL by the FPL threshold for public insurance in her state of residence. This new 

measure expresses each individual’s family income as a proportion of the relevant income 

threshold. For example, in a state allowing only those with family incomes below 200% of the 

FPL to participate in public insurance, an individual whose family earns a salary equal to 100% 

of the FPL would have an income equaling 50% of the eligibility cutoff. Having created this 

continuous variable, I generated four dummy variables corresponding to specific ranges within 

this continuous variable’s distribution.  

Table VI uses these four dummy variables to test the hypotheses above. Column I 

employs as explanatory variables the four “% of eligibility cutoff” dummies, the continuous 

eligibility dummy, and the four interaction terms involving these two variables. These interaction 

terms are used to estimate the specific effect of continuous eligibility on individuals within the 

four different “% of eligibility cutoff” brackets. Column II is structured the same way, but 

includes instead the “self-declaration of income” dummy, and its interactions with the four 

“eligibility cutoff” dummies.  

Column I 

Uninsured = β1i*(Income Bracket)i + β2*(CE) + β3i*(CE)*(Income Bracket)i 
λ*Demographic controls + γ*State fixed effects + ε 
 
Column II 
 
Uninsured = β1i(Income Bracket)i + β2*(SD) + β3i*(SD)*(Income Bracket)i + 
λ*Demographic controls + γ*State fixed effects + ε 
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 In Column I, the coefficients on each of the double interaction terms involving the 

“continuous eligibility” and “income cutoff” dummies are statistically insignificant. While it does 

appear that the coefficients on these interaction terms appear to grow increasingly negative with 

increased income relative to the relevant public insurance cutoff, it is difficult to make any 

inferences from these coefficients given their low levels of significance. Additionally, in order to 

find the overall effect of continuous eligibility on individuals of different income levels, it is 

necessary to add the coefficients on the double interaction terms to that on the non-interacted 

“continuous eligibility” variable. This latter coefficient is not only positive and significant at the 

Table VI
Continuous Eligibility and Self Declaration of Income: Effects on Uninsurance 
Among Individuals of Different Income Levels

I II

25-50% eligibility cutoff -0.0335 (4.17)** -0.0198 (2.94)**

50-90% eligibility cutoff -0.0525 (7.09)** -0.0527 (8.60)**

90-110% eligibility cutoff -0.0675 (8.01)** -0.0663 (9.27)**

110-150% eligibility cutoff -0.1041 (14.16)** -0.1093 (17.37)**

Continuous eligibility 0.0521 (1.68)*

Self-declaration of income 0.0091 (0.27)

CE* 25-50% cutoff 0.0166 (1.21)

CE*50-90% eligibility cutoff -0.0074 (0.60)

CE*90-110% eligibility cutoff -0.0116 (0.75)

CE*110-150% elirigiliby cutoff -0.0157 (1.12)

SD* 25-50% cutoff -0.0653 (3.74)**

SD*50-90% eligibility cutoff -0.0205 (1.17)

SD*90-110% eligibility cutoff -0.0474 (2.26)**

SD*110-150% elirigiliby cutoff 0.0128 (0.62)

N = 41,027. (*) denotes significance at 90% level, (**) denotes significance at 
95% level. Z-statistics in parentheses. Each column above denotes a different 
regression. In each regression, the dependent variable is a dummy taking on a 
value of 1 if the individual is uninsured, 0 otherwise. Dprobit regressions were 
used to generate estimates of coefficients on above explanatory variables. 
Sample restricted to children with family incomes below 150% of the eligibility 
cutoff in their respective states of residence. Column I includes double 
interaction terms involving "continuous eligibility" dummy and "% eligibility 
cutoff" dummies. Column II includes double interaction terms involving "self 
declaration of income" dummy, and the "% cutoff” dummies. Controls were 
included for subject's age, racial or ethnic background, and state fixed effects in 
each regression. The income dummies used in previous models are not included 
in any of the above regressions, as they are highly correlated with the "% 
eligibility cutoff" dummies used in the above regressions.
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90% level, but also larger in magnitude than any of the double interaction terms involving the 

“continuous eligibility” variable. Thus, it appears that if anything, the policy appears to increase 

the probability of uninsurance across the income brackets listed. 

In Column II, all four interaction terms involving the “self-declaration of income” 

dummy and the “% of eligibility cutoff” dummies have negative coefficients that are larger in 

magnitude than the positive coefficient on the non-interacted “self-declaration of income” 

variable (which is also statistically insignificant). As a result, adding this latter coefficient to the 

coefficients on the double interaction terms reveals that self declaration of income does indeed 

reduce the probability of uninsurance across the income brackets listed. Additionally, there are 

two double interaction terms with negative and statistically significant coefficients. One is the 

interaction term involving the “90-110% cutoff” dummy. This observation supports the 

hypothesis that use of income self declaration significantly reinforces public insurance take-up 

among those children with family incomes near the eligibility cutoffs in their states of residence. 

The coefficient on the interaction term involving the “110-150% cutoff” dummy, however, is 

positive and statistically insignificant. This finding refutes the hypothesis that use of income self-

declaration would reduce uninsurance among those with incomes well above the relevant 

Medicaid or SCHIP cutoff by making it easier to deliberately misrepresent family income.    

Interestingly, the other interaction term in Regression II with a statistically significant 

coefficient is the one involving the “25-50% cutoff” dummy. This coefficient is also the most 

negative out of the four observed. Thus, it appears that this policy has a very strong reinforcing 

effect on public insurance take-up for those far below the eligibility cutoff. This surprising result 

may indicate that proper income documentation is a more difficult task for individuals at the 

lower end of the income spectrum. Thus, easing requirements for income documentation may 

preferably benefit these individuals, reinforcing public insurance take-up among them. 

6. CONCLUSION          

 This thesis began with two observations: first, that children are far likelier to be 
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uninsured as they grow older, and second, that this effect is particularly pronounced among 

children of Hispanic ethnicity. This paper hypothesizes that attrition is the main mechanism 

underlying the dramatic increase in uninsurance among older age groups in minority child 

populations, and that state policies tied to public insurance enrollment and re-enrollment can 

significantly impact the magnitude of this effect.   

A major recurring theme, very much in keeping with the spirit of Amartya Sen’s seminal 

work discussed earlier, is that state policies exert different impacts on different sectors of the 

population. The use of 12 month continuous eligibility (the effects of which are summarized in 

Table V, part B) appeared to have a large effect in mitigating uninsurance in the Hispanic 

population, but had a far less conclusive effect on the Black population. Meanwhile, the use of a 

face-to-face interview requirement appeared to have the dual effect of deterring initial enrollment, 

and of mitigating attrition among those who did enroll. I concluded that this policy’s mitigating 

effect on attrition is again far stronger in the Hispanic population than in the Black population. 

The above two results indicate that Hispanic individuals may exhibit the most sensitivity to the 

implementation of certain policies, and may benefit the most both from a simplification of the 

administrative procedures associated with public insurance enrollment, and from effective 

dissemination of program information. This is an important conclusion, given that Hispanic 

children comprise a disproportionate share of the uninsured child population. This paper thus 

suggests that by implementing a set of policies catered to Hispanic individuals, states can make a 

major inroad against uninsurance in this population.    

This paper also finds that state policy exerts differing effects not only on those of 

different racial groups, but also on those of different income levels. Indeed, Table VI shows that 

the policy of self-declaration of income appears to have the largest reinforcing effect on program 

take-up not among those near the income eligibility cutoffs in their particular states, but rather on 

those far below this cutoff. This paper thus suggests that the use of this policy will ostensibly be 

tied to relatively few instances of private insurance crowd-out, as these lower income individuals 
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among the eligible population are anyway fairly unlikely to have access to private health 

insurance. 

Additional work on this topic would undertake further investigation into the role of state 

policy on uninsurance. It would examine other state-level factors relevant to enrollment, such as 

outreach initiatives and program accessibility for parents, and examine the effect that these state 

factors have on the likelihood of uninsurance for children of different ages, ethnicities, and races. 

From it, a comprehensive picture can emerge of the specific policies that can be targeted towards 

the most needy in order to ensure their participation in public insurance. Additionally, the use of a 

larger data set for future investigation may allow for more significant results in Tables IV and V, 

which examine the impact of continuous eligibility and the face-to-face interview requirement on 

individuals of different demographic groups.       

 Society pays a large cost for leaving individuals uninsured. In addition to the social 

welfare cost from the worse health outcomes of the uninsured, society bears a significant cost for 

funding charity care and emergency room visits for the uninsured, whose routine health needs 

often become emergencies due to neglect. Indeed, in Massachusetts alone, the estimated public 

cost of funding care for the uninsured was $500 million in 2004.14 If there is one simple 

conclusion that is present throughout this paper’s analysis, it is that society can make a significant 

inroad against child uninsurance – and all the costs associated with it – through simply addressing 

procedural issues tied to enrollment, without the need for any complex legislation expanding the 

existing public healthcare safety net. While several individual-specific characteristics do 

ultimately play a significant role in shaping public insurance take-up, public policy is of 

considerable importance as well.  

 
 
 
 

                                                 
14 Rowland, Christopher. “Mass. Health plan seems unlikely to be US model.” Boston Globe. April 14, 
2006.  
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Appendix: Enrollment procedures used by state

Self declaration 
of income

Asset test Initial face-to-
face interview

Presumptive 
eligibility

12 month 
continuous 
eligibility

Re-enrollment 
Interview

ALABAMA N** N N* N Y N
ALASKA N N N N N N
ARIZONA N** N N N N** N*
ARKANSAS Y N N N N N
CALIFORNIA N N N Y Y N
COLORADO N N* N N N** N
CONNECTICUT N N N N N N
DELAWARE N N N N N** N
WASHINGTON DC N N N N N N
FLORIDA N N N N N* N

GEORGIA Y N N N N N
HAWAII Y N N N N N
IDAHO Y N N N Y N
ILLINOIS N N N Y Y N
INDIANA N N N N N N
IOWA N N N N N** N
KANSAS N N N N Y N
KENTUCKY N N Y N N N
LOUISIANA N N N N N* N
MAINE N N N N Y N

MARYLAND Y N N N N N
MASSACHUSETTS N N N Y N N
MICHIGAN Y N N Y Y N
MINNESOTA N N N N N N
MISSISSIPPI N N Y N Y Y
MISSOURI N N N Y N N
MONTANA N** N* N N N** N
NEBRASKA N N N Y N N
NEVADA N N* N N N** N
NEW HAMPSHIRE N N N N* N N
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Appendix (continued)

NEW JERSEY N N N Y Y N
NEW MEXICO N N N Y N N
NEW YORK N N N* N** Y N
NORTH CAROLINA N N N N Y N
NORTH DAKOTA N N N N N** N
OHIO N N N N N N
OKLAHOMA Y N N N N N
OREGON N N** N N N N
PENNSYLVANIA N N N N N** N
RHODE ISLAND N N N N N N

SOUTH CAROLINA N N N N N* N
SOUTH DAKOTA N N N N N N
TENNESSEE N N Y N N Y
TEXAS N Y N N N N
UTAH N N* Y N N** N
VERMONT Y N N N N N
VIRGINIA N N N N N** N
WASHINGTON N N N N N** N
WEST VIRGINIA N N N N Y N
WISCONSIN N N N N N N
WYOMING Y N N N Y N

Y refers to policy used for both state Medicaid and SCHIP (or Medicaid alone in states without separate
SCHIP program). N** refers to policy used by state SCHIP but not state Medicaid. N* refers to policy used by
state Medicaid but not SCHIP. N refers to policy used by neither program. 
 

 

 

 

 

 

 


