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Preface 

The 2003 Medicare Prescription Drug, Improvement, and Modernization Act 
(Pub. L. No. 108-173) added a new prescription drug benefit to the Medicare 
program known as Part D (prescription drug coverage), as well as the Low-
Income Subsidy (LIS) program to provide “extra help” with premiums, 
deductibles, and copayments for Medicare Part D beneficiaries with low income 
and limited assets. This analysis, conducted by the RAND Corporation for the 
Social Security Administration (SSA), was designed to provide an independent 
estimate of the LIS-eligible population as of 2006, to examine the robustness of 
the estimate against alternative assumptions and estimation methods, to examine 
the characteristics of the LIS-eligible population, and to project the size of the 
LIS-eligible population to 2008. 

This research was funded by a contract from SSA. The opinions expressed and 
conclusions drawn in this report are the responsibility of the authors and do not 
represent the official views of SSA, other agencies, or the RAND Corporation. 

This research was undertaken within RAND Labor and Population. RAND 
Labor and Population has built an international reputation for conducting 
objective, high-quality, empirical research to support and improve policies and 
organizations around the world. Its work focuses on labor markets, social 
welfare policy, demographic behavior, immigration, international development, 
and issues related to aging and retirement with a common aim of understanding 
how policy and social and economic forces affect individual decisionmaking and 
the well-being of children, adults, and families. 

For more information on RAND Labor and Population, contact Arie Kapteyn, 
Director, RAND Labor and Population, RAND Corporation, 1776 Main Street, 
P.O. Box 2138, Santa Monica, CA 90407-2138, (310) 393-0411 x7973, 
Arie_Kapteyn@rand.org. 

mailto:Arie_Kapteyn@rand.org
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Summary 

The 2003 Medicare Prescription Drug, Improvement, and Modernization Act 
(Pub. L. No. 108-173) added a new prescription drug benefit to the Medicare 
program known as Part D (prescription drug coverage), as well as the Low-
Income Subsidy (LIS) program to provide “extra help” with premiums, 
deductibles, and copayments for Medicare Part D beneficiaries with low income 
and limited assets. This study was designed to provide the Social Security 
Administration (SSA) and other policymakers with an independent estimate of 
the population potentially eligible for the extra help available through the LIS. 
Specifically, the study had four objectives: 

• to generate a credible, independent estimate of the LIS-eligible population 
as of 2006 based on the best currently available data, both in aggregate 
and for relevant groups 

• to assess the robustness of the estimates of the LIS-eligible population 

• to examine the characteristics of the LIS-eligible population 

• to generate a projection of the LIS-eligible population in 2008. 

To accomplish these objectives, we had to confront a number of methodological 
challenges that arise because of who is eligible for the LIS and the eligibility 
criteria, as well as how those factors accord with available data. In this way, we 
sought to improve on prior estimates provided by the Congressional Budget 
Office (CBO), the Centers for Medicare and Medicaid Services (CMS), and other 
independent researchers. In particular, our study employed the following 
approaches, many of which represent advances over previous studies: 

• employing both the Survey of Income and Program Participation (SIPP) 
and the Health and Retirement Study (HRS) to cover the potentially LIS-
eligible noninstitutionalized and institutionalized populations of all ages 

• constructing measures of income and resources that replicate as closely as 
possible the constructs used to determine LIS eligibility 

• using matched administrative data to improve on potentially error-ridden 
survey measures of income and program participation 
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• adjusting sample weights to account for panel data attrition and selective 
matching of survey and administrative data 

• performing extensive sensitivity analyses to determine how robust results 
are to variation in the methodology. 

In the remainder of this summary, we highlight key findings with respect to the 
four study objectives. 

Size of the LIS-Eligible Population in 2006 and Sensitivity Analysis 

Our preferred methodology used to derive baseline estimates for 2006 combines 
results from the SIPP and the HRS with equal weights for the overlapping 
population (the noninstitutionalized age 53 and above) and otherwise uses 
estimates from either the SIPP or the HRS for the other population subgroups. 
The baseline estimates use the matched SIPP-SSA data and impute 
Medicaid/Medicare Savings participation for the HRS. We also use attrition-
adjusted and matching-adjusted (SIPP only) weights and rescale the weights to 
match known marginal distributions for the population. 

Our results can be considered estimates of the potentially LIS-eligible population 
because we count as eligible those individuals who are not enrolled in Medicare 
Part D but are otherwise eligible for the LIS, even though Part D enrollment is a 
prerequisite to LIS eligibility. In addition, we distinguish between (1) automatic 
eligibility for the LIS—those who are potentially eligible because they are enrolled 
in the Supplemental Security Income (SSI) program, enrolled in Medicaid (the 
dual eligibles), or enrolled in a Medicare Savings program—and (2) nonautomatic 
eligibility for the LIS—those who qualify for a full or partial subsidy based only 
on meeting income and resource (asset) criteria (known as direct eligibility). 

Using this method, we generate the following baseline results for 2006: 

• An estimated 12.2 million persons, or 29 percent of Medicare beneficiaries, 
were potentially eligible for the LIS in 2006. Accounting for sampling 
error, the 95-percent confidence interval is from 11.4 million to 13.1 
million. The error band would be wider if we also accounted for modeling 
uncertainty. 

• Estimates by age show that 4.3 million of the potentially LIS-eligible 
population are under age 65 and 7.9 million are age 65 and older. The 
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eligibility rate is higher for the under-age-65 population (68 percent versus 
22 percent for those 65 and older). 

• The potentially eligible population consists of 11.6 million 
noninstitutionalized persons, while the remaining 0.6 million persons are 
in nursing homes. The eligibility rate is higher for those in nursing homes 
(50 versus 29 percent). 

• Of those estimated to be LIS eligible, most would be eligible for the full 
subsidy either through automatic eligibility (6.9 million) or by meeting the 
lower income and resource thresholds (3.8 million). The remainder (1.5 
million) would qualify for the partial subsidy. 

• Of those who are estimated to be ineligible for the LIS, most have both 
income and resources too high (47 percent out of 71 percent), followed by 
only income too high (15 percent out of 71 percent) and then only 
resources too high (9 percent out of 71 percent). 

• These baseline estimates are most sensitive to the weight we place on the 
estimates derived from the SIPP versus the HRS. Our baseline method 
gives them equal weight. If we instead give preference to the SIPP-based 
estimates and use the HRS only when it is the sole source of data for a 
subpopulation, the estimated number of LIS eligibles increases from the 
baseline of 12.2 million to 13.4 million. If we instead give preference to 
HRS-based estimates, the estimate falls to 11.1 million. Accounting for 
sampling error alone, the confidence intervals around these three 
estimates range from a lower bound (based on the HRS-preference result) 
of 10.3 million LIS eligibles to an upper bound (based on the SIPP-
preference result) of 14.6 million eligibles. 

• This wide range reflects significant distributional differences between the 
SIPP and the HRS, especially in the distribution of resources. As part of 
the sensitivity analyses, we rescaled the SIPP wealth distribution for the 
entire SIPP population using a scaling factor that matched the median of 
the SIPP distribution to the median of the HRS distribution for the 
population where they overlap. The result was a reduction from the 
baseline estimate of 12.2 million LIS eligibles to 11.5 million. Using an 
external benchmark from CMS of the number of Medicare beneficiaries 
automatically eligible for the LIS, we further refined our estimate to 11.8 
million. Again, a reasonably large band of uncertainty still remains 
around this point estimate. 
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• Rescaling the SIPP wealth distribution was the methodological variant 
that generated the largest change in the estimate of LIS eligibles. All the 
other methodological choices we examined in the sensitivity analyses 
showed little to no effect on our estimates—differences were on the order 
of 1 to 2 percent. Thus, our results are more sensitive to the relative weight 
we place on the two data sources than to the choice of methods we apply 
to either data source. Given the mixed evidence regarding the quality of 
the measures of income, resources, and program participation in the two 
data sources, as well as the representativeness of the SIPP and HRS 
samples, it is not possible to definitively conclude that one data source is 
more accurate than the other. 

• Even with this uncertainty, our estimates suggest that prior estimates of 
the size of the LIS-eligible population by CBO, CMS, and other 
independent researchers likely overstate the true number of eligibles. Our 
baseline estimate of 12.2 million and our refined estimate of 11.8 million in 
2006 are both below the CMS estimate of 13.2 million, for example. 

Characteristics of Populations Eligible and Not Eligible for the LIS 

Using both the HRS and the SIPP, we examined the characteristics of the 
population estimated to be eligible for the LIS under the baseline model versus 
those estimated to be ineligible. Among those eligible, we considered differences 
between those we estimated to be automatically eligible and those estimated to 
be nonautomatically eligible (i.e., they have direct eligibility but are not 
automatically eligible). Finally, we examined differences based on the SIPP data 
matched to LIS application records between those classified as nonautomatically 
eligible who do not apply for the LIS and those who applied for and were 
awarded the subsidy. In the HRS, we considered differences between those who 
were classified as nonautomatically eligible and self-reported being enrolled in 
Part D and those who said they did not have Part D coverage. There were some 
differences between the SIPP and the HRS in terms of measures of prescription 
drug usage and insurance coverage, and the two surveys provide results for 
different population groups. Nevertheless, they showed very consistent patterns, 
including the following: 

• As expected, those not eligible for the LIS are disproportionately from 
sociodemographically more advantaged groups, such as males, non-
Hispanic whites, those with higher education levels and better health 
status, and those with employer-based health insurance coverage. 
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Eligibility did not vary with prescription drug usage in the last year (SIPP) 
or with the combination of prescription drug use and creditable coverage 
(HRS). 

• Among those who are estimated to be LIS eligible, the differences in the 
demographic characteristics of those who are automatically eligible and 
those who are nonautomatically eligible are modest. The automatically 
eligible are slightly more likely to be Hispanic or African American, have 
less than a high school diploma, and be in poor health. Based on the SIPP, 
the automatically eligible group is a little more likely to have used 
prescription drugs and to have health insurance coverage through 
Medicare or Medicaid. The HRS data show that the automatically eligible 
are overrepresented among those with regular prescription drug use and 
creditable coverage and among those with drug coverage through 
Medicaid. Again, these are the expected patterns, as automatic eligibility 
for the LIS applies to those who are already participating in means-tested 
programs that require low income and low assets. 

• Among those who are nonautomatically eligible for the LIS, there is less 
than full take-up of the benefit. Based on the SIPP, among those who are 
estimated to be eligible for the LIS but are nonautomatically eligible, only 
about one in four is estimated to have applied for the LIS according to the 
administrative data, and the administrative data show awards for just 
under 20 percent of those estimated to have nonautomatic eligibility. 
According to the HRS self-reports, the Medicare beneficiaries who have 
nonautomatic eligibility for the LIS are nearly equally divided between 
those who have Part D coverage and those who do not. 

• Among the group that we estimate would be eligible for the LIS based on 
estimated income and resources, those who do not apply for the LIS 
(SIPP) or report that they do not have Part D coverage (HRS) are a group 
that is selectively somewhat more advantaged in terms of their health 
status. They also report lower rates of use of prescription drug coverage 
and greater access to other creditable coverage. This suggests that the lack 
of take-up may result from a lower level of expected need for the subsidy 
than those who do participate. On the other hand, the group that does not 
apply for the LIS or have Part D coverage is also less likely to have more 
than a high school education (more noticeably so in the SIPP). This 
suggests that there may be barriers to seeking coverage, associated with a 
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lack of knowledge of the program’s existence, the LIS eligibility rules, or 
the application process. 

Size of the LIS-Eligible Population in 2008 

Using the observed survey and administrative data as of 2006, we made a 
parallel set of projections for 2008 to match the results we reported for 2006. Key 
findings include the following: 

• The number of LIS eligibles, using the baseline methodology, is projected 
to increase from an estimated 12.2 million in 2006 to 12.7 million in 2008, 
with a 95-percent confidence interval (accounting only for sampling error) 
that ranges from 11.8 million to 13.6 million. The eligibility rate is 
estimated to remain the same at 29 percent. The LIS eligibility rate by age 
also is projected to remain close to the 2006 rate. 

• There is also little change in the rate of eligibility by the different 
pathways. A somewhat smaller fraction of the 2008 population is 
estimated to have income or resources that exceed the thresholds than was 
estimated for 2006 (e.g., 61 versus 63 percent with income too high and 55 
versus 57 percent with resources too high). 

• We estimate a total of 12.1 million noninstitutionalized LIS eligibles in 
2008 (compared with 11.6 in 2006) and 600,000 institutionalized LIS 
eligibles (almost unchanged from 2006). The eligibility rates by 
institutionalization status and rates of eligibility by pathway are projected 
to remain effectively unchanged. 

• The same pattern of differences in estimates by data source found for 2006 
is also evident for the 2008 projections. Thus, we again have a wide range 
of estimates for total LIS eligibles if we consider alternative weighting 
schemes for the two data sources. Giving preference to the SIPP results in 
an estimate of 13.9 million LIS eligibles in 2008 compared with 11.5 
million when preference is given to the HRS. Taking into account the 
confidence intervals, the range is from 10.6 million LIS eligibles in 2008 as 
a lower bound (based on the HRS-preference estimate) and 15.2 million as 
an upper bound (based on the SIPP-preference estimate). 
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1. Introduction 

The 2003 Medicare Prescription Drug, Improvement, and Modernization Act 
(Pub. L. No. 108-173) added a new prescription drug benefit to the Medicare 
program known as Part D (prescription drug coverage), as well as a Low-Income 
Subsidy (LIS) program to provide “extra help” with premiums, deductibles, and 
copayments for Medicare Part D beneficiaries with low income and limited 
assets. Medicare Part D is administered by the U.S. Department of Health and 
Human Services (HHS) and its Centers for Medicare and Medicaid Services 
(CMS) as part of its overall management of Medicare. The Social Security 
Administration (SSA) conducts outreach, processes applications (along with state 
Medicaid agencies), determines eligibility, and resolves appeals for the LIS 
component. An early estimate by the Congressional Budget Office (CBO) 
indicated that about one-third of Medicare Part B (supplementary medical 
insurance) beneficiaries would be eligible for Part D subsidies, equal to about 14 
million persons (CBO, 2004). CMS estimated as of June 2006 that 13.2 million 
individuals were potentially eligible for LIS, while an estimated 3.1 million were 
currently not receiving the subsidy (McClellan, 2006). 

To support SSA and its policymaking with respect to the LIS program, this study 
has the following objectives: 

• to generate a credible, independent estimate of the LIS-eligible population 
as of 2006 based on the best currently available data, both in aggregate 
and for relevant groups (e.g., eligibility for full versus partial subsidy; 
eligibility among the disabled versus the elderly; and those automatically 
eligible versus those who only qualify based on income and asset criteria) 

• to assess the robustness of the estimates of the LIS-eligible population 

• to examine the characteristics of the LIS-eligible population 

• to generate a projection of the LIS-eligible population in 2008. 

Estimates of the LIS-eligible population and their characteristics are important 
for a number of reasons. First, estimates of the LIS-eligible population provide a 
potential upper bound on the population that would participate in the LIS and 
therefore can be used for estimation of program cost under alternative 
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assumptions regarding the LIS take-up rate. For this purpose, the estimated size 
of the population eligible for the full versus the partial subsidy is also relevant. 
Second, the estimated LIS-eligible population can be compared with actual LIS 
enrollment to generate an estimated take-up rate of the subsidy. This is 
particularly salient for the population that is not automatically eligible for the 
subsidy but must apply and qualify based on income and resource (asset) 
criteria. Finally, understanding the characteristics of the LIS-eligible 
population—especially those who are not automatically eligible and have not 
enrolled in Part D or applied for the LIS—can indicate the extent to which such 
individuals could potentially benefit from the subsidy (for example, because they 
are more likely to be in poor health or regular prescription drug users). 

To accomplish these objectives, we rely on two survey data sets, the Health and 
Retirement Study (HRS) and the 2004 panel of the Survey of Income and 
Program Participation (SIPP). Both data sources are linked to administrative 
records, notably earnings records, Social Security records, and Medicare records. 
The reason for using both data sources is that they complement each other in 
important ways and provide validation of our estimates based on alternative 
sources of data. For example, the HRS does not sample younger disabled persons 
who may be eligible for Medicare and thus may be eligible for the LIS, whereas 
the SIPP does not contain information about individuals in nursing homes. The 
HRS does cover the population in nursing homes, and the wider age range in the 
SIPP includes younger persons with disabilities. 

There are other relevant differences in the two data sources as well. One 
important difference is that the administrative data matched to the HRS are 
available only for 2003 and earlier, although the HRS survey data are available 
up to 2006. For the SIPP data, the administrative records are available through 
2006, along with survey data that cover the 2006 calendar year. A source of SSA 
administrative data that is available for research and can be matched to the SIPP 
consists of LIS application and decision data. This source contains valuable 
information on individuals who apply for the LIS, including their reported 
income and resources that are used to determine eligibility. However, the data 
set is highly selective, because individuals who are likely to be eligible (and thus 
have lower incomes and resources) are much more likely to apply for the LIS 
than those with higher income and resources. 

To provide context for our study, we continue in the next section by discussing 
relevant background on the LIS for Medicare Part D, with a focus on the LIS 
eligibility criteria and results from the LIS administrative data documenting the 
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eligibility determination process through the first half of 2008. In the third 
section, we briefly review some of the prior research on the size of the LIS-
eligible population and other recent analyses of participation in Medicare Part D 
and the LIS. The final section details the plan for the remainder of the report. 

Background on Medicare Part D and the LIS1 

The federal Medicare program, signed into law in 1965 through amendments to 
the Social Security Act (Pub. L. No. 271), provides health insurance for 
individuals age 65 and older, disabled persons under age 65 receiving Social 
Security Disability Insurance (SSDI) benefits, and those with end-stage renal 
disease (i.e., those with permanent kidney failure requiring dialysis or a kidney 
transplant) or amyotrophic lateral sclerosis (also known as Lou Gehrig’s disease). 
Prior to 2006, Medicare had two main components: Part A and Part B.2 Medicare 
Part A (hospital insurance) provides insurance that covers inpatient care in 
hospitals and skilled nursing facilities (excluding long-term care), as well as 
hospice care and some home health care. Most beneficiaries do not pay a 
premium for Part A coverage, provided that they or their spouses contributed to 
Medicare through payroll taxes while working (a minimum of 40 quarters). 
Medicare Part B provides coverage for doctors’ services and outpatient care, as 
well as some services not otherwise covered by Part A. Most beneficiaries pay a 
monthly premium for Part B coverage that varies with adjusted gross income.3 
For 2008, the base Part B premium was $96.40 per beneficiary per month for 
single persons with annual income up to $82,000 and married couples with 
annual income up to $164,000. Deductibles and coinsurance also apply to both 
Parts A and B. Low-income individuals may receive assistance from their state 
Medicare Savings program to cover some or all of their Medicare premiums and 
other Medicare out-of-pocket costs (e.g., deductibles and coinsurance). Medicare 
Parts A and B are administered by CMS, while SSA determines eligibility. 

The Medicare Part D program, authorized in the 2003 Medicare Modernization 
Act, became effective in January 2006. Part D extends Medicare coverage to 

                                                
1 This section draws on Medicare program information available from CMS (undated) and 

Part D LIS information available from SSA (2009). 
2 Medicare Part C was introduced in 1997 as part of the 1997 Balanced Budget Act (Pub. L. 

No. 105-33). Part C is an alternative to the traditional Parts A and B, in which benefits are 
provided through private health insurance plans, so-called Medicare Advantage plans. 

3 Those who do not enroll in Part B when they first become eligible may face a penalty if they 
choose to enroll later. 
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include prescription drug coverage. Medicare Part D drug coverage requires a 
monthly premium payment, the amount of which depends on the plan benefit 
and insurer. With the exception of Medicare beneficiaries also enrolled in 
Medicaid (so-called dual eligibles) who are automatically enrolled in Part D, 
individuals must make a choice to enroll in the program and choose a 
prescription drug insurance plan offered through a private company and the 
associated premium payment. The initial enrollment period extended from 
November 15, 2005, to May 15, 2006. 

Enrollment in the LIS to assist with the Part D premium payments requires a 
separate application from that associated with Part D enrollment. Those who are 
dual eligibles or Medicare beneficiaries who also receive Supplemental Security 
Income (SSI) or are enrolled in a state Medicare Savings program are 
automatically deemed eligible for the LIS (also known as automatic eligibility). 
Otherwise, individuals must meet income and asset limits (also known as direct 
eligibility) as discussed further in the next subsection. The LIS benefit is estimated 
to be worth an average of $3,900 per participant per year (SSA, 2009). The 
subsidy can pay for all or most of the monthly Part D premium, as well as the 
annual deductibles and a portion of the copayments. 

In the remainder of this section, we provide an overview of the LIS eligibility 
criteria. As part of that discussion, we note that the dollar figures are specific to 
2006, when the program first became effective. We then briefly examine the LIS 
application and decision data to review outcomes from the eligibility 
determination process from late in 2004 through the first half of 2008. 

LIS Eligibility Criteria 

Figure 1.1 provides a simplified schematic representation of the LIS eligibility 
rules. To be eligible for the subsidy, Medicare beneficiaries (those entitled to 
benefits under Part A or enrolled in Part B or both) must first enroll in Medicare 
Part D. If that step is met, individuals who are beneficiaries of the SSI program, 
enrolled in Medicaid (the dual eligibles), or enrolled in a Medicare Savings 
program are automatically deemed eligible for the full subsidy under the LIS 
program (i.e., automatic eligibility). Otherwise, Medicare Part D beneficiaries 
must meet income and resource (asset) criteria in order to be eligible for a full or 
partial subsidy as shown in Figure 1.1 (i.e., direct eligibility). We define 
nonautomatic eligibility as those who have direct eligibility but are not 
automatically eligible. 
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Figure 1.1—Eligibility for the LIS Under Medicare Part D, as of 2006 

 

 

Enroll in Medicare Part D? Not eligible 

SSI beneficiary? 

Medicaid or Medicare Savings beneficiary? 
?bneficiaryProgram 

<135% 

Income criterion based on HHS 
poverty guidelinesa 

135–150% >150% 

Resource 
criterionb  
for 
single/couple 

< $6,000/$9,000 

$6,000/$9,000 – 
$10,000/$20,000 

>$10,000/$20,000 

Full 

Partial 

Partial 

Partial 

Not eligible 

Not 
eligible 

Direct eligibility 

Full subsidy 

No 

No 

No 

Yes 

Yes 
Yes 

SOURCE: Authors’ analysis based on HHS (2005, 2006). 
NOTES: Although the diagram shows Medicare Part D enrollment preceding the LIS application, 

some individuals apply for the LIS before they enroll in Part D. 
a Based on simplified SSI methodology. 
b Includes primarily liquid assets (excludes primary residence and vehicles). 
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The income thresholds are determined using the federal HHS poverty guidelines 
(usually called the federal poverty line or FPL), which vary by family size, and the 
income concept used is a simplified SSI methodology. In particular, the income 
concept includes only the income of the Medicare beneficiary and his or her 
spouse and is based on annual income. As of 2006, income disregards (i.e., 
income amounts that are deducted from the measure of countable income) 
included the first $240 in income plus the first $780 in earned income and half of 
all remaining earned income. Other income components that are not counted 
include food stamp benefits; home energy, housing, or disaster assistance; earned 
income tax credit payments; victim’s compensation; and scholarships and 
educational grants. The family size count may include other family members 
beyond the beneficiary and his or her spouse if the other family members receive 
more than half of their support from the beneficiary. As shown in Figure 1.1, 
those with countable income above 150 percent of the FPL are not eligible for the 
LIS program. Those with income below 135 percent of the FPL may be eligible 
for a full or partial subsidy, depending on the level of other resources (discussed 
next), whereas those with income between 135 and 150 percent of the FPL who 
also meet the resource test would be eligible for a partial subsidy. Since the 
poverty thresholds increase each year with the Consumer Price Index (CPI), the 
income eligibility thresholds for the LIS increase over time.4 

Direct eligibility is also based on having limited resources beyond income, with 
thresholds that vary for a single person versus a married couple as shown in 
Figure 1.1. There are complex rules that determine what resources are counted 
and not counted toward the threshold. For example, resources that do count 
toward the threshold include real estate other than the primary residence; cash 
and bank accounts; stocks, bonds, and mutual funds, and Individual Retirement 
Accounts (IRAs). The measure of resources does not include the primary 
residence, personal possessions, vehicles, property needed for self-support, up to 
$1,500 of the cash value of life insurance policies for each individual, and up to 
$1,500 (single) or $3,000 (couple) expected to be used for funeral or burial 
expenses. As shown in Figure 1.1, for 2006, single persons with countable 
resources below $10,000 and couples with resources below $20,000 were eligible 
for some level of subsidy (if they met the income criteria, as well). The cutoffs of 
$6,000 for an individual and $9,000 for a couple, combined with income below 
135 percent of poverty, resulted in eligibility for a full subsidy. 

                                                
4 More precisely, the price index used is the CPI for All Urban Consumers (CPI-U). We refer 

to the CPI and CPI-U interchangeably. 
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Some individuals eligible for the LIS may already have other creditable coverage—
in other words, insurance coverage for prescription drugs that has an actuarial 
value greater than or equal to the standard Part D plan. Such coverage is 
typically through an employer- or union-sponsored plan. Individuals with 
creditable coverage would retain such coverage for prescription drugs rather 
than enrolling in Part D. 

As is clear from Figure 1.1, enrolling in Medicare Part D is a prerequisite for 
being eligible for the LIS. Hence, strictly speaking, in estimating the number of 
individuals who are eligible for the LIS, we could restrict our analysis to the 
individuals who are enrolled in Medicare Part D. However, (knowledge of) 
eligibility for the LIS will strongly influence the decision whether to enroll in 
Medicare Part D. Therefore, we also count as eligible individuals who are not 
enrolled in Medicare Part D but who are eligible for it and, if they enrolled, 
would become eligible for the LIS. For this reason, our results can be considered 
estimates of the “potentially” LIS-eligible population. 

In principle, we could apply an equivalent broader definition to other eligibility 
criteria as well, such as enrollment in Medicare Part B, Medicaid, or a Medicare 
Savings program or receipt of SSI benefits, but these are arguably behaviorally 
only weakly linked to Part D enrollment, and estimating eligibility for these 
programs is outside the scope of the study. Thus, we restrict our definition of LIS 
eligibility on the basis of these other programs to individuals who are actually 
enrolled. 

LIS Application Process: 2004 to 2008 

SSA restricted-access administrative data provide information on the number of 
LIS applicants over time and the outcomes of the eligibility determination 
process. In this section, we review results based on the LIS application and 
decision files covering the period from the last quarter of 2004, when applications 
were first made for coverage that would begin on January 1, 2006, through the 
second quarter of 2008. It is important to keep in mind, however, that these 
administrative data cover only a portion of eligible LIS recipients. Notably, 
individuals who are automatically eligible because they are enrolled in Medicaid 
or a Medicare Savings program or because they are SSI beneficiaries are not 
included in the file. In addition, the file does not include Medicare enrollees who 
did not apply to SSA for the LIS, a group that will include both eligibles and 
noneligibles. 
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As seen in Figure 1.2, applications to SSA for the LIS rose from about 1,000 
applicants in the last quarter of 2004 (not visible in the figure) to a peak of nearly 
1.8 million applications in the third quarter of 2005. Many of these early 
applications were automatic applications required by state Medicaid offices, 
even when individuals knew they would not meet the LIS eligibility criteria.5 
Since the first quarter of 2006, the number of applications has remained fairly 
steady at about 400,000 per quarter. In 2007 and 2008, there appears to be a dip in 
applications in the first two quarters relative to 2006 and the second half of 2007. 

 
Figure 1.2—LIS Applications, Last Quarter 2004 Through Second Quarter 2008 

 
SOURCE: Authors’ calculations using LIS administrative data. 
NOTE: The figures for the fourth quarter of 2004 (1,253 applications) and first quarter of 2005 (351 

applications) are too small to appear given the scale on the y-axis needed for the larger number of applications in 
subsequent quarters. 

                                                
5 A number of state-funded prescription drug programs for Medicare beneficiaries were in 

place before the 2003 Medicare Modernization Act. For some states—namely, Connecticut, 
Delaware, Illinois, Indiana, Maine, Maryland, Massachusetts, Montana, Nevada, New Jersey, 
New York, North Carolina, Rhode Island, South Carolina, Vermont, and Wyoming—individuals 
were required to apply for the LIS and enrolled (or continued enrollment) in the state program 
only if the LIS application was denied. Because of different eligibility requirements, some 
individuals will not qualify for the LIS but will meet the requirements for the state program. 
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Table 1.1 shows that most LIS applications, as of the end of 2007, were resolved 
within three months after application. Within six months after application, 96 
percent of applications were resolved. There was a somewhat faster rate of 
progression to a decision for awards than for denials. However, by six months 
after the application, 94 percent or more of either awards or denials were 
resolved. A negligible percentage of applications required more than a year to 
resolve. 

 
Table 1.1—Time to Decision for LIS Applications, Awards, and Denials,  

Last Quarter 2004 Through Fourth Quarter 2007 

 Time to Decision 

Measure 
Less Than 
3 Months 3 to 6 Months 

6 Months to 
1 Year 

More Than 
1 Year 

All applications before 2008     
Percentage distribution 68.0 27.7 3.2 1.1 
Cumulative percent 68.0 95.6 98.9 100.0 

Awards     
Percentage distribution 77.0 17.4 3.9 1.7 
Cumulative percent 77.0 94.3 98.3 100.0 

Denials     
Percentage distribution 55.3 41.2 2.9 0.6 
Cumulative percent 55.3 96.6 99.4 100.0 

SOURCE: Authors’ calculations using LIS administrative data. 
 

In Table 1.2, we consider award and denial rates and, for denials, whether the 
decision was based on income exceeding the threshold, resources exceeding the 
threshold, both income and resources exceeding the threshold, or some other 
(technical) reason. The table shows an increase in the award rate from about 50 
percent in 2005 to about 65 percent by 2008. This is consistent with the 
explanation noted earlier that many were required to apply for the LIS initially 
even though they knew they would not qualify. By far, the most common reason 
for a denial was income too high (25 percent of all applications as of 2008), either 
alone or in combination with another (technical) disqualifier. Far less common 
were denials for resources being too high, either alone or in combination with 
income also being too high (less than 4 percent and 2 percent, respectively). 
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Table 1.2—Distribution of LIS Applications by Award and Denial Status and Reason for 
Denial, Last Quarter 2004 Through Second Quarter 2008 

  Year 
(percentage distribution) 

 
Application Outcomes 

 2004 / 
2005 2006 2007 2008 

Awards  49.3 63.1 69.1 65.4 

Denials  50.7 36.9 30.9 34.6 
Income too higha  32.3 24.8 21.8 25.2 
Resources too higha  7.8 4.8 3.7 3.7 
Both income and resources too higha  5.4 2.4 1.9 2.0 
Other (technical) reasons only  5.2 4.8 3.6 3.8 

SOURCE: Authors’ calculations using LIS administrative data. 
NOTE: Percentages may not add to 100 because of rounding. 
a Includes a small fraction (less than 1 percent in each year) that also included other (technical) reasons for denial. 

Prior Research on LIS Eligibility 

With the introduction of Medicare Part D and the LIS, several efforts were made 
to estimate the size of the LIS-eligible population (a summary of these studies is 
provided in Table 1.3).6 CBO (2004), as part of estimating the cost of Medicare 
Part D, calculated that 14.2 million persons, or about 35 percent of Medicare 
beneficiaries enrolled in Part B, would be eligible for the LIS.7 The estimates 
indicated that about 30 percent of Medicare Part B enrollees would be eligible for 
the full subsidy, while the remaining 5 percent would qualify for the partial 
subsidy. An estimated 1.8 million persons who would meet the income criteria 
were estimated by CBO to be ineligible because their resources were too high. 
These estimates were based on analyses of Medicaid data, the Medicare Current 
Beneficiary Survey (MCBS), and the SIPP and included the institutionalized 
population. However, at the time these estimates were derived, the final 
eligibility rules had not been determined, so the standard income exclusions 
were not applied (i.e., the first $240 in income plus the first $780 in earned 
income and half of all remaining earned income). This omission would be 

                                                
6 Other recent studies have focused on the take-up rate for Medicare Part D, rather than 

eligibility for the LIS (see, for example, Heiss, McFadden, and Winter, 2007; Neuman et al., 2007; 
and Levy and Weir, 2009). Levy and Weir’s (2009) analysis also uses the 2006 HRS. An earlier 
working paper by Levy and Weir (2007) did use the HRS to also examine LIS eligibility, but those 
results were based on early release HRS data, and the results were not updated in the subsequent 
study. 

7 CBO estimated Part B Medicare enrollment at 39.9 million persons (CBO, 2004, Table 7). 
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Table 1.3—Methodology and Results for Studies Estimating the Size of the LIS-Eligible Population 

 Methodology 
 Results: Estimated  

LIS-Eligible Population 

Study 
Survey Data 

Source(s) 

Administrative 
Data 

Source(s) 
Population  
Covered 

Account for 
Attrition or 
Selective 
Matching 

Final LIS Eligibility 
Rules Applied 

 

Millions 
(year) 

Percentage 
(year) 

CBO (2004) SIPP  
(2001 panel, 

waves 
unknown) 

Medicaid, 
MCBS 

Noninstitutionalized 
and 

institutionalized 

No No  14.2 (2006) 35.5 (2006) 

McClellan 
(2006) and 
CMS (2007, 
2008) 

SIPP 
(panel 

unknown) 
CPS 
(year 

unknown) 

None Noninstitutionalized 
and 

institutionalized 

No Yes  13.2 (2006) 
13.2 (2007) 
12.5 (2008) 

— 

Rice and 
Desmond 
(2005, 
2006) 

SIPP  
(2001 panel, 
waves 4–6) 

None Noninstitutionalized 
only 

No Yes, but resource 
measure appears to 

be incomplete 

 11.6 (2006) 29.6 (2006) 

SOURCE: Authors’ tabulations from cited studies. 
NOTE: CPS = Current Population Survey. — = not available. 
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expected to produce an underestimate of the LIS-eligible population because the 
measure of income would be too high. 

As the administering agency for Medicare Part D and LIS, CMS also generated 
estimates of the LIS-eligible population. In 2006 congressional testimony, Mark 
McClellan reported CMS’s estimate that 13.2 million persons were eligible for the 
LIS based on their income and resources as of June 2006 (McClellan, 2006). The 
CMS estimates were derived from an analysis of SIPP and Current Population 
Survey (CPS) data, although the specific survey waves used were not specified.8 
Subsequent updates using these same sources have placed the estimates at 13.2 
million as of January 2007 and 12.5 million as of January 2008 (CMS, 2007, 2008). 
Details of the CMS methodology are not documented. However, the estimates 
presumably include the institutionalized population, although this population is 
not covered in the SIPP or CPS. 

Rice and Desmond (2005, 2006) provide an independent estimate of the LIS-
eligible population based on data from the 2001 SIPP panel (waves 4 to 6 
covering 2002 and asset data from the topical module in wave 6). While the 
measure of income applies the final 2006 income and earnings exclusions, it is 
not clear that the resource measure accounts for such exclusions as interest 
income and dividends or adjusts for liabilities. The income and resource 
measures are multiplied by the expected CPI growth between 2002 and 2006 so 
that the 2006 LIS income and resource thresholds can be applied. Notably, the 
estimates are only for the noninstitutionalized population covered by the SIPP, 
which should produce a smaller estimate than either the CBO or CMS studies. 
For this population, the estimates show 11.6 million persons eligible for the LIS, 
or nearly 30 percent of the Medicare-eligible population. 

The three sources for estimates of the LIS-eligible population documented in 
Table 1.3 show a range from just under 12 million to more than 14 million 
persons as of 2006. None of the estimates rely on the same source of data, nor do 
they even cover the same population. The use of administrative data sources to 
account for measurement error in survey data is not emphasized in the 
methodologies, nor does any of the studies, to our knowledge, correct for 
possible attrition bias when using later waves of panel data or survey data 

                                                
8 CMS also reports using data from the CMS Management Information Integrated Repository 

and administrative data from the Department of Veterans Affairs and the Indian Health Service, 
but these data sources are presumably used to estimate other figures (such as those with 
creditable drug coverage) and not the LIS-eligible population. 
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matched to administrative data. In some cases, the final eligibility rules were not 
known at the time the estimates were prepared. For this reason, the estimates 
from these studies are less than ideal and provide an uncertain basis for 
understanding the size of the LIS-eligible population or for assessing the take-up 
rate of the LIS. To the extent that these estimates overstate the LIS-eligible 
population, the estimated take-up rate will be too low, while the reverse would 
be true if the estimates understated the number of LIS eligibles. 

The objective of our study is to improve on the methodology in these earlier 
studies to provide a rigorous, independent estimate of the LIS-eligible 
population. The methodological improvements we implement include the 
following: 

• employing both the SIPP and the HRS in order to cover the 
noninstitutionalized and institutionalized populations of all ages 
potentially eligible for the LIS 

• using matched administrative data to improve on potentially error-ridden 
survey measures of income and program participation 

• adjusting sample weights to account for panel data attrition and selective 
matching of survey and administrative data 

• constructing measures of income and resources that replicate as closely as 
possible the constructs used to determine LIS eligibility 

• performing extensive sensitivity analyses to determine how robust results 
are to variation in the methodology. 

In addition, we present estimates of LIS eligibility for both 2006 and 2008 and 
estimate the characteristics of the LIS-eligible population in 2006. 

Road Map for the Report 

With this background, we proceed in the next chapter to discuss the 
methodology used in this report to accomplish the study objectives. Since the 
methodology is complex, that chapter provides an overview of the data and 
approach. More detailed discussion of the technical aspects of the methods is 
provided in a series of appendixes. The third chapter provides the results of the 
empirical analysis in terms of estimates of the LIS-eligible population in 2006; 
estimates of the characteristics of the LIS eligibles as of that year; robustness 
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assumptions and methods; and projections of the LIS-eligible population to 2008. 
The final chapter summarizes our findings. 
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2. Methodology 

This chapter provides an overview of the methods used to achieve the four 
research aims. We begin with a discussion of the survey and administrative data 
sources, focusing on the SIPP and the HRS, the two primary sources of survey 
data. We then review a number of the key methods applied in order to address 
the research objectives. Appendixes A through D include additional detail about 
these methods, as indicated in the body of this chapter. 

Data 

As indicated in Chapter 1, we use two primary data sources for our analysis, the 
SIPP and the HRS, because no single data set both covers the whole population 
of interest and contains all of the measures needed to determine LIS eligibility 
and examine population characteristics as of 2006. For example, the SIPP covers 
only the noninstitutionalized population of all ages, while the HRS covers both 
the noninstitutionalized and institutionalized populations but only for those age 
53 and above. In both data sources, some key survey variables may be subject to 
measurement error, including systematic underreports (e.g., of program 
participation). Where possible, however, we can use administrative data to 
correct for such measurement error. In the case of the SIPP, the latest waves of 
publicly available survey data from the 2004 SIPP panel cover calendar year 
2006, and the matched administrative records include data for 2006 as well. The 
HRS has survey data for 2006, but its matched administrative records cover only 
the period prior to 2004. For both surveys, the administrative data contain 
accurate information about earnings, benefits, and Medicare enrollment, but they 
do not include measures of wealth, health status, or private health insurance. 
Thus, we must still rely on survey data for those variables and others. Finally, the 
LIS application data, employed in Chapter 1, cover a selective subpopulation of 
the population at large and do not contain information about the nonapplicants. 

By performing analyses both on the HRS matched with administrative records 
and on the SIPP matched with administrative records (including LIS application 



16 

 

 

16 data), nearly the whole population of interest is covered,9 and the time period of 
interest is covered. Furthermore, the administrative data contain accurate 
information, whereas the surveys may be less reliable. At the same time, the 
survey data supply variables of interest that are not in the administrative data, at 
least not for a representative sample. 

In this section, we give a more detailed description of the characteristics of these 
data sources that are most important for our study. A brief overview of the data 
sources, their features, and usage is given in Table 2.1. Also, we identify a few 
remaining data gaps and point to additional data sources that we use to fill them. 

Survey of Income and Program Participation 

The SIPP (Westat, 2001) consists of a continuous series of nonoverlapping 
nationally representative panels with survey waves that are four months apart 
and a total duration that has typically been three to four years. It is a multistage 
stratified sample of the U.S. civilian noninstitutionalized population conducted 
by the U.S. Census Bureau. We rely on data from the 2004 SIPP panel, using data 
from waves 1 to 10, which provides data through the end of 2006. The 2004 SIPP 
panel included a total of 46,500 households in the initial wave. However, starting 
with wave 9, the SIPP sample size was reduced by about half because of budget 
cuts. This sample size reduction affects the monthly data we have for calendar 
year 2006. 

The SIPP includes an oversampling of households from areas with high poverty 
concentrations. This allows for more precise information about program 
participation, particularly in means-tested programs (SSI, Medicaid, food stamps, 
and so on). Because the SIPP includes individuals age 15 and over, it contains 
information about individuals who are eligible for Medicare through disability 
but are younger than the youngest HRS-sampled individuals (who were 53 in 
2006). On the other hand, the SIPP sample does not contain information about 
individuals in nursing homes. 

Core information, including income, is collected at each wave. We use various 
waves for different purposes. Older waves are compared with more recent ones 
to correct for attrition. The waves covering 2006 (alone and in combination with 

                                                
9 As discussed further below, neither source covers the small population under age 53 in 

nursing homes. 
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Table 2.1—Main Data Sources and Usage 

Data 
Source Universe Key Variables Remarks 

Usage 
(year of data) 

a. Survey data 
2004 SIPP Civilian 

noninstitutionalized 
Program participation 
(Medicare, Medicaid, 
SSI), earnings, 
benefits, assets, and 
liabilities 

Oversamples low 
incomes to obtain a 
better picture of 
program 
participation 

• Attrition modeling/correction 
(various waves) 

• Determining eligibility (2006) 
• Projections (2006) 

HRS Civilian (including 
retirement homes), 
50+ 

Earnings, benefits, 
assets and liabilities, 
program participation 
(Medicare, Medicaid, 
SSI) 

Follows individuals 
into nursing homes 

• Attrition modeling/correction 
(various waves) 

• Measurement-error modeling, 
esp. for Medicaid participation 
(2002) 

• Determining eligibility (2006) 
• Projections (2006) 

b. Administrative data 
LIS 
application 
and 
decision 
files 

LIS applicants 
(excludes 
automatically 
enrolled) 

Income (various 
categories), 
resources (various 
categories), number 
of relatives in 
household, 
expectation to use 
funds for burial/ 
funeral 

 • Information about expectation to 
use funds for funeral/burial 

• Evidence for tendency to spend 
down assets 

• Compare characteristics of 
nonparticipants with participants 

MBR/PHUS OASI and SSDI 
applicants/ 
beneficiaries 

Benefits, disability, 
Medicare beneficiary, 
Medicaid/Medicare 
Savings beneficiary 

 • Modeling (2002 w/HRS) 
• Eligibility (2006 w/SIPP) 
• Projections (2006 w/SIPP) 

SSR SSI applicants SSI beneficiary, SSI 
income 

 • Eligibility (2006 w/SIPP) 
• Projections (2006 w/SIPP) 

MEF All W-2 forms, IRS 
1040 Schedule SE 

Detailed earnings 
data 

 • Eligibility (2006 w/SIPP) 
• Projections (2006 w/SIPP) 

SOURCE: Authors’ tabulations from documentation of the various data sources. 
NOTE: MBR = Master Beneficiary Record. PHUS = Payment History Update System. OASI = Old-Age and Survivors 

Insurance. SSR = Supplemental Security Record. MEF = Master Earnings File. 

 

matched administrative records) are used to estimate eligibility for 2006 and 
compute projections to 2008. 

Income is top-coded, but individuals with top-coded income are not eligible for 
the LIS, so this does not constitute a problem for our analyses. Wealth 
information (assets and liabilities) is collected only in specific waves, called 
topical modules (TMs). In the 2004 SIPP, wealth information is available from the 
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18 wave 3 topical module (TM3), which was administered October 2004–January 
2005, and in the wave 6 topical module (TM6), administered October 2005–
January 2006. Neither income nor wealth data are collected in “unfolding 
brackets” in the case of a respondent’s failure to give precise answers, as is done 
in the HRS (discussed next). 

Health and Retirement Study 

The HRS (NIA, 2007) is a multipurpose, longitudinal household survey 
providing extraordinarily rich data that are representative of the U.S. population 
over the age of 50. At baseline, respondents were selected from the community-
dwelling population (including retirement homes but not nursing homes). 
Respondents have since been interviewed every two years. In subsequent waves, 
respondents were followed even if they entered an institution. The initial HRS 
wave took place in 1992 and sampled individuals born in 1931–1941 and their 
spouses (of any age). It consists of a national area probability sample of U.S. 
households, with supplemental samples of Mexican Americans, African 
Americans, and Floridians. 

Over time, additional cohorts have been added to the HRS. Since 1998, the HRS 
has been representative of the U.S. population over the age of 50. We use the 
2006 wave, which included about 18,000 respondents, of whom 11,000 were 65 
and older. Table 2.2 gives an overview of the HRS cohorts and when they 
entered the sample. Note that, unlike the SIPP, the HRS sample does not include 
individuals who are eligible for Medicare because of disability but who are 
younger than 53. On the other hand, because the HRS follows respondents when 
they enter institutions, the HRS covers individuals in nursing homes quite well. 
Only individuals who were in the target age groups but already in nursing 
homes at the time of sampling are missed. The numbers of such individuals are 
negligible for the HRS, War Baby (WB), and Early Baby Boomer (EBB) cohorts.10 
For the Assets and Health Dynamics Among the Oldest Old (AHEAD) and 
Children of the Depression Age (CODA) cohorts, however, this is a 
nonnegligible bias at the time of sampling. But the selectivity bias tends to 
disappear very quickly. For example, Adams et al. (2003) found that mortality 
rates between waves 1 (1993) and 2 (1995) in the AHEAD were substantially 

                                                
10 According to the National Nursing Home Survey (NNHS), there were approximately 

39,000 nursing home residents age 51 to 56 in 2004. 
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below the life tables, but this difference had vanished almost completely between 
waves 2 and 3 (1998). 

Table 2.2—HRS Cohorts and Years of Sampling 

Cohort Birth Years Year of Sampling Ages at Sampling Ages in 2006 

AHEAD    –1923 1993  70+  83+ 

CODA  1924–1930 1998  68–74  76–82 

HRS  1931–1941 1992  51–61  65–75 

WB  1942–1947 1998  51–56  59–64 

EBB  1948–1953 2004  51–56  53–58 
SOURCE: Authors’ tabulations from HRS documentation. 
 

The HRS provides cross-sectional weights for each interview year for both 
respondent- and household-level analysis, thereby allowing its use in estimating 
population characteristics in nonbase years as well. Kapteyn et al. (2006) 
investigate the possibility that the estimation of the income or wealth 
distribution in the sixth (2002) wave of the 1992 HRS panel is contaminated by 
attrition bias. Using the inverse probability weighting scheme, they do not find 
any differences between the weighted and the unweighted distributions. They 
ascribe this to the fact that the respondents who differ most eventually make it 
back to the survey, while those who permanently quit the panel are few and not 
different enough from those who stay to significantly affect the results. 

One of the virtues of the HRS is the quality of the data on income (for the 
previous calendar year) and (current) assets, both collected through questions 
that ascertain amounts for disaggregated categories. This high quality is due 
largely to the design of the questionnaire, in which unfolding brackets are used, 
which allow respondents to give interval answers if they are not willing or able 
to give exact amounts. This leads to much lower item nonresponse rates. 
Moreover, because of these brackets, imputations are much more precise (Juster 
and Smith, 1997; Hurd, Juster, and Smith, 2003).11 

                                                
11 For example, in the 2006 HRS wave, if a respondent did not give an exact amount for wage 

and salary income in the last calendar year (either a refusal or “don’t know”), they were then 
asked whether the income amount was more or less than a particular value (e.g., $5,000, $10,000, 
$25,000, or $100,000). Based on that response, they may then be asked whether wage income was 
above or below another cutpoint in the range just given. In this way, the income amount may be 
bracketed within one of several intervals, including an upper open-ended interval. The cutpoints 
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20 The 2006 HRS contains a large section with questions on Medicare in general and 
Part D in particular, including questions on the respondent’s application for the 
LIS and the resulting decision. As reported by Levy and Weir (2007), at the 
beginning of the 2006 HRS field period, only respondents who said that they had 
signed up for Part D were asked about whether they had signed up for the LIS. 
Later in the field period, all Medicare beneficiaries were asked this question. The 
result of the initial omission is that subsidy application data are missing for a 
quarter of those with Medicare health maintenance organization (HMO) drug 
coverage, who were automatically enrolled in Medicare Part D. Other groups 
were not affected. The total HMO group comprises 1,475 respondents (15 
percent), so the resulting amount of missing information is about 4 percent. 

Unfortunately, as reported by Levy and Weir (2007), there is evidence that 
respondents often did not completely understand the questions about the LIS. 
Therefore, David Weir (personal communication) recommended against using 
these variables in the current study, so we do not present results involving them 
in this report. 

In addition to information on Part D and LIS, other health insurance information 
is also available in the same section. Additionally, the HRS contains extensive 
measures regarding health status. This is more detailed than what is available in 
the SIPP, but, for comparability, we confine ourselves to the generic self-reported 
health question that is in both. 

While extraordinarily rich, the HRS has also become increasingly complex and 
difficult to use. Thus, we use the RAND HRS, a user-friendly, public-use version 
of a large subset of the HRS variables (St. Clair et al., 2008). The RAND HRS data 
contain variables that are consistently named and defined across waves, imputed 
when (partly) missing, with merged-in spousal counterparts, in a single 
longitudinal file. Income and wealth variables have associated ownership 
variables, so information is (often) available at the individual level. The main 
feature of the RAND HRS that benefits this study is the high-quality imputations 
of income and wealth that have been made possible partly by the unfolding 
brackets. 

                                                                                                                                            
vary with the income or wealth component, based on the underlying distribution, and the entry 
point (or first threshold) is randomly determined for a given respondent to avoid anchoring 
effects (where responses depend on the starting threshold). For additional detail on the merits of 
this approach for reducing measurement error, see Juster and Smith (1997). 
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Administrative Records 

As indicated in Table 2.1, administrative records form an important source of 
data for this study. These data are highly valuable because of their presumed 
accuracy and because several administrative data sources have been linked to the 
survey data. Thus, the more accurate administrative data are combined with 
survey information about such topics as assets, private pensions, health status, 
and educational attainment, which are not available in the administrative 
records. 

LIS Application and Decision Files. The data from the actual application forms 
for the LIS (2006 and later) and the corresponding decisions about whether the 
subsidy was awarded provide valuable information, as is already evident from 
the results presented in Chapter 1. The administrative data files contain all the 
variables that are relevant for eligibility determination, at least for individuals 
who apply directly with SSA. These data can be linked to the SIPP and the HRS, 
but the number of matched records in the HRS is very low (less than 100).12 This 
data set covers, however, only a subset of the actual recipients, because 
individuals who were automatically eligible because of Medicaid or Medicare 
Savings enrollment or SSI benefit receipt were automatically awarded the LIS 
and did not have to apply for it. Furthermore, the LIS data do not contain 
eligibles and noneligibles who did not apply for the LIS. Hence, this data set is 
not representative of the population of interest. Despite its richness, the 
usefulness of this data set is therefore limited. At the same time, these data are 
our primary source of information about whether individuals expect to use some 
of their assets for funeral or burial expenses, one of the allowable exclusions from 
countable resources as noted in Chapter 1. Also, these data give insight into 
whether there is evidence of behavioral reactions to the LIS program, in the sense 
that individuals would spend down their assets to become eligible for the LIS. 

Master Beneficiary Record and Payment History Update System. These data 
files are derived from the records that are kept to process OASI and SSDI 
applications and benefits. Apart from essential information on types and 

                                                
12 The low match rate in the HRS is because only one cohort in the 2006 HRS was asked 

permission to match to 2006 administrative records and only about half of those asked gave 
permission for a linkage. In the pooled 2006 HRS, there are approximately 10,000 Medicare 
beneficiaries. Assuming that 30 percent are LIS eligible as a rough estimate and that two out of 
three are automatically eligible (both are consistent with results we present in Chapter 3), that 
leaves about 1,000 HRS respondents who would be eligible for the LIS if they applied. With a 50-
percent permission rate applied to one cohort, the match rate of 100 cases is within the range we 
would expect. 
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22 amounts of benefits received, these files also contain information about Medicare 
beneficiary status and whether the Medicare premiums are paid by the state 
Medicaid agency. The latter can be used as an indicator for dual Medicare and 
Medicaid/Medicare Savings beneficiary status. 

Supplemental Security Record. This data file contains detailed information for 
SSI applicants. Most importantly, it includes information about SSI beneficiary 
status and amount of SSI benefits (separately for federal benefits and state 
supplements). Because SSI recipients are automatically awarded the LIS 
(provided they satisfy the other requirements, such as Part D enrollment, of 
course), the population covered with this file is largely complementary to the 
individuals covered by the LIS file. 

Master Earnings File. This contains the detailed earnings information from all 
W-2 forms (employment earnings) and IRS 1040 Schedule SE (self-employment 
earnings), and thus contains accurate information on earnings for more than 85 
percent of the population. These data are used directly to estimate eligibility (for 
the SIPP analyses). 

Additional Data Sources 

We rely on several additional data sources to fill in gaps that the data described 
thus far do not otherwise cover. 

External Benchmarks. Some of the estimates computed here from survey data 
can be directly (or after a little manipulation) compared to external benchmarks, 
especially posted totals of numbers of Medicare beneficiaries (from CMS; also 
separately for aged and disabled) and Medicare/Medicaid or Medicare Savings 
dual eligibles (also CMS), nursing home residents (CMS), SSI recipients (SSA), 
and population sizes (Census Bureau). 

External Data for Reweighting 2006 Data and for Computing Projections for 
2008. As discussed in the next section and in more detail in Appendix A, we 
reweight the 2006 data using external information to match known distributions 
in early 2006 (for the 2006 analyses) and early 2008 (for projections toward 2008). 
We use a combination of data from the CPS for January 2006 and January 2008, 
the 2004 NNHS, and demographic distributions of nursing home residents for 
the first quarters of 2006 and 2008 as published by CMS. Furthermore, for some 
of our 2008 projection analyses, we scale income components using median 
earnings for the first quarters of 2006 and 2008 as published by the Bureau of 
Labor Statistics (BLS), benefits increases in 2007 and 2008 from SSA press 
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releases, and median asking rents for the first quarters of 2006 and 2008 from the 
U.S. Department of Housing and Urban Development. 

Methods for Reweighting to Account for Attrition in Panel Data 
and Data Matching 

Both the HRS and the SIPP are panel data sets, and we use later waves of them. 
A potential risk with this approach is nonrandom attrition, i.e., individuals who 
dropped out of the sample differ systematically from those who are still 
observed in the later waves. This would make the data from the later waves a 
nonrepresentative sample from the population in those years. Similarly, not all 
observations are successfully matched to the administrative data, and selectivity 
in matching success rates may also lead to distortions. Thus, an important first 
step in the analyses is to study whether the data are subject to nonrandom 
attrition and matching and, if so, to correct for that. 

Problems due to attrition and selection introduced by matching administrative 
records can be conceptualized using the missing-data framework (Little and 
Rubin, 2002). In the case of attrition, we observe data collected from a respondent 
when he or she participates in a given wave of the survey. Data of interest are 
missing when the respondent does not answer. Similarly, if it is not possible to 
link the survey data for some respondents to administrative records, data from 
those respondents are missing. The key issue is that the sample of respondents 
with nonmissing data may have different characteristics from those of the 
relevant population of interest, hence biasing any inference on the population 
from the sample. In this section, we provide an overview of our approach for 
correcting for panel attrition and selective matching of survey and administrative 
data. A more detailed discussion and results from the attrition- and matching-
correction models are provided in Appendix A. 

Panel Attrition Correction for the HRS and the SIPP 

The HRS and the SIPP are both longitudinal samples: They both follow their 
respective sample members over time. This implies that, although the sample is 
expected to be representative of the population of interest at baseline, this is not 
necessarily true in later waves. Respondents may fail to provide interviews in 
one wave, or even completely stop providing interviews to the survey, in which 
case they are commonly referred to as attritors. For the purpose of estimating the 
size and characteristics of the LIS-eligible population, it is therefore crucial to 
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24 assess whether the sample in the waves we use is representative of the 
population of interest. If it is not, we need to correct for the induced lack of 
representativeness. 

For the analyses we conduct, three waves of data from the HRS are used: 2002, 
2004, and 2006. In the case of the 2004 SIPP panel, we rely on data from waves 1 
to 4 and 7 to 10, which cover the calendar months of 2004 and 2006 (full data 
from waves 2 and 3 and partial data from waves 1 and 4 cover 2004, and full data 
from waves 8 and 9 and partial data from waves 7 and 10 cover 2006). For the 
SIPP, we also use supplementary data from TMs administered with waves 3 to 7, 
which provide information on assets and liabilities (TM3 and TM6), annual 
income and taxes (TM4 and TM7), and health status (TM3, TM5, and TM6). 

Following Kapteyn et al. (2006), our general approach is to develop weights to 
correct for selective attrition based on baseline observables, which relax the 
potentially restrictive assumptions underlying the survey-provided weights. In 
particular, we estimate probability models of survey participation as a function 
of baseline characteristics and adjust survey weights accordingly. Since the 
baseline characteristics used are more comprehensive than just race, ethnicity, 
age, and gender, as used in survey weights, they allow us to weight respondents 
with unfavorable characteristics (from the viewpoint of survey participation) 
more heavily than those with favorable characteristics. We refer to these weights 
as inverse probability weights (IPWs). 

As detailed in Appendix A, for the HRS and the SIPP, we find that the 
differences induced by selection on observables are minor and that weighting 
based on IPWs and survey weights tend to give very similar results. We look at a 
number of statistics from the data in each wave, weighted using survey weights 
and IPWs. For example, in the case of the HRS, we find no significant differences 
in the wealth distribution or in the distribution of resources, here defined as 
wealth excluding primary residence and vehicles, a concept closer to the LIS 
resource criterion. 

For the HRS, the attrition-corrected weights also solve the problem that the HRS 
does not provide sampling weights for nursing home residents in the 2004 and 
2006 weights, because these respondents do have baseline weights and thus 
IPWs. 
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Matching of HRS and SIPP Survey Data with SSA Administrative Files 

Our goal is to use the SSA administrative data linkage that is possible with the 
HRS and the SIPP to assess the extent to which measurement error in various 
income components (earnings, Social Security benefits, SSI) and program 
participation (especially Medicaid) biases the estimates of the number of 
individuals who are eligible for the LIS and, if possible and necessary, to correct 
for this bias. 

In the case of the HRS, the match is possible for those respondents who provided 
permission as part of the 2004 HRS wave. However, not all respondents gave 
permission to HRS to match their records to administrative data. Furthermore, 
some respondents gave permission but provided a wrong Social Security number 
(SSN) or no number at all, or the match failed for another (typically unknown) 
reason. For the SIPP, only a very small percentage of respondents refused to give 
permission for matching, so, essentially, a failure to match will arise only for the 
second set of reasons. In the case of the SIPP, the matched data are available for 
analysis by researchers who obtain special permission from SSA and the U.S. 
Census Bureau to use them. For both surveys, the inability to obtain 100 percent 
match rates raises the possibility that the HRS and SIPP samples with a match to 
administrative data are not a random subsample of the original survey sample 
and therefore no longer representative of the population of interest. 

The problem of nonrandom linkage of survey and administrative data has been 
studied previously in the HRS for the original match performed in 1992 (Olson, 
1999; Haider and Solon, 2000; Kapteyn et al., 2006). These authors found that, 
although the match appears to be nonrandom, the magnitude of the bias appears 
to be minor. In the case of the HRS, we perform similar analyses on the match 
rates for the administrative linkages based on permissions asked in the 2004 
wave of the HRS. 

Our approach for correcting for selective matching is similar to that followed for 
selective attrition. Thus, we estimate models of the probability of a nonmatch 
and use the models to generate IPWs that correct for selectivity in the sample 
with matched data. Appendix A provides further detail on the results of the 
analysis of selective matching. In the case of the HRS, our results confirm those 
of previous studies on the 1992 match, which showed little bias. Although some 
characteristics, such as education, wealth, and labor force experience, differ in 
matched and unmatched samples, the effects are too small to generate large 
problems in analyzing data in the matched samples. A similar finding holds for 
the SIPP. While the potential bias from selective matching appears to be small, 
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26 we use the attrition- and matching-corrected weights we construct to generate 
our preferred estimates of the LIS-eligible population. 

Reweighting Toward CPS and CMS Distributions 

After comparing preliminary results from the attrition analyses with population 
statistics from the Census Bureau, we were concerned that the SIPP does not 
adequately record mortality and nursing home entry of respondents when they 
are not found in later waves. Hence, some respondents who are no longer in the 
SIPP sample are misclassified as attritors, whereas, in fact, they are not in the 
target population of the SIPP any more. The result of this is an overestimation of 
the population size in the SIPP when the attrition-corrected weights are used. 

This issue can be seen most easily by way of an example. Suppose that there are 
100 respondents age 70 in 2004. Furthermore, suppose that 10 of these persons 
are deceased in 2006, another 10 do not participate for the usual reasons for 
attrition (e.g., refusal, unsuccessful in making contact), and the remaining 80 are 
still in the sample in 2006. If it is incorrectly believed that the deceased are 
attritors, the weights of the 80 remaining respondents will be multiplied by 1.25 
(100/80) to correct for attrition, so that the estimated population size stays the 
same as in 2004, whereas the correct attrition correction would be to multiply the 
weights by 1.125 (90/80), so that the new estimated population size correctly 
shows a decrease due to mortality. 

Thus, when applying the incorrect, higher (1.25) correction, the estimated 
population size of 72-year-olds in 2006 will exceed the estimated population size 
of 72-year-olds in the Census Bureau numbers, and the differences between the 
SIPP-based population size with the attrition correction and the census-based 
population size will be larger in age groups with higher mortality (older age 
groups). The latter phenomenon is exactly what we observed. 

The situation for nursing home entry is analogous to that for mortality: By 
entering a nursing home, a respondent leaves the SIPP sampling frame, and, if 
this is not recorded well in the SIPP, the departure from the sampling frame is 
misclassified as attrition and the attrition-corrected weights incorrectly attempt 
to compensate for this. Note that, although nursing home residents are still LIS 
eligible and thus are still in the target population for our analyses, they are 
supposed to be covered (only) by the HRS, and the attrition correction in the 
SIPP gives remaining respondents, who are noninstitutionalized, weights that 
are too high. 
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When the population size is too high, especially in the higher age groups, the 
estimated number of Medicare beneficiaries will be too high as well, and, as a 
result, the estimated number of LIS eligibles will be too high also. To correct for 
this, we have performed a final reweighting of the SIPP toward demographic 
distributions that we obtained from the January 2006 CPS. For consistency, we 
have performed a similar reweighting of the HRS, using the CPS for the 
noninstitutionalized and a combination of the 2004 wave of the NNHS and 
distributions for 2006 as published by CMS for nursing home residents. The 
method used is identical to the method used for projecting toward 2008, which is 
outlined later in this chapter. Appendix A gives a more detailed discussion of 
these issues. 

Methods for Addressing Measurement Error 

Survey data tend to be subject to measurement error. See, for example, Bound, 
Brown, and Mathiowetz (2001) for an overview. Moreover, income and wealth 
data are often underreported (e.g., Czajka, Jacobson, and Cody, 2003), but 
categorical membership data are also often underreported (see, for example, 
research on the Medicaid undercount by Card, Hildreth, and Shore-Sheppard, 
2004, and Davern, Klerman, and Ziegenfussi, 2007). Consequently, the errors are 
not neutral but often systematic. Underreporting of income and wealth would 
clearly lead to overestimation of the number of individuals eligible for the LIS. 
On the other hand, underreporting of Medicaid enrollment and enrollment in 
other programs that ensure eligibility for LIS would lead to underestimation of 
the number of LIS eligibles or, more importantly (given that these individuals 
will likely have low incomes and resources), misclassification as being 
nonautomatically eligible for the LIS instead of being deemed automatically 
eligible. 

Administrative records are typically assumed to be without measurement error. 
Matching the survey data with administrative records then serves multiple 
purposes. First, if the administrative data pertain to the time period of interest, 
they can (partly) replace the survey data and be used directly in determining 
eligibility. Second, in case the administrative data are available only for a different 
time period or only for a nonrepresentative subset of the surveyed individuals, 
eligibility estimates for this different universe, computed from the administrative 
data, can be compared with corresponding estimates from the survey data. 
Because the universe differs from the universe of interest, neither of these 
estimates is then of interest by itself, but the extent to which the two sets of 
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28 estimates differ gives an indication of the consequences of measurement error if 
only survey data were used to compute estimates. Third, if the result of this 
comparison exercise is that measurement error leads to unacceptable distortions, 
then the observed relationships between survey and administrative data can be 
used to estimate the conditional distribution of the true values, given the survey 
data. 

We call this a measurement-error model, because the typical case is to estimate the 
distribution of the true value of a certain characteristic (e.g., earnings) given an 
error-ridden survey value of the same characteristic, but the principle applies 
more generally to the distribution of a variable T that is in the administrative 
data conditional on the values of survey variables, collected in the vector S, that 
are observed in the survey data. Note that the direction of the model is reversed 
from the typical measurement-error model as, for example, discussed extensively 
in Wansbeek and Meijer (2000) and that we do not assume causality but are 
interested only in the conditional distribution. Once the parameters of such a 
conditional distribution are estimated, eligibility estimates for the universe of 
interest can be obtained by simulating (imputing) from this conditional 
distribution. 

Here, we discuss the most important measurement-error issues for our purposes 
and how we have addressed them: measurement error in the SIPP wealth 
measures, the Medicaid undercount, and measurement error in the HRS income 
measures. 

Measurement Error in Wealth Measures in the SIPP 

Czajka, Jacobson, and Cody (2003) have done an extensive study of measurement 
error in wealth measures in the SIPP. Because detailed administrative data on 
wealth components are not available, this was done primarily by comparing the 
distributions of SIPP wealth measures with the corresponding distributions in 
the Survey of Consumer Finances (SCF), which is generally considered the best 
source of wealth data in the United States. This comparison focuses on wave 9 of 
the 1996 SIPP panel, which was administered late 1998 and early 1999. These 
SIPP data were compared with those from the 1998 SCF survey. 

Czajka and colleagues conclude that the SIPP measure of aggregate wealth is 
only half of the SCF measure of aggregate wealth (Czajka, Jacobson, and Cody, 
2003, p. 24). This is a huge difference and a potential source of large upward 
biases in the estimates of the number of LIS eligibles. However, it is not 
immediately clear whether their conclusions regarding a late wave of the 1996 
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panel carry over to the waves of the 2004 panel that we use. For example, Czajka 
et al. report that the cash value of life insurance is not reported in the SIPP, but it 
is reported in the Assets and Liabilities topical modules of the 2004 panel of the 
SIPP (Czajka, Jacobson, and Cody, 2003, footnote 44, p. 99). Other missing wealth 
components as of the 1996 SIPP panel are included as of the 2004 panel (e.g., 
IRAs, Keogh accounts, 401(k), 403(b), and thrift plans), are not relevant for 
computing countable resources for the LIS (e.g., annuities), or are rare and 
concentrated in the higher income and wealth segments (e.g., trusts). In general, 
the mismeasurement of wealth in the SIPP pertains largely to the top of the 
distribution (e.g., families with net worth greater than $2 million). Clearly, such 
families will not be eligible for the LIS, so measurement error in wealth in this 
segment of the distribution does not concern us. 

While the Czajika, Jacobson, and Cody (2003) study suggests that the SIPP 
wealth data will be suitable for our purposes, a recent analysis by Scholz and 
Seshadri (2008) indicates that there is more cause for concern about measurement 
error in the SIPP wealth data at the lower tail of the distribution. They made 
detailed comparisons of asset distributions between the SCF (multiple waves) 
and the SIPP (multiple panels and waves). Most importantly for our purposes, 
they find that, in the SIPP (in 2003), a much lower percentage of individuals in 
the bottom income quintile have positive financial assets than do those in the 
SCF and, that among those with nonzero amounts, the median financial assets 
are substantially lower in the SIPP than in the SCF. 

There are a few wealth components in the SIPP that are not measured well and 
that could influence our estimates: interest-earning assets besides those held at 
financial institutions, other real estate, business equity, and rental property. We 
have done limited sensitivity analyses including and excluding some of these 
components from the HRS resource amounts. Including the (net value of) other 
real estate increases the number of individuals who are ineligible for the LIS 
because of their resources by about 2.6 percent compared to completely 
excluding it. For the (net value of) business property, this number is 1.1 percent. 
For both resource components together, the figure is 3.7 percent. These are upper 
bounds, because measurement error will not reduce these components to zero for 
all respondents. Moreover, a sizable fraction of the individuals who cross the 
threshold in this way may not be eligible according to their income anyway, 
thereby further diminishing the potential impact of measurement error in these 
wealth components in the SIPP. 

The comparison between the HRS results and the SIPP results for the same 
subpopulations (noninstitutionalized individuals age 53 and above), as 
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presented in Chapter 3, provides more insight in the potentially distorting effects 
of measurement error in the wealth measures. 

Mismeasured Medicaid Beneficiary Status 

Because Medicaid (and Medicare Savings) beneficiary status makes one 
automatically eligible for the full LIS subsidy, measurement error in this area will 
have noticeable impact on the eligibility estimates, especially on the 
categorization into automatically eligible and nonautomatically eligible. The 
impact on the total number of eligibles is considerably less, because most of the 
beneficiaries involved will otherwise be eligible according to their incomes and 
resources. Unfortunately, Medicaid beneficiary status is known to be severely 
underreported in the SIPP and other surveys, such as the CPS (Card, Hildreth, 
and Shore-Sheppard, 2004; Davern, Klerman, and Ziegenfussi, 2007). 

The SSA administrative data that we use address this issue directly. In both the 
administrative data matched to the HRS and the data matched to the SIPP, there 
is a variable indicating whether the state Medicaid agency pays for the Medicare 
Part B premiums. This is done whenever an individual is both a Medicare Part B 
beneficiary and a Medicaid or Medicare Savings beneficiary. Almost all Medicare 
beneficiaries have both Part A and Part B coverage, and, among Medicaid or 
Medicare Savings beneficiaries, this percentage must be essentially 100 percent, 
because the Part B premiums are paid by Medicaid. Hence, this variable 
identifies whether an individual is a Medicaid or Medicare Savings beneficiary, 
provided that the individual is eligible for Medicare at all. But the latter 
condition is not a restriction for our purposes, because only Medicare 
beneficiaries are potentially eligible for the LIS. This method has been applied 
previously in GAO (2004). 

Note that, apart from genuine mismeasurement, there is also a potential 
difference in definition, because both surveys ask only for Medicaid coverage, 
not specifically for Medicare Savings enrollment. It is likely that many 
respondents will have answered affirmatively if they were covered by Medicare 
Savings but not entitled to full Medicaid benefits, because the Medicare Savings 
program is administrated by the state Medicaid agency. But other respondents 
may have been stricter in their interpretation. For the LIS, Medicare Savings is 
treated the same as Medicaid (i.e., it makes one automatically eligible for the 
LIS), so the administrative variable reflects the definition that is most relevant for 
our purposes. 
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To assess the impact of the Medicaid undercount, we can then compare estimates 
of the number of LIS eligibles based on survey data with those based on 
administrative data for the same year and population. Given the matched 
records, we can even isolate the effect of the Medicaid undercount by comparing 
estimates using the administrative Medicaid variable with estimates using the 
corresponding survey variable, keeping all other variables the same. In Chapter 
3, we report several such sensitivity analyses. 

For the SIPP-based analyses, we have administrative data for 2006, so we can 
simply use the administrative variable and do not have to worry about 
measurement error. This is what we have done for the results presented in 
Chapter 3. 

For the HRS-based analyses, we cannot use the same approach, because we have 
administrative data only up to 2003. However, preliminary estimates showed 
large differences in the HRS and SIPP estimates of the percentage automatically 
eligible for the LIS for the common subpopulations. The numbers of 
automatically eligible were much lower in the HRS. We viewed this as evidence 
of misreporting of Medicaid/Medicare Savings beneficiary status in the HRS. 
Therefore, we have estimated a model (using 2002 data) that predicts true 
(administrative) Medicaid/Medicare Savings beneficiary status as a function of 
the corresponding survey variable and other explanatory variables from the 
HRS, such as sociodemographics, income, and resources. See Davern, Klerman, 
and Ziegenfussi (2007) for a similar model for the CPS. 

With this model, we have imputed Medicaid/Medicare Savings beneficiary 
status in the 2006 HRS data and compared the results with those using the self-
reported survey variable. Details are given in Appendix B. Counter to our 
expectation, Medicaid/Medicare Savings beneficiary status tended to be 
overreported in the HRS according to the model, as well as the 2002 data on which 
it is based. However, the impact of using the imputed Medicaid/Medicare 
Savings beneficiary status instead of the survey variable is small. See Chapter 3 
for further discussion. 

Measurement Error in Income Measures 

Aside from the Medicaid undercount, income-measurement error is another 
stylized fact of survey data. Several income components are measured in the 
administrative data: earnings, Social Security income (Old-Age, Survivors, and 
Disability Insurance, or OASDI), and SSI. For these, we can compare survey 
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32 measures with administrative measures at the individual level, or we can 
compare their marginal or joint distributions. Most relevant for our purposes is 
comparing the fraction of individuals whose countable incomes exceed the 
threshold for LIS eligibility, depending on whether the survey or the 
administrative income data are used. As discussed in Chapter 3, this comparison 
shows differences of less than 2 percentage points, which is fairly small. We 
spent some effort on estimating measurement-error models for the HRS for these 
three income components (e.g., earnings measurement-error models along the 
lines of Brownstone and Valletta, 1996), but our efforts did not lead to 
satisfactory models. Given that this did not appear to be an important source of 
bias, we have not pursued this any further. 

Evidently, for the income components for which we do not have administrative 
data (“other unearned income,” which consists primarily of private pensions, 
and rental income), we cannot assess whether there is measurement error and 
whether it has a noticeable impact on the eligibility estimates. There appears to 
be no alternative for assuming that they are measured without error. This holds 
for both the HRS and the SIPP. We can obtain some impression about potential 
measurement error in these variables by comparing the HRS with the SIPP for 
the subpopulation that they share (noninstitutionalized individuals age 53 and 
above). 

Income and Wealth Imputations 

As in all survey data, missing data are prevalent in the SIPP and the HRS, 
because respondents do not know the answer to a question, because they refuse 
to answer, or, occasionally, because of a technical error or an error made by the 
interviewer. When one or more variables that are necessary for the computations 
are missing, we generally cannot determine LIS eligibility unless we use imputed 
values. Both surveys impute many of the missing values, and, consistent with 
common practice, we use the imputations in our computations as if they are 
observed data without measurement error. This is obviously incorrect: The 
imputations are imperfect substitutes, and we can view the resulting values as 
having measurement error as well. 

In a discussion with the expert advisory panel for this study, concerns were 
expressed about the percentage of imputations (especially earnings imputations) 
in the SIPP, as well as the quality of the imputations in the SIPP, especially the 
asset imputations. The imputations in the HRS, as performed by RAND, are 
generally viewed as high quality, both because the HRS uses unfolding-bracket 
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methods, in which respondents are asked to give range answers if they are not 
able or not willing to provide a specific number, and because RAND uses a 
sophisticated statistical model and multistage methodology for the imputations. 

A detailed assessment of the quality of the imputations (in the SIPP as well as the 
HRS) is outside the scope of this study. We briefly address the quality of 
imputations in Chapter 3. Here, we compare rates of imputations in the HRS and 
the SIPP. For the SIPP, we do not consider “logical imputation” to be imputation 
(this applies only to a small percentage of cases), but we do consider “statistical 
imputation” using either the hot-deck or the cold-deck method and “statistical or 
logical imputation based on a previous wave” to be imputation. 

Strictly speaking, the rate of imputation in the HRS is 100 percent for the purpose 
of our baseline eligibility estimates, because we do not have complete calendar 
year 2006 income. For earnings, we multiply the current wage rate (as available 
in the HRS) per period (hour or week) by the usual number of such periods in a 
year. We use current (last month’s) unearned income components when 
available and multiply these by 12. For income components for which current 
information was not available, we use last year’s income. For computing the 
imputation rates, we count using last year’s income as an imputation, which is 
consistent with SIPP definitions (which has the category “statistical or logical 
imputation based on a previous wave”), but we do not count scaling current 
income to annual totals as imputation. 

Using these definitions, the (unweighted) percentage of observations that has 
some imputation in the income or resource variables used for determining 
eligibility in the SIPP survey data is 83.5 percent. When restricting the set of 
variables to only those that are not available in the administrative data, this is 
reduced slightly to 79.8 percent. (Both of these numbers are computed for the 
survey analysis sample, restricted to Medicare beneficiaries, so we have not 
actually computed this for the analysis sample in the SIPP-SSA matched data.) 
For the HRS, this percentage is 59.2 percent. Thus, the rate of observations that 
have some imputation is considerably higher in the SIPP than in the HRS. 
However, the SIPP numbers are based on many more components than the HRS 
ones, because income components are the sums of 12 monthly incomes, and a 
missing value in a single month already leads to “some imputation.” The more 
questions that are asked, the higher the likelihood of some imputation. But it is 
generally believed that asking more questions leads to less bias in the aggregates, 
because small or transitory components are easily omitted from an aggregated 
total when they are not explicitly asked about separately. Hence, it is difficult to 
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of lower-quality data. 

When looking at the income and resource components, we see very low 
imputation rates in the SIPP for income components that are also available in the 
administrative data (e.g., earnings, OASDI, SSI), which explains the small 
difference in overall imputation rates between the survey-only variable set and 
the set that looks only at the variables that are not in the administrative data. 
(There are no missing data in the administrative files; missing values are 
logically zeros there.) As an example, respondent’s OASDI income, which is 
presumably the most important income category for most of the LIS-eligible 
individuals, contains some imputation for only 1.2 percent of the respondents. 
This number is 15.0 percent in the HRS. 

On the other hand, values for “private pensions and other” are imputed much 
more often: In the SIPP, 45.7 percent of the respondents have some imputation in 
this category. If this is imputation of private pension income, this may be an 
important source of uncertainty and bias in the SIPP estimates, but, if this 
imputation is mostly worker’s compensation (which will consist predominantly 
of correct zeros), then this imputation has virtually no effect. We have not 
studied imputation at such a fine level of disaggregation, so we cannot make this 
assessment here. In the HRS, 16.7 percent of respondents have some imputation 
in this income category. 

For resources, the category “financial resources” sees the most respondents with 
some imputation: 44.6 percent in the SIPP and 36.8 percent in the HRS. This 
category contains most of the countable resources for low-income individuals 
(e.g., checking and savings accounts, stocks, bonds, IRAs, debt, and several other 
components that are less prevalent). The cash value of life insurance is also 
imputed more often in the SIPP than in the HRS (21 versus 12 percent), but this 
category is less important. 

If resources are more important for LIS eligibility determination, then these 
imputation rates give some suggestive evidence that the HRS estimates may be 
somewhat more reliable (setting aside the quality of the imputations themselves). 
A similar argument holds for private pensions, if the “private pensions and 
other” imputations are to impute pension values and not income components of 
less importance, such as worker’s compensation. On the other hand, if earnings 
and OASI income are more important for LIS determination, the SIPP has the 
advantage of lower imputation rates and, even more importantly, the match with 
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SSA administrative data, which does not require any imputation and gives high-
quality data for these income components. 

Method for Determining Eligibility 

For purposes of estimating the potentially LIS-eligible population, we need to 
implement the eligibility determination rules, shown schematically in Figure 1.1 
in Chapter 1, that correspond to the LIS regulations. Some of the details of the 
eligibility determination rules, such as who in the household is counted for 
purposes of determining family size and what income and resource components 
are included or excluded, are complex. Appendix C provides additional detail 
about the LIS regulations, while Appendix D outlines the construction of 
variables that are used in the eligibility determination algorithm. In some cases, 
the data required to match the constructs specified in the regulations are not 
available in either the SIPP or the HRS or both. Thus, we either adopt methods to 
approximate those constructs or consider sensitivity analyses to different 
assumptions. 

The eligibility rules are implemented in a computer algorithm that establishes 
Medicare beneficiary status, Medicaid/Medicare Savings beneficiary status, and 
SSI receipt and computes estimates of countable income and countable resources 
(see Appendix D for additional detail). This information is combined to 
determine LIS eligibility status in a manner consistent with Figure 1.1 in Chapter 
1. 

In particular, the eligibility program first computes eligibility indicators for 
different criteria separately and then combines them in an overall eligibility 
indicator. In this way, not only is the total number of eligibles computed, but so 
is the source of eligibility. For all criteria, individuals who are not Medicare 
beneficiaries (Part A or B) are ineligible, so the eligibility criteria indicators are 
restricted to Medicare beneficiaries. In particular, we generate the following 
indicators: 

• The first two indicators are (automatic) eligibility because of SSI receipt or 
because of being a Medicaid/Medicare Savings beneficiary. These 
indicators are simply equivalent to the SSI and Medicaid/Medicare 
Savings indicators, given the Medicare beneficiary status. 

• The next two indicators express how income and resources relate to the 
respective eligibility criteria. For computing the income indicator, the 
algorithm summarized in Table 2.3 is applied. For computing the resource 
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36 Table 2.3—Formula for Calculating Countable Income 

Computation Remark 

1. Replace unearned income by 0 if it is negative.  

2. Subtract the $240/year unearned-income exclusion.  

3. Replace earned income with 0 if it is negative.  

4. If the result of 2 is negative, combine this with earned 
income and set unearned income to 0. 

• The $240 exclusion for unearned income 
may be carried over to earned income if 
countable unearned income is less than 
$240. 

5. From now on, whenever countable earned income 
becomes negative, it is set to 0. This is implicit in the 
steps that follow. 

• Note that there is no carryover from earned 
income to unearned income. 

6. Subtract the $780 exclusion from earned income.  

7. If the respondent is younger than 65, a recipient of 
SSDI, and not legally blind, subtract 16.3% of his or her 
gross earnings from the remaining earned income. 

 If the spouse is younger than 65, a recipient of SSDI, 
and not legally blind, subtract 16.3% of the spouse’s 
gross earnings from the remaining earned income. 

• These are the mean work expenses for a 
disabled person. 

• If actual work expenses are higher, the 
higher amount may be deducted upon 
presentation of proof, so the 16.3% is 
actually a lower bound. 

• We have not attempted to compute 
scenarios in which some individuals deduct 
higher expenses. 

8. Subtract 50% of the remaining amount of earned 
income. 

 

9. If the respondent is younger than 65, a recipient of 
SSDI, and legally blind, subtract 25% of the 
respondent’s gross earnings from the remaining earned 
income. 

 If the spouse is younger than 65, a recipient of SSDI, 
and legally blind, subtract 25% of the spouse’s gross 
earnings from the remaining earned income. 

• See point 7 and note the ordering of 7, 8, 
and 9. 

10. Calculate countable income as countable unearned 
income + countable earned income, as computed in the 
previous steps. 

 

11. If countable income > 150% of the federal poverty 
guideline threshold, the individual is not eligible 
according to the income criterion. 

 If countable income is between 135% and 150% of the 
federal poverty guideline threshold, the individual is 
eligible for partial subsidy according to the income 
criterion. 

 If countable income < 135% of the federal poverty 
guideline threshold, the individual is eligible for full 
subsidy according to the income criterion. 
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indicator, only the $1,500 (singles)/$3,000 (couples) exclusion for funeral 
and burial expenses is subtracted from the measure of countable resources 
before deductions, assuming that everyone expects to need at least this 
amount for his or her own funeral or burial. 

With respect to the measure of countable resources, the LIS administrative data 
allow us to assess the reasonableness of our assumption regarding a 100-percent 
exclusion rate for funeral and burial expenses. As seen in Table 2.4, upward of 70 
to 80 percent of LIS applicants with resources near the eligibility threshold (80 to 
100 percent of the threshold and 100 to 120 percent of the threshold) claimed the 
exclusion of expenses for a funeral or burial. Thus, our assumption of 100-
percent exclusion is not unreasonable and provides a lower bound on countable 
resources. However, in Chapter 3, we present a sensitivity analysis in which we 
assume that no one expects to need resources for a funeral or burial, thereby 
providing an upper bound on countable resources. 

 
Table 2.4—Percentage of LIS Applicants Claiming an Exclusion for Burial Expenses,  

Last Quarter 2004 Through Second Quarter 2008 

Countable-Resources Category 

Percentage Reporting 
Exclusion for Burial 

Expenses 
Less than 80% of threshold 46.4 
80–100% of threshold 76.2 
100–120% of threshold 78.2 
More than 120% of threshold 72.5 

Resources too high as reported by applicanta 20.9 
SOURCE: Authors’ calculations using LIS administrative data. 
a Many respondents in this category do not complete the rest of the LIS application, 

so they do not report whether they need an exclusion for funeral/burial expenses. 
 

In the next step, singles are categorized as ineligible, eligible for partial subsidy, 
or eligible for full subsidy according to the resource criterion (countable 
resources are higher than $10,000, between $6,000 and $10,000, or lower than 
$6,000, respectively). Married individuals are similarly categorized, with $9,000 
and $20,000 as thresholds. 

In the last step, the four eligibility indicators (SSI, Medicaid/Medicare Savings, 
income, and resources) are combined into an overall eligibility indicator as 
follows: 
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1. If the individual is eligible according to SSI or Medicaid/Medicare 
Savings, he or she is classified as automatically eligible for the full 
subsidy. 

2. Otherwise, if the individual is eligible for a full subsidy according to both 
the income and resource criteria, he or she is classified as 
nonautomatically eligible for a full subsidy. 

3. If neither 1 and nor 2 is the case but the individual is eligible for at least a 
partial subsidy according to both the income and resource criteria (i.e., we 
have the combination full/partial, partial/full, or partial/partial for 
income and resource eligibility), he or she is classified as being eligible for 
a partial subsidy. 

4. In all other cases, the individual is classified as ineligible for the LIS. 

One potential methodological concern is that our approach does not take into 
account a possible behavioral response in which individuals would spend down 
their assets over time or reduce their income (e.g., through a reduction in work 
effort) in order to qualify for the LIS. Thus, the distribution of resources (or 
income) that we observe in 2006 may change over time because of an 
endogeneous response to the policy. To assess the potential importance of this 
issue, we examined the distribution of reported income and resources for LIS 
applicants in the LIS administrative data through the second quarter of 2008. As 
seen in Table 2.5, on average, about 19 percent of applicants have income 20 
percent below the eligibility threshold, while about 12 percent have income 20 
percent above the threshold. The fraction is even smaller for the distribution of 
the measure of resources where just 1 to 2 percent of applications are within ± 20 
percent of the resource threshold. 

More importantly, as seen in Figures 2.1 and 2.2, there does not appear to be a 
clear trend over time of an increasing share of applications with income or 
 

Table 2.5—Distribution of Income and Resources for LIS Applicants Relative to Eligibility 
Threshold, Last Quarter 2004 Through Second Quarter 2008 

Range Relative to Eligibility Threshold 

Percentage with 
Income in 

Range 

Percentage with 
Resources in 

Range 
Less than 80% of threshold 36.2 77.8 
80–100% of threshold 18.7 2.0 
100–120% of threshold 12.1 1.2 
More than 120% of threshold 20.9 7.0 

Resources too high as reported by applicant 12.0 12.0 
SOURCE: Authors’ calculations using LIS administrative data. 
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Figure 2.1—Percentage, by Quarter, of LIS Applicants with Income in Range Relative to LIS 
Eligibility Threshold, Second Quarter 2005 Through Second Quarter 2008 

 
SOURCE: Authors’ calculations using LIS administrative data. 
 

 

Figure 2.2—Percentage, by Quarter, of LIS Applicants with Resources in Range Relative to 
LIS Eligibility Threshold, Second Quarter 2005 Through Second Quarter 2008 

 
SOURCE: Authors’ calculations using LIS administrative data. 
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resources  just  below  the  threshold  and  a  declining  share  just  above  the 
threshold.13  Indeed, i n  the  case  of  the  resource  distribution,  there  is  a  slight 
downward  trend  in  the  percentages  both  above  and b elow  the  cutoff, b ut  the 
affected  share  of  applications  near  the  resource  cutoff  is  already  very  small. 
While  not  definitive, t his  evidence  is  consistent  with  a  conclusion  that  there  is  no  
increase  over  time  in  individuals  seeking  to  qualify  for  the  LIS  with  income  or 
resources  close  to  the  eligibility  cutoffs.  

Method  for  Computing  the  Number  of  Potentially  Eligible 
Individuals  and  Their  Characteristics  

In  the  previous  section, w e  indicated  how  we  determine  potential  eligibility  for 
the  LIS  of  an  individual  in  the  sample. T he  number  of  potentially  eligible 
individuals  is  then  a  weighted s um  of  the  indicator  variable  that  is  1  if  the 
individual  is  classified  as  eligible  and  0  otherwise, u sing  the  sampling  weights 
that  we  have  constructed,  as  discussed  earlier. A nalogously, w e  can  estimate  the 
number  of  individuals  who  are  automatically  eligible,  the  number  of  individuals 
who  are  nonautomatically  eligible  for  the  full  subsidy, an d t he  number  of 
individuals  who  are  eligible  for  a  partial  subsidy  only, b y  using  indicator 
variables  for  these  categories  instead  of  the  overall  eligibility  indicator  variable.  

The  second  objective  of  the  study  is  to  describe  and  compare  the  characteristics 
of  the  eligibles  and  noneligibles. T he  characteristics  of  interest  are  mainly 
sociodemographics,  health  status,  and  other  health  insurance  (creditable 
coverage). T his  amounts  to  a  straightforward  computation  of  cross-tabulations  of 
variables  of  interest  against  eligibility  status. H ere, w e  have  used  eligibility  status 
as  a  multiple-category  variable, s o  that  we  can  distinguish  between  the  various 
subtypes  of  eligibility, e specially  automatically  eligible  versus  nonautomatically 
eligible.  

Method  for  Projection  Toward  2008  

The  third  objective  of  the  study  is  to  estimate  the  number  of  eligibles  in  2008. 
Here, w e  use  an  adaptation  of  the  methods  used  to  estimate  the  number  of  

                              
13 

                  
 Figures  2.1  and  2.2  begin  in  the  second  quarter  of  2005  because  there  are  not  enough 

applications  in  the  last  quarter  of  2004  and  first  quarter  of  2005  to  support  disaggregation  by  level 
of  income  or  resources.  



41 
 

 

41 

eligibles in 2006. There are two noticeable differences, however. The first is that 
eligibility criteria change (slightly) over time, so we have to use the new criteria. 
This is straightforward. The second difference is that, for 2008, neither the survey 
data nor the administrative records are available for both the HRS and the SIPP. 
To circumvent this problem, we construct a synthetic sample for 2008. This 
sample is obtained by combining the 2006 microdata with external distributions 
of various variables. The sample is then reweighted such that it matches these 
distributions. We use distributions of sex, age, race-ethnicity, marital status, and 
labor force participation for the civilian noninstitutionalized population as found 
in the January 2008 wave of the CPS, which was available at the time of this 
study. For the nursing home residents in the HRS, we have used distributions of 
sex, age, race-ethnicity, and marital status for the first quarter of 2008, as 
published by CMS, and combined this with the 2004 NNHS to obtain 
distributions for the nursing home residents who are 53 years of age or older. A 
simple example of the projection method is given in Table 2.6 for a hypothetical 
population. Further detail regarding our approach is found in Appendix A. 

In practice, this method is most conveniently carried out by multiplying each 
individual’s sampling weight (already adjusted for attrition, as discussed earlier) 
by a factor that is the ratio of the size in 2008 of the subpopulation (male/female) 
to which he or she belongs and the size of the same subpopulation in 2006. Note 
that the characteristics in the 2006 sample are used; they are not projected toward 
2008 for each individual. In this way, a 66-year-old in the 2006 sample will be 
considered representative of a 66-year-old in 2008. We have information about 
joint distributions of multiple variables, but this is conceptually the same: Each 
combination of sex, age, race-ethnicity, marital status, and labor force 
participation for the civilian noninstitutionalized population (from the BLS 
projections) forms one row of the table. 

 
Table 2.6—Simple Example of the Projection Method 

Sex 

Number of 
Individuals 

(2006) 

Number of  
LIS-Eligible Individuals  

(2006 data, using 2008 rules) 

Number of 
Individuals 

(2008) 

Number of  
LIS-Eligible Individuals 

(2008) 
Male 100  60 120 60 × (120/100) = 72 
Female 200  90 220 90 × (220/200) = 99 
Total 300  150 340 171 

SOURCE: Authors’ calculations for a hypothetical example. 
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42 However, because some cell sizes of such a complete cross-classification become 
small, we combine the demographic characteristics into three partially 
overlapping sets and use the resulting three joint distributions as marginal 
distributions against which the data are reweighted. The principle outlined in 
Table 2.3 is then used to obtain the projection weights, but the scaling factor 
becomes the product of three factors, one for each marginal distribution, such 
that all three marginal distributions are matched exactly. An iterative method 
(raking) for finding these factors is well known and routinely used to compute 
poststratification weights in survey samples. We have used the Stata package 
survwgt for this. For the nursing home residents, we have used the same 
method, albeit in two steps: First, the NNHS 2004 was reweighted toward the 
CMS-published marginals, and second, new marginals were computed from this 
by restricting the sample to individuals who were 53 years old or older and then 
reweighting the demographic distributions of HRS nursing home residents 
toward these new marginals. Appendix A gives more details about the variables 
and categorizations used. 

By adapting sampling weights in this way, relationships between variables of 
interest within the cells that are used for (re)weighting are preserved. Thus, 
assuming that these relationships do not change considerably between 2006 and 
2008, the resulting projections can be expected to give a realistic picture of the 
eligible population in 2008. 

Once synthetic weights for 2008 are thus obtained, computing the projected 
number of LIS-eligible individuals proceeds in the same way as computing the 
estimates for 2006. 

The drawback of this method is that cohort and year effects are captured only to 
the extent that they can be sufficiently explained away by the variables that are 
used for reweighting the data, i.e., demographics and labor force participation. 
We were most concerned about potential general increases in income and 
resources. Therefore, we have computed some of our projections by increasing 
income components in the following way. Earnings (of all individuals) were 
multiplied by the ratio of median weekly earnings in the first quarter of 2008 
divided by the median weekly earnings in the first quarter of 2006.14 Similarly, we 
increased Social Security benefits of the respondents by the benefit increases as 

                                                
14 These medians were taken from BLS (2009). For 2008, this median was $719, whereas it was 

$668 for 2006. Hence, earnings were multiplied by 1.076 (719/668). 
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announced in SSA press releases.15 Rental income was increased by the ratio of 
the median asking rent in the first quarter of 2008 and the median asking rent in 
the first quarter of 2006, as published by the U.S. Department of Housing and 
Urban Development.16 The main component of “other unearned income” in our 
target population is private pensions. We have used the assumption that these 
tend to grow with earnings (in the population, not between years for a given 
individual), and thus we have multiplied “other unearned income” by the same 
factor as earnings. 

We are not aware of similar relevant data (e.g., median checking and savings 
account balances) that can be used to scale resource components between 2006 
and 2008. We have compared median resources in the 2004 and 2006 waves of 
the HRS and found essentially no change (a slight decrease, if anything), so 
extrapolating this would not be useful. Hence, we have made no such changes to 
the resources for our 2008 projections. 

This projection methodology has its limitations in that we have not attempted to 
construct detailed projection models accounting for population, income, and 
wealth dynamics for our target population. Such models are outside the scope of 
this study. It is also worth noting that our projection is for January 2008, which is 
just after the official end of the economy expansion in December 2007, according 
to the National Bureau of Economic Research. The economic downturn will 
likely affect income and resource measures in ways that we have not accounted 
for in these projections, so the number of LIS eligibles for all of 2008 may well 
differ from our estimate for the start of the year. 

Range of Sensitivity Analyses 

The fourth objective of the study is to assess the robustness of the results. This is 
accomplished in several ways. In particular, we provide estimates of standard 
errors, compare results between the SIPP and the HRS when they provide 
estimates for the same subpopulations, and address model uncertainties by 
considering scenarios with alternative assumptions and evaluating to what 
extent the results are sensitive to the assumptions. The discussion thus far has 
already contained some examples of the latter. 

                                                
15 These increases were 3.3 percent in 2007 and 2.3 percent in 2008, so benefits were multiplied 

by 1.057 (1.033 × 1.023). 
16 These rents were $1,138 for 2008 and $1,008 for 2006, respectively, so rental income was 

multiplied by 1.129 (1,138/1,008). 
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44 Sampling Error 

We compute standard errors for our parameter estimates and for the number of 
eligibles, as is usual for statistical models. Point estimates and predictions are, of 
course, the focus of interest. However, without an impression of the accuracy of 
these estimates and predictions, the usefulness of these point estimates and 
predictions is not very high. Accuracy can be divided into sampling error, which 
is an intrinsic part of each analysis based on a sample, and nonsampling error, 
which typically is a source of bias. The first is the statistical uncertainty inherent 
in any sample-based analysis. Standard errors are therefore computed for the 
estimated parameters, and, based on these, confidence intervals can be calculated 
for the estimated numbers of eligibles. 

Computation of standard errors involves taking into account the particular 
complex survey design in each of the surveys in estimating confidence intervals. 
The surveys use combinations of stratification (which decreases sampling 
variability), clustering (which increases sampling variability but decreases 
sampling cost), and oversampling of smaller groups that are likely to be 
different, such as ethnic minorities or people from poorer areas (which, after 
reweighting, decreases sampling variability). To take these design features into 
account, information about stratum and cluster membership for each observation 
is needed. Both the HRS and the SIPP give stratum and half-sample identifiers, 
which we have used to compute standard errors. We have applied the relatively 
straightforward robust linearization standard errors implemented in Stata. 
Balanced repeated replication (BRR) variance techniques (e.g., Shao and Tu, 
1995), which are available in Stata's survey module as well, are often considered 
improvements over linearization, but initial comparisons showed that the 
differences are extremely small in our case. BRR requires significantly more 
computing time, however, and therefore we have chosen to use only the 
linearization standard errors. 

The standard errors do not take uncertainty about the eligibility variables 
themselves into account. That is, the classification as being eligible or falling into 
one of the subcategories of eligibility is assumed to be without error. Clearly, this 
assumption is too strong. This is most obvious for the HRS analyses, in which we 
use imputations of Medicaid/Medicare Savings beneficiary status based on a 
statistical model estimated (with sampling error) from the 2002 matched data. In 
principle, it would be possible to compute standard errors that take this 
particular form of uncertainty into account, by using multiple imputation 
techniques, bootstrapping, or Bayesian methods. However, we believe that this 
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would focus too much on an aspect of uncertainty that may not be the most 
important one. Hence, we have chosen to address this form of uncertainty, along 
with other questions relating to the construction of the variables, by performing 
sensitivity analyses. See the additional discussion that follows and in Chapter 3 
for the details. 

Comparing the Separate SIPP and HRS Estimates 

Although there are some subpopulations for which eligibility can be estimated 
from either the SIPP or the HRS but not both, for some subpopulations, estimates 
can be obtained from both sources. These can then be combined to obtain an 
optimal estimate. But these separate estimates, with their standard errors, also 
provide a robustness check. If they are very different (taking the standard errors 
into account), this means that there is a large amount of nonsampling error and 
thus the estimates are not robust. On the other hand, if these separate estimates 
are very similar, this gives credence to their values and the method in general. 

Comparing Survey-Based and Administrative Records–Based Estimates 

For the SIPP analyses, we have computed eligibility estimates using survey data 
alone and estimates using the matched survey-administrative data. Large 
discrepancies between these would point to a large impact of measurement error 
(presumably in the survey data), whereas small discrepancies would suggest that 
measurement error is not an important problem. In addition to being informative 
about the potential measurement errors in the income components and other 
variables that are present in the administrative data, this could be considered 
tentative evidence of overall quality of the data and thus give more or less 
confidence in the survey variables that have no administrative counterparts and, 
by implication, more or less confidence in the eligibility estimates. 

For the HRS, we can do this exercise only for 2002, for the HRS cohort (as 
explained in Appendix A). But we can also do a similar exercise (restricted to the 
Medicaid/Medicare Savings variable) for 2006 by comparing the results obtained 
using only survey data with results obtained by imputing Medicaid/Medicare 
Savings beneficiary status. 
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46 Effects of Nonsampling Error 

Assessment of nonsampling error plays an important role in the analyses. As has 
become clear from the discussion thus far, data limitations and potential 
distortions require us to make various assumptions, combine results from 
external sources with results from the available data, and so on. These 
assumptions are largely untestable. Therefore, we address these uncertainties by 
considering scenarios with alternative assumptions and evaluating to what 
extent the results are sensitive to the assumptions. Where possible, we also 
estimate upper and lower bounds by imputing probabilities of 1 or 0. This can be 
viewed as an extreme form of scenario evaluation. 

For example, in some cases, upper and lower bounds for the assumptions (e.g., 
the percentage of individuals who expect to use some of their resources for their 
own funeral or burial) lead to upper and lower bounds for the number of LIS-
eligible individuals. Depending on how many individuals are affected by the 
assumption and the extent to which the assumption affects them, the bounds can 
be very tight or very wide. 
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3. Estimates of Medicare Part D LIS Eligibility 

In this chapter, we implement the methodology described in Chapter 2 and the 
appendixes to estimate the potentially LIS-eligible population. We begin with 
baseline estimates of the LIS-eligible population for 2006, followed by results of 
several sensitivity analyses. We then present results for the characteristics of the 
LIS-eligible population based on the baseline estimates for 2006. The final section 
provides projections to 2008. 

Baseline Estimates of LIS-Eligible Individuals in 2006 

We begin with our baseline estimates of the LIS-eligible population as of January 
2006. These baseline estimates are generated using the following methodology 
for the SIPP and the HRS: 

• For the SIPP part of the analysis, the baseline estimates use the 
administrative data for 2006 for the SIPP sample, as well as 2006 income 
data for income components without administrative data, as discussed in 
Chapter 2. Wealth data are taken from the wave 6 TM (TM6). Other 
variables come from time-invariant information from the SIPP survey data 
and some variables (mainly sociodemographic) from the wave 7 TM 
(TM7), which was administered February–May 2006. The attrition-match-
adjusted weights are rescaled to match the CPS marginal distribution. 
Census-defined family size is used, and the upper bound is used for the 
exclusion for funeral and burial expenses (i.e., the full exemption is 
assumed to apply to all individuals). 

• For the HRS part of the analysis, the baseline estimates use the 2006 
survey data, as described in Chapter 2. The attrition-adjusted weights are 
rescaled to match the CPS marginal distribution for the 
noninstitutionalized population and marginal distributions derived from 
a combination of CMS tables and NNHS data for nursing home residents. 
The Medicaid/Medicare Savings imputation model is incorporated, and 
upper bounds are used for estimating family size (i.e., the respondent, 
spouse, and all potential dependents) and the exclusion for funeral and 
burial expenses (i.e., the full exemption is assumed to apply to all 
individuals). 



48 

 

 

48 Table 3.1 summarizes the sources of data available for the six cells that comprise 
the combination of population disaggregated by age group (three groups) and 
institutionalization status (two groups). As shown in the table, our approach  
combines estimates from the SIPP and the HRS, in some cases relying on only one  
data source or the other. For example, the SIPP is the only source of information 
on the noninstitutionalized population age 52 and below (one cell). The HRS is 
the only source of information on the nursing home population age 53 and above 
(two cells). Both data sources cover the noninstitutionalized population age 53 
and above (two cells). Neither data source provides information on the nursing 
home population under age 53 (one cell).17 For those cells for which both data 
sources are available, the results we present for the baseline estimate are based  
on the average of the separate estimates for each data source. The estimates for 
the marginal totals by age group or by institutionalization status, and the grand 
total, are based on summing within columns or across rows. 

 
Table 3.1—Data Sources for Estimates of LIS-Eligible Population, by Age Group and 

Institutionalization Status 

 By Age Group  

Population Group 0–52 53–64 65+ Total 

Noninstitutionalized population SIPP SIPP-HRS 
average 

SIPP-HRS 
average 

Sum across 
age groups 

Nursing home population — HRS HRS Sum across 
age groups 

Total population SIPP Sum within 
age group 

Sum within 
age group 

Sum within 
total 

 

Total LIS-Eligible Population 

Using the approach summarized in Table 3.1, Table 3.2 reports results, stratified 
by age group, for the baseline estimated number of Medicare beneficiaries, with 
a breakdown by those estimated not to be LIS eligible and those estimated to be 
LIS eligible. We further disaggregate those estimated to be eligible for the LIS by 
the eligibility pathway and degree of subsidy. Results in panel a are for numbers 
in millions, while panel b reports outcomes as percentage distributions. 

                                                
17 From the combined CMS-NNHS data, we estimate the size of this population as about 

75,000 in 2006 and 77,000 in 2008. Hence, the underestimation of the number of LIS eligibles 
because of this omission is relatively small. 
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Table 3.2—Baseline Estimate of Potentially LIS-Eligible Population in 2006  
(standard errors in parentheses) 

 By Age Group  

Measure 0–52 53–64 65+ Total 

a. Number (millions) 
Total Medicare beneficiaries 3.465 3.271 35.297 42.033 

 (0.255) (0.165) (0.835) (0.998) 
Not eligible for LIS 0.697 1.692 27.406 29.795 
 (0.088) (0.122) (0.693) (0.737) 

Eligible for LIS 2.768 1.580 7.891 12.238 
 (0.228) (0.115) (0.269) (0.425) 
Automatically eligible, full subsidy 2.035 0.910 3.972 6.917 
 (0.191) (0.084) (0.174) (0.290) 
Other eligible, full subsidy 0.560 0.541 2.720 3.821 
 (0.093) (0.066) (0.126) (0.185) 
Other eligible, partial subsidy 0.173 0.129 1.199 1.500 

 (0.045) (0.056) (0.082) (0.108) 
b. Percentage distribution 

Total Medicare beneficiaries 100.0 100.0 100.0 100.0 
Not eligible for LIS 20.1 51.7 77.6 70.9 

Income only too high  5.7 17.9 15.8 15.1 
Resources only too high  5.5 7.2 9.8 9.3 
Income and resources too high  8.9 26.6 52.1 46.5 

Eligible for LIS 79.9 48.3 22.4 29.1 
Automatically eligible, full subsidy 58.7 27.8 11.3 16.5 
Other eligible, full subsidy 16.2 16.5 7.7 9.1 
Other eligible, partial subsidy 5.0 3.9 3.4 3.6 

SOURCE: Author’s calculations using SIPP, HRS, and SSA administrative data. 
NOTE: The sample sizes are 26,354 persons for the SIPP, 4,727 of whom are Medicare beneficiaries, and 16,060 

persons for the HRS, 10,725 of whom are Medicare beneficiaries. 
 

Estimated standard errors are reported for the absolute figures. In panel b, we 
also disaggregate the group that is estimated to be ineligible for the LIS by 
whether income only is too high, resources only are too high, or both income and 
resources are too high. 

According to these estimates, as of January 2006, there were 42.0 million 
Medicare beneficiaries. This accords well with administrative data from CMS 
indicating a Medicare beneficiary population of 41.9 million in 2006. Of that total, 
we estimate that 12.2 million persons, or 29 percent, of Medicare beneficiaries 
were potentially eligible for the LIS. The estimated standard error is about 0.43 
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50 million, so the approximate error bands would be plus or minus 860,000 persons. 
Of the total number of potentially LIS-eligible persons, most are eligible for a full 
subsidy, either through automatic eligibility (6.9 million) or by qualifying based 
on low income and resources (3.8 million). The remaining 1.5 million persons 
would be eligible for a partial subsidy. The estimate of 6.9 million automatically 
eligible for the LIS is below the CMS estimate of 7.3 million as of May 2006, a 
figure based on the CMS Management Information Integrated Repository (CMS, 
2006). The benchmark of 7.3 million is within the error band of the estimate in 
Table 3.2, however. 

Overall, of those who are not eligible, most have both income and resources too 
high (47 percent of the 71 percent of ineligible Medicare beneficiaries). The 
remainder have either income only too high (15 percent) or resources only too 
high (9 percent). The disaggregation by age group shows a higher rate of 
eligibility among Medicare beneficiaries for younger age groups. This is to be 
expected, since those under age 65 who are eligible for Medicare qualify due to a 
work-limiting disability, which increases the likelihood of having low income 
and resources compared with the population age 65 and above, who qualify for 
Medicare because of age. 

LIS-Eligible Population, by Institutionalization Status 

Tables 3.3 and 3.4 disaggregate the baseline results by institutionalization status. 
Estimates are reported in Table 3.3 for the noninstitutionalized population, while 
Table 3.4 reports estimates for the nursing home (i.e., institutionalized) 
population. These estimates show that about 11.6 million persons eligible for the 
LIS are in the noninstitutionalized population, while just 0.6 million of those 
potentially eligible are in nursing homes. The LIS eligibility rate is higher for the 
nursing home population (50 versus 29 percent), which is to be expected. For 
both population groups, the percentage of ineligible individuals who have both 
income and resources that exceed the LIS thresholds is larger than the percentage 
with only income or only resources that exceed the thresholds. 

Noninstitutionalized LIS-Eligible Population, by Data Source 

As shown in Table 3.1, estimates of LIS eligibility for the noninstitutionalized 
population are available for both the HRS and the SIPP. This overlap occurs for 
the two older population groups, those 53 to 64 and those 65 and older. Table 3.5 
reports SIPP and HRS results using the baseline methodology side-by-side for 
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Table 3.3—Baseline Estimate of Potentially LIS-Eligible Population in 2006,  
Noninstitutionalized Population  
(standard errors in parentheses) 

 By Age Group  

Measure 0–52 53–64 65+ Total 
a. Number (millions) 

Total Medicare beneficiaries 3.465 3.159 34.178 40.801 
 (0.255) (0.155) (0.820) (0.972) 
Not eligible for LIS 0.697 1.692 26.787 29.175 
 (0.088) (0.122) (0.684) (0.727) 

Eligible for LIS 2.768 1.467 7.392 11.626 
 (0.228) (0.101) (0.267) (0.421) 
Automatically eligible, full subsidy 2.035 0.864 3.652 6.551 
 (0.191) (0.069) (0.172) (0.283) 
Other eligible, full subsidy 0.560 0.527 2.578 3.665 
 (0.093) (0.068) (0.123) (0.183) 
Other eligible, partial subsidy 0.173 0.076 1.162 1.410 

 (0.045) (0.018) (0.080) (0.094) 

b. Percentage distribution 
Total Medicare beneficiaries 100.0 100.0 100.0 100.0 

Not eligible for LIS 20.1 53.6 78.4 71.5 
Income only too high  5.7 18.5 15.6 15.0 
Resources only too high  5.5 7.5 9.9 9.3 
Income and resources too high  8.9 27.6 52.9 47.2 

Eligible for LIS 79.9 46.4 21.6 28.5 
Automatically eligible, full subsidy 58.7 27.4 10.7 16.1 
Other eligible, full subsidy 16.2 16.7 7.5 9.0 
Other eligible, partial subsidy 5.0 2.4 3.4 3.5 

SOURCE: Author’s calculations using SIPP, HRS, and SSA administrative data. 
NOTE: The sample sizes are 26,354 persons for the SIPP, 4,727 of whom are noninstitutionalized Medicare 

beneficiaries, and 16,060 persons for the HRS, 10,341 of whom are noninstitutionalized Medicare beneficiaries. 
 

these two age groups of the noninstitutionalized population. These figures point  
to several differences in the estimates based on the two data sources. First,  
consider differences for the noninstitutionalized population age 53 to 64. The  
HRS generates a somewhat larger estimate than the SIPP of the LIS-eligible 
population in this age group (1.6 million versus 1.3 million). But, since the HRS 
estimate of the number of Medicare beneficiaries in this age group is also higher, the 
LIS eligibility rate is about 46 percent in both the SIPP and the HRS. However, the 
HRS shows a lower rate of automatic eligibility than the SIPP (25 versus 31 percent). 
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52 Table 3.4—Baseline Estimate of Potentially LIS-Eligible Population in 2006,  
Nursing Home Population  

(standard errors in parentheses) 

 By Age Group  

Measure 0–52 53–64 65+ Total 
a. Number (millions) 

Total Medicare beneficiaries — 0.113 1.119 1.232 
  (0.071) (0.073) (0.109) 
Not eligible for LIS — 0.000 0.620 0.620 
  (0.000) (0.058) (0.058) 

Eligible for LIS — 0.113 0.499 0.612 
  (0.071) (0.050) (0.093) 
Automatically eligible, full subsidy — 0.046 0.320 0.366 
  (0.046) (0.037) (0.064) 
Other eligible, full subsidy — 0.014 0.142 0.156 
  (0.014) (0.024) (0.029) 
Other eligible, partial subsidy — 0.052 0.037 0.090 

  (0.052) (0.014) (0.054) 

b. Percentage distribution 

Total Medicare beneficiaries — 100.0 100.0 100.0 
Not eligible for LIS — 0.0 55.4 50.3 

Income only too high  — 0.0 20.3 18.5 
Resources only too high  — 0.0 8.4 7.6 
Income and resources too high  — 0.0 26.7 24.2 

Eligible for LIS — 100.0 44.6 49.7 
Automatically eligible, full subsidy — 40.8 28.6 29.7 
Other eligible, full subsidy — 12.7 12.7 12.7 
Other eligible, partial subsidy — 46.4 3.3 7.3 

SOURCE: Author’s calculations using HRS data. 
NOTE. The sample size is 16,060 persons, 384 of whom are Medicare beneficiaries who live in nursing homes. — 

= not applicable. 
 

Instead, the HRS places the differential (6 percentage points) in the 
nonautomatically eligible group, but with a full subsidy. Thus, the rate of 
eligibility for a partial subsidy is similar. The two data sources show similar rates 
of income or resources exceeding the respective LIS eligibility thresholds. Among 
those not eligible, the HRS shows a somewhat smaller share who are ineligible 
because both income and resources are too high (26 versus 30 percent) and 
somewhat higher shares ineligible because income alone or resources alone are 
too high. 
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Table 3.5—Baseline Estimate of Potentially LIS-Eligible Population in 2006 Using SIPP or 
HRS Alone, Noninstitutionalized Population  

(standard errors in parentheses) 

 Age group: 53–64 Age group: 65+ 

Measure SIPP HRS SIPP HRS 
a. Number (millions) 

Total Medicare beneficiaries 2.853 3.464 34.296 34.060 
 (0.184) (0.250) (1.333) (0.954) 
Not eligible for LIS 1.531 1.853 25.601 27.972 
 (0.134) (0.203) (1.041) (0.887) 

Eligible for LIS 1.322 1.611 8.694 6.089 
 (0.128) (0.155) (0.456) (0.278) 
Automatically eligible, full subsidy 0.873 0.855 4.345 2.959 
 (0.098) (0.098) (0.288) (0.189) 
Other eligible, full subsidy 0.375 0.679 3.059 2.097 
 (0.065) (0.120) (0.219) (0.113) 
Other eligible, partial subsidy 0.075 0.077 1.291 1.032 

 (0.032) (0.018) (0.140) (0.077) 

b. Percentage distribution 
Total Medicare beneficiaries 100.0 100.0 100.0 100.0 

Not eligible for LIS 53.7 53.5 74.6 82.1 
Income only too high  17.6 19.3 16.6 14.6 
Resources only too high  6.5 8.2 10.2 9.5 
Income and resources too high  29.5 26.0 47.8 58.0 

Eligible for LIS 46.3 46.5 25.4 17.9 
Automatically eligible, full subsidy 30.6 24.7 12.7 8.7 
Other eligible, full subsidy 13.1 19.6 8.9 6.2 
Other eligible, partial subsidy 2.6 2.2 3.8 3.0 

SOURCE: Author’s calculations using SIPP, HRS, and SSA administrative data. 
NOTE: The sample sizes are 26,354 persons for the SIPP, 4,727 of whom are noninstitutionalized Medicare 

beneficiaries, and 16,060 persons for the HRS, 10,341 of whom are noninstitutionalized Medicare beneficiaries. 
 

More striking are the differences in the estimates for the two data sources for the 
noninstitutionalized population age 65 and above. In this case, the HRS generates 
a slightly lower estimate of the number of Medicare beneficiaries than the SIPP—
a differential of about 200,000—but a much lower estimate of the LIS-eligible 
population—a differential of about 2.6 million. Consequently, the LIS eligibility 
rate for this population is just 18 percent according to the HRS, versus 25 percent 
based on the SIPP. The HRS rate of eligibility is lower for each of the eligibility 
pathways shown in Table 3.5, but the differential is largest (4 percentage points) 
in the automatically eligible group. Compared to the SIPP, the HRS estimates a 
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54 higher fraction of ineligible individuals age 65 and above because both income 
and resources are too high (58 versus 48 percent). 

Total LIS-Eligible Population with Alternative Weighting by Data Source 

Given the differences between the SIPP and the HRS in the estimate of LIS 
eligibility for the noninstitutionalized population, we have calculated alternative 
baseline estimates of LIS eligibility for the total population with two alternative 
schemes for weighting results from the SIPP and the HRS. The baseline estimates 
in Table 3.2 average the HRS and SIPP estimates when both are available for the 
same subpopulation (as shown in Table 3.1). One alternative is to give preference 
to the SIPP estimates when both data sources are available and use the HRS only 
when it is the sole source of data for a given subpopulation (i.e., the 
institutionalized population age 53 and above). The other alternative is to give 
preference to the HRS when both data sources are available and use the SIPP 
only for those subpopulations for which it is the only source of data (i.e., the 
noninstitutionalized population under age 53). These two extremes will bound 
the estimates, shown in Table 3.2, that we obtain when we average the two data 
sources. 

Table 3.6 shows the estimates of the potentially LIS-eligible population using 
these alternative weights for the two data sources. The first column repeats the 
results in the final column of Table 3.2. The second column shows the results 
obtained when the SIPP is given preference, while the third column is based on 
preference given to the HRS. When the SIPP is treated as the preferred data 
source, the estimated LIS-eligible population is higher by about 2.3 million 
persons than when the HRS is treated as the preferred data source, a total of 13.4 
million versus 11.1 million. When the standard errors for these estimated figures 
are used to create 95-percent confidence intervals, the estimates range from a 
lower bound based on the HRS of 10.3 million eligible for the LIS, versus an 
upper bound of 14.6 million eligibles based on the SIPP. The point estimates and 
95-percent confidence intervals are plotted in Figure 3.1 to further illustrate the 
relatively wide range of estimates obtained from the two data sources. 

Recall the CMS benchmark of 41.9 million Medicare beneficiaries: The SIPP-
preferred estimate appears to be slightly more accurate than the HRS-preferred 
one, although the benchmark would be within the error band of both the SIPP- 
and HRS-preferred estimates. Since the Medicare beneficiary status measure in 
the SIPP is based on administrative data, the accuracy of the estimate is only 
affected by the representativeness of the sample after our reweighting 
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Table 3.6—Baseline Estimate of Potentially LIS-Eligible Population in 2006,  
Alternative Weighting Given to HRS and SIPP Estimates  

(standard errors in parentheses) 

 Total Population 

Measure 

HRS and 
SIPP 

Average 
SIPP 

Preference 
HRS 

Preference 

a. Number (millions) 

Total Medicare beneficiaries 42.033 41.845 42.221 
 (0.998) (1.537) (1.034) 
Not eligible for LIS 29.795 28.449 31.141 
 (0.737) (1.113) (0.908) 

Eligible for LIS 12.238 13.396 11.079 
 (0.425) (0.620) (0.406) 
Automatically eligible, full subsidy 6.917 7.618 6.215 
 (0.290) (0.388) (0.303) 
Other eligible, full subsidy 3.821 4.150 3.492 
 (0.185) (0.270) (0.204) 
Other eligible, partial subsidy 1.500 1.628 1.372 

 (0.108) (0.161) (0.103) 

b. Percentage distribution 

Total Medicare beneficiaries 100.0 100.0 100.0 
Not eligible for LIS 70.9 68.0 73.8 

Income only too high  15.1 15.8 14.4 
Resources only too high  9.3 9.5 9.0 
Income and resources too high  46.5 42.7 50.3 

Eligible for LIS 29.1 32.0 26.2 
Automatically eligible, full subsidy 16.5 18.2 14.7 
Other eligible, full subsidy 9.1 9.9 8.3 
Other eligible, partial subsidy 3.6 3.9 3.2 
SOURCE: Author’s calculations using SIPP, HRS, and SSA administrative data. 
NOTE: The sample sizes are 26,354 persons for the SIPP, 4,727 of whom are Medicare 

beneficiaries, and 16,060 persons for the HRS, 10,725 of whom are Medicare beneficiaries. The 
results in the first column are the same as those in the last column of Table 3.2. The results of 
the second column use the HRS estimates for any cells for which estimates are available for 
both the HRS and the SIPP (see Table 3.1), while the opposite is true for the third column. 

 

methodology is applied. In the case of the HRS, the estimate is based on self-
reported Medicare beneficiary status, so measurement error and sample 
representativeness would both play a role. We also note that the SIPP-preferred 
result overestimates the CMS benchmark of 7.3 million automatic LIS eligibles by 
about 300,000 persons, while the HRS-preferred result underestimates that figure 
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56 Figure 3.1—Point Estimates and Confidence Intervals for Baseline Estimate of Potentially 
LIS-Eligible Population in 2006, Alternative Weighting Given to HRS and SIPP Estimates 

 
SOURCE: Author’s calculations using SIPP, HRS, and SSA administrative data. 
NOTE: Error bars show approximate 95-percent confidence intervals, accounting for 

sampling variability. See Table 3.6 for point estimates, standard errors, and sample sizes. 
 

by about 1.1 million. Again, the SIPP estimate is based on administrative data, 
whereas the HRS estimate is based on a model-based imputation using 
administrative data for Medicaid/Medicare Savings coverage and self-reported 
data on SSI beneficiary status. 

Distributional Differences in SIPP Versus HRS Data 

Given the differences observed in Figure 3.1 between LIS eligibility estimates 
based on the SIPP versus the HRS, we examine more closely the distribution of 
income and resources in the two data sources (based on survey data only) for the 
population of noninstitutionalized Medicare beneficiaries age 53 and above, the 
subpopulation they both cover. Table 3.7 provides selected percentiles in the 
lower half of the distribution—most relevant for LIS eligibility determination—of 
countable income components (earnings and unearned income, before 
deductions) and two variants of countable resources (without and with 401(k)s, 
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both before deductions). Since countable income and resource measures include 
amounts for the individual and spouse in the case of married persons, we show 
results in Table 3.7 for married individuals only. Appendix E provides plots of 
the full distribution of countable income and countable resources (without 
401(k)s) before deductions as of 2006, separately for both married and single 
noninstitutionalized Medicare beneficiaries age 53 and above. 

As seen in Table 3.7, the differences in the two data sources in the distribution of 
earnings and unearned income are modest, with higher incomes in the SIPP at 
the 10th and 25th percentiles than found in the HRS, nearly equal values at the 
median, and a higher mean in the HRS than the SIPP. The full distributions 
plotted in Appendix E reflect this pattern for married persons of a fatter lower 
tail in the SIPP income distribution but a fatter upper tail in the HRS income 
distribution (see Figure E.1). The pattern is somewhat different for single 
persons, with a fatter lower tail in the HRS distribution of countable income and 
similar densities in the upper tail for both data sources (see Figure E.2 in 
Appendix E). 

 
Table 3.7—Percentiles and Means of Distributions of Countable Income Components and 
Countable Resource Measures (both before deductions) for the SIPP and the HRS in 2006,  

Noninstitutionalized Married Medicare Beneficiaries Age 53 and Above 

 

Countable Income 
Components 

(2006 $) 

 Countable Resource 
Measures 
(2006 $) 

Measure Earnings 
Unearned 

Income 

 Resources 
(without 
401(k)s) 

Resources 
(with 

401(k)s) 
10th percentile      
 SIPP 0 10,016   0 0 
 HRS 0 9,402   0 — 
25th percentile           
 SIPP 0 14,292   700 1,000 
 HRS 0 13,890   4,000 — 
50th percentile (median)           
 SIPP 0 22,688   26,000 30,100 
 HRS 0 22,752   67,972 — 
Mean           
 SIPP 6,033 28,009   151,817 162,484 
 HRS 10,952 33,068   376,509 — 

SOURCE: Author’s calculations using SIPP, HRS, and SSA administrative data. 
NOTE: The data are weighted using the same CPS-adjusted weights as used in the 

baseline methodology. — = not applicable. 
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58 The differences in the resource distribution are more striking. For the measure of 
resources excluding 401(k)s, the measure for which the two data sources can be 
compared, the HRS percentile points are two to four times higher than those for 
the SIPP. The inclusion of 401(k) balances in the resource measure does little to 
close the gap. Again, the density plots in Appendix E show that the HRS 
resource distribution is shifted to the right of the SIPP distribution for both 
married and single Medicare beneficiaries (see Figures E.3 and E.4). 

These underlying distributional differences between the SIPP and the HRS—
especially in the distribution of resources—explain much of the differential 
estimates of LIS eligibility. Since we have no administrative data with which to 
assess potential error in the measurement of countable resources, we must rely 
on other information about the quality of the survey data. The HRS has long 
been viewed as collecting high-quality data on wealth (and income), both 
because the survey instrument asks about a more disaggregated set of wealth 
components and because of the use of unfolding brackets to bound responses 
regarding each wealth component into specific ranges when a respondent is 
unwilling or unable to provide a specific figure (Juster and Smith, 1997). Other 
recent innovations in the collection of income data in the HRS, along with the 
long-standing use of unfolding brackets, have been demonstrated to improve the 
quality of both the income and asset measures (Hurd, Juster, and Smith, 2003). In 
contrast, the recent analysis of asset distributions in the SIPP by Scholz and 
Seshadri (2008) suggests that the SIPP underestimates assets, especially for 
individuals at the bottom of the income distribution. This suggests placing 
relatively more weight on the HRS estimates of LIS eligibility (i.e., weighting 
toward the bottom bar in Figure 3.1) or, at most, weighting the two data sources 
equally as we do in our baseline estimate (the top bar in Figure 3.1). 

Our analysis of SIPP-HRS income differences is corroborated by Czajka and 
Denmead (2008). They compared the measurement of income, program 
participation, and other topics in eight widely used surveys, including the SIPP 
and the HRS.18 Regarding income distributions, Czajka and Denmead find that 
the SIPP captures more income in the lowest quintile, leading to fewer poor, but 
less income in the other quintiles, leading to more near-poor (100–200 percent of 
the FPL). The latter would lead to a larger estimate of the number of individuals 
nonautomatically eligible for the LIS. Czajka and Denmead seem to suggest that 

                                                
18 Their results are based on income data for 2002, so they use waves 4–7 of the 2001 SIPP 

panel. For the HRS, they use wave 7 (2004), which includes calendar year 2003 annual income, 
and deflate that by the CPI-U toward 2002. 
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this is a weakness of the SIPP, and thus we may expect the SIPP estimates of 
nonautomatically eligible individuals to be too high. 

At the same time, Czajka and Denmead (2008) find that, for the same population, 
average family income in the HRS is much higher than in all the other surveys. 
The differences are consistent across most of the income distribution, but larger 
in the top quintile. Also, the difference is larger for couples than for singles, 
which they attribute (partially) to the definition of “couple” in the RAND HRS, 
which includes nonmarried partners.19 Czajka and Denmead state that more 
study is necessary to be able to conclude whether the much higher income in the 
HRS is an indication of quality (in the sense of capturing actual income that is not 
captured by the other surveys) or an indication of another difference between the 
HRS and the other surveys. 

For our analyses, the HRS-SIPP differences should be smaller, because we are not 
concerned with the top income quintile and we restrict definition of a “couple” 
only to married persons (according to the LIS regulations). Indeed, our results 
appear to indicate smaller differences in income distributions in the relevant 
range than Czajka and Denmead report, but they are still noticeable. 

Czajka and Denmead (2008) also conclude that the SIPP estimates of program 
participation are much better than those of the other surveys. This corroborates 
our finding that the SIPP-preferred estimates of the number of individuals 
automatically eligible for the LIS (through Medicaid/Medicare Savings or SSI) 
are higher (and better) than those of the HRS-preferred ones. 

In the next section, we investigate the sensitivity of results using alternative 
methods separately for the HRS and the SIPP. Later, we recalculate the results in 
Table 3.6 for the methodological approaches that generate the largest 
differentials. As we will see, the differences attributable to methodological 
choices using either the HRS or the SIPP are considerably smaller than the 
differences we see in Figure 3.1 attributable to basic differences in the two data 
sources themselves. 

                                                
19 In addition to their interpretation, we might add that, if income grows faster than prices 

(i.e., there is real economic growth), then the deflated 2003 income from the HRS should still be 
higher than the 2002 income from the other surveys. Social Security benefits typically grow with 
the CPI, so this is most relevant for earnings and perhaps private pensions. 
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60 Sensitivity Analysis for Eligibility in 2006 

Tables 3.8 and 3.9 report results for the SIPP and the HRS, respectively, with 
several alternative estimates based on changes in the methodology or 
assumptions. The SIPP estimates pertain to the noninstitutionalized population, 
while the HRS estimates apply to the noninstitutionalized and institutionalized 
populations age 53 and above. Thus, the results are not comparable across the 
tables because they are for different populations. However, within each table, we 
can examine the robustness of results to variation in methods and assumptions 
for that data source. 

Each table shows the baseline estimate (S0 and H0, respectively), consistent with 
the assumptions used to generate Tables 3.2 through 3.6, followed by several 
variants. We consider five alternative estimates for the SIPP (S1, S3, S4, S5, and 
S6) and five alternative estimates for the HRS (H1, H2, H3, H5, and H7). When 
the S and H alternatives have the same index number, they are for a similar 
methodological adjustment (e.g., S1 and H1 both use weights that adjust for 
panel attrition and selective matching of survey and administrative data, but 
they do not reweight to match the CPS marginals as is done in the baseline 
estimates). The table columns report estimates of the number of Medicare 
beneficiaries and the number of LIS-eligible persons versus those not eligible. 
Among those eligible, we show estimates disaggregated by the pathway and 
degree of subsidy. For each alternative estimate, we show results in absolute 
numbers in millions and as percentages of the Medicare-eligible population. 

For the most part, these results show that the estimates are quite robust to 
changes in the methodology and other assumptions about what is included in 
countable resources. However, there are some notable differences, some of which 
merit closer scrutiny. More specifically, these results show the following: 

• The estimated absolute number of LIS eligibles is modestly sensitive to the 
reweighting to match the CPS marginals. As noted earlier, alternatives S1 
and H1 are the same as the baseline except that the weights are not 
adjusted to the CPS marginals. Thus, the weights adjust only for potential 
selectivity in panel attrition and in survey-administrative data matching. 
In the case of the SIPP, omitting the CPS reweighting results in a higher 
absolute estimate of the number of Medicare beneficiaries and LIS 
eligibles (by about 3 percent, or 1.3 million and 455,000, respectively), but 
no change in the LIS eligibility rate. There is also little change between S1 
and S0 in the rate of eligibility by type. In contrast, H1 produces a smaller 
estimate of Medicare beneficiaries and LIS eligibles (by 1 to 2 percent), 
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Table 3.8—Sensitivity Analyses for the Estimated LIS-Eligible Population in 2006 Based on the SIPP,  

Noninstitutionalized Population 

   LIS Eligibility Status  LIS Eligibility by Type 

Estimate 
Medicare 

Beneficiaries  Not Eligible Eligible 

 

Automatic, 
Full Subsidy 

Other 
Eligible,  

Full Subsidy 

Other 
Eligible,  
Partial 

Subsidy 

S0: 2006, SIPP and SSA admin. data, CPS reweight (N, millions) 40.614  27.829 12.785  7.253 3.994 1.538 
S0: 2006, SIPP and SSA admin. data, CPS reweight (%) 100.0  68.5 31.5  17.9 9.8 3.8 

S1: S0 with no CPS reweight (N, millions) 41.983  28.743 13.240  7.396 4.188 1.657 
S1: S0 with no CPS reweight (%) 100.0  68.5 31.5  17.6 10.0 3.9 

S3: S0 with no SSA admin. data (N, millions) 40.395  27.835 12.560  7.476 3.689 1.396 
S3: S0 with no SSA admin. data (%) 100.0  68.9 31.1  18.5 9.1 3.5 

S4: S0 with 401(k)s excluded from resources (N, millions) 40.614  27.752 12.862  7.253 4.055 1.554 
S4: S0 with 401(k)s excluded from resources (%) 100.0  68.3 31.7  17.9 10.0 3.8 

S5: S0 with no deduction for funeral/burial expenses (N, millions) 40.614  27.974 12.640  7.253 3.775 1.613 
S5: S0 with no deduction for funeral/burial expenses (%) 100.0  68.9 31.1  17.9 9.3 4.0 

S6: S0 with median wealth correction to HRS distrib. (N, millions) 40.614   29.215 11.398  7.253 3.246 0.900 
S6: S0 with median wealth correction to HRS distrib. (%) 100.0   71.9 28.1  17.9 8.0 2.2 

SOURCE: Author’s calculations using SIPP and SSA administrative data. 
NOTE: Percentages are for the Medicare-eligible population. The sample sizes are 26,354 persons for the SIPP-SSA matched data (S0–S1, S4–S6), 4,727 of whom are 

Medicare beneficiaries, and 30,271 persons for the SIPP survey data only (S3), 5,180 of whom are Medicare beneficiaries. 
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Table 3.9—Sensitivity Analyses for the Estimated LIS-Eligible Population in 2006 Based on the HRS, Population Age 53 and Above 

   LIS Eligibility Status  LIS Eligibility by Type 

Estimate 
Medicare 

Beneficiaries  Not Eligible Eligible 

 

Automatic, 
Full Subsidy 

Other 
Eligible,  

Full Subsidy 

Other 
Eligible,  
Partial 

Subsidy 

H0: 2006, Medicaid/Medicare Savings imputation, CPS reweight (N, millions) 38.756  30.445 8.312  4.180 2.932 1.199 
H0: 2006, Medicaid/Medicare Savings imputation, CPS reweight (%) 100.0  78.6 21.4  10.8 7.6 3.1 

H1: H0 with no CPS reweight (N, millions) 38.542  30.433 8.109  4.131 2.803 1.175 
H1: H0 with no CPS reweight (%) 100.0  79.0 21.0  10.7 7.3 3.0 

H2: H0 with 2006 cross-sectional weights (only noninst.) (N, millions) 36.131  28.893 7.238  3.621 2.535 1.082 
H2: H0 with 2006 cross-sectional weights (only noninst.) (%) 100.0  80.0 20.0  10.0 7.0 3.0 

H3: H0 with no Medicaid/Medicare Savings imputation (N, millions) 38.756  30.350 8.406  4.053 3.087 1.267 
H3: H0 with no Medicaid/Medicare Savings imputation (%) 100.0  78.3 21.7  10.5 8.0 3.3 

H5: H0 with no deduction for funeral/burial expenses (N, millions) 38.756  30.537 8.219  4.180 2.852 1.187 
H5: H0 with no deduction for funeral/burial expenses (%) 100.0  78.8 21.2  10.8 7.4 3.1 

H7: H0 with lower bound for family size (N, millions) 38.756  30.590 8.166  4.180 2.811 1.174 
H7: H0 with lower bound for family size (%) 100.0  78.9 21.1  10.8 7.3 3.0 

SOURCE: Author’s calculations using HRS and SSA administrative data. 
NOTE: Percentages are for the Medicare-eligible population. The sample size is 16,060 persons, 10,725 of whom are Medicare beneficiaries. 
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but, again, the LIS eligibility rate and rates of eligibility by type are little 
changed. 

• The HRS attrition correction and inclusion of the institutionalized 
population have a larger effect on the absolute size of the LIS-eligible 
population than on the eligibility rate. Alternative H2 is unique to the 
HRS and uses weights from the 2006 HRS cross-section, thereby excluding 
the institutionalized population. As expected, this results in a lower 
estimate of the number of Medicare beneficiaries, by about 2.6 million, 
than estimated under H0, but the reduction is larger than would be 
expected given the estimated number of Medicare beneficiaries in nursing 
homes (1.2 million, shown in Table 3.4, where attrition-adjusted weights 
are used). Moreover, the estimated number of noninstitutionalized 
beneficiaries age 53 and above is 36.1 million under H2 compared with 
37.5 million according to Table 3.4 (where, again, attrition-adjusted 
weights are used). Even so, the LIS eligibility rate declines by just 1.4 
percentage points. So it appears the reweighting is important for the 
estimates of the absolute number of eligibles but less so for the estimated 
eligibility rate. 

• The use of administrative data has a relatively small effect on the 
estimates but does suggest that measurement error is important to account 
for. Alternatives S3 and H3 produce the estimates that would result if 
administrative data were not available to replace error-ridden income 
components and program participation, in the case of the SIPP, and to 
impute Medicaid/Medicare Savings program eligibility, in the case of the 
HRS.20 In both cases, the comparison with the baseline estimates show 
little change, on the order of about 1 or 2 percent in the estimated absolute 
number eligible for the LIS and an equally modest change in the LIS 
eligibility rate. It is the case that the S3 estimate of the number eligible for 
the LIS is lower than the S0 estimate and a slightly higher fraction are 
automatically eligible, whereas the reverse holds for H3 versus H0. This 
suggests that the self-reported income and program participation 
variables in the SIPP overstate countable income and Medicaid or SSI 
participation. As discussed in Chapter 2, the self-reports of Medicaid 

                                                
20 Note that this means that the SIPP sample will include cases that do not have a match with 

administrative data and that both sources will use weights that adjust only for panel attrition and 
reweight to the CPS. 



64 

 

 

64 eligibility in the HRS overstate Medicaid eligibility in the 2002 data (for 
the original HRS cohort) and, as a consequence, according to the 
imputation model. 

• There is little effect from accounting for 401(k) balances in the measure of 
resources. Alternative S4 is unique to the SIPP and considers the effect of 
removing self-reported 401(k) balances from the measure of countable 
resources in the baseline estimate (S0). Appendix D notes that the HRS 
does not have a readily available measure of the value of 401(k) assets to 
include in countable resources. However, since this resource component is 
included in the SIPP, we can see how sensitive the SIPP estimates are to 
the inclusion or exclusion of this resource component. Table 3.8 shows 
that, when the value of 401(k) assets is excluded, as expected, countable 
resources fall and the number of LIS eligibles increases. The change is just 
under 80,000 persons, however—a small difference. This is consistent with 
the expectation that those who have such retirement assets will also have 
other assets that otherwise make them ineligible for the LIS. 

• The results are almost equally insensitive to the treatment of burial 
expenses (S5 versus S0 and H5 versus H0). As discussed in Appendix D, 
neither the SIPP nor the HRS includes measures of the resources that 
individuals or couples have reserved for funeral or burial expenses. Such 
assets can be excluded, up to a ceiling, from countable resources (see the 
discussion in Appendix C). The baseline estimates take the full deduction 
for all persons. The other extreme is to not allow this deduction for 
anyone in the sample. In this way, we provide a bound on the true 
estimate, which is likely to be in between these two polar cases. As seen in 
Tables 3.8 and 3.9, by setting this exclusion to zero, countable resources 
rise and the estimated number of LIS eligibles declines. The difference is 
just under 150,000 persons in the SIPP and 90,000 persons in the HRS (or 
just slightly more than 1 percent lower in each case). 

• Adjusting the SIPP wealth distribution to the HRS distribution has a 
relatively large effect. As previously noted, the SIPP resource distribution 
is shifted to the left compared with the HRS distribution. Alternative S6 is 
specific to the SIPP and consists of rescaling the SIPP wealth distribution 
for the entire SIPP population using a scaling factor that matches the 
median of the SIPP distribution to the median of the HRS distribution for 
the population where they overlap (i.e., the noninstitutionalized 
population age 53 and above). The resulting upward shift in the SIPP 
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wealth distribution leads to the largest reduction across all the scenarios in 
the estimated LIS-eligible population, a decline of about 1.4 million, or 11 
percent, over S0 and a 3.4-percentage-point reduction in the eligibility 
rate. 

• Finally, the HRS results are somewhat sensitive to the measure of family 
size. Alternative H7 is specific to the HRS and entails using a lower-bound 
estimate for family size as detailed in Chapter 2. Using a lower family size 
reduces the poverty cutoff and thereby decreases the fraction of 
individuals with income that falls below the poverty cutoff and thus the 
number of LIS eligibles. The magnitude of this effect is relatively modest, 
with a decline of about 2 percent or just under 150,000 LIS-eligible 
persons, compared with H0. Other than H2, where the institutionalized 
are excluded, this is the smallest estimate of LIS eligibles for the HRS 
scenarios considered in Table 3.9 (H1 is somewhat smaller). 

In addition to the scenarios shown in Tables 3.8 and 3.9, we have computed 
alternative estimates in which we change multiple methods or assumptions at 
the same time. In general, the findings based on single incremental changes are 
reproduced if we consider multiple simultaneous changes. 

Sensitivity of LIS-Eligible Estimates to Alternative Methods and Data Sources 

The sensitivity analyses in Tables 3.8 and 3.9 indicate that the results for the 
estimates of the LIS-eligible population based either on the SIPP or the HRS are 
relatively robust to changes in methodology. The biggest effect is the 10-percent 
reduction in the estimated number of LIS eligibles in the noninstitutionalized 
population covered by the SIPP when the SIPP wealth distribution is rescaled to 
match the HRS distribution (S6). This is not surprising given the distributional 
differences in the SIPP and the HRS discussed earlier. For the other scenarios 
considered, the changes are more modest (changes of 1 to 3 percent over the 
baseline, as in S1, H1, or H7), and other changes are even smaller. 

Since the estimates in Tables 3.8 and 3.9 pertain to the specific populations 
covered by the SIPP and the HRS, respectively, they do not indicate how our 
estimate of the total LIS-eligible population would change if we used alternative 
methods. In Figure 3.2, we reproduce the baseline estimates shown in Figure 3.1 
(gray bars) and add four additional estimates (white bars) based on S1, S6, H1, 
and H7 (the scenarios with the largest effects). In each case, the total estimate is 
based on averaging the SIPP and HRS estimates when the subpopulations 
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66 Figure 3.2—Point Estimates and Confidence Intervals for Baseline Estimate of Potentially 
LIS-Eligible Population in 2006 with Selected Sensitivity Analyses 

 
SOURCE: Author’s calculations using SIPP, HRS, and SSA administrative data. 
NOTE: Error bars show approximate 95-percent confidence intervals accounting for 

sampling variability. 
 

overlap, successively using the alternative method for either the SIPP or the HRS 
while the method for the other data source remains at baseline. As with Figure 
3.1, we continue to show the estimated 95-percent confidence intervals 
accounting for sampling error. 

As seen in the figure, the estimated total LIS-eligible population under the 
alternative scenarios ranges from 11.5 (for S6) to 12.5 (for S1). The two HRS 
alternatives result in total estimates of 12.2 million, the same as the baseline 
estimate when the SIPP and the HRS are averaged. Thus, the estimates are more 
sensitive to changes in methodological choices regarding the SIPP than for the 
HRS. However, the range of estimates implied by the sensitivity analyses, even 
accounting for the confidence intervals, falls within the lower and upper bounds 
of the confidence intervals for the baseline estimates when we consider the 
alternatives of giving preference to the SIPP or the HRS (as in Figure 3.1). Thus, 
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our results are more sensitive to the relative weight we place on the two data 
sources, rather than the choice of methods we apply to either data source. 

Which Estimates Should Be Preferred? 

We have presented estimates of the number of potentially LIS-eligible 
individuals using a range of alternative assumptions, methods, and data sets. 
Unfortunately, the resulting range of estimates of the number of LIS-eligible 
individuals is very wide. The question, then, is whether we have reason to put 
more confidence in some estimates and less in others, and thus whether we are 
able to narrow the range of estimates. This question is mainly a question about 
the data sources, because results based on HRS preference are very different 
from results based on SIPP preference, whereas the differences that result from 
using alternative methods or assumptions with either data source are relatively 
minor. 

An assessment of the quality of the data sources needs to address four main 
issues relevant to this study: (1) the quality of the data on resources, (2) the 
quality of the data on income, (3) the quality of the data on program 
participation, and (4) the representativeness of the data source sample. On the 
first issue, there are no administrative data to which we can compare the data on 
resources in either the SIPP or the HRS. The SCF data are generally considered to 
be the best wealth data available. As mentioned in Chapter 2, Scholz and 
Seshadri (2008) found that assets are lower in the SIPP in the bottom quintile 
than in the SCF. On the other hand, Sierminska, Michaud, and Rohwedder (2008) 
show that the HRS wealth distribution matches the SCF wealth distribution 
relatively well, particularly at the bottom of the distribution (below the 25th 
percentile). Hence, on the basis of the quality of the wealth data, this points 
toward a preference for relying on the HRS as much as possible. 

With respect to income data, we can compare some components (earnings, 
benefits) with administrative data. For the SIPP, we can do this for the 2006 data. 
The estimated number of LIS eligibles using administrative data where available 
(variant S0 in Table 3.8) is very similar to the estimate using only survey data 
(S3), so this suggests that the earnings and benefit data in the SIPP are measured 
with relatively little error. Whether this result carries over to the income 
components that we cannot compare with administrative data is uncertain, 
however. As reported in Chapter 2, imputation rates are very high for these other 
income components, whereas they are very low for earnings and benefits. For the 
HRS, we can conduct a similar comparison using data only for 2002 and only for 
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68 the HRS cohort. This comparison shows only small discrepancies for the 
noninstitutionalized who are 65 years and older, but larger differences (in both 
directions) for the nursing home residents and the noninstitutionalized age 53 to 
64. However, the latter discrepancies may well be because of chance, since the 
sample sizes in these categories become small for the matched sample.21 
Imputation rates in the HRS are higher than in the SIPP for earnings and benefits 
but lower for the other income components. As discussed previously, Czajka and 
Denmead (2008) found that income in the HRS is considerably higher than in the 
other data sets they studied (including the SIPP), but whether this indicates 
underreporting of income in the other studies, overreporting in the HRS, or an 
issue of representativeness was not ascertained. In our results, we see somewhat 
higher incomes in the HRS, but to a much smaller extent than in Czajka and 
Denmead (2008). Thus, based on these sources and our empirical results, we are 
not able to conclude that either the HRS or the SIPP income data are better than 
the other. 

Regarding program participation, Medicaid/Medicare Savings beneficiary status 
is most important, because this leads to automatic eligibility for the LIS (given 
Medicare beneficiary status). The same holds for SSI, but the number of SSI 
beneficiaries is much smaller, and SSI beneficiary status is usually sufficient for 
Medicaid eligibility. Thus, most SSI beneficiaries should also be Medicaid 
beneficiaries. Contrary to findings in the literature, in which studies typically 
consider measurement error in reporting for the entire population of Medicaid 
beneficiaries (which includes a large number of pregnant women and mothers 
with young children), we find that, both in the HRS and in the SIPP, 
Medicaid/Medicare Savings beneficiary status is slightly overreported, if 
anything, among Medicare beneficiaries. For the SIPP-based analyses, we used 
the administrative indicator of this dual beneficiary status in our baseline results, 
and, for the HRS, we used an imputation model based on modeling this status in 
the 2002 matched survey-administrative data. We might prefer the SIPP in this 
regard, because we have the actual beneficiary status from the administrative 
data instead of an imputation, but the estimates for the 2002 data for the HRS are 
insensitive to which dual beneficiary status variable is used (administrative, 
survey, or imputed), and the results for 2006 using either survey or imputed 
status are very similar as well. Hence, we do not believe that the potential SIPP 
advantage is important in this regard. 

                                                
21 In particular, in the matched HRS data, there are only four nursing home residents who are 

Medicare beneficiaries and 108 noninstitutionalized individuals age 53–64 who are Medicare 
beneficiaries. 
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On the other hand, we do see a large difference between the HRS and the SIPP in 
the percentage of individuals who are estimated to be automatically eligible for 
the LIS (see Table 3.6). Based on HRS preference, this estimate is 6.2 million, and, 
based on SIPP preference, it is 7.6 million. Given that the Medicaid/Medicare 
Savings variable in both data sets does not appear to be significantly biased at 
the individual level, and given the relative unimportance of SSI (which is taken 
from administrative records in the SIPP and from the survey in the HRS), this 
may be an indication of a problem of representativeness of either the SIPP or the 
HRS sample or both. As noted earlier, CMS reports that there were 7.3 million 
automatically eligible individuals as of May 2006 who were enrolled in Medicare 
Part D (CMS, 2006). Assuming that Part D and LIS take-up is 100 percent and 
that records are perfect in this category, which would be consistent with 
automatic enrollment, we could tentatively conclude that the SIPP seems to 
overrepresent Medicaid/Medicare Savings or SSI beneficiaries (or both) and that 
the HRS seems to underrepresent this group. This might also explain the 
differences in the income distribution that we (and Czajka and Denmead, 2008) 
observe. 

In summary, we have reason to believe that the SIPP resource variables 
underrepresent actual resources at the individual level and (more tentatively) 
that the SIPP might slightly overrepresent low-income individuals and the HRS 
might underrepresent low-income individuals. 

Alternative S6 in Table 3.8 applied a simple correction of the SIPP resource 
distribution to match the median of the HRS resource distribution for the 
subpopulation they have in common. In addition to being a rough correction, 
this approach may overcompensate for the wealth differences, given the tentative 
results on representativeness discussed earlier. Nevertheless, we believe that this 
is the ”best” SIPP alternative among the ones considered. Taking S6 as the 
preferred SIPP-based estimate, we can weight the SIPP-preferred and HRS-
preferred estimates to match the CMS benchmark number of 7.3 million 
individuals who are automatically eligible. This would give a weight of 0.77 
([7.300–6.215]/[7.618–6.215]) to the SIPP-preferred estimate and a weight of 0.23 
(1–0.77) to the HRS preferred estimate, leading to a combined estimate of about 
11.8 million individuals potentially eligible for the LIS. 

It should be pointed out, however, that this result uses several crude 
approximations and assumptions that are based on only tentative indications 
from various assessments of data quality in the SIPP and the HRS. Also, the 
standard errors in Table 3.6 indicate that there is a fair amount of statistical 
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70 uncertainty in addition to the issues of variable quality and sample 
representativeness. Therefore, the confidence we have in this particular number 
is not very high. 

In particular, before firmer conclusions can be reached, we believe that the 
representativeness of the SIPP and the HRS need to be studied in more detail. 
This could be done by comparing (marginal) distributions of earnings and 
benefits derived from the administrative records in the matched data with the 
marginal distributions of the same variables in the total SSA records (or a simple 
random sample thereof). Any differences are by construction because of 
representativeness issues, since the variables themselves are extracted from the 
same databases. Interpreting differences will then still not be straightforward, 
however, because they could be the result of biases in the initial sampling, in 
attrition or matching, or in the construction of appropriate sampling weights, or 
some combination of the three. 

Reconciling Estimates with Prior Studies 

The baseline estimates and sensitivity analyses can help reconcile our estimates 
with those of the prior studies reviewed in Chapter 1 (see Table 1.3). Table 3.10 
reproduces the estimates of the absolute size of the LIS-eligible population and 
the eligibility rate for 2006 reported in Table 1.3 for three previous studies. Since 
these estimates vary in the population to which they apply, we have added to 
Table 3.10 the closest estimate from our methodology that matches the same 
population. For the first two studies, which provide estimates of LIS eligibility 
for the total population based on the SIPP, we have used the relevant total 
population estimate from Table 3.6 that gives preference to the SIPP, since both 
studies relied almost exclusively on SIPP data. The third study provides an 
estimate, also based on the SIPP, for the noninstitutionalized population. Our 
equivalent estimate is from Table 3.5, where we have combined estimates from 
the SIPP across the two age groups. 

For these three SIPP-based estimates, we come closest to the CMS 2006 estimate 
(McClellan, 2006), assuming that preference should be given to the SIPP as the 
more valid data source. However, as discussed earlier, this assumption is 
problematic given concerns about the quality of the SIPP wealth data. The CBO 
(2004) estimate is an outlier and is most certainly biased upward. In the case of 
Rice and Desmond (2005, 2006), our estimate is lower by about 1.6 million, but, 
because our estimate of the Medicare beneficiary population is also lower, the 
estimated eligibility rate is similar. The bottom line is that prior estimates, 
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Table 3.10—Comparison of Results for Studies Estimating the Size of the LIS-Eligible 
Population in 2006 

 Study Estimate for 2006 

 Comparable Estimate for 2006 
using our methodology 

(source) 

Study 
Data 
Population covered 

LIS-Eligible 
Population 
(N, millions) 

LIS-Eligible 
Population 

(%) 

 LIS-Eligible 
Population  
(N, millions) 

LIS-Eligible 
Population  

(%) 

CBO (2004) 
SIPP 
Total population 

14.2 35.5  13.4 
 

(Table 3.6, 
SIPP 

preference) 

32.0 
 

(Table 3.6, 
SIPP 

preference) 

McClellan (2006) and CMS 
(2007, 2008) 

SIPP/CPS 
Total population 

13.2 
 

—  13.4 
 

(Table 3.6, 
SIPP 

preference) 

32.0 
 

(Table 3.6, 
SIPP 

preference) 

Rice and Desmond (2005, 
2006) 

SIPP 
Noninstitutionalized only 

11.6 29.6  10.0 
 

(Table 3.5, 
sum of SIPP 

columns) 

28.2 
 

(Table 3.5, 
weighted 

average SIPP 
columns) 

NOTE: — = not available. 
 

because of their reliance on the SIPP and weaker, more limited methodology, are 
likely to overstate the size of the LIS-eligible population. 

While our comparable estimates recorded in Table 3.10 are matched to the 
population group, they are not necessarily matched in terms of methodology. As 
noted in Chapter 1, none of the prior studies, to our knowledge, corrected for 
panel data attrition, and none used matched survey-administrative data. Those 
studies based on the SIPP used data from before 2006 and had to project 
eligibility thresholds backward in time or income and resource distributions 
forward in time. In addition, the CBO estimate was generated before the final 
eligibility determination rules were finalized. In the case of the Rice and 
Desmond (2005, 2006) analysis, the methodology was well documented, and we 
were able to replicate their estimate even more closely when we used the same 
waves of the 2001 SIPP panel. 
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72 Characteristics of Eligible and Noneligible Individuals in 2006 

The prior discussion provided estimates of the LIS-eligible population by age 
cohort and institutionalization status. In this section, we focus on the 
characteristics of the LIS-eligible and LIS-noneligible populations, conditional on 
being a Medicare beneficiary. Tables 3.11 and 3.12 show the distribution of LIS 
eligibility status groups across population subgroups, first for the SIPP and then 
for the HRS. (Appendix F provides the same tabulations but shows row 
percentages rather than column percentages.) The characteristics common for the 
two data sources include (1) age and institutionalization status (when relevant), 
(2) gender, (3) race-ethnicity, (4) educational attainment, and (5) health status. In 
the case of the SIPP, we also tabulate the distribution by (6) any prescription 
drug usage in the last year and (7) the source of health insurance coverage. In the 
case of the HRS, the final two variables are (6) the combination of drug use status 
in the past two years and creditable coverage status and (7) primary source of 
prescription drug coverage (following definitions used in Levy and Weir, 2009). 

The columns in the two tables show the distribution across these characteristics 
for a given LIS eligibility status group. In the case of the SIPP, the eligibility 
status categories are based on matched SIPP-LIS administrative data. Thus, we 
classify individuals by estimated eligibility status as determined by the method 
used under the baseline, S0—namely, not eligible, nonautomatically eligible, and 
automatically eligible. Among those nonautomatically eligible, we further 
disaggregate by their application status as indicated in the LIS record—namely, 
no application, LIS denied or a decision is pending, or LIS awarded. In the case 
of the HRS, we use the method under H0 to determine eligibility status. We also 
use a measure of Part D coverage based on responses to the 2006 Medicare/Part 
D supplement. Thus, the HRS eligibility status groups include those not eligible 
and, for those eligible, whether they are automatically eligible or not. Among 
those nonautomatically eligible, we differentiate between those who have no Part 
D coverage and those with Part D coverage.22 Note that the Table 3.11 results 
apply to noninstitutionalized Medicare beneficiaries based on the SIPP, while the 
Table 3.12 tabulations apply to the population of Medicare beneficiaries age 53 
and older in the HRS, both noninstitutionalized and those in nursing homes. 

 

                                                
22 As noted in Chapter 2, the HRS Medicare/Part D supplement instrument includes 

questions on whether the respondent applied for the LIS and the resulting decision. However, the 
reports are considered unreliable. Hence, we do not further classify those with Part D coverage 
by the LIS status. 
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Table 3.11—Percentage Distribution of LIS Eligibility Status Groups by Characteristics in 2006,  
SIPP Noninstitutionalized Medicare Beneficiaries 

   Eligible for LIS   
     Nonautomatic Eligibility     

Characteristic 
Not Eligible 

for LIS  Total  
No LIS 

Application 
LIS Denied/ 

Pending 
LIS 

Awarded  
Automatic 
Eligibility  Total 

Age             
Less than 53 2.5     21.6   13.6  3.0  15.8   28.1     8.5 
53 to 64 5.5     10.3   6.1  13.3  14.8   12.0     7.0 
65 and above 91.9     68.0   80.3  83.7  69.4   59.9     84.4 

Gender            
Male 47.1     39.8   37.9  54.0  37.7   40.3     44.8 
Female 52.9     60.2   62.1  46.0  62.3   59.7     55.2 

Race-ethnicity            
Hispanic 3.0     15.2   12.2  12.8  7.9   18.0     6.9 
African American 6.1     19.9   15.1  16.8  22.0   22.4     10.4 
Non-Hispanic white and other 90.9     64.9   72.6  70.4  70.1   59.5     82.7 

Educational attainment            
Less than high school 8.4     31.3   27.3  28.2  23.0   34.9     15.6 
High school graduate 39.3     40.1   42.2  27.8  38.1   39.9     39.6 
Some college 31.0     23.4   25.7  39.4  34.2   19.7     28.6 
College graduate or higher 21.3     5.2   4.8  4.6  4.8   5.5     16.2 

Health status            
Excellent 11.4     4.5   4.7  4.5  3.3   4.5     9.2 
Very good 26.8     12.5   16.0  7.8  22.3   9.5     22.3 
Good 33.4     28.0   30.2  26.9  22.7   27.5     31.7 
Fair 19.5     34.3   33.5  39.5  30.8   34.9     24.1 
Poor 9.0     20.7   15.7  21.3  20.9   23.5     12.7 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Table 3.11—Continued 

   Eligible for LIS   
     Nonautomatic Eligibility     

Characteristic 
Not Eligible 

for LIS  Total  
No LIS 

Application 
LIS Denied/ 

Pending 
LIS 

Awarded  
Automatic 
Eligibility  Total 

Any Rx usage in the past year            
Yes 85.8     85.1   78.5  97.4  84.0   88.4     85.6 
No 14.2     14.9   21.5  2.6  16.0   11.6     14.4 

 Primary health insurance coverage            
Employera 48.2     11.8   23.6  14.0  4.0   6.0     36.8 
Medicaid 0.4     6.4   2.5  3.6  6.7   8.8     2.3 
Medicare 50.7     80.3   72.6  82.4  86.2   83.9     60.1 
Private/other 0.5     0.4   0.4  0.0  2.0   0.2     0.4 
None 48.2     1.0   0.9  0.0  1.1   1.1     0.4 

Estimated population (weighted, millions) 27.8  12.8  4.2  0.4  1.0   7.3  40.6 
Estimated population (weighted, %) 68.5  31.5  10.2  1.0  2.4   17.9  100.0 

Sample size (unweighted) 3,289  1,438  615  823  4,727 
SOURCE: Author’s calculations using SIPP and SSA LIS data. 
NOTE: Rx = prescription drugs. 
a Includes former employer and spouse's (former) employer. 
 

 



 

 

75 
 

 

Table 3.12—Percentage Distribution of LIS Eligibility Status Groups by Characteristics in 2006,  
HRS Medicare Beneficiaries Age 53 and Over 

  Eligible for LIS  

   Nonautomatic eligibility   

Characteristic 
Not Eligible 

for LIS 

 

Total 

 Do Not 
Have Part 

D Have Part D 

 
Automatic 
Eligibility  Total 

Age and institutionalization status           
53–64, noninstitutionalized 6.1  19.4  18.8 17.9  20.5  8.9 
53–64, nursing home 0.0  1.4  2.7 0.7  1.1  0.3 
65+, noninstitutionalized 91.9  73.3  74.1 77.3  70.8  87.9 
65+, nursing home 2.0  6.0  4.5 4.2  7.6  2.9 

Gender           
Male 45.5  30.9  36.4 25.7  31.1  42.3 
Female 54.5  69.1  63.6 74.3  68.9  57.7 

Race-ethnicity           
Hispanic 3.8  18.2  13.2 14.3  22.5  6.9 
African American 6.0  20.4  19.6 18.0  22.1  9.1 
Non-Hispanic white and other 90.3  61.4  67.2 67.7  55.4  84.1 

Educational attainment           
Less than high school 17.5  50.4  41.3 49.0  55.4  24.6 
GED 4.5  5.1  4.2 5.8  5.2  4.7 
High school graduate 34.7  28.8  37.5 26.5  26.0  33.4 
Some college 22.0  11.6  11.4 15.3  9.8  19.8 
College graduate or higher 21.2  4.0  5.6 3.4  3.5  17.5 

Health status           
Excellent 9.8  3.3  4.7 4.0  2.3  8.4 
Very good 28.8  13.1  18.4 13.7  10.2  25.4 
Good 32.6  24.9  26.6 25.1  23.9  30.9 
Fair 20.6  34.5  30.0 33.3  37.2  23.6 
Poor 8.1  23.9  19.7 23.6  26.1  11.5 
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Table 3.12—Continued 

  Eligible for LIS  

   Nonautomatic Eligibility   

Characteristics 
Not Eligible 

for LIS 

 

Total 

 Do Not 
Have Part 

D Have Part D 

 
Automatic 
Eligibility  Total 

Regular Rx usage in the past 2 years and 
CC           
Rx total 88.8   89.7  80.0 93.1   92.5   89.0 
CC total 75.1   74.4  71.6 55.4   85.7   74.9 
No Rx, no CC 4.8  4.9  12.9 4.2  1.5  4.9 
No Rx, CC 6.4  5.4  7.1 2.6  6.0  6.2 
Rx, no CC 20.1  20.6  15.5 40.3  12.8  20.2 
Rx, CC 68.7  69.1  64.5 52.8  79.7  68.8 

 Primary Rx insurance           
Employera 36.0  7.7  20.2 3.0  4.3  29.9 
Medicaid 2.0  41.5  9.6 23.1  66.1  10.5 
HMO 15.3  9.0  12.6 12.2  5.7  13.9 
Part D 24.7  23.7  0.0 61.7  15.1  24.5 
Private/other 15.3  9.9  33.1 0.0  4.2  14.2 
None 6.8  8.1  24.6 0.0  4.6  7.0 

 Estimated population (weighted, millions) 30.445  8.312  1.959 2.172  4.180  38.756 
 Estimated population (weighted, %) 78.6  21.4  5.1 5.6  10.8  100.0 

 Sample size (unweighted) 8,335  2,390  563 618  1,209  10,725 
SOURCE: Author’s calculations using HRS data. 
NOTE: GED = General Educational Development Test. Rx = prescription drugs. CC = creditable coverage. 

a Includes former employer and spouse's (former) employer. 
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Tables 3.11 and 3.12 show some common patterns in terms of the characteristics 
of Medicare beneficiaries not eligible for the LIS versus those who are eligible 
and, among those eligible, whether eligibility is automatic or not. Among those 
nonautomatically eligible, there are also similarities in the characteristics of those 
who have applied for the LIS and those who have not or between those who 
report having Part D and those who do not. 

• Those not eligible for the LIS are somewhat more likely to be older, male, 
non-Hispanic whites (combined with other race-ethnic groups), more 
highly educated, and in better health. The HRS also shows that those not 
eligible are more likely to be noninstitutionalized. There are virtually no 
differences in who is or is not eligible for the LIS based on whether there 
has been any prescription drug use in the past year according to the SIPP 
or in the combination of prescription drug use and creditable coverage 
according to the HRS. In the case of the HRS, those not eligible are more 
likely to have employer-based prescription drug coverage. The SIPP does 
not have the detail on prescription drug coverage but shows the same 
pattern for health insurance in general. Those not eligible are 
overrepresented by those with employer-based drug coverage and 
underrepresented by those with Medicaid.23 In general, these are patterns 
that would be expected, in that those who are not eligible are from 
sociodemographically more advantaged groups, as evident in their race-
ethnicity, education levels, and sources of health insurance coverage. 

• Among those who are eligible, the differences in the demographic 
characteristics of those who are automatically eligible and those who are 
nonautomatically eligible are modest. Those automatically eligible for the 
LIS are somewhat younger, with differences that are more apparent in the 
SIPP. The automatically eligible are also slightly more likely to be 
Hispanic or African American, have less than a high school diploma, and 
be in poor health. Based on the SIPP, the automatically eligible group is a 
little more likely to have used prescription drugs and to have health 
insurance coverage through Medicare or Medicaid. The HRS data show 
that the automatically eligible are overrepresented among those with 
regular prescription drug use and creditable coverage and among those 

                                                
23 Note that Medicaid here is the self-reported variable, whereas eligibility in the HRS is based 

on imputed Medicaid/Medicare Savings beneficiary status. This may explain some anomalies, 
such as an individual classified as not being eligible for the LIS while being a Medicaid 
beneficiary according to the self-report. 
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with drug coverage through Medicaid. Again, these are the expected 
patterns, as automatic eligibility for the LIS applies to those who are 
already participating in means-tested programs that require low income 
and low assets. 

• Based on the SIPP, among those who are estimated to be eligible for the 
LIS but nonautomatically eligible, only about one in four is estimated to 
have applied for the LIS according to the administrative data (3.4 percent 
out of 13.6 percent), and the administrative data show awards for just 
under 20 percent of those estimated to have nonautomatic eligibility. 
Compared with those with an LIS award, those who did not apply are 
somewhat older, Hispanic or non-Hispanic white, with less education, 
and in better health. The nonapplicants are less likely to have used any 
prescription drugs in the past year and are more likely to have employer-
based health insurance. 

• According to the HRS self-reports, the Medicare beneficiaries who have 
nonautomatic eligibility for the LIS are nearly equally divided between 
those who have Part D and those who do not. Those reporting that they 
do not have Part D coverage are somewhat more likely to be under 65 and 
not institutionalized and even more likely to be male. While they are 
similar in their racial-ethnic distribution, those without Part D coverage 
are less likely to be in the highest education groups or in the poorest 
health category. They are also less likely to have regular prescription drug 
use and more likely to have creditable coverage. They are also much more 
likely to have employer-based drug coverage. 

These last two sets of results for the SIPP and the HRS are largely consistent and 
confirm that those who are nonautomatically eligible for the LIS do not fully take 
up the benefit. However, among this group that we estimate would be eligible 
for the LIS based on income and resources, those who do not apply for the LIS or 
report that they do not have Part D coverage are part of a group that is 
selectively somewhat more advantaged in terms of their health status. They also 
report lower rates of use of prescription drug coverage and greater access to 
other creditable coverage. This suggests that the lack of take-up may result from 
a lower level of expected need for the subsidy compared with those who do 
participate. On the other hand, the group that does not apply for the LIS or have 
Part D coverage is also less likely to have more than a high school education 
(more noticeably so in the SIPP). This suggests that there may be barriers to 
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seeking coverage associated with a lack of knowledge of the program’s existence, 
the LIS eligibility rules, or the application process. 

Projection of Eligible Individuals for 2008 

We now employ the projection methodology described in Chapter 2 to present 
estimates of the LIS-eligible population as of January 2008. Tables 3.13 through 
3.17 are parallel to Tables 3.2 through 3.6 presented earlier for 2006 estimates. 
These projections show the following key results: 

 
Table 3.13—Baseline Estimate of Potentially LIS-Eligible Population in 2008  

(standard errors in parentheses) 

 By Age Group  

Measure 0–52 53–64 65+ Total 

a. Number (millions) 

Total Medicare beneficiaries 3.599 3.521 36.561 43.682 
 (0.268) (0.178) (0.863) (1.038) 
Not eligible for LIS 0.707 1.799 28.477 30.983 
 (0.089) (0.131) (0.717) (0.765) 

Eligible for LIS 2.892 1.723 8.084 12.698 
 (0.240) (0.126) (0.278) (0.446) 
Automatically eligible, full subsidy 2.128 0.987 4.069 7.183 
 (0.202) (0.090) (0.180) (0.304) 
Other eligible, full subsidy 0.608 0.595 2.787 3.990 
 (0.100) (0.074) (0.129) (0.192) 
Other eligible, partial subsidy 0.156 0.141 1.228 1.525 

 (0.044) (0.058) (0.087) (0.112) 
b. Percentage distribution 

Total Medicare beneficiaries 100.0 100.0 100.0 100.0 
Not eligible for LIS 19.6 51.1 77.9 70.9 

Income only too high  5.8 17.8 16.0 15.3 
Resources only too high  5.4 7.1 9.6 9.1 
Income and resources too high  8.4 26.1 52.3 46.6 

Eligible for LIS 80.4 48.9 22.1 29.1 
Automatically eligible, full subsidy 59.1 28.0 11.1 16.4 
Other eligible, full subsidy 16.9 16.9 7.6 9.1 
Other eligible, partial subsidy 4.3 4.0 3.4 3.5 

SOURCE: Author’s calculations using SIPP, HRS, and SSA administrative data. 
NOTE: The sample sizes are 26,354 persons for the SIPP, 4,727 of whom are Medicare beneficiaries, and 16,060 

persons for the HRS, 10,725 of whom are Medicare beneficiaries. 
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Table 3.14—Baseline Estimate of Potentially LIS-Eligible Population in 2008,  
Noninstitutionalized Population  
(standard errors in parentheses) 

 By Age Group  

Measure 0–52 53–64 65+ Total 
a. Number (millions) 

Total Medicare beneficiaries 3.599 3.405 35.466 42.470 
 (0.268) (0.169) (0.849) (1.012) 
Not eligible for LIS 0.707 1.799 27.874 30.380 
 (0.089) (0.131) (0.708) (0.756) 

Eligible for LIS 2.892 1.606 7.592 12.090 
 (0.240) (0.112) (0.276) (0.441) 
Automatically eligible, full subsidy 2.128 0.939 3.755 6.822 
 (0.202) (0.075) (0.179) (0.297) 
Other eligible, full subsidy 0.608 0.580 2.642 3.830 
 (0.100) (0.076) (0.127) (0.191) 
Other eligible, partial subsidy 0.156 0.087 1.194 1.438 

 (0.044) (0.023) (0.084) (0.098) 

b. Percentage distribution 
Total Medicare beneficiaries 100.0 100.0 100.0 100.0 

Not eligible for LIS 19.6 52.8 78.6 71.5 
Income only too high  5.8 18.4 15.9 15.2 
Resources only too high  5.4 7.4 9.6 9.1 
Income and resources too high  8.4 27.0 53.1 47.2 

Eligible for LIS 80.4 47.2 21.4 28.5 
Automatically eligible, full subsidy 59.1 27.6 10.6 16.1 
Other eligible, full subsidy 16.9 17.0 7.5 9.0 
Other eligible, partial subsidy 4.3 2.6 3.4 3.4 

SOURCE: Author’s calculations using SIPP, HRS, and SSA administrative data. 
NOTE: The sample sizes are 26,354 persons for the SIPP, 4,727 of whom are noninstitutionalized Medicare 

beneficiaries, and 16,060 persons for the HRS, 10,341 of whom are noninstitutionalized Medicare beneficiaries. 
 
 
 

• The estimated number of LIS eligibles, using the baseline methodology, is 
projected to increase from 12.2 million (Table 3.2) to 12.7 million (Table 
3.13). The eligibility rate is estimated to remain the same at 29 percent. 

• The projected increase in LIS eligibles occurs in each of the three age 
groups, but the eligibility rates by age group projected for 2008 are close to 
those for 2006. 
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Table 3.15—Baseline Estimate of Potentially LIS-Eligible Population in 2008,  
Nursing Home Population  

(standard errors in parentheses) 

 By Age Group  

Measure 0–52 53–64 65+ Total 
a. Number (millions) 

Total Medicare beneficiaries — 0.116 1.095 1.212 
  (0.074) (0.072) (0.110) 
Not eligible for LIS — 0.000 0.604 0.604 
  (0.000) (0.058) (0.058) 

Eligible for LIS — 0.116 0.492 0.608 
  (0.074) (0.049) (0.095) 
Automatically eligible, full subsidy — 0.048 0.313 0.361 
  (0.048) (0.036) (0.065) 
Other eligible, full subsidy — 0.015 0.145 0.160 
  (0.015) (0.024) (0.029) 
Other eligible, partial subsidy — 0.054 0.034 0.088 

  (0.054) (0.012) (0.055) 

b. Percentage distribution 

Total Medicare beneficiaries — 100.0 100.0 100.0 
Not eligible for LIS — 0.0 55.1 49.8 

Income only too high  — 0.0 20.1 18.1 
Resources only too high  — 0.0 8.4 7.6 
Income and resources too high  — 0.0 26.6 24.1 

Eligible for LIS — 100.0 44.9 50.2 
Automatically eligible, full subsidy — 41.3 28.6 29.8 
Other eligible, full subsidy — 12.6 13.2 13.2 
Other eligible, partial subsidy — 46.1 3.1 7.2 

SOURCE: Author’s calculations using HRS data. 
NOTE: The sample size is 16,060 persons, 384 of whom are Medicare beneficiaries who live in nursing homes.  

— = not applicable. 
 

• There is also little change in the rate of eligibility by the different 
pathways or in the percentage who are ineligible because of income, 
resources, or both income and resources being too high. 

• Disaggregated by institutionalization status, Tables 3.14 and 3.15 show an 
estimated 12.1 million noninstitutionalized LIS eligibles in 2008 (compared 
with 11.6 million in 2006) and 600,000 institutionalized LIS eligibles (almost 
unchanged from 2006). The eligibility rates by institutionalization status 
and by pathway are projected to remain effectively unchanged. 
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Table 3.16—Baseline Estimate of Potentially LIS-Eligible Population in 2008 Using SIPP or 
HRS Alone, Noninstitutionalized Population  

(standard errors in parentheses) 

 Age Group: 53–64 Age Group: 65+ 

Measure SIPP HRS SIPP HRS 
a. Number (millions) 

Total Medicare beneficiaries 3.115 3.695 35.605 35.326 
 (0.201) (0.271) (1.388) (0.979) 
Not eligible for LIS 1.653 1.944 26.655 29.093 
 (0.142) (0.220) (1.085) (0.909) 

Eligible for LIS 1.462 1.751 8.951 6.233 
 (0.143) (0.172) (0.471) (0.288) 
Automatically eligible, full subsidy 0.965 0.914 4.460 3.051 
 (0.109) (0.104) (0.296) (0.199) 
Other eligible, full subsidy 0.414 0.746 3.155 2.129 
 (0.071) (0.133) (0.224) (0.117) 
Other eligible, partial subsidy 0.083 0.092 1.335 1.053 
 (0.035) (0.028) (0.149) (0.080) 

b. Percentage distribution 
Total Medicare beneficiaries 100.0 100.0 100.0 100.0 

Not eligible for LIS 53.1 52.6 74.9 82.4 
Income only too high  17.5 19.2 16.9 14.8 
Resources only too high  6.3 8.3 10.0 9.3 
Income and resources too high  29.3 25.1 48.0 58.2 

Eligible for LIS 46.9 47.4 25.1 17.6 
Automatically eligible, full subsidy 31.0 24.7 12.5 8.6 
Other eligible, full subsidy 13.3 20.2 8.9 6.0 
Other eligible, partial subsidy 2.7 2.5 3.7 3.0 

SOURCE: Author’s calculations using SIPP, HRS, and SSA administrative data. 
NOTE: The sample sizes are 26,354 persons for the SIPP, 4,727 of whom are noninstitutionalized Medicare 

beneficiaries, and 16,060 persons for the HRS, 10,341 of whom are noninstitutionalized Medicare beneficiaries. 
 

• The same pattern of differences in estimates by data source seen in 2006 
(see Table 3.5) is also evident for the 2008 projections (see Table 3.16). 
Again, the differences are most striking for the population age 65 and 
above, among whom there is a differential between the SIPP and HRS 
projections of LIS eligibles in 2008 of 2.7 million persons (slightly above 
the differential of 2.6 million estimated for 2006). As was the case with the 
2006 estimates, there is a differential of about 4 percentage points between 
the SIPP and HRS estimates of the rate of automatic eligibility for the LIS 
in 2008 (13 versus 9 percent, respectively). 
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Table 3.17—Baseline Estimate of Potentially LIS-Eligible Population in 2008,  
Alternative Weighting Given to HRS and SIPP Estimates  

(standard errors in parentheses) 

 Total Population 

Measure 

HRS and 
SIPP 

Average 
SIPP 

Preference 
HRS 

Preference 

a. Number (millions) 

Total Medicare beneficiaries 43.682 43.531 43.832 
 (1.038) (1.604) (1.069) 
Not eligible for LIS 30.983 29.619 32.348 
 (0.765) (1.161) (0.936) 

Eligible for LIS 12.698 13.912 11.484 
 (0.446) (0.647) (0.427) 
Automatically eligible, full subsidy 7.183 7.913 6.453 
 (0.304) (0.405) (0.317) 
Other eligible, full subsidy 3.990 4.337 3.643 
 (0.192) (0.278) (0.217) 
Other eligible, partial subsidy 1.525 1.662 1.388 

 (0.112) (0.170) (0.107) 

b. Percentage distribution 

Total Medicare beneficiaries 100.0 100.0 100.0 
Not eligible for LIS 70.9 68.0 73.8 

Income only too high  15.3 16.1 14.6 
Resources only too high  9.1 9.3 8.9 
Income and resources too high  46.6 42.7 50.4 

Eligible for LIS 29.1 32.0 26.2 
Automatically eligible, full subsidy 16.4 18.2 14.7 
Other eligible, full subsidy 9.1 10.0 8.3 
Other eligible, partial subsidy 3.5 3.8 3.2 
SOURCE: Author’s calculations using SIPP, HRS, and SSA administrative data. 
NOTE: The sample sizes are 26,354 persons for the SIPP, 4,727 of whom are Medicare 

beneficiaries, and 16,060 persons for the HRS, 10,725 of whom are Medicare beneficiaries. The 
results in the first column are the same as those in the last column of Table 3.13. The results of 
the second column use the HRS estimates for any cells in which estimates are available for both 
the HRS and the SIPP (see Table 3.1), while the opposite is true for the third column. 

 
 

• The differences between the SIPP- and HRS-based estimates means that 
we again have a wide range of estimates for total LIS eligibles if we 
consider alternative weighting schemes for the two data sources (see Table 
3.17). Giving preference to the SIPP results in an estimate of 13.9 million 
LIS eligibles, compared with 11.5 million when preference is given to the 
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HRS. Taking into account the confidence intervals, the range is from 10.6 
million LIS eligibles in 2008 as a lower bound (based on the HRS-preferred 
estimate) to 15.2 million as an upper bound (based on the SIPP-preferred 
estimate).24 

• Replicating the sensitivity analyses reported in Tables 3.8 and 3.9 for 2008 
produces very similar patterns of relatively modest differences when we 
change methodology, with a few exceptions. Nevertheless, as with the 
2006 estimate, the range of uncertainty associated with the two data 
sources exceeds the variability in the estimates when we use different 
methods for either data source. 

                                                
24 We could potentially calculate a similar “refined” estimate for 2008 as we did for 2006 using 

the CMS estimate of the number of individuals who are automatically eligible in 2008 as a 
benchmark to reweight the SIPP and HRS estimates. In particular, the CMS estimate for the 
number automatically eligible for the LIS as of January 2008 is about 7.85 million which is very 
close to the SIPP-preference estimate (see Table 3.17). So the refined estimate for 2008 would give 
even more weight to the SIPP than the estimate for 2006 did. However, using this approach for 
the 2008 projection is problematic because there may be changes in Medicaid, Medicare Savings, 
or SSI eligibility rules or in the income or wealth distributions in moving from 2006 to 2008 that 
are reflected in the CMS number of automatically eligible individuals but that we cannot capture 
in our projections. 
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4. Conclusions 

The primary goal of this study has been to provide an independent estimate as of 
January 2006 and January 2008 of the population potentially eligible for the 
“extra help” available through the LIS for Medicare Part D beneficiaries with low 
income and limited assets. Other objectives were to examine the robustness of 
the eligibility estimate to alternative assumptions and estimation methods and to 
examine the characteristics of the LIS-eligible population. In doing so, we sought 
to improve on prior estimates provided by CBO, CMS, and other independent 
researchers. 

Addressing Methodological Challenges 

There are a number of methodological challenges associated with developing a 
rigorous estimate of the LIS-eligible population that arise because of who is 
eligible for the program and the eligibility criteria, as well as how those factors 
accord with available data. 

First, the LIS is available to both institutionalized and noninstitutionalized 
Medicare beneficiaries, a population that includes both those age 65 and over—
the largest part of the Medicare population—and those under age 65. Thus, data 
are required that will cover the nonaged and aged populations and those who are 
not institutionalized as well as those in nursing homes. Previous studies have 
largely relied on the SIPP, but it does not include the nursing home population in 
its sample frame. Although the HRS did not originally sample persons in nursing 
homes, it does follow individuals who move into nursing homes, so the 
institutionalized population is well represented in later waves. However, the HRS 
does not cover the Medicare beneficiary population under age 53. Thus, as an 
advance over prior studies, we have combined estimates from the SIPP and the 
HRS in order to cover nearly all the potentially eligible population. 

Second, the eligibility rules for the LIS require measures of program participation 
for Medicaid, Medicare Savings, and SSI, as well as measures of income and 
resources (assets), ideally with a sufficient level of disaggregation to account for 
components that can be excluded in deriving measures of countable income or 
countable resources. The SIPP and the HRS are among the best data sources for 
meeting these requirements, although they have some limitations, including for 
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which programs an individual’s participation is measured and which detailed 
components of income and resources are measured. More importantly, it is well 
established that survey reports of program participation, income, and resources 
are error-ridden measures of the true values. Thus, in addition to concerns about 
the ability to replicate the complex eligibility rules with the available data, there 
are issues with measurement error that need to be addressed. The ability to 
match the survey data with SSA administrative records, as we have done in this 
study, helps to address the measurement-error issue, but only for a subset of the 
relevant income components and none of the wealth components. 

Finally, the fact that the two best data sources—the SIPP and the HRS—are 
longitudinal necessitates accounting for possible bias due to sample attrition 
when later waves of data are used. While the use of administrative data matched 
to survey data can address concerns about measurement error in reported survey 
amounts, it also introduces the possibility of bias due to selective matching. To 
our knowledge, this issue of selective attrition has been ignored in prior research 
but is one we have addressed in this study. 

Addressing these methodological issues often requires various assumptions in 
order to account for features of the eligibility rules that cannot be fully 
implemented given data limitations, measurement error in income and resource 
measures, and selective attrition. Thus, where we have had to make assumptions 
or specific methodological choices, we have also endeavored to determine how 
robust our estimates are to the use of alternative assumptions or methods. 

In sum, in the face of these methodological challenges, our study has integrated 
the following approaches, many of which are advances over previous studies: 

• employing both the SIPP and the HRS to cover the potentially LIS-eligible 
noninstitutionalized and institutionalized populations of all ages 

• constructing measures of income and resources that replicate as closely as 
possible the constructs used to determine LIS eligibility 

• using matched administrative data to improve on potentially error-ridden 
survey measures of income and program participation 

• adjusting sample weights to account for panel data attrition and selective 
matching of survey and administrative data 

• performing extensive sensitivity analyses to determine how robust results 
are to variation in the methodology. 
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In the remainder of this chapter, we briefly review our key findings. We 
conclude by discussing the use of our approach for making estimates of the LIS-
eligible population for other years. 

Size of the LIS-Eligible Population in 2006 and Sensitivity Analysis 

Our baseline methodology used to derive estimates for 2006 combines results 
from the SIPP and the HRS with equal weights for the overlapping population 
(the noninstitutionalized age 53 and above), and otherwise uses estimates from 
either the SIPP or the HRS for the other population subgroups. The baseline 
estimates use the matched SIPP-SSA data and impute Medicaid/Medicare 
Savings participation for the HRS. We also use attrition-adjusted and matching-
adjusted (SIPP only) weights and rescale the weights to match known marginal 
distributions for the population. 

Using this method, we generate the following results for 2006: 

• An estimated 12.2 million persons, or 29 percent of Medicare beneficiaries, 
were potentially eligible for the LIS in 2006. Accounting for sampling 
error, the 95-percent confidence interval is from 11.4 million to 13.1 
million. The error band would be wider if we also accounted for modeling 
uncertainty. 

• Estimates by age show that 4.3 million of the potentially LIS-eligible 
population are under age 65 and 7.9 million are age 65 and older. The 
eligibility rate is higher for the under-age-65 population (68 percent versus 
22 percent for those 65 and older). 

• The potentially eligible population consists of 11.6 million 
noninstitutionalized persons, while the remaining 0.6 million persons are 
in nursing homes. The eligibility rate is higher for those in nursing homes 
(50 versus 29 percent). 

• Of those estimated to be LIS eligible, most would be eligible for the full 
subsidy either through automatic eligibility (6.9 million) or by meeting the 
lower income and resource thresholds (3.8 million). The remainder (1.5 
million) would qualify for the partial subsidy. 

• Of those who are estimated to be ineligible for the LIS, most have both 
income and resources too high (47 percent out of 71 percent), followed by 
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only income too high (15 percent out of 71 percent) and then only 
resources too high (9 percent out of 71 percent). 

• These baseline estimates are most sensitive to the weight we place on the 
estimates derived from the SIPP versus the HRS. Our baseline method 
gives them equal weight. If we instead give preference to the SIPP-based 
estimates and use the HRS only when it is the sole source of data for a 
subpopulation, the estimated number of LIS eligibles increases from the 
baseline of 12.2 million to 13.4 million. If we instead give preference to 
HRS-based estimates, the estimate falls to 11.1 million. Accounting for 
sampling error alone, the confidence intervals around these three 
estimates range from a lower bound (based on the HRS-preference result) 
of 10.3 million LIS eligibles to an upper bound (based on the SIPP-
preference result) of 14.6 million eligibles. 

• This wide range reflects significant distributional differences between the 
SIPP and the HRS, especially in the distribution of resources, for which 
there are several indications that the HRS data may be superior. As part of 
the sensitivity analyses, we rescaled the SIPP wealth distribution for the 
entire SIPP population using a scaling factor that matched the median of 
the SIPP distribution to the median of the HRS distribution for the 
population where they overlap. The result was a reduction from the 
baseline estimate of 12.2 million LIS eligibles to 11.5 million. Using an 
external benchmark from CMS of the number of Medicare beneficiaries 
automatically eligible for the LIS, we further refined our estimate to 11.8 
million. Again, a reasonably large band of uncertainty still remains 
around this point estimate. 

• Rescaling the SIPP wealth distribution was the methodological variant 
that generated the largest change in the estimate of LIS eligibles. All the 
other methodological choices we examined in the sensitivity analyses 
showed little to no effect on our estimates—differences were on the order 
of 1 to 2 percent. Thus, our results are more sensitive to the relative weight 
we place on the two data sources than to the choice of methods we apply 
to either data source. Given the mixed evidence regarding the quality of 
the measures of income, resources, and program participation in the two 
data sources, as well as the representativeness of the SIPP and HRS 
samples, it is not possible to definitively conclude that one data source is 
more accurate than the other. 
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• Even with this uncertainty, our estimates suggest that prior estimates of 
the size of the LIS-eligible population by CBO, CMS, and other 
independent researchers likely overstate the true number of eligibles. Our 
baseline estimate of 12.2 million and our refined estimate of 11.8 million in 
2006 are both below the CMS estimate of 13.2 million, for example. 

Characteristics of Populations Eligible and Not Eligible for the LIS 

Using both the HRS and the SIPP, we examined the characteristics of the 
population estimated to be eligible for the LIS under the baseline model versus 
those estimated to be ineligible. Among those eligible, we considered differences 
between those we estimated to be automatically eligible and those estimated to 
be nonautomatically eligible. Finally, we examined differences based on the SIPP 
data matched to LIS application records between those classified as 
nonautomatically eligible who do not apply for the LIS and those who applied 
for and were awarded the subsidy. In the HRS, we considered differences 
between those who were classified as nonautomatically eligible and self-reported 
being enrolled in Part D and those who said they did not have Part D coverage. 
There were some differences between the SIPP and the HRS in terms of measures 
of prescription drug usage and insurance coverage, and the two surveys provide 
results for different population groups. Nevertheless, they showed very 
consistent patterns, including the following: 

• As expected, those not eligible for the LIS are disproportionately from 
sociodemographically more advantaged groups, such as males, non-
Hispanic whites, those with higher education levels and better health 
status, and those with employer-based health insurance coverage. 
Eligibility did not vary with prescription drug usage in the past year 
(SIPP) or with the combination of prescription drug use and creditable 
coverage (HRS). 

• Among those who are estimated to be LIS eligible, the differences in the 
demographic characteristics of those who are automatically eligible and 
those who are nonautomatically eligible are modest. The automatically 
eligible are slightly more likely to be Hispanic or African American, have 
less than a high school diploma, and be in poor health. Based on the SIPP, 
the automatically eligible group is a little more likely to have used 
prescription drugs and to have health insurance coverage through 
Medicare or Medicaid. The HRS data show that the automatically eligible 
are overrepresented among those with regular prescription drug use and 
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creditable coverage and among those with drug coverage through 
Medicaid. Again, these are the expected patterns, as automatic eligibility 
for the LIS applies to those who are already participating in means-tested 
programs that require low income and low assets. 

• Among those who are nonautomatically eligible for the LIS, there is less 
than full take-up of the benefit. Based on the SIPP, among those who are 
estimated to be eligible for the LIS but are nonautomatically eligible, only 
about one in four is estimated to have applied for the LIS, according to the 
administrative data, and the administrative data show awards for just 
under 20 percent of those estimated to have nonautomatic eligibility. 
According to the HRS self-reports, the Medicare beneficiaries who have 
nonautomatic eligibility for the LIS are nearly equally divided between 
those who have Part D coverage and those who do not. 

• Among the group that we estimate would be eligible for the LIS based on 
estimated income and resources, those who do not apply for the LIS 
(SIPP) or report that they do not have Part D coverage (HRS) are a group 
that is selectively somewhat more advantaged in terms of their health 
status. They also report lower rates of use of prescription drug coverage 
and greater access to other creditable coverage. This suggests that the lack 
of take-up may result from a lower level of expected need for the subsidy 
for this group than for those who do participate. On the other hand, the 
group that does not apply for the LIS or have Part D coverage is also less 
likely to have more than a high school education (more noticeably so in 
the SIPP). This suggests that there may be barriers to seeking coverage, 
associated with a lack of knowledge of the program’s existence, the LIS 
eligibility rules, or the application process. 

Size of the LIS-Eligible Population in 2008 

Using the observed survey and administrative data as of 2006, we made a 
parallel set of projections for 2008 to match the results we reported for 2006. Key 
findings include the following: 

• The number of LIS eligibles, using the baseline methodology, is projected 
to increase from an estimated 12.2 million in 2006 to 12.7 million in 2008, 
with a 95-percent confidence interval (accounting only for sampling error) 
that ranges from 11.8 million to 13.6 million. The eligibility rate is 
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estimated to remain the same at 29 percent. The LIS eligibility rate by age 
also is projected to remain close to the 2006 rate. 

• There is also little change in the rate of eligibility by the different 
pathways. A somewhat smaller fraction of the 2008 population is 
estimated to have income or resources that exceed the thresholds than was 
estimated for 2006 (e.g., 61 versus 63 percent with income too high and 55 
versus 57 percent with resources too high). 

• We estimate a total of 12.1 million noninstitutionalized LIS eligibles in 
2008 (compared with 11.6 million in 2006) and 600,000 institutionalized 
LIS eligibles (almost unchanged from 2006). The eligibility rates by 
institutionalization status and by pathway are projected to remain 
effectively unchanged. 

• The same pattern of differences in estimates by data source found for 2006 
is evident for the 2008 projections. Thus, we again have a wide range of 
estimates for total LIS eligibles if we consider alternative weighting 
schemes for the two data sources. Giving preference to the SIPP results in 
an estimate of 13.9 million LIS eligibles in 2008, compared with 11.5 
million when preference is given to the HRS. Taking into account the 
confidence intervals, the range is from 10.6 million LIS eligibles in 2008 as 
a lower bound (based on the HRS-preference estimate) and 15.2 million as 
an upper bound (based on the SIPP-preference estimate). 

Future Estimates and Projections 

Given the issues with the quality and representativeness of the SIPP and HRS 
data identified in this study, future estimates of the LIS-eligible population 
would benefit from further study regarding the validity of the income, wealth, 
and program participation measures in the two data sources, as well as the 
representativeness of the survey samples, especially for the low-income 
population. As noted in Chapter 3, for example, it should be possible to compare 
the distribution of earnings or social program benefits in the matched survey 
data with the distribution for the full population in (or a random sample of) the 
administrative data. 

In principle, the approach we have used in this study can be used to generate 
estimates of the LIS-eligible population for future years, accounting for future 
changes in LIS eligibility rules (including income and resource cutoffs), 
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demographic shifts, and changes in the distribution of income and resource 
components. Estimates for 2007 and beyond based on observed data can be 
derived as new waves of HRS or SIPP data become available so that survey 
reports for income and resource components in the required year can be 
combined, where available, with administrative data. Often, such data are 
available with a lag, however, as has been the case in this study, in which the 
most current income and wealth measures available to us are for 2006. However, 
just as we have generated a projection for 2008, projections may be made for 
other years based on the results we have derived for 2006 or any updates made 
to establish a new baseline as new survey data become publicly available to 
cover 2007 and beyond. 

Following the method we have used for projecting to 2008 using a baseline of 
2006, estimating for 2009 or later years would require projecting forward the 
poverty guidelines that define the thresholds for countable income and the 
thresholds applied to countable resources. It would also require obtaining 
estimates for the future distribution for such population characteristics as sex, 
age, race-ethnicity, marital status, labor force participation, and 
institutionalization status in order to create a synthetic population for each future 
year for which a projection is made. 

As noted in this report, however, this approach is limited to the extent that it 
does not incorporate cohort and year effects beyond those captured by the 
variables used in reweighting the latest observed sample. While we were less 
concerned about this issue in projecting from observed data in 2006 to January 
2008, the significant changes in the economy since the end of 2007 will make that 
limitation more problematic. Thus, for example, with the stock market decline 
and other financial turmoil beginning in 2008, the distributions of countable 
income and resources for the Medicare beneficiary population are likely to 
change in a significant way. Projections beyond early 2008 would therefore 
require assumptions about shifts in financial asset valuations, along with other 
macroeconomic variables, such as employment rates and economic growth, that 
can affect earnings and other income sources. 

Eventually, the survey data will be collected and released (and possibly matched 
to administrative data) for 2008 and 2009 so that the actual distributional changes 
in income and resources for the Medicare beneficiary population can be 
measured. However, given the lag in collecting and releasing data from the SIPP 
or the HRS, other data sources may provide early estimates of the shifts in the 
income or resource distributions as a result of the economic downturn. For 
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example, RAND conducts the American Life Panel, which can be used to collect 
information using the Internet or other data-collection modes for an existing 
sample with known representativeness. Until such preliminary data are collected 
or the SIPP or HRS data are released, the most credible projections would need to 
incorporate assumptions about the distributional shifts in order to account for 
the recent economy-wide changes and how they will affect the number of 
persons eligible for the LIS. 

 





 

Appendix A. Analysis of Attrition, Nonresponse, 
and Selective Matching 

In this appendix, we discuss our approach to addressing issues with respect to 
panel attrition and selective matching of survey and administrative data as 
introduced in Chapter 2. 

Theory 

The HRS and the SIPP use complex survey designs in which certain 
subpopulations are oversampled. In the HRS, African Americans, Hispanics, and 
Floridians are oversampled, whereas the SIPP survey design oversamples 
households from low-income neighborhoods. The consequence of this is that, 
without corrections, these samples are not representative of the population they 
are intended to represent. Furthermore, like almost all surveys, both suffer from 
nonresponse. Nonresponse is often related to characteristics of interest, such as 
income. Hence, even if the survey design should lead to a representative sample, 
this selective nonresponse makes the sample nonrepresentative, and 
(unweighted) sample statistics are biased and inconsistent estimators of the 
population parameters that they are intended to estimate. 

Correction for both forms of lack of representativeness is generally done by 
weighting the sample. Each observation in the sample receives a weight w

 i
, 

which is inversely proportional to the probability p
 i

 of being included in the 

sample. The rationale for this can be most easily understood by the canonical 
example of estimating the mean of a variable 

 
y

i
 in a finite population with N 

members. This mean is, by definition, equal to 

1 ∑
N

 y
N

i , (A.1)
  i=1

whereas the weighted sample mean is given by 

 ∑
n

w
j
y

j ∑
N

= R
i
w

i
y

i
, (A.2)

 j=1 i=  1
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where n is the sample size, j is an index for observations in the sample, i is an 
index for members of the population of interest, and R

 i
 is an indicator for being 

in the sample: It is 1 if the corresponding unit i (person, household) is in the 
sample, and 0 otherwise. Define p Pr(

i
≡ R = 1|y ) = E(R |y ) . Then the 

   i i i i

expectation of the weighted sample mean is 

⎛ n ⎞ ⎛⎜∑ ⎟
E⎜ ⎜

j ∑
N ⎞ N N

 w ⎟ E ⎟y
j ⎟ = ⎜ R

i
w

i
y

i
⎟ = E(R |y )w y = p w y , (A.3) 

⎜⎜ j=1 ⎟⎟ ⎝⎜ i=1 ⎠⎟⎟ ∑ ∑
⎝ ⎠

i i i i i i i

   i=1 i=1

which is equal to the population mean if w = 1/(Np )
i i

. Hence, such a weight is    
called an IPW. It can be verified that the expected value of the sum of the weights 
in the sample is 1. Often, this is imposed as an equality—i.e., the weights are 
scaled to satisfy this requirement. If y

 i
 is the binary variable that indicates 

eligibility for the LIS (1 = eligible, 0 = not eligible), then the weighted sample 
mean of y

i
 is an unbiased (and consistent) estimator of the fraction of 

 
individuals in the population who are eligible for the LIS. An estimator of the 
absolute number of LIS eligible individuals is then obtained by multiplying this 
sample mean by the population size N. This is equivalent to multiplying the 
weights by N, which is how they are defined in the HRS and in the SIPP. 

A problem with the discussion thus far is that we need to know 
p = Pr( 1| )

i
R

i
= y

i
 for each observation in the sample. (Also, note that this 

   
probability must be positive for each member of the target population.) For most 
variables of interest, we observe y

i
 only for the sample members, and we have 

 
very limited information about it for members of the population who are not in 
the sample; otherwise, we would not need the sample to estimate the population 
mean. Hence, this precludes estimation of p

 i
. 

This problem is usually solved by using the missing at random (MAR) assumption 
(Rubin, 1976; called selection on observables by Fitzgerald, Gottschalk, and Moffitt, 
1998). In the current context, this means that, conditional on a set of variables x

 i
 

that are observed for both respondents and nonrespondents, R
 i

 is independent 

of y
 i

—i.e., 

 Pr( R
i
= 1|y , ) Pr( 1| )

i
x

i
= R

i
= x

i
.  (A.4) 

  

Thus, the probability of being in the sample may vary systematically with the 
variable of interest y

i
, but this dependence is assumed to be due solely to the 
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joint  dependence  of  yi  and  Ri  on  the  set  of  always-observed  variables  xi  and  not     
to  unobserved  variables.  

Define  p(x i ) ≡ Pr(R = i 1| xi ) .  Because xi  is  observed  for  both  respondents  and     
nonrespondents,  p(xi )  can  be  estimated ( or  even  exactly  computed)  for  each   
sample  member.  We  can  then  redefine  w =  i 1/ [Np(xi )] .  Using  the  MAR    
assumption  and  the  law  of  iterated  expectations,  it  follows  that  

E(R w y |y ) = i i i i yiE x|y [E R|x , y (Ri | xi , yi )wi |yi ] 
= yiEx|y[E R|x ( R i |xi )wi |yi ]  (A.5)  
= y i E x|y [p(xi )wi |yi ]

  = yi /N. 

Hence,  under  the  MAR  assumption,  the  weighted  sample  mean  using  these 
weights  gives  a  feasible  unbiased an d  consistent  estimator  of  the  population 
mean  of  interest.  

At  first  sight, i t  would  seem  that  we  also  observe  xi  only  for  the  sample  
members,  so  that  the  MAR  assumption  cannot  be  invoked. H owever,  this  is  not 
necessarily  true.  If  we  know  the  population  distribution  of  xi ,  we  can  simply   
generate  additional  hypothetical  observations  for  the  sample  data  set  such  that 
the  number  of  observations  is  equal  to  the  population  size  and  the  distribution  of  
x i  in  the  sample  exactly  replicates  the  known  distribution  of  x i  in  the   
population.  For  example, i f  xi  consists  of  only  gender  and  we  have  a  sample  of   
100  observations  in  which  60  individuals  are  female,  and  the  population  of 
interest  consists  of  1,000  individuals  of  whom  500  are  known  to  be  female,  then  
we  can  add  900  pseudo-observations  (440  females  and  460  males)  such  that  our 
population  data  set  consists  of  500  females,  of  whom  60  are  in  the  sample,  and 
500  males, o f  whom  40  are  in  the  sample.  Then  we  estimate   p (x ) = 60/500  for    i 

females  and  p x ) =  ( i 40/500  for  males.  In  practice,  the  actual  construction  of  the    
whole  population  data  set  can  be  circumvented, b ut  the  principle  is  the  same.  

If  the  only  form  of  nonrepresentativeness  of  the  sample  is  due  to  survey  design 
and  the  survey  is  sufficiently  well  designed,  then  the  set  of  variables  xi  is  known   
and  p(xi )  is  also  known  and  follows  from  the  survey  design. H owever,  this  does    
not  hold  for  other  forms  of  nonresponse  (e.g., r efusals,  no  one  home). T he 
amount  of  information  available  about  nonrespondents  is  often  limited,  so  in 
practice  the  only  variables  entered i n  xi  are  a  limited  set  of  sociodemographics,   



98 

such as age, gender, marital status, and race-ethnicity, because, for these, reliable 
estimates of the population distribution exist. The MAR assumption then 
becomes a very strong one, but there are typically no feasible alternatives to 
making this assumption. 

If selection for the sample is done in multiple stages and more information 
becomes available in each stage, the nonresponse correction can also be done in 
stages as well, where, in each stage, the remaining sample is reweighted toward 
the previous sample. Variables observed in the previous stage can then be 
included in the probability (and thus the weights) for the current stage. Thus, if 
sampling is done in three stages, the probability of being in the ultimate sample 
can be written as p

1
(x

  1
)

i
p

2
(x

2
)p (x )

i 3 3 i
, where the subscripts 1–3 indicate the stage, 

p (x )
s si

 is the probability of being in the stage s sample, conditional on being in 
  
the stage s – 1 sample and conditional on x

 si
, which is a set of variables observed 

for all members of the sample in stage s – 1 (stage 0 = total population). The final 
weight is then w = w w w

  i 1i 2 i 3 i
, where w

 si
 is proportional to 1/p (x )

s si
. In our 

  
context, stage 1 can be the survey design, stage 2 initial nonresponse, and stage 3 
retention in the sample in a subsequent wave of interest. Then p (x )

  1 1i
 is known 

from the survey design and p
2
(x

2
)

i
 is estimated from poststratification using 

  
known distributions of sociodemographics. For the probability of retention in the 
sample (or nonretention, i.e., attrition), a much richer set of explanatory variables 
can be included, because many variables are observed in the initial sample. 
Hence, p

3
(x

3
)

i
 is typically specified using some kind of logit or probit model 

  
with a broad set of explanatory variables. This makes the MAR assumption for 
this stage substantially weaker than for the initial nonresponse. 

Application to the LIS Analyses 

Both the SIPP and the HRS are panel data sets. Hence, in addition to initial 
nonresponse, there is the potential problem of biases due to selective attrition. 
For the HRS, the primary analyses are performed on wave 8 (2006), whereas 
initial sampling was done in waves 1 (1992; HRS cohort), 2a (1993; AHEAD), 4 
(1998; CODA and WB), and 7 (2004; EBB). For the SIPP, the primary analyses are 
performed on the wave 6 Assets and Liabilities TM (TM6; October 2005–-January 
2006) and waves 7–10 of the core data for the income variables (using all 12 
months of 2006) and some additional variables, such as Medicare beneficiary 
status in January 2006. Thus, there is considerable potential for attrition in both 
surveys. The SIPP started with about 110,000 observations for January 2004 
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(wave 1; actually administered February–May 2004), but, in January 2006, this 
had been reduced to about 60,000 observations because of attrition and was then 
further reduced during 2006 to about 30,000 observations because of a sample 
reduction by the Census Bureau (which conducts the survey) for cost-reduction 
purposes. 

If an individual is married, we need data for the spouse as well. The need is 
primarily for income and resource data. Consequently, in addition to 
nonresponse of the respondent, nonresponse of the spouse is an additional 
potential problem. 

Part of our analyses uses administrative records from SSA, which are available 
only when the individual is successfully matched to the SSA data. An 
unsuccessful match is thus another source of “nonresponse.” For the HRS, 
respondents had to give explicit permission to allow matching, so the matching 
itself consists of two stages: permission and successful match with the 
administrative records. Because permission was asked in wave 7 (2004), for data 
prior to 2004, the matched data are useful only if the respondent was present in 
both 2004 and the prior wave (wave 6 in 2002), so the actual matching affects the 
definition of attrition, in the sense that it requires presence in the sample in a 
later wave (wave 7) than the wave for which the analyses are done (wave 6). For 
the SIPP, permission to match is legally required but refused by only a very small 
percentage of respondents. So essentially only the second stage applies, and we 
consider the matching a one-stage process. 

Finally, we also need the administrative records for the spouse if the individual 
is married, so the spouse’s data must be successfully matched as well. 

For the HRS, we specify nonresponse models separately for the different cohorts, 
because the time between initial sampling and response wave of interest differs, 
which is likely to influence response probabilities. For the SIPP, we do not 
estimate separate models, but we include a flexible function of age among the 
explanatory variables so that heterogeneous response probabilities for different 
age groups are captured. 

Models for the HRS 

Based on the considerations mentioned thus far, we have estimated the following 
nonresponse/attrition models for the HRS: 

• respondent’s presence in wave 8 (2006) 

• respondent’s presence in wave 7 (2004) 
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• respondent’s presence in wave 6 (2002) 

• respondent’s presence in both waves 6 and 7 (2002 and 2004) 

• spouse’s presence in wave 8, conditional on respondent’s presence in  
wave 8 and respondent being married in 2006 

• spouse’s presence in wave 7, conditional on respondent’s presence in 
wave 7 and respondent being married in 2004 

• spouse’s presence in wave 6, conditional on respondent’s presence in 
wave 6 and respondent being married in 2002 

• spouse’s presence in both wave 6 and wave 7, conditional on respondent’s 
presence in both wave 6 and wave 7 and respondent being married in 
2002 (the “spouse” here is the spouse in 2002; this may or may not still be 
the spouse in 2004) 

• permission to match with SSA records for both respondent and spouse (if 
applicable), conditional on presence of respondent and spouse (if 
applicable) in waves 6 and 7 (the number of observations for which the 
respondent gives permission but the spouse does not is too small to 
warrant separate consideration) 

• successful match with SSA records for both respondent and spouse (if 
applicable), conditional on permission given by both and on presence of 
respondent and spouse (if applicable) in waves 6 and 7 (again, the number 
of observations for which the respondent is matched successfully but the 
spouse is not is too small to warrant separate consideration). 

All models are estimated separately by cohort, which means that, for waves 6 
and 7, four versions of these models have been estimated (AHEAD, CODA, HRS, 
WB) and for wave 8, five versions (AHEAD, CODA, HRS, WB, EBB). The HRS-
cohort versions of the first three models are replications and extensions of similar 
analyses reported in Kapteyn et al. (2006). 

Permission to match with SSA records was asked only of the HRS and EBB 
cohorts and of respondents who had not given permission to match in previous 
waves. The latter group does not appear to represent a well-defined population 
of interest and is therefore ignored. Furthermore, the available SSA records 
represent the period before 2004. We use them for analyzing “current” (as of the 
date of interview) eligibility. This implies that we use the matched data for 2002 
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and compare them with the 2002 survey data, as indicated earlier. But the EBB 
cohort was initially sampled in 2004, which implies that we do not have 2002 
survey data for them, and matched data of this group are not useful for our 
purposes. Thus, we use matched data only for the HRS cohort, and thus we need 
to estimate only one model for each of the stages leading to a successful match. 

From this discussion, it follows that we estimated 30 (i.e., 5 + 4 + 4 + 1 + 5 + 4 + 4 
+ 1 + 1 + 1) models for the HRS. These models are all multinomial logit models, 
which reduces to binary logit if there are only two outcome categories. 

Dependent Variables 

With a few exceptions (for technical or logical reasons), the outcome categories 
for the “respondent’s presence” models are 

1. always in (i.e., present in the baseline wave for the cohort and all 
subsequent waves, up to and including the wave of interest) 

2. ever out (i.e., present in the baseline wave for the cohort and the wave of 
interest but not in all waves in between) 

3. died (i.e., present in the baseline wave but died between the baseline wave 
and the current wave) 

4. attritor (i.e., present in the baseline wave but nonrespondent in the current 
wave). 

Note that we condition on being present in the baseline wave, because the 
baseline wave of the cohort is where initial nonresponse is corrected (by the HRS 
team at the University of Michigan) by poststratification on demographic 
variables toward the distribution in the CPS. This poststratification uses the 
actual age to define a cohort. The consequence of this is that respondents who 
entered the sample after the baseline wave for their cohort (because they entered 
a household that already participated) are not included in the analyses except as 
the spouse of another respondent. 

Conversely, respondents who entered the sample before their baseline wave 
(because they were the spouse of a member of an earlier-sampled cohort) are 
included in the analyses. This poses a slight conceptual problem, because we 
have to assume that all potentially selective attrition before the baseline wave is 
corrected by the baseline-wave poststratification weights, based solely on a 
limited set of demographics, whereas attrition after the baseline wave is allowed 
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to depend on a much richer set of covariates. In principle, we could define 
subcohorts of the form “CODA-age respondent who was married in 1992 to an 
HRS-age respondent,” construct initial sample weights (for 1992 in the example) 
for these cohorts by mimicking the HRS poststratification method using the 
appropriate CPS, and then estimate separate attrition models for these 
subcohorts. However, implementation of this approach is outside the scope of 
this study. 

The general discussion about nonresponse earlier in this appendix assumes that, 
even if sampling is done in several stages, the ultimate sample is supposed to be 
representative of the population from which the initial sample was drawn. If we 
would apply this theory to later waves of the HRS, this would mean that we 
attempt to make the wave 8 sample, for example, representative of the 
population at the time of the baseline wave. However, for our purposes, we 
would like the reweighted wave 8 sample to be representative of the population 
in 2006, not the one in 1992, 1998, or 2004. To appreciate the difference, consider 
the original HRS cohort. These are individuals born between 1931 and 1941, and 
they were initially sampled in 1992. Hence, the population from which they were 
sampled is the population of (civilian, noninstitutionalized) individuals born 
between 1931 and 1941 who were alive and residing in the United States in 1992. 
The target population for the HRS cohort in 2006 is the population of individuals 
born between 1931 and 1941 who were alive and residing in the United States in 
2006. Apart from now including the institutionalized, they must still be alive in 
2006 and they must reside in the United States in 2006. As discussed in the main 
text, we assume that excluding the institutionalized from the initial sample does 
not distort the sample in the target wave, because this consists mainly of nursing 
home residents, and the HRS follows individuals into nursing homes. Hence, 
ignoring this discrepancy in definitions, the remaining differences between the 
initial population and the target population are individuals who died between 
the baseline wave and the target wave and individuals who moved into or out of 
the United States. 

The deceased make up the largest difference between the two populations. The 
models include “died” as a separate outcome category, as indicated earlier. The 
target population would then be represented by outcome categories 1, 2, and 4 
(always in, ever out, and attritor), whereas the sample consists only of outcome 
categories 1 and 2. The relevant sampling probability is the probability of being 
in the sample conditional on being in the target population. Consequently, the 

  
p

s
(x

si
)  to use for this stage is the probability of being in category 1 or 2, divided 

by the probability of being in category 1, 2, or 4. 
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There are a small number of respondents who were not living in the United 
States any more at a target wave of interest. These numbers are too small to be 
successfully modeled as a separate outcome category. The earlier discussion 
implies that these migrants should be treated the same as the deceased: They are 
not part of the target population any more. Hence, we have included them in the 
“died” category, even though they may be very different from the deceased. 
However, because these are small numbers, this should not distort the results 
noticeably. Individuals who moved into the United States between what would 
have been their baseline wave and the wave of interest are not represented by the 
sample at all. Just like the number of emigrants, this subpopulation should be 
small, and therefore we can safely ignore them. 

For the model for combined wave 6 and wave 7 sample presence, there is an 
additional outcome category: died between wave 6 and wave 7. Such an 
individual is a member of the target population, because we use the outcomes of 
this to analyze data for 2002 but not in the sample in wave 7. Therefore, this 
group is treated in the same way as other nonrespondents. 

For the spouse’s nonresponse models, we condition on the individual of interest 
being in the sample and being married. The outcome categories of this model are 
then simply “spouse responding” and “spouse nonresponding” so that the 
model reduces to a simple binary logit model. The numbers of nonrespondents 
for these models are small (given that we condition on their spouses being 
respondents). For this reason, in the models for combined wave 6 and wave 7 
sample presence, we have not distinguished between spouses who died between 
wave 6 and wave 7 and spouses who refused participation (or otherwise were 
nonrespondents) in wave 6 or wave 7 or both. 

In the model for permission to match with administrative records, the outcome 
variable was binary as well, with 1 representing permission of both the 
respondent and the spouse (if applicable) and 0 representing no permission from 
either the respondent or the spouse (if applicable) or both. The number of 
observations for which the respondent gave permission but the spouse did not 
was too small to warrant separate analysis. The model for successful match 
analogously has a binary dependent variable, with 1 being a successful match of 
both respondent and spouse, and 0 otherwise. 
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Explanatory Variables 

The characteristics we include in the vector of explanatory variables for these 
nonresponse models are sociodemographics, education, home ownership, labor 
force participation, income, wealth, and various health status indicators (see 
Table A.1). This covers a wide range of conceivable patterns of nonresponse. For 
the attrition models (respondent’s presence in a later wave), these characteristics 
are measured at the baseline wave, whereas, for the models for spouse’s 
nonresponse, permission, and matching, they are measured at the target wave. 
For the other models, the set of explanatory variables is similar, although 
sometimes variables are dropped because of collinearity issues or for logical 
reasons. An example of the latter is that the spouse’s nonresponse models are 
estimated only for married respondents, so marital-status dummies are dropped. 
As mentioned previously, the number of spouse-nonrespondents conditional on 
the target respondent’s presence is small. Furthermore, we can use only 
respondent’s characteristics in these models, because spouse’s characteristics are 
not necessarily known if the spouse is nonresponding. Both of these limit the set 
of explanatory variables that can be usefully included in these models, so we 
have used a highly reduced set of explanatory variables for these models. 

Illustrative Results 

As indicated previously, we have estimated a large number of models (30 in 
total). Most of these models result in several dozen coefficients and standard 
errors per outcome category (with the exception of one reference category). 
Additionally, we have computed several diagnostic tables for each model, which 
give an impression of the distribution of the weights resulting from the model (in 
particular, whether there are large outliers) and compare distributions of 
variables of interest using different weights (before and after reweighting). The 
number of results is too large to present here. Therefore, we will present some 
illustrative results for one model: attrition in 2006 for the HRS cohort. The 
coefficients from the other models generally show expected patterns. The 
resulting weights are not extremely large, and reweighting does not have a large 
impact on the distributions of variables of interest, although there are some 
effects that are noticeable. Detailed results are available upon request. 

Table A.2 shows the estimation results for the attrition model for wave 8 (2006) 
for the HRS cohort. Most coefficients are small and insignificant, suggesting that 
selectivity in attrition is not an important problem. Only the “Died” columns 
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Table A.1—Explanatory Variables for the Attrition Models for the HRS  
(measured at baseline wave) 

Variable Type Note 
Demographics   

Female  0/1  
Age  years Age of respondent (baseline year – birth year) 
Lower age spline years min(age, cutoff), where cutoff = 76 (AHEAD), 70 (CODA), 

55 (HRS), 52 (WB, EBB) 
Upper age spline years max(age – cutoff, 0) 
Born outside U.S.  0/1  
African American  0/1  
Hispanic  0/1  
Married  0/1 Reference category; includes having an unmarried partner 
Widow(er)  0/1  
Divorced  0/1 Currently divorced 
Once divorced  0/1 Once divorced but now married 
Single  0/1 Never married/partnered 
Household size number Number of household members 
Census division 1–9 Census division of primary residence 

Highest education   
High school 0/1 Completed or not; “less than high school” is reference 

category 
Some college 0/1  
College and above 0/1  

Home ownership and labor force status 
Own house  0/1 Own primary residence 
Retired 0/1 Self-reported retired/partly retired 
Disabled 0/1 Self-reported disabled 
Not in labor force 0/1 Not in the labor force or unemployed 

Income and wealth 
Total wealth dollars IRAs + stocks + bonds + savings + CDs + value of primary 

residence (if owned) + other assets – mortgage – (other) 
debt. 
Categorized into quintiles: 1st quintile = reference category, 
other are 0/1 dummies 

Earnings dollars Individual annual gross earnings; categorized into quartiles 
Household income dollars Household annual gross income; categorized into quintiles 

Health status   
Health good  0/1 Self-reported health is “good” (reference = “excellent”) 
Health fair/poor  0/1 Self-reported health is “fair” or “poor” 
Ever had severe condition 0/1 Ever had cancer/lung disease/heart disease/stroke 
Ever had mild condition  0/1 Ever had psychiatric disease/diabetes/high blood pressure 
At least one ADL  0/1 Respondent reports at least one limitation in activities of 

daily living 
NOTE: ADL = activity of daily living. CD = certificate of deposit. 
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Table A.2—Multinomial Logit Coefficients for the Attrition Model: HRS Cohort, 2006 

 Outcome 
 Ever Out Died Attritor 

Explanatory variable Coeff. t-value Coeff. t-value Coeff. t-value 
Female –0.25 –2.8 –0.79 –10.4 –0.16 –2.3 
Lower age spline –0.01 –0.4 0.04 1.6 –0.03 –1.3 
Upper age spline –0.05 –1.8 0.09 4.5 –0.01 –0.7 
Born outside U.S. 0.34 2.5 –0.10 –0.7 0.34 3.2 
African American 0.41 3.7 0.13 1.5 0.18 1.9 
Hispanic 0.70 4.7 0.02 0.1 0.41 3.2 
Widow(er) –0.02 –0.1 0.22 1.6 –0.13 –0.9 
Divorced 0.14 0.9 0.19 1.6 0.05 0.4 
Never married 0.09 0.4 0.15 0.8 0.02 0.1 
Once divorced 0.25 2.6 0.23 3.0 –0.04 –0.5 
Household size 0.02 0.7 0.03 1.0 –0.05 –1.8 
High school –0.03 –0.3 –0.02 –0.2 –0.02 –0.2 
Some college –0.04 –0.4 0.11 1.1 –0.09 –0.9 
College and above –0.29 –2.0 –0.11 –0.9 –0.29 –2.7 
Own house –0.26 –2.1 –0.14 –1.3 –0.13 –1.3 
Retired –0.25 –1.6 0.19 1.8 –0.06 –0.6 
Disabled –0.02 –0.1 0.20 1.2 –0.23 –1.0 
Not in labor force –0.09 –0.6 0.01 0.1 –0.04 –0.4 
2nd earnings quartile –0.15 –1.1 –0.19 –1.8 –0.14 –1.3 
3rd earnings quartile –0.07 –0.4 –0.24 –1.9 –0.09 –0.8 
4th earnings quartile –0.14 –0.8 –0.28 –1.8 –0.08 –0.6 
1st household income quintile –0.09 –0.6 0.20 1.6 –0.05 –0.4 
2nd household income quintile –0.05 –0.4 0.13 1.3 –0.01 –0.1 
4th household income quintile –0.13 –1.0 –0.10 –0.9 –0.15 –1.5 
5th household income quintile –0.07 –0.5 0.04 0.3 –0.10 –0.9 
1st wealth quintile –0.04 –0.3 0.16 1.3 –0.24 –1.9 
2nd wealth quintile –0.18 –1.4 –0.05 –0.5 –0.05 –0.5 
4th wealth quintile –0.03 –0.2 –0.09 –0.8 0.03 0.3 
5th wealth quintile –0.02 –0.2 –0.47 –3.6 0.19 1.9 
Health reported good 0.25 2.6 0.41 4.9 0.16 2.1 
Health fair/poor 0.14 1.1 0.80 7.9 0.17 1.6 
Ever had severe condition –0.14 –1.2 0.68 9.0 0.05 0.5 
Ever had mild condition 0.14 1.6 0.45 6.5 0.04 0.6 
At least one ADL 0.16 1.1 0.27 2.7 –0.35 –2.5 
Constant –0.86 –0.5 –4.04 –2.7 1.09 0.8 
Observations 9,749 
Log pseudolikelihood –10,211 
Pseudo-R2 0.07 

SOURCE: Authors’ calculations using the HRS. 
NOTE: Reference category is “always in” group. Census division dummies included but coefficients not 

reported (none of them significant at the 5-percent level). ADL = activity of daily living. 
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show sizable coefficients and t-statistics, with expected patterns: Female 
mortality is lower, and mortality is related to (initial) health status. In the 
“Attritor” columns, born outside the United States and being Hispanic have the 
largest and statistically most significant coefficients. Individuals from these 
groups are more likely to be attritors. A potential explanation of this could be 
that these individuals moved to another country, in which case they should have 
been classified as “moved outside the U.S.,” which is subsumed in the “died” 
category. We have no means of investigating this. However, the effects of 
attrition are not large—the largest inverse probability is 1.8, 99 percent of the 
inverse probabilities are smaller than 1.5, and 75 percent are smaller than 1.3—so 
this is not likely to distort our results. 

Table A.3 presents the unweighted and weighted sample sizes of the categories 
for the outcome variable, using different weight variables. Most important in this 
table is to note that the attrition-corrected weight, based on the model in Table 
A.2, is able to reproduce the subpopulation size of 20.3 million well. 

 
Table A.3—Sample Status Before and After Reweighting: HRS Cohort, 2006 

 Weighted 

Sample Status in Wave 8 (2006) Unweighted 
Baseline 
Weight 

Attrition-
Corrected 

Weight 
Always in 5,491 14,168,883 17,590,039 
Ever out 923 2,201,177 2,756,326 
Died or moved out of the U.S. 1,739 4,071,715  
Attritor 1,596 3,979,412  

Total 9,749 24,421,187 20,346,365 
Alive and residing in the U.S. in 2006 8,010 20,349,472 20,346,365 

SOURCE: Authors’ calculations using the HRS. 
 

In Table A.4, we study the distributions of some characteristics of interest in the 
target population (as derived from time-invariant characteristics observed in the 
baseline wave; see panel a) and the analysis sample (after attrition, but before 
taking spouse’s nonresponse into account; see panel b). This table combines all 
HRS cohorts. Here, we see that the attrition-corrected weight is successful in 
reproducing the distributions of age and education of the target population. In 
addition, the differences with using the cross-sectional weight as supplied by the 
HRS (see results in the last column) are small but noticeable. One reason for the 
discrepancy is that the HRS does not supply weights for nursing home residents  



108 

 

Table A.4—Distribution of Characteristics of Interest Before and After Reweighting:  
All Cohorts in the HRS, 2006  

(percentages, except when otherwise indicated) 

 Weighted 

Measure Unweighted 
Baseline 
Weight 

Attrition-
Corrected 

Weight 
HRS Weight 

(2006) 
a. Target population (derived from baseline wave) 

Education     
Less than high school 27.7 22.6 22.5 22.1 
High school graduate 31.2 30.4 30.4 30.1 
Some college 21.2 23.5 23.5 23.7 
College and above 19.9 23.6 23.6 24.1 

Age cohort     
AHEAD 12.9 10.2 10.2 9.4 
CODA 14.4 12.2 12.2 12.3 
HRS 40.9 26.5 26.5 26.6 
WB 14.8 22.0 22.0 22.5 
EBB 16.9 29.2 29.2 29.2 

b. Analysis sample 
Education     

Less than high school 27.1 22.1 22.5 22.1 
High school graduate 31.2 30.0 30.4 30.1 
Some college 21.4 23.7 23.5 23.7 
College and above 20.3 24.2 23.6 24.1 

Age cohort     
AHEAD 12.8 9.9 10.2 9.4 
CODA 15.2 12.6 12.2 12.3 
HRS 38.7 24.7 26.5 26.6 
WB 15.2 22.2 22.0 22.5 
EBB 18.1 30.6 29.2 29.2 

Variables in target wave     
At least one ADL 18.9 16.7 16.7 15.4 
Medicaid 8.4 6.6 6.6 5.9 
Poverty 8.9 8.0 8.0 7.9 

Continuous variables in target wave     
Net worth ($, 1st quartile) 45,000 54,000 53,200 57,315 
Net worth ($, median) 200,000 222,000 222,000 228,000 
Resources ($, crude version; 1st quartile) 700 1,200 1,200 1,500 
Resources ($, crude version; median) 50,000 60,000 60,000 62,000 

SOURCE: Authors’ calculations using the HRS. 
NOTE: ADL = activity of daily living. 
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in wave 8, so this group is categorically missing from this column. By comparing 
the middle two columns for the analysis sample in panel b, we see that there are 
some minor differences, especially in the age distribution, which point at a small 
amount of selectivity in the attrition. Note that the “Attrition-Corrected Weight” 
column in this panel is identical to the one for the top panel, because this weight 
is defined only for the analysis sample, which is a subset of the “target 
population” subsample of the baseline sample. 

Concluding, the evidence shows that the effects of attrition are minor in the HRS. 
This corroborates results of Kapteyn et al. (2006) for the HRS cohort up to 2004. 
However, in some of the other nonresponse models, the effects are a bit larger. 
As part of the sensitivity analyses and robustness checks, we have therefore 
computed our eligibility estimates using different weight variables. This showed 
only minor differences in terms of the percentage eligible and similar percentage 
estimates, but the absolute numbers are smaller when using the HRS cross-
sectional weights, because, as mentioned earlier, this leads to dropping the 
nursing home residents. 

Models for the SIPP 

For the SIPP, we have estimated the following nonresponse and attrition models: 

• respondent’s presence in the core data for January 2006 

• respondent’s and spouse’s (if applicable) presence in all 12 months of 2006 
and wave 6 and 7 TMs (Assets and Liabilities and Annual Income and 
Taxes, respectively), conditional on presence in January 2006 

• respondent’s and spouse’s (if applicable) presence in all 12 months of 2004 
and wave 3 and 4 TMs (Assets and Liabilities and Annual Income and 
Taxes, respectively) 

• successful match to SSA records of respondent and spouse (if applicable) 
for the 2006 analyses 

• successful match to SSA records of respondent and spouse (if applicable) 
for the 2004 analyses. 

Thus, five models have been estimated in total. Again, these are multinomial 
logit models. It will become clear in the discussion that follows that the definition 
of the analysis sample is somewhat complicated because of different reasons for 



110 

 

nonresponse and other reasons for not being included in the analysis sample. We 
have taken a pragmatic approach by estimating one simple multinomial logit 
model for 2004 (the third model in the list), in which all the different outcomes 
are simply different categories of the dependent variable. Note that January 2004 
is part of the core for wave 1 and, thus, the baseline wave. When the 2006 data 
became gradually available, using the same model structure for 2006 as for the 
2004 model was most convenient, and the additional model for respondent 
presence in January 2006 provided the missing link between the initial sample 
and January 2006. In principle, successful match for the 2006 data should be the 
same as for the 2004 data, because a respondent is either matched to all years or 
not matched at all. However, the same does not hold for the spouse, because the 
respondent may have married or divorced between January 2004 and January 
2006 or the spouse may have died. Therefore, we have estimated separate 
models. 

Dependent Variables 

For the January 2006 respondent’s presence model, the outcome categories are 

1. in (i.e., present in both January 2004 and January 2006) 

2. died (i.e., present in January 2004 but died between January 2004 and 
January 2006) 

3. attritor (i.e., present in January 2004 but nonrespondent in January 2006). 

Unlike the HRS analyses, we do not distinguish between “always in” and “ever 
out” respondents, because the SIPP does not invest as much effort in recontacting 
respondents who have missed a wave as the HRS does. Thus, the “ever out” 
category is not as important as in the HRS, and we simply combine them with 
the “always in.” The previous discussion about the target population in the 
context of the HRS, in which those who died are not included, applies here as 
well. In addition to “moved out of the U.S.,” “becomes institutionalized” is 
another category in the SIPP of respondents who leave the target population 
(because the SIPP covers only the noninstitutionalized). “Moves to a college 
dormitory or military barrack” would be another such category. However, 
information about these events is not amply available in the SIPP. It will turn out 
that this is problematic, leading to subsequent reweighting, as discussed later. 
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For the “whole 2006” model (the second model discussed earlier, which includes 
wave 6 and 7 TMs), the dependent variable has the following outcome 
categories: 

1. analysis sample (i.e., present in all 12 months of 2006 and the two TMs; 
additionally, spouse’s data must be equally complete if the respondent is 
married in January 2006, and there must not be a change of marital status 
during 2006) 

2. died (i.e., present in January 2006 but died during 2006) 

3. ever out (i.e., respondent’s data are missing for at least one month in 2006 
or at least one of the two TMs) 

4. marital status changed (i.e., the respondent married, divorced, or became 
a widow[er] during 2006) 

5. spouse data incomplete (i.e., the respondent was married in January 2006 
[and stayed married to the same spouse], but the spouse’s data are 
missing for at least one month in 2006 or at least one of the two TMs). 

The “died” group is treated differently here than in the HRS analyses or in the 
January 2006 model for the SIPP. Someone who was alive in January 2006 but 
died during 2006 could potentially have been eligible for the LIS in January 2006 
and thus is a member of the target population. However, the death of the person 
complicates determination of eligibility, because income thresholds have to be 
proportionately adapted to the number of months that the individual was alive. 
If the individual was married, the spouse’s income before the death of the 
respondent counts, but not the income thereafter. For the survey data, it would 
be possible to split the spouse’s income, but, in the administrative data, we have 
only annual income. Furthermore, in the 2004 data, we do not have resource 
information if the respondent died. For consistency of the models for 2004 and 
2006 and the analysis sample for the survey and matched samples, we consider 
“died” as a form of incomplete information and treat it similarly to other forms 
of nonresponse. 

For 2006, the “ever out” group includes respondents who were dropped from the 
sample by the Census Bureau during 2006 for cost-reduction reasons. This group 
is likely to be different from other “ever out” respondents, but, unfortunately, we 
have not been able to distinguish the two. The nonresponse model attempts to 
correct for their joint impact. 
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The category “marital status changed” is introduced for similar reasons as the 
“died” group. If someone marries, divorces, or becomes a widow(er), eligibility 
for the LIS is determined separately for the period before and after the change. 
This leads to the same kind of complications as in the case of the “died,” so we 
again take the practical approach of considering these as nonrespondents. Then, 
other respondents who are similar to the ones whose marital status changed 
except that they did not experience a marital-status change receive a higher 
weight to compensate for removal of the “marital status changed” from the 
analysis sample. 

The “spouse incomplete” category can logically be occupied only if the 
respondent is married in January 2006. Hence, we have estimated the model in a 
way that makes this category available for married respondents but not for 
unmarried respondents, using a conditional logit command (clogit) in Stata, 
instead of a multinomial logit command (mlogit), which would otherwise have 
been more convenient. 

The “whole 2004” model is identical in structure to the “whole 2006” model 
except that it refers to availability in the core data of all 12 months of 2004 and 
the TMs 3 and 4. Note that, for 2004, the resource data are collected at the end of 
the year (TM3), whereas, for 2006, we use resources from the beginning of the 
year (TM6). 

For the models of a successful match with the SSA administrative records, the 
dependent variable is binary: 1 if both the respondent and the spouse (if 
applicable) are successfully matched, and 0 if not. As mentioned previously, the 
2006 spouse may be a different person from the 2004 spouse, or there may be a 
spouse in one of these years but not the other. 

Explanatory Variables 

In selecting the set of explanatory variables for the SIPP analyses, we have 
attempted to stay as close as possible to the set used in the HRS (and in Kapteyn 
et al., 2006). However, there are some differences between the data sets that lead 
to key differences in the set of explanatory variables. Most notably, detailed 
health data and wealth data are not available in the core SIPP data—only in 
(later) TMs. Therefore, crude proxies for these have been used in the attrition 
models: property income and asset ownership (yes/no for several categories, 
summed to a single index) as proxies for wealth, and various disability indicators 
as proxies for health status. Furthermore, the income variables used refer only to 
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January 2004 (or January 2006 for the “whole 2006” model), because complete 
annual income information is not available for nonrespondents. Single-month 
income will inevitably contain more transitory noise than annual income. For 
these reasons, we expect that the attrition models for the SIPP will not be as 
successful in correcting for selective attrition as the ones for the HRS. Table A.5 
gives a detailed list of explanatory variables used in the SIPP attrition models. 

The models for a successful match with the SSA data are estimated for a sample 
for which detailed health and wealth data are observed, as well as complete 
annual income data are available. Hence, these models make use of these 
variables, and their specifications are thus much closer to the HRS models. 

Illustrative Results 

Although the number of models estimated for the SIPP is considerably smaller 
than the number of models for the HRS, we give illustrative results for just one of 
them here. Table A.6 presents the results from the model for respondent’s 
presence in January 2006. In general, coefficient sizes are not systematically 
larger than in the HRS model presented earlier, but t-values are much higher. 
This is due to the much larger sample size in the SIPP. However, the results do 
not seem to be as expected. In particular, age spline coefficients for the “died” 
group are small and generally insignificant, and the same holds for the 
coefficient for being female. This does not correspond with common knowledge 
about mortality. On the other hand, the effects for the “attritors” seem to 
partially capture the patterns that we expect for the “died” group. This leads us 
to hypothesize that the SIPP may not record mortality well and that deceased 
individuals are therefore incorrectly classified as attritors. This has an impact on 
the LIS eligibility results, because the deceased are not part of the target 
population (and thus the weights of the remaining sample members do not need 
to be adjusted), whereas attritors are (and thus weights of nonattritors are scaled 
up to compensate for their attrition). Indeed, comparisons of the demographics 
after attrition-corrected weighting with population estimates from the Census 
Bureau indicates that the population size is somewhat overestimated. Therefore, 
we have decided to perform a final reweighting based on poststratification, as 
discussed later. 



114 

 

Table A.5—Explanatory Variables for the Attrition Models for the SIPP  
(measured at baseline) 

Variable Type Note 
SIPP Variable(s) from 

Which Constructed 
Demographics    
Female  0/1  ESEX 
Age  years Age of respondent TAGE 
  As in the HRS, we use a linear spline here, 

but with knots at 30, 40, 50, 55, 60, 65, 70, 
75, 80.  

 

Born outside U.S.  0/1  EBORNUS 
African American  0/1  ERACE 
Hispanic  0/1  EORIGIN 
Married  0/1 Reference category; “partnered” is not 

consistently available 
Widow(er)  0/1  
Divorced  0/1 Currently divorced 
Never married  0/1  

EMS 

Ever divorced  0/1 Ever divorced but now possibly married UEVRDIV 
Household size number Number of household members EHHNUMPP 
Census division 1–9 Census division of primary residence TFIPSST = state 

Highest education    
High school 0/1 Completed or not; “less than high school” is 

reference category 
EEDUCATE 

Some college 0/1   
College and above 0/1   

Home ownership and employment status 
Own house  0/1 Own primary residence ETENURE 
Retired 0/1 Self-reported retired/partly retired 
Disabled 0/1 Self-reported disabled 
Not in labor force 0/1 Not in the labor force or unemployed 

Classify everybody who 
has a paid job 
(EPDJBTHN) as working 
and, for the nonworking, 
use the stated reason 
(ERSNOWRK) 

Income and wealth 
Total property 

income 
dollars No property income + quartiles for positive. 

Use as a proxy for total wealth, because 
wealth is not available in SIPP core wave 1 

TPPRPINC 

Asset ownership number Number of asset categories in which assets 
are owned; another wealth proxy 

EAST1A, B, C, 2A, B, C, 
D, 3A, B, C, D, E, 4A, B, C 

Earnings dollars Gross individual earnings for January 2004; 
categorized into quartiles 

TPEARN 

Household income dollars Household gross income for January 2004; 
categorized into quintiles 

THTOTINC 

Health status    
Health limits work  0/1 There are no real health variables in SIPP 

core wave 1, so use this as a health proxy 
EDISABL 
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Table A.5—Continued 

Variable Type Note 
SIPP Variable(s) from 

Which Constructed 
Any disability benefit  0/1 Another health proxy A dummy that is 1 if any of 

the following “reasons” 
includes disability: 
RWCMPRSN, RINSRSN, 
REMPDRSN, 
RPENSRSN, RFCSRSN, 
RSTATRSN, RLGOVRSN, 
RMILRSN, RRRSN, 
ROTHRRSN, ERESNSS1, 
ERESNSS2; and 0 
otherwise  

Private health 
insurance 

0/1  EHIMTH 

Medicaid beneficiary  0/1  RCUTYP57 
SSI beneficiary 0/1  RCUTYP03, RCUTYP04 
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Table A.6—Multinomial Logit Coefficients for the Attrition Model:  
SIPP Panel, January 2004 to January 2006 

 Outcome 
 Died Attritor 
Explanatory variable Coefficient t-value Coefficient t-value 
Female 0.00 0.1 –0.13 –7.3 
Age spline 0–30 0.01 2.9 0.01 4.8 
Age spline 30–40 –0.02 –2.2 –0.03 –8.1 
Age spline 40–50 0.00 0.1 0.00 0.4 
Age spline 50–55 0.00 0.2 –0.01 –0.8 
Age spline 55–60 –0.02 –0.6 –0.01 –0.5 
Age spline 60–65 0.03 1.0 –0.05 –2.3 
Age spline 65–70 0.00 0.1 0.02 0.8 
Age spline 70–75 0.08 2.3 0.02 0.9 
Age spline 75–80 0.07 2.0 0.01 0.4 
Age spline 80+ 0.03 0.6 0.13 3.8 
Born outside U.S. –0.21 –3.6 0.20 6.8 
African American –0.04 –0.9 0.11 3.9 
Hispanic –0.33 –5.8 0.03 1.0 
Widowed –0.41 –4.9 0.16 3.2 
Divorced –0.11 –1.7 0.06 1.6 
Never married 0.15 2.9 0.22 7.3 
Ever divorced 0.06 1.2 0.12 4.0 
Household size 0.07 6.5 –0.01 –0.9 
High school 0.08 1.5 0.21 6.7 
Some college 0.03 0.6 0.12 3.8 
College and above –0.06 –1.0 0.09 2.4 
Own house –0.13 –3.4 –0.28 –13.0 
Retired 0.10 1.2 0.16 3.0 
Disabled 0.42 3.9 0.22 3.3 
Not in labor force 0.13 2.4 0.12 4.1 
Earnings quartile 1 (given > 0) 0.11 2.0 0.13 3.9 
Earnings quartile 2 (given > 0) 0.07 1.1 0.13 3.5 
Earnings quartile 3 (given > 0) 0.15 2.1 0.11 2.9 
Earnings quartile 4 (given > 0) 0.19 2.5 0.10 2.3 
Household income quintile 1 0.11 2.0 0.29 9.3 
Household income quintile 2 –0.03 –0.7 0.06 2.1 
Household income quintile 4 0.04 0.8 –0.03 –0.9 
Household income quintile 5 0.05 0.9 0.10 3.4 
Property income quartile 1 (given > 0) –0.06 –1.3 –0.17 –6.0 
Property income quartile 2 (given > 0) 0.00 0.1 –0.05 –1.2 
Property income quartile 3 (given > 0) –0.04 –0.7 –0.03 –0.8 
Property income quartile 4 (given > 0) –0.12 –1.8 0.05 1.2 
Number of asset categories owned –0.02 –1.4 –0.02 –2.6 
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Table A.6—Continued 

 Outcome 
 Died Attritor 
Explanatory variable Coeff. t-value Coeff. t-value 
Health limits work –0.05 –0.7 –0.09 –2.0 
Any disability benefit –0.16 –1.5 –0.10 –1.4 
Private health insurance –0.13 –3.1 –0.21 –8.6 
Medicaid beneficiary –0.05 –0.9 –0.30 –9.5 
SSI beneficiary –0.28 –2.4 –0.17 –2.4 
Constant –3.06 –27.2 –1.48 –21.8 
Observations 110,467 
Pseudo-R2 0.02 

SOURCE: Authors’ calculations using the SIPP. 
NOTE: Reference category is “in” group. Census division dummies included but coefficients not reported. 
 

With this caveat in mind, we continue our discussion of the results of the 
attrition correction so far. Table A.7 presents the distribution of sample status 
before and after reweighting. In addition to the questionable classification of 
“alive,” we see a significant drop in population size here, with 16 million 
individuals apparently having died. Closer study reveals that this is due mostly 
to a large number of individuals between the ages of 17 and 27 (in 2004) having 
been classified as having died. This is much larger than rough estimates on the 
basis of population statistics from the Census Bureau, and we suspect that these 
individuals have not died but have moved out of the household, perhaps some 
of them to college dormitories or military barracks. Fortunately, this is not the 
group that is likely to be eligible for the LIS, so this should not have a 
detrimental impact on our LIS eligibility results. 

 
Table A.7—Sample Status Before and After Reweighting: SIPP, January 2006 

 Weighted 

Sample Status in January 2006 Unweighted 
Baseline 
Weight 

Attrition-
Corrected 

Weight 
In 83,432 214,745,118 270,074,616 
Died 6,322 16,917,682  
Attritor 20,713 55,334,599  

Total 110,467 286,997,399 270,074,616 
Alive and residing in the U.S. in Jan. 2006 104,145 270,079,717 270,074,616 

SOURCE: Authors’ calculations using the SIPP. 
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Table A.8 again shows distributions of variables of interest for the target 
population and the analysis sample (panels a and b, respectively). This shows 
surprisingly little (given the problems indicated earlier) effect of attrition in 
general and thus the attrition correction, as well. 

 
Table A.8—Distribution of Characteristics of Interest Before and After Reweighting:  

SIPP, January 2006  
(percentages, except when otherwise indicated) 

 Weighted 

Measure Unweighted 
Baseline 
Weight 

Attrition-
Corrected 

Weight 
SIPP Weight 
(Jan. 2006) 

a. Target population (derived from baseline wave) 
Education     

Less than high school 15.8 15.6 15.4 15.2 
High school graduate 19.3 19.5 19.4 18.9 
Some college 25.7 26.2 26.2 26.3 
College and above 16.9 17.7 17.8 18.3 

b. Analysis sample 
Education     

Less than high school 15.3 15.1 15.4 15.2 
High school graduate 18.9 19.0 19.4 18.9 
Some college 25.7 26.1 26.2 26.3 
College and above 17.4 18.3 17.8 18.4 

Variables in target wave     
Disabled 4.6 4.3 4.3 4.2 
Medicaid 14.8 13.8 14.1 13.8 
Poverty 12.3 11.6 12.1 11.9 

Continuous variables in target wave     
Net worth ($, 1st quartile) 14,054 16,500 14,790 16,008 
Net worth ($, median) 102,718 110,600 107,573 110,960 
Resources ($, crude version; 1st quartile) 500 600 550 650 
Resources ($, crude version; median) 17,500 19,900 19,000 20,200 

SOURCE: Authors’ calculations using the SIPP. 

Final Reweighting and Projection Weights 

As noted earlier in the discussion of the SIPP attrition correction, we have reason 
to believe that the SIPP does not record mortality accurately and that there is an 
anomaly (of lesser importance for our purposes) with younger nonrespondents 
as well. Furthermore, nursing home entry is indicated as a reason for 
nonresponse for only a very small number of observations. Comparison of age 
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distributions in 2006 in the SIPP with population estimates from the Census 
Bureau shows some noticeable discrepancies. In particular, it suggests that the 
population size in the higher age groups is overestimated by a few million, using 
the attrition-corrected weights. Naturally, this leads to an overestimate of the 
number of potentially LIS eligibles. Therefore, we have corrected for this through 
poststratification of the analysis sample by combinations of age, gender, race-
ethnicity, marital status, and labor force participation, reweighting toward the 
distribution of these characteristics in the CPS in January 2006. This is the same 
method that we have used for computing projection weights on which to base 
our projections for 2008 except that, in the latter case, the January 2008 CPS is 
used. 

Specifically, we have divided age into nine categories: (1) 0–14, (2) 15–24, (3) 25–
34, (4) 35–52, (5) 53–59, (6) 60–64, (7) 65–69, (8) 70–74, and (9) 75 and above. The 
category boundaries are defined to reflect (a) ages at which eligibility is likely to 
change (i.e., age 65), (b) data issues (e.g., the HRS sample covers age 53 and 
above, while individuals below 15 are treated differently in the SIPP than older 
individuals), or (c) a convenient threshold, with finer division around retirement 
ages. Race-ethnicity is coded in three groups: (1) Hispanic, (2) African American 
but not Hispanic, and (3) non-Hispanic white and other. Age and race-ethnicity 
are completely cross-classified by each other and by gender. This cross-
classification forms the first distribution that is used in reweighting. The second 
distribution that is used in reweighting is a cross-classification of the age 
category variable with marital status (married with spouse present versus other). 

The third distribution that is used in reweighting is a combination of age and 
labor force participation. Labor force participation is first coded as (1) employed, 
(2) retired, (3) disabled, or (4) other. A complete cross-classification of this 
variable with the nine age categories detailed earlier gives sparse cells (cells with 
no or very few observations), which leads to technical problems or huge weights 
(or both). Therefore, we have used a more aggregated cross-classification: (1) 
under 65 and employed; (2) 65 and above and employed;  
(3) under 65 and disabled; (4) 65 and above and retired; (5) under 65 and retired 
or other; (6) 65 and above and disabled or other. These categories are chosen to 
reflect combinations of age and labor force participation that are relevant for LIS 
eligibility or Medicare eligibility in general. 

Using a method called raking (successive rescaling), the attrition-corrected SIPP 
weights (after the “whole 2006” model, or after the “successful match” model for 
the matched SIPP-SSA data) are adapted such that the population distributions 
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of these three combined variables as estimated from the CPS are exactly 
matched. The estimates using these weights are the baseline estimates presented 
in Chapter 3. The projection weights for 2008 are computed in exactly the same 
way, using the January 2008 CPS distributions instead of the ones for the January 
2006 CPS. 

Although we did not have indications that a similar correction was necessary for 
the HRS, we have performed the same reweighting for the HRS for consistency 
and present results based on the reweighted HRS sample in the baseline 
estimates in Chapter 3. The CPS includes only the noninstitutionalized, so we 
have used the CPS distribution only for respondents who did not live in a 
nursing home in 2006. Because the HRS in 2006 is representative only of 
individuals aged 53 and older, the initial age category variable used drops the 
first four categories. Similarly, for the combined age and labor force participation 
variable, the CPS totals for the “under 65” are based on only 53- to 64-year-olds. 
Other than this, reweighting of the HRS toward CPS marginals uses the same 
approach as reweighting the SIPP. 

For the nursing home residents in the HRS, we have used marginal distributions 
of demographics of nursing home residents, as published by CMS. However, 
these tabulations do not include distributions for the population age 53 and 
above. Therefore, we have first reweighted the data from the 2004 NNHS (the 
latest available wave) toward the published CMS marginals for the first quarter 
of 2006 and the first quarter of 2008. The marginal distributions that were 
matched are age (categories of 1 to 30, 31 to 64, 65 to 74, and 75 and above), 
gender, race-ethnicity (the same three categories discussed previously), and 
marital status (married and not married). Subsequently, the resulting data set 
was restricted to the population age 53 and above, and the same marginals were 
recomputed, with age now categorized as 53 to 64, 65 to 74, and 75 and above. 
These new marginals were then used to reweight the nursing home residents in 
the HRS. 
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Appendix B. Medicaid/Medicare Savings Model 

This appendix discusses our approach to estimating a Medicaid/Medicare 
Savings model for the HRS to correct for potential underreporting of Medicaid 
enrollment. 

Overview of the Approach 

In preliminary LIS eligibility computations, we noticed that the estimated 
number of dual eligibles was considerably lower in the HRS analyses than in the 
SIPP analyses for the common subpopulation (i.e., noninstitutionalized age 53 
and above). Yet, the total numbers of LIS eligibles did not differ substantially 
between the two data sources. This seemed to point at an underreporting of 
Medicaid enrollment in the HRS, just like other Medicaid underreports discussed 
in Card, Hildreth, and Shore-Sheppard (2004) and Davern, Klerman, and 
Ziegenfussi (2007). 

We investigate this by using the HRS data matched to (restricted) SSA 
administrative data. In the administrative data, it is indicated whether Medicare 
Part B premiums are paid for by the state (“state buy-in”). This state buy-in is 
done for Medicare beneficiaries if and only if they are enrolled in Medicaid or in 
one of the Medicare Savings programs that also lead to automatic eligibility for 
the LIS. Hence, this indicator identifies the Medicaid and Medicare Savings 
enrollees among the Medicare beneficiaries. We cannot distinguish between full 
Medicaid and Medicare Savings, nor can we identify Medicaid beneficiaries 
among the non-Medicare beneficiaries, but, for our purposes, the information 
available is sufficient. See GAO (2004) in which the same indicator is used. 

We use restricted SSA data matched to HRS data resulting from the 2004 
permissions, which are the most recent restricted data available for the HRS. 
These files contain data for the period up to and including December 2003, so, to 
compare them with survey data, we have to use wave 7 (2002) of the survey data. 
Hence, the sample consists of respondents who were present in both the 2002 
wave of the HRS (for the data) and the 2004 wave (for the permission to match 
with SSA records) and were subsequently successfully matched with the SSA 
records. If they were married in 2002, we require the same availability of the 
spouse’s records. 
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The 2004 permission questions were presented only to respondents from the 
original HRS cohort, the EBB cohort, and respondents who had not previously 
given permission. Clearly, the latter group is a highly nonrepresentative 
subsample from the affected cohorts, and, for some cohorts, it is very small. 
Furthermore, initial sampling of the EBB cohort was done in 2004, so this 
cohort—by construction—is not represented in the 2002 survey data. This limits 
our analysis of the matched data to the original HRS cohort. 

We then computed nonresponse-corrected weights for the resulting analysis 
sample, along the lines of the attrition models discussed in Appendix A. For this 
purpose, we estimated four logit models: (1) attrition of the respondent between 
baseline and 2002–2004 combined, (2) availability of spouse data in both 2002 
and 2004 if the respondent was married in 2002, (3) permission of respondent 
(and the 2002 spouse, if applicable) to match with SSA records, and (4) successful 
match with SSA records. Each of these is conditional on availability of data after 
the previous step. The corrected weight is then the original weight (baseline, 
1992) multiplied by the inverses of the estimated conditional selection 
probabilities of each of these four steps. We do not present detailed results here, 
but they are available upon request. 

With the appropriately reweighted sample, we estimated several models for dual 
Medicare–Medicaid/Medicare Savings beneficiary status. All models were 
binary probit models with the state buy-in information (yes or no at the 
interview date in 2002) as the dependent variable. We estimated models 
separately for respondents who self-reported to be Medicaid beneficiaries and 
those who did not report this, and we estimated two versions of these models: 
one in which the analysis sample included all respondents, using self-reported 
Medicare beneficiary status as an explanatory variable, and a second in which 
the analysis sample was restricted to self-reported Medicare beneficiaries and 
thus without Medicare as an explanatory variable. The results of these two 
variants are very similar. In the following, we present results based only on the 
second set of models—i.e., the conditional ones. 

The selection of the set of explanatory variables was based on the model for 
Medicaid beneficiary status estimated in Davern, Klerman, and Ziegenfussi 
(2007). Specifically, this included total gross household income, relative to the 
FPL for the household (eight category dummies: zero income, positive but less 
than 50 percent of the FPL, 50 to 74 percent of the FPL, 75 to 99 percent of the 
FPL, 100 to 124 percent of the FPL, 125 to 149 percent of the FPL, 150 to 174 
percent of the FPL, and 175 to 199 percent of the FPL; the reference group is at or 
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above 200 percent of the FPL), a crude measure of resources (household net 
worth minus net value of the primary residence and net value of vehicles) 
relative to the SSI threshold (five category dummies: less than 0 percent, 0 
percent, 1 to 100 percent, 101 to 200 percent, and 201 to 300 percent; the reference 
group is above 300 percent), and family size. These variables attempt to capture 
the eligibility requirements for Medicaid and Medicare Savings, although we 
have not tried to construct a detailed implementation of these eligibility rules, 
which vary by state. Other explanatory variables are associated with Medicare or 
Medicaid/Medicare Savings eligibility, may be related to actual 
Medicare/Medicaid coverage, or may be related to reporting accuracy. These are 
nursing home residence, age (a dummy for 65 and above), SSDI or SSI 
recipiency, other health insurance or long-term care insurance, gender, race-
ethnicity, educational attainment, and geographic location (census division 
dummies). 

Results 

The estimation results are presented in Table B.1. For both the self-reported 
Medicaid beneficiaries and the self-reported nonbeneficiaries, the model is well 
behaved (although a few categories had to be combined due to collinearity 
issues), which means that self-reports are far from perfect indicators. The 
explanatory variables included are a clear improvement over the constant-only 
models (p = 0.0000 in both cases) but, again, do not lead to near-perfect 
predictions. 

Application of the Model and Its Effectiveness for the 2002 Data 

Under the assumption that the Medicaid/Medicare Savings reporting model in 
Table B.1 estimated for the HRS cohort (61–71 years old in 2002) also applies to 
the other cohorts and other years, it can then be used to impute 
Medicaid/Medicare Savings status for all years of interest (especially 2006) and 
all cohorts. For each respondent, the probability Pi of being a Medicaid/Medicare 
Savings beneficiary can be computed from the model parameters and the 
respondent’s observed characteristics. Then, a pseudo-random number Ui is 
drawn from a uniform distribution on the interval (0,1). If Ui < Pi, 
Medicaid/Medicare Savings beneficiary status is imputed; otherwise, 
nonbeneficiary status is imputed. In principle, multiple imputation can be done, 
which would increase precision of the eligibility estimates somewhat, but, given 
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Table B.1—Models for Dual Medicare–Medicaid/Medicare Savings Status  
by Self-Reported Medicaid Beneficiary Status 

 
Self-Reported Medicaid 

Beneficiaries  
Self-Reported Medicaid 

Nonbeneficiaries 
Variable Coefficient t-value  Coefficient t-value 
Total household income      

0% of FPL 0.74 0.9  
1–49% of FPL 0.74 1.1  
50–74% of FPL 0.61 1.4  

} 1.43 } 4.4 

75–99% of FPL 1.12 2.7  1.37 5.4 
100–124% of FPL 1.53 3.4  1.13 4.3 
125–149% of FPL 0.53 1.1  0.83 3.1 
150–174% of FPL 0.10 0.2  0.51 1.7 
175–199% of FPL 0.31 0.5  0.56 1.8 

Resources      
< 0% of SSI threshold 1.60 3.7  0.81 3.8 
0% of SSI threshold 1.11 2.5  0.63 2.5 
1–100% of SSI threshold 1.23 2.9  0.56 2.3 
101–200% of SSI threshold  0.44 1.1 
201–300% of SSI threshold } –0.19 } –0.3  0.53 1.1 

Other      
Family size –0.15 –0.8  –0.19 –2.4 
Nursing home –1.29 –1.2  1.46 3.1 
Age ≥ 65 0.39 1.4  0.33 1.2 
SSDI recipient 0.25 0.7  0.42 1.3 
SSI recipient 0.29 1.4  1.08 3.7 
Other health insurance –0.64 –1.6  –0.26 –1.6 
Long-term care insurance 0.09 0.2  –0.29 –1.0 
Female –0.24 –1.0  –0.12 –0.7 
African American 0.11 0.5  –0.29 –1.5 
Hispanic 0.34 1.2  –0.11 –0.4 

Educational attainment      
Less than high school –0.40 –0.8  0.64 2.7 
High school graduate –0.10 –0.2  0.51 2.0 
Some college –0.30 –0.5    

Constant –0.91 –1.1  –3.17 –7.2 

Number of observations 234   1,823  
Pseudo-R2 0.27   0.43  

SOURCE: Authors’ calculations using matched HRS-administrative data. 
NOTE: The analysis sample is self-reported Medicare beneficiaries. Census division dummies also included, but 

coefficients not reported. None of them was statistically significant at any conventional level (p > 0.15). 



125 

 

125 

the sample sizes involved, we do not expect this effect to be noticeable, and we 
have not pursued it. 

To obtain an assessment of the effectiveness of this imputation method, we have 
performed it on the 2002 data and compared those results with the results 
obtained when using either the actual SSA administrative measure or the self-
report of Medicaid coverage. The results are shown in Table B.2. Most striking is 
that the survey data overestimate Medicaid/Medicare Savings enrollment, even 
though the survey question asks only for Medicaid coverage, which presumably 
should not include Medicare Savings. The imputations do a good job in 
correcting for this overestimation. They also lead to a higher percentage of 
correctly classified observations. The correction of the LIS eligibility statistic is 
only partial, but the differences were not extremely high to begin with, so, 
overall, this seems satisfactory. 

 
Table B.2—Medicaid/Medicare Savings Beneficiary Status, Reporting Accuracy,  

and the Effects of Imputation 

 Percentage of Self-Reported Medicare Beneficiaries 

Data Source 

Covered by 
Medicaid/Medicare 
Savings Program 

With Correctly 
Classified 

Medicaid/Medicare 
Savings Status Who Are LIS Eligible 

Survey data 7.9 94.7 19.1 
Administrative data 5.4 100.0 18.0 
Imputed data 5.3 96.0 18.5 

SOURCE: Authors’ calculations using restricted matched HRS-administrative data. 
NOTE: For highest comparability, the eligibility computations are based exclusively on variables from the survey, 

except the Medicaid/Medicare Savings variable, and use the same sample—namely, the HRS-SSA matched sample 
as described in the text, with the nonresponse-corrected sampling weights as described in the text. 
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Appendix C. Eligibility Regulations 

This appendix provides additional detail on the regulations that govern LIS 
eligibility. The sources for this appendix are as follows: 

(1) various articles from the Code of Federal Regulations (CFR) for the April 
2005 and April 2006 editions of Title 20, Chapter III (Employees’ Benefits, 
Social Security Administration) and the April 2006 edition of Title 42, 
Chapter IV (Public Health, Health Care Financing Administration) 
(National Archives and Records Administration, 2009) 

(2) various articles of the U.S. Code (USC), from Title 42 (The Public Health 
and Welfare) in effect in 2005 and 2006 (U.S. Government Printing Office, 
2009) 

(3) various articles published in the Federal Register including CMS (2005a, 
2005b), HHS (2005, 2006), and SSA (2005). 

Overview of the Criteria 

As illustrated in Figure 1.1 in Chapter 1, the following criteria are used, in 
various combinations, to determine LIS eligibility: 

(1) Reside in the United States. This is the 50 states plus Washington, D.C. 
Territories do not count. 

(2) Covered by Medicare Part A or B. The official phrasing is “entitled to or 
enrolled in Part A or enrolled in Part B or both.” The difference between 
“entitled” and “enrolled” is not that the “entitled” are not covered, but 
that “enrolled” means “covered through paying voluntary premiums,” 
whereas “entitled” means “covered without having to pay premiums.” 

(3) Covered by Medicaid or Medicare Savings. The Medicaid categories that 
count are “eligible for full benefits under any eligibility category,” 
“medically needy,” “section 1902(f)” (states that use more-restrictive 
eligibility criteria than SSI), and demonstration projects that offer 
comprehensive coverage, but not demonstration projects that offer only 
pharmacy coverage. The Medicare Savings categories that count are 
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“Qualified Medicare Beneficiary (QMB),” “Specified Low Income 
Medicare Beneficiary (SLMB),” and “Qualifying Individual (QI).” 

(4) Recipient of SSI. 

(5) Meet income requirements. 

(6) Meet resource requirements. 

Additional criteria are being enrolled in a Medicare prescription drug plan or 
Medicare Advantage plan with drug coverage and filing an application, but we 
do not take these criteria into account and compute “potential” eligibility (i.e., 
whether an individual would become eligible if he or she enrolled and filed an 
application). 

Criteria 1 and 2 are necessary prerequisites to be eligible for the LIS. Then, 3 or 4 
makes one automatically eligible for the full subsidy without the need to file an 
application. The data are not detailed enough to distinguish the separate 
Medicaid/Medicare Savings categories, but these categories cover the vast 
majority of Medicaid and Medicare Savings beneficiaries. Hence, we declare all 
Medicaid/Medicare Savings beneficiaries eligible (provided that they also are 
Medicare beneficiaries). If 3 and 4 are not satisfied, a combination of 5 and 6 
makes one eligible for the full subsidy or for a partial subsidy, depending on 
whether the full-subsidy or partial-subsidy requirements are met. 

Time Period Details 

Our goal is to estimate the number of eligibles for the beginning of 2006. The 
regulations clearly state that the period for which income is counted is the 
calendar year for which eligibility for the LIS is determined (i.e., 2006). In the first 
year of application for the LIS, income counts only from the month for which the 
subsidy is requested. For example, someone who retires on July 1, 2006, and thus 
sees a drop in income, and then applies for the LIS needs to compare income 
only from July 1 until December 31 to half (6/12) of the yearly income criterion. 
However, because we determine eligibility for the beginning of 2006, this does 
not affect our computations. 

Family Size and Composition 

Income and resource requirements make a distinction between couples and 
singles. The regulations use “the applicant and his or her living-with spouse, if 
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applicable” and similar phrasings, but it is convenient for our purposes to use 
the terms couple and single. 

A couple is then defined as a man and a woman who are married and are living 
in the same residence. An exception to the residence requirement is if one of the 
two is temporarily absent. The latter is defined by several very specific criteria 
related to duration and reason of absence, and a less specific remainder category. 
The data are not as detailed about the specifics of absence, so we generally 
assume that “married, spouse absent” is not temporarily absent in the sense 
discussed here, and thus such a married couple is not a couple in the sense of the 
LIS. 

Every individual who is not part of a couple is a single. Apart from never 
married, divorced, and widowed individuals living alone, this includes people 
living together without being married and married people who are not living 
together. 

For the income requirements, family size is important, because it determines the 
FPL threshold on which these requirements are based. Family size is the number 
of individuals living in the same household (i.e., residence, but excluding 
institutions) who are (1) the applicant, (2) the spouse of the applicant, or (3) 
relatives of the applicant(s) who are dependent on the applicant or the spouse for 
at least 50 percent of their financial support. Financial support is not defined in 
this context, but, seeing the spirit of other articles in the regulations, we assume 
that this includes food and shelter as well. Relatives is not defined in this context 
either. Elsewhere, immediate family members is defined, but relatives appears 
broader. How we implemented family size in our computations is discussed in 
Appendix D. 

Federal Poverty Guideline Thresholds 

The income requirements are based on the FPL, which are the income cutoffs for 
family income that are used to determine eligibility for various means-tested 
programs. The thresholds vary with family size and are updated each year by 
HHS with the annual change in inflation (measured by the CPI). The poverty 
thresholds for 2005 and 2006 are given in Table C.1. 

The poverty guideline thresholds for 2006 were published on January 24, 2006, 
and took effect on that date. For purposes of determining the LIS-eligible 
population as of January 2006, we have assumed that the 2006 thresholds apply. 
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Table C.1—Federal Poverty Guideline Thresholds for 2005 and 2006  
(annual dollar income) 

 2005  2006 

Household Size 
Contiguous 48 
States + D.C. Alaska Hawaii  

Contiguous 48 
States + D.C. Alaska Hawaii 

1 9,570 11,950 11,010  9,800 12,250 11,270 
2 12,830 16,030 14,760  13,200 16,500 15,180 
3 16,090 20,110 18,510  16,600 20,750 19,090 
4 19,350 24,190 22,260  20,000 25,000 23,000 
5 22,610 28,270 26,010  23,400 29,250 26,910 
6 25,870 32,350 29,760  26,800 33,500 30,820 
7 29,130 36,430 33,510  30,200 37,750 34,730 
8 32,390 40,510 37,260  33,600 42,000 38,640 

Each additional 
person 

3,260 4,080 3,750  3,400 4,250 3,910 

SOURCES: HHS (2005, p. 8374; 2006). 
 

Resource Requirements 

In 2006, the full-subsidy resource threshold is $6,000 for a single and $9,000 for a 
couple, and the partial-subsidy resource threshold is $10,000 for a single and 
$20,000 for a couple. Note that both members of a couple can apply for the LIS if 
both are covered by Medicare, or one of them can apply if only that individual is 
covered by Medicare. In both cases, the couple’s combined resources (and 
income) count. 

Not all resources are counted, however. The general principle is that liquid 
resources count. These are defined as resources that can be converted to cash 
within 20 business days. Examples given include cash, stocks, bonds, mutual 
fund shares, promissory notes, mortgages (held as an asset, rather than as a 
liability), life insurance policies, financial institution accounts (savings, checking, 
time deposit/certificate of deposit), and retirement accounts (such as IRAs, 
401(k)s). Additionally, the value of real property other than the primary 
residence (including the land) counts. 

The most important categories that do not count are the primary residence and 
vehicles. Additionally, there is a long list of resource categories that do not count 
toward the requirement. These include business and nonbusiness property that 
are essential to the means of self-support (up to $6,000 each, with some 
additional requirements for business property), irrevocable burial trusts and 
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burial contracts, burial spaces, and many rare and temporary resources. Funds of 
up to $1,500 (single) or $3,000 (couple) are excluded if these are expected to be 
used for burial expenses of the applicant and spouse. This phrasing suggests that 
it is not all or nothing, but one for one. That is, if somebody expects to use $750 
for his own funeral, $750 is excluded from resources. The discretization by SSA 
(yes = $1,500/$3,000, no = $0) is thus more liberal than the regulation itself. 

From the description, it is not entirely obvious whether the value of the primary 
residence and the value of vehicles should be interpreted as gross value or as net 
value (i.e., deducting mortgages or loans on them). Following a discussion with 
members of the expert advisory panel and SSA employees involved in this 
project, we have concluded that the latter interpretation is the correct one and 
thus that mortgages or loans on the primary residence and vehicle loans should 
be excluded from countable resources as well. 

Life insurance is excluded if the combined face value of all life insurance policies 
on any person does not exceed $1,500. Otherwise, none of it is excluded and the 
cash surrender value is counted. Hence, if somebody’s life insurance has a face 
value of $2,000 and a cash surrender value of $1,300, $1,300 is counted. In the 
main text, it becomes clear that the implementation of this is a bit cruder. 

Household goods and personal effects are explicitly excluded from resources for 
SSI eligibility determination, provided that they are not held for their value or as 
an investment (e.g., paintings, jewelry). This is not explicitly mentioned for the 
LIS, nor does it refer to this article, whereas it does explicitly refer to many of the 
other SSI exclusion categories. However, we assume that these should be 
excluded as nonliquid resources for LIS eligibility determination as well. 

The data are not detailed enough to determine the values of all the categories 
mentioned in the regulations. Therefore, we assumed that all exemption 
categories that we could not determine either have not been included in the 
assets by the respondents or have a negligible impact on the results. A few of 
these categories may be sizable, like the burial cost provision. For these, we have 
done some sensitivity analyses. 

Income Requirements 

The full-subsidy income threshold is 135 percent of the FPL thresholds, and the 
partial-subsidy income threshold is 150 percent of the thresholds. Again, both 
members of a couple can apply for the LIS if both are covered by Medicare, or 
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one of them can apply if only that individual is covered by Medicare. In both 
cases, the couple’s combined income counts. Income of other household 
members does not count, even if they are included in the family size for 
determining the poverty threshold. Gross income, rather than net income, is 
counted, and in-kind income also counts. Just as with the resources, not all 
income is counted toward this threshold. A distinction is made between earned 
income and unearned income, which are treated quite differently. 

Various categories of receipts of products and services are not considered 
income. These include various kinds of medical and social services, income tax 
refunds and other obvious categories, weatherization assistance (e.g., insulation, 
storm doors, and windows), and receipt of items (except food and shelter) that 
would be excluded as nonliquid resources (e.g., vehicles). 

Earned Income 

Earned income includes wages, net earnings from self-employment (includes 
partnerships; net losses may be deducted from other earned income, not from 
unearned income), payments for services performed in a sheltered workshop or 
work activity center, in-kind earned income (the current market value counts), 
honoraria for services rendered, and royalty payments received in connection 
with publication of an individual’s work. 

There are many categories of earned income that are not counted. They are, in 
this order, as follows: 

1. refunds of federal income taxes and (advance) payments by employers for 
the earned income tax credit. Presumably, respondents have not included 
these in their earnings, and, presumably, these are also excluded from the 
earnings numbers in the administrative data. 

2. infrequent or irregular income. However, this can be excluded only if the 
total amount from this does not exceed $10 in a given month and it is 
received only once in a calendar quarter from a single source or if the 
recipient cannot reasonably expect it. So generally, this means that the 
maximum amount of this exclusion is $40 for the whole year, although 
technically this can be increased to $120 per year (three different 
employers that each give $10 per quarter in different months). Because of 
this limited amount and the difficulty of measuring it, we do not take this 
into account. This will not have a noticeable effect on the estimates. 



133 

 

133 

3. any portion of the $240 per year exclusion for unearned income that has 
not been excluded from that income source 

4. $780 per year of the combined income 

5. earned income that is used to pay impairment-related work expenses if 
one receives SSDI benefits, is not blind, and is younger than 65 years old. 
The standard amount of this exclusion is 16.3 percent of gross earnings, 
which is the average percentage of such expenses. If the actual expenses 
are higher, the actual amount may be deducted (upon presenting evidence 
of this). Apparently, this deduction is calculated separately for both 
spouses in a couple. So if only one falls in this category, the earnings of 
only that person are considered in computing the 16.3 percent. 

6. 50 percent of the remaining earned income 

7. similar to 5 but for those who are blind, with a standard amount of 25 
percent. Note the importance of the order: The 16.3 percent in 5 and 25 
percent here are of the gross earnings, whereas the 50 percent in 6 is of 
remaining earnings. In particular, the 50 percent is after expense deductions 
for nonblind SSDI recipients (which would lower the absolute amount of 
the deduction) but before expense deductions for blind SSDI recipients 
(which would not lower the absolute amount of the deduction). 

However, the amount of earned income is never reduced below 0, and exclusions 
are not deducted from unearned income. 

Unearned Income 

Unearned income is all income that is not earned income. These examples are 
explicitly given: 

(a) annuities, pensions, and other periodic payments. These include private 
pensions, Social Security benefits, disability benefits, veteran’s benefits, 
worker’s compensation, railroad retirement annuities, and unemployment 
insurance benefits. Note that amounts that are withheld (e.g., for paying 
Medicare premiums) are still included in the income measure. 

(b) alimony and support payments: in cash or in kind, to meet some or all of 
an individual’s need for food and shelter; both voluntary and involuntary 
payments 
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(c) dividends, interest, and certain royalties. Note, however, that, although 
these are part of unearned income, they are excluded from counting later. 

(d) rents: for real or personal property. Ordinary and necessary expenses 
can be deducted from this in the year they are made. Depreciation or 
depletion does not count as an expense. 

(e) death benefits. Last-illness and burial expenses for a deceased family 
member can be deducted from any death benefits received. 

(f) prizes and awards. Prizes are typically the result of a contest, a lottery, or 
a game of chance. Awards are usually something one receives as a result of 
a court order or similar event. 

(g) gifts and inheritances: cash or in kind. See also (e). Note that, as 
mentioned previously, gifts that become nonliquid resources (e.g., 
vehicles and personal effects) are not considered income. Therefore, most 
gifts would be excluded for this reason. 

(h) in-kind support and maintenance: any food or shelter given to an 
individual or that the individual receives because someone else pays for it. 
A typical example of this would be elderly persons living with their 
children. This may be a substantial amount. However, the maximum 
amount of this that is counted is $157 per month for a single and $235 per 
month for a couple. This amount is easily reached by individuals who live 
in somebody else’s household. Therefore, we use these numbers for 
respondents in such a situation and 0 for all others. 

Clearly, some of these income components will not be measured in the data. 
However, the unmeasured components are generally rare income sources or 
small amounts, so ignoring them will not affect the estimates substantially. 

There are many categories of unearned income that are not counted. As 
mentioned earlier, dividends or interest earned on resources are not counted. 
Furthermore, there is a list of 21 categories of unearned income that are excluded 
in a certain order (see 20 CFR 416.1124(b), (c)(1)–(c)(12), (c)(14)–(c)(21) available 
through National Archives and Records Administration, 2009). As with earned 
income, the exclusions never reduce unearned income below zero, and they are 
not applied to earned income, with the exception of the $240 per year exclusion 
of (c)(12) (see the discussion that follows). 
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Most of these exempt categories are either sources of income that would 
generally not be regarded as such by respondents and thus were typically never 
included in the unearned income in the data, or extremely rare (especially in the 
target population). These include, among others, payments received that are 
explicitly excluded from counting toward the SSI threshold by other federal 
laws, various tax returns, and various types of (government) assistance, such as 
disaster relief, home energy assistance, and housing assistance. 

Some noteworthy categories are as follows: 

• (c)(2). This is assistance that is totally funded by a state or one of its 
political subdivisions, provided that income is used in the determination 
of eligibility. This includes state supplements of federal SSI but not 
combined federal/state programs, such as Temporary Assistance for 
Needy Families. 

• (c)(6). Just like with earned income, there is an exclusion for infrequent or 
irregular unearned income. Here, the criteria are that the total amount in a 
month may not exceed $20 and that it must be received at most once per 
calendar quarter or one cannot reasonable have expected it. Again, we 
assume that we can safely ignore this. 

• (c)(12). $240 per year. Any remainder of this amount (i.e., if unearned 
income after exclusions up to category (c)(11) is less than $240) can be 
deducted from earned income. 

Other Years 

The description of the regulations as given here applies to eligibility for the LIS 
in 2006. For later years, the FPL is changed (increased) according to the growth in 
the CPI, and the same holds for the resource thresholds (the U.S. city average 
CPI-U for the September before the target year is used). The other absolute 
money amounts used in the regulations (such as the exemption of the first $780 
of earnings or the exemption of up to $1,500 for burial expenses) are not changed 
for later years. 

We have used the updated regulations for our eligibility projections for 2008. The 
FPL can be computed concisely as guideline = a + b n, where n is the family size. 
Here, a = $6,800 for the 48 contiguous states and the District of Columbia, $8,500 
for Alaska, and $7,820 for Hawaii. Correspondingly, b = $3,600 for the 48 
contiguous states and the District of Columbia, $4,500 for Alaska, and $4,140 for 
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Hawaii. The resource thresholds for 2008 are $6,290 (singles, full subsidy), $9,440 
(couples, full subsidy), $10,490 (singles, partial subsidy), and $20,970 (couples, 
partial subsidy), respectively. 

For some of the robustness checks and sensitivity analyses, we have computed 
hypothetical eligibility numbers for earlier years as well. For these, we have 
“backcasted” the eligibility thresholds by using the FPL for those years and by 
deflating the resource thresholds by the appropriate factor based on the CPI. 
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Appendix D. Methods for Eligibility Determination 

As discussed in Chapter 2, for purposes of estimating the potentially LIS-eligible 
population, the eligibility rules are implemented in a software program that 
establishes Medicare beneficiary status, Medicaid/Medicare Savings beneficiary 
status, and SSI receipt and computes estimates of countable income and 
countable resources. This information is combined in an eligibility algorithm to 
determine LIS eligibility status. In this appendix, we discuss the details of 
constructing the components needed for eligibility determination. 

Because the different data sources have different variables, constructions vary by 
data source, and, therefore, we also discuss the variable constructions for each 
data source separately, starting with the HRS and proceeding to the SIPP. Income 
and resources are first aggregated into several components, and these 
components are subsequently combined into measures of countable income and 
countable resources. The subdivision into components is somewhat substantively 
motivated, but is more driven by the presence, absence, or different definition of 
the variables in the components, so that it is straightforward to replace a survey 
income component by a corresponding administrative income component and to 
perform robustness checks to assess the effect of different variable definitions or 
availability. 

HRS Variables for Eligibility Determination 

We begin by discussing the construction of income and resource measures based 
on the HRS that are required for the eligibility determination algorithm. Other 
variables required for the analysis are discussed as well. 

Income Variables 

As shown in Table D.1, income is divided into two main categories—(1) earned 
income and (2) unearned income—which are treated quite differently in the 
eligibility regulations (see Appendix C). Each of these two income categories 
consists of multiple components. For our main analyses, we assume that the HRS 
sample closely resembles a sample from January of the same calendar year. 
Because eligibility depends on the current year’s income, we estimate income for 
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Table D.1—HRS Income Components 

Variable Description 
(1) Variables used in construction of earned income 

irwbon Tips, bonuses, commissions (previous year) 
irwtrad Income from professional practice, trade (previous year) 
rwwgiwk Wage per week 
rwwgihr Wage per hour 
rwjweeks Weeks per year on main job 
rwjweek2 Weeks per year on 2nd job 
rwjhours Hours per year on main job 
rwjhour2 Hours per year on 2nd job 
rwwork Working for pay 
rwwork2 Works at 2nd job 
rwslfemp Self-employed 
rwlbrf Current labor force status 
irwsemp Self-employment income (previous year) 
rwiearn Employment earnings (previous year) 

(2a) Variables used in construction of Social Security income (OASI and SSDI) 
rwmss Monthly OASI benefits 
rwmsdi Monthly SSDI benefits 
rwisdi SSDI income (previous year) 
rwisret OASI income (previous year) 

(2b) Variables used in construction of SSI income 

hwmssi Monthly SSI (couple) 
xQR106 Who receives SSI 
rwissi SSI benefits (previous year) 

(2c) Variables used in construction of rents and royalties 

ihwrntin Rental income (previous year; couple) 
(2d) Variables used in construction of other countable unearned income 

rwmpen1 Monthly pension (1) 
rwmpen2 Monthly pension (2) 
rwmpen3 Monthly pension (3+) 
rwmann1 Monthly annuity (1) 
rwmann2 Monthly annuity (2) 
rwmann3 Monthly annuity (3+) 
rwiunwc Unemployment income + worker’s comp (previous year) 
rwmvet Monthly veteran’s benefits 
ihwwelf Welfare (couple; previous year) 
xQR114 Who received income from welfare 
hwiothr Lump-sum income and other income in the previous year (couple) 

NOTE: All variables are from the HRS income and wealth imputation file. w = 6, 7, 8 for 2002, 2004, 
and 2006, respectively. x = H, J, K, for 2002, 2004, and 2006, respectively. For each rwxxx/irwxxx 
variable, there is a corresponding swxxx/iswxxx variable for the spouse. 
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a period of 12 months starting with the interview month. For many income 
variables, this is operationalized as multiplying the previous month’s income by 
12. In some cases, we use other relevant information from the data that allows us 
to estimate current income and how often this is received. However, some 
income variables are available only for the previous calendar year. For those 
components, we use the previous calendar year value as an estimate of current 
income. We also perform some sensitivity analyses in which we use only the 
previous year’s income as available in the RAND HRS or the HRS income and 
wealth imputations file. Hence, the tables that follow occasionally contain some 
variables for “previous month” or “current” income and the same variables for 
“previous year.” 

In computing countable income, there are several issues that arise. First, Social 
Security benefits (see panel 2a in Table D.1) are recorded net of any deductions. 
The deductions are primarily Medicare Part B premiums. For the LIS criteria, 
gross benefits count. Therefore, we have added Medicare Part B premiums to 
these amounts: $88.50 per month for 2006. For 2005, 2004, 2003, and 2002, these 
amounts were $78.20, $66.60, $58.70, and $54.00, respectively. These amounts are 
added only if the respondent indicated being covered by Part B (xN004 = 1), but 
not being a Medicaid/Medicare Savings beneficiary (because the state Medicaid 
agency would pay these premiums in that case). 

Second, for SSI (see panel 2b in Table D.1), only the amount of federal SSI counts 
toward the LIS income criterion; state supplements do not count. The HRS does 
not make this distinction. We believe that this does not distort the estimates 
noticeably, because current SSI recipients are automatically eligible for the full 
subsidy anyway. Furthermore, the federal amount will generally dominate the 
state supplement. However, this could have an effect in principle for individuals 
who are not SSI recipients themselves (and nonautomatically eligible through 
Medicaid/Medicare Savings) but whose spouses are SSI recipients. 

Third, in terms of income from rents and royalties (see panel 2c in Table D.1), 
“normal” expenses may be subtracted from rental income, but, in the HRS, only 
gross rental income is available. Hence, this leads to an overestimate. In 
preliminary work, we conducted sensitivity analysis in which we compared 
results in the HRS with and without the rental-income component. There is no 
effect on estimated LIS eligibility, consistent with the expectation that those with 
rental income will also have property that raises their countable resources above 
the threshold. We do not report these results as part of the sensitivity analysis in 
Chapter 3. 
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Finally, we have also computed “other business income” (i.e., other than self-
employment earnings) but decided that this is primarily dividends, which do not 
count for the LIS criterion. Therefore, we have not used this variable. 

HRS Resource Components 

Resources are subdivided into four components as shown in Table D.2:  
(1) financial resources, (2) net value of real estate other than the primary 
residence, (3) net value of businesses, and (4) cash value of life insurance. The 
table and comments indicate how we constructed each of these components from 
the HRS data. Most of these variables are asked at the couple level (variable 
names of the form hwxxx). We have assigned half of the value of these to each 

 
Table D.2—HRS Resource Components 

Variable A/L Description 

(1) Financial resources  
(RAND HRS income and wealth imputations file) 

hwaira A IRA + Keogh accounts 
hwatrst A Trusts that are not reported elsewhere 
hwatotf A Total non-housing financial wealth (excl. vehicles, IRAs, real estate, and 

businesses) 
  = hwastck + hwachck + hwacd + hwabond + hwaothr - hwadebt 

hwastck A Stocks, mutual funds, and investment trusts 
hwachck A Checking, savings, money market accounts 
hwacd A CD, government savings bonds, T-bills 
hwabond A Bonds and bond funds 
hwaothr A Other savings, assets 
hwadebt L Debts (not yet asked) 

(2) Net value of real estate other than primary residence  
(RAND HRS income and wealth imputations file) 

hwanethb A Net value of 2nd home 
hwarles A Net value of other real estate 

(3) Net value of businesses  
(RAND HRS) 

hwabsns A Net value of businesses 
(4) Cash surrender value of life insurance  

(custom imputation for this study by the RAND HRS team) 
rwlfins A Current face value of whole/straight life insurance 

NOTE: A = asset. L = liability. CD = certificate of deposit. w = 6, 7, 8 for 2002, 2004, and 2006, 
respectively. For each rwxxx variable, there is a corresponding swxxx variable for the spouse. 
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partner, if the household is treated as a couple household in the HRS (hwcpl = 1). 
In computing countable resources, these will generally be combined again, but 
not if the couple is not married or is married with spouse absent. 

In calculating resources from the HRS, there are several items of note. First, the 
value of 401(k)s and similar defined-contribution retirement accounts are not 
included in these measures, although they should be counted according to the 
LIS regulations (see Appendix C). These amounts are asked in quite some detail 
in the HRS, but these have not been aggregated and imputed into manageable 
totals. Doing so would be a considerable effort that is outside the scope of this 
study. Therefore, instead, we have performed a sensitivity analysis with the 
SIPP, in which we investigated to what extent the eligibility estimates differ if we 
omit the corresponding wealth component from the SIPP analyses. This was 
hardly noticeable. 

Second, cash surrender value of life insurance (item 4 in Table D.2) has been 
computed and, where necessary, imputed by the RAND team that is responsible 
for the wealth imputations in the RAND HRS. This is derived from the HRS FAT 
files (variables xT013–xT024, where x = H, J, K for 2002, 2004, and 2006, 
respectively), using the imputation methodology used for the RAND HRS. 

Other Variables from the HRS Used for the Eligibility Program 

There are several variables besides income and wealth components that are used 
in the eligibility program. These are listed in Table D.3. 

 
Table D.3—Other HRS Variables Used for Eligibility Program 

Concept Variable Source 
Medicare enrollment rwgovmr = 1 RAND HRS 
Medicaid/Medicare Savings enrollment rwgovmd = 1 RAND HRS 

SSI receipt hwossi = 1 
RAND HRS income and 
wealth imputations file 

Who receives SSI xQR106 FAT file 

SSDI receipt rwosdi = 1 
RAND HRS income and 
wealth imputations file 

Legally blind xC095 = 6 FAT file 
Age rwagey_e RAND HRS 
Not owning house and not paying rent xH004 = 3 or  

xH014 = 7 or  
xH079 = 0 

FAT file 

NOTE: w = 6, 7, 8 for 2002, 2004, and 2006, respectively. x = H, J, K, for 2002, 2004, and 2006, 
respectively. For each rwxxx variable, there is a corresponding swxxx variable for the spouse. 
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The HRS does not explicitly ask about enrollment in Medicare Savings. Because 
the Medicare Savings program is administrated by the state Medicaid agency, we 
assume that respondents answered the Medicaid questions affirmatively if, in 
fact, they were (only) a Medicare Savings beneficiary and not a Medicaid 
beneficiary. If this assumption is incorrect, we underestimate the number of 
individuals automatically eligible for the full subsidy. As discussed in Appendix 
B, we estimate a model of Medicaid/Medicare Savings participation to correct 
for potential underreporting. 

Income Components and Other Variables in the SSA Administrative Data 
Matched to the HRS 

A description of the administrative data files matched to the HRS and their 
contents is given in Appendix A. The administrative data do not have any 
information on wealth, and only certain income components are captured—
primarily, earnings and Social Security benefits. There are a few additional 
variables of interest as well. These variables are shown in Table D.4. 

 
Table D.4—SSA Administrative Data on Income Components  

Matched to the HRS 

Variable Description 
(1) Earnings 

(from Detailed Earnings Record, EBBWSEI2) 
w2box5 W-2 box 5: Medicare-covered employment earnings 
sei_med Medicare-covered self-employment earnings 
non_fica Noncovered earnings 
w2box7 Tips that have not been included in box 5 

(2) Social Security (OASI and SSDI) 
(from PHUS) 

dpay02mm Actual Social Security income paid (after deductions) 
med02mm Medicare premiums withheld 

(3) SSI 
(from SSR) 

fedp02mm Federal SSI  
 

In using these matched income-source data, there are several considerations. 
First, Medicare-covered earnings are not topcoded, in contrast with Social 
Security–covered earnings. Also, in contrast to total taxable income (W-2 box 1), 
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the Medicare-covered earnings include tax-deferred income that is invested into 
a 401(k) or similar plan. Second, we add the Medicare premiums to the net Social 
Security payment to obtain the gross Social Security income. Third, state 
supplements to SSI are not part of countable income for the LIS, so that income 
component is excluded. 

Table D.5 shows several other variables from the SSA administrative data files 
that were matched to the HRS. 

 
Table D.5—Other SSA Administrative Data Matched to the HRS 

Characteristic  Construction 
Medicare enrollment From histart, hiterm, smistart, smiterm, tob0201 = 99, ohistart, ohiterm, 

osmistar, osmiterm, otob0201 = 99 
Medicaid/Medicare Savings 

enrollment 
From smtpstar, smtpstop, smtpcate = 3 (“state billing”), osmtpsta, 
osmtpsto, osmtpcat = 3  

SSI receipt psta0201 = 1 
SSDI receipt tob0201 = 2, 7, 8 or otob0201 = 2, 7, 8 
Legally blind insdstbl = 1 or oinsdbl = 1 
Date of birth bdob, obdob 
Self-employment s2002 = 1 (self-employment) or a2002 = 1 (agriculture) 

SIPP Variables for Eligibility Determination 

We now discuss the construction of income and resource measures based on the 
SIPP that are required for the eligibility determination algorithm. Other variables 
required for the analysis are discussed as well. 

SIPP Income Components 

The income components available in the SIPP are the same components 
described earlier for the HRS. All of these components, shown in Table D.6, are 
aggregated from monthly amounts reported in the SIPP core files for the 12 
months of the 2006 calendar year. 

We note several points about these income data. With respect to SSI, only the 
federal amount of SSI counts toward the LIS income criterion. The SIPP asked 
about federal and state SSI separately, so we exclude the state SSI payments. In 
terms of the other income categories, we excluded the following amounts 
because they do not count for LIS eligibility determination: energy assistance; 
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Table D.6—SIPP Income Components 

Variable Description 
(1) Variables used in construction of earned income 

TPEARN Wages/salaries; incl. net earnings from self-employment 
(2a) Variables used in construction of Social Security income (OASI and SSDI) 

T01AMTA Amount of Social Security, adult 
T01AMTK Amount of Social Security, child 

(2b) Variables used in construction of SSI  
T03AMTA Amount of federal SSI, adult 
T03AMTK Amount of federal SSI, child 

(2c) Variables used in construction of rents and royalties 

TJACLR Amt of net rent from prop. held jointly with spouse 
TOACLR Amount of net income from own rental property 
TJACLR2 Amount of net income from rental property with others 
TRNDUP1 Amount of income from royalties 

(2d) Variables used in construction of other countable unearned income 

T5AMT State unemployment compensation 
T6AMT Supplemental unemployment benefits 
T7AMT Other unemployment compensation 
T8AMT Veteran’s compensation/pension 
T9AMT Black-lung payments 
T10AMT Worker’s compensation 
T11AMT State temporary sickness/disability benefits 
T12AMT Employer/union temporary sickness benefits 
T13AMT Own sickness/accident/disability insurance 
T14AMT Employer disability payments 
T15AMT Severance pay 
T20AMT Cash assistance (e.g., Temporary Assistance for Needy Families) 
T21AMT General assistance/relief 
T24AMT Other welfare 
T25AMT Special Supplemental Nutrition Program for Women, Infants, and 

Children 
T26AMT Pass-through child support 
T28AMT Child support 
T29AMT Alimony 
T30AMT Pension from company or union 
T31AMT Federal civil service/civilian employee pension 
T32AMT U.S. military retirement pay 
T33AMT National Guard/Reserve retirement pay 
T34AMT State government pension 



145 

 

145 

Table D.6—Continued 

Variable Description 
T35AMT Local government pension 
T36AMT Income from life insurance/annuity 
T37AMT Income from estates/trusts 
T38AMT Payments for retirement/disability/survivor 
T39AMT Pension/retirement lump sums 
T40AMT GI Bill (Pub. L. No. 346) 
T50AMT Income assistance from charitable group 
T51AMT Money from relatives/friends 
T52AMT Lump-sum payments 
T53AMT Income from roomers/boarders 
T56AMT Miscellaneous cash income 
T61AMT Food assistance 
T64AMT Short-term cash assistance 
T75AMT Other government income 

 

foster child care payments; food stamps; educational assistance; draws from 
IRAs, Keogh accounts, 401(k), and similar sources; National Guard/Reserve pay 
(presumably included in total earnings); incidental or casual earnings 
(presumably included in total earnings); transportation assistance or gas 
vouchers; clothing assistance; and housing assistance. As with the HRS, we have 
computed, but not used, “other business income.” 

SIPP Resource Components 

Resources are collected in the same categories as in the HRS. These are taken 
from the wave 6 Assets and Liabilities TM (TM6), administered from October 
2005 through January 2006. The specific variables, by component, are listed in 
Table D.7. 

Income Components and Other Variables in the SSA Administrative Data 
Matched to the SIPP 

The income variables in the SSA data matched to the SIPP are of the same type as 
the ones in the SSA data matched to the HRS listed in Table D.4, although the 
variable names (and sometimes category codes) are slightly different. For 
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completeness, we list the income variables matched to the SIPP in Table D.8 and 
the other variables matched to the SIPP in Table D.9. 

 
Table D.7—SIPP Resource Components 

Variable A/L Description 

(1) Financial resources  
EALOWA A Amount owed to respondent for sale of business/property 
TALSBV A Face value of U.S. Savings Bonds 
TALJCHA A Joint non–interest-earning checking account 
EALJDAB L Amount owed for store bills/credit cards w/spouse 
EALJDAL L Amount owed for bank loans w/spouse (nonhousing, nonvehicle) 
EALJDAO L Amount owed for other debt w/spouse (nonhousing, nonvehicle) 
TALICHA A Indiv. non–interest-earning checking account 
EALIDAB L Amount owed for store bills/credit cards indiv. 
EALIDAL L Amount owed for indiv. bank loans (nonhousing, nonvehicle) 
EALIDAO L Amount owed for other indiv. debt (nonhousing, nonvehicle) 
TALRB A Market value of IRAs 
TALKB A Market value of Keogh accounts 
TALTB A 401(k), 403(b), thrift accounts 
EOAEQ A Equity in investments 
TIAJTA A Joint interest-earning financial accounts 
TIAITA A Indiv. interest-earning accounts 
TIMJA A Joint bonds/U.S. securities 
TIMIA A Indiv. bonds/securities 
ESMJV A Joint stocks/mutual funds 
ESMJMAV L Debt on joint stocks/mutual funds 
ESMIV A Indiv. stocks/mutual funds 
ESMIMAV L Debt on indiv. stocks/funds 
TRJMV A Rental property w/spouse (not on land of own residence) 
TRJPRI L Principal owed on joint rental property 
TRIMV A Rental property in own name (not on land of own residence) 
TRIPRI L Principal owed on indiv. rental property 
TRTSHA A Share of net equity in rental prop. jointly held with others (in dollars) 
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Table D.7—Continued 

Variable A/L Description 

(2) Net value of real estate other than primary residence  
(including variables used to determine respondent’s share of asset ownership) 

EOTHREO1 — 1st owner of other real estate (person no.) 
EOTHREO2 — 2nd owner of other real estate (person no.) 
EOTHREO3 — 3rd owner of other real estate (person no.) 
TOTHREVA A Equity in other real estate (excl. rental prop.) 

(3) Net value of businesses 
(including variables used to determine respondent’s share of net asset ownership) 

EVBOW1 — Percent ownership business 1 
TVBVA1 A Value business 1 before debt 
TVBDE1 L Total debt owed against 1st business 
EVBOW2 — Percent ownership business 2 
TVBVA2 A Value business 2 before debt 
TVBDE2 L Total debt owed against 2nd business 

(4) Cash surrender value of life insurance 

TALLIV A Cash value of life insurance 
NOTE: A = asset. L = liability. j = 1, 2, 3; k = 1, 2. — = not applicable. 

 
 

Table D.8—SSA Administrative Data on Income Components and Other Variables  
Matched to the SIPP 

Variable Description 
(1) Earnings 

(from Detailed Earnings Record) 
w2_box5_wge_medyyyy W-2 box 5: Medicare-covered employment earnings 
sei_medyyyy Medicare-covered self-employment earnings 
non_ficayyyy Noncovered earnings 
tipsyyyy Tips that have not been included in box 5 

(2) Social Security (OASI and SSDI) 
(from PHUS) 

ssincyymm Actual Social Security income (before deductions and later 
corrections) 

(3) SSI 
(from SSR) 

fmapyymm Federal SSI  
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Table D.9—Other SSA Administrative Data Matched to the SIPP 

Characteristic  Construction 
Medicare enrollment From hi_start_p, hi_term_p, smi_start_p, smi_term_p, tob01yyp = 99, 

hi_start_s, hi_term_s, smi_start_s, smi_term_s, tob01yys = 99 
Medicaid/Medicare Savings 

enrollment 
From smtp_start_p, smtp_stop_p, smtp_category_p = S (“state billing”), 
smtp_start_s, smtp_stop_s, smtp_category_s = S  

SSI receipt pstayy01 = 1 
SSDI receipt tob01yyp = 2, 7, 8 or tob01yys = 2, 7, 8 
Legally blind insd_stblind_p = 1 or insd_stblind_s = 1 
Date of birth bdobyy_p and bdobmm_p, or bdobyy_s and bdobmm_s 
Self-employment seqcyyyy = 1 or agqcyyyy = 1 

 

Preliminary Steps for the Eligibility Determination Algorithm 

Before implementing the eligibility algorithm, described in Chapter 2, we first 
compute income and resource components for each individual separately, 
distributing joint income and resources proportionately or according to 
information about who owns or receives a component (or which share is owned 
by each person), according to the information available in the data. Here, we 
review the steps involved in defining who is a spouse, determining family size, 
applying the FPL income thresholds, and computing countable income and 
countable resources. 

Defining Who Is a Spouse 

In all our subsequent analyses, a spouse is defined as the person married to the 
respondent, provided that this person lives in the same household as the 
respondent. This information is extracted from the marital-status variables: Only 
if marital status is “married, spouse present” do we count the indicated partner 
as a “spouse.” This corresponds with the definition in the LIS eligibility rules. It 
turns out that most of the income and resource components of the respondent 
and the spouse are then combined, so the precise allocation of income or 
resources to the individuals is not material. However, if the spouse is “absent” or 
the partners are not married, income and resources of only the respondent are 
taken into account, and the prior allocation of joint income and resources 
matters. In the following, we will often state that respondent and spouse income 
or resource components are added, and similar phrasings for other variables. Of 
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course, if there is no valid “spouse,” this means that only the respondent’s 
information is used. 

Defining Family Size 

In the regulations, the FPL thresholds play an important role in determining the 
income cutoff for LIS eligibility, and the value of the FPL threshold depends on 
family size. Family size in the LIS means the respondent, plus the spouse, plus all 
relatives (by blood or marriage) of the respondent and the spouse who live in the 
household of the respondent and the spouse and who depend for at least 50 
percent of their support on the respondent or the spouse. In the data, there is not 
a variable that exactly represents this definition. Therefore, we have 
experimented with several definitions. 

For the SIPP, we have conducted computations using two definitions. The first is 
family size as measured in the variable EFNP. A family can be a subset of a 
household. For example, an elderly mother living in the household of her (adult) 
daughter would be considered a separate family from the daughter’s family. The 
second definition of family size is the number of exemptions claimed for 
household members on the tax return form. This is equal to the total number of 
exemptions claimed (TTOTEXMP) less the number of persons outside the 
household claimed as an exemption (IEXMPOUT). For 2004 computations, these 
variables are taken from the wave 4 Taxes TM. The differences in estimates of the 
number of eligibles using these two family-size variables are very small, and we 
do not discuss these in detail. The estimates for 2006 presented in this report are 
based on the first definition, because this was more readily available. 

In the HRS, respondents are first asked whether there are any dependents 
(xE118, where x is the wave character H, J, or K, for 2002, 2004, and 2006, 
respectively), using the same definition as in the LIS regulations, and, if so, then 
the number of dependents is asked (xE119). However, it is not specifically asked 
whether these are all relatives (by blood or marriage) and whether they live in 
the household of the respondent, although much of this information can be 
extracted in principle from detailed questions about who is a dependent and the 
household roster files. We have taken a somewhat simpler approach and first 
computed the maximum number of dependents in the household as household 
size minus the respondent and the spouse or partner. Then we defined the 
number of resident dependents as being the minimum of (1) this maximum and 
(2) the number of dependents mentioned by the respondent. Subsequently, we 
defined family size as the respondent plus the spouse plus the number of resident 
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dependents thus defined. This could be an overestimate of family size as defined 
in the LIS rules, but it will often be correct. We have also computed eligibility 
estimates including only the respondent plus the spouse in the family. Clearly, 
this is a lower bound and differs more often and to a larger extent from the 
correct one than the first construction. This gives estimates of the number of 
eligibles that are slightly lower than the ones using the first construction, but the 
differences are not large. These results are presented as part of the sensitivity 
analysis in Chapter 3. 

Applying the Federal Poverty Guideline Income Thresholds 

The FPL income thresholds are different for Alaska and Hawaii. The differences 
are quite large (in the order of 20 percent). State information is available in the 
SIPP, so, for the SIPP analyses, we apply the FPL threshold that is relevant for 
the state of residence of the respondent. 

State information is not available in the public-use HRS files, however. There is a 
restricted data set with state identifiers, but we have not requested permission to 
use these as part of this study and thus we do not have access to state identifiers. 
Apart from reasons of convenience, an important reason for not pursuing the use 
of the HRS geocoded data is that matching the geocode data with the HRS-SSA 
matched data is strictly prohibited. 

To assess the potential magnitude of the bias that would arise from not being 
able to apply the proper poverty thresholds for residents of Alaska and Hawaii 
in the HRS, the numbers of Medicare beneficiaries in Alaska and Hawaii, 
compared with the United States as a whole, are shown in Table D.10. We 
conclude that the relatively small proportion of the population of Medicare 
beneficiaries in these two states—less than 1 percent—means that there will be 
little bias associated with using the poverty thresholds for the 48 contiguous 
states and Washington, D.C., for the entire HRS sample. 

 
Table D.10—Number of Medicare Beneficiaries (A or B) as of July 2005 

State Number Percent 

Alaska 51,149 0.12 
Hawaii 179,649 0.44 

U.S. total 41,003,057 100.00 
SOURCE: CMS (undated). 
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Countable Earned and Unearned Income 

Countable earned and unearned income are computed in two steps. First, the 
income components that count toward the LIS thresholds are aggregated, which 
gives countable earned and unearned income before deductions. In the second 
step, a set of deductions is applied. The second step is outlined in Table 2.3 in 
Chapter 2. 

Countable earned income before deductions is simply the sum of the 
respondent’s and the spouse’s earned income. Based on the unearned income 
components discussed previously, countable unearned income before deductions 
is computed as shown in Table D.11, where both respondent’s and spouse’s 
income are counted. 

 
Table D.11—Formula for Calculating Countable Unearned Income 

Formula Remarks 
Countable unearned income before 
deductions = 

 

+ OASDI benefits  
+ federal SSI benefits  The HRS presumably includes state supplements, because 

only one SSI amount variable is available. 
+ “other unearned income”  
+ net rental income HRS has only gross rental income; as noted earlier, we 

have computed sensitivity analyses by including or 
excluding this component in the HRS and found no 
difference. 

+ $157/month (single) or $235/month 
(couple) if not owning one’s home and 
not paying rent 

Proxy for receiving support for food/shelter. The amounts 
are the maximum countable amounts of such support. 

Countable Resources 

Countable resources are also computed in two steps, the first one giving 
countable resources before deductions and the second applying the deductions 
for burial and funeral expenses. 

Based on the resource components defined previously, countable resources 
before deductions are computed according to the formula shown in Table D.12, 
where both respondent’s and spouse’s resources are counted. 
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Table D.12—Formula for Calculating Countable Resources Before Deductions 

Formula Remarks 
Countable resources before deductions =  
+ financial resources Includes rental property in the SIPP 
+ other real estate Includes second home in the HRS 
+ business property Deduction of $6,000 if R or S is self-employed, but the 

resulting business property must be nonnegative. 
+ value of life insurance Separately added for R and S, and (separately) omitted if it 

is less than $1,500. 
NOTE: R = respondent. S = spouse. 
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Appendix E. Comparison of Countable Income and 
Resource Distributions in the SIPP and the HRS 

This appendix provides supplemental information for the discussion in Chapter 
3 of the differences in the distribution of countable income and countable 
resources (exclusive of 401(k) balances) before deductions in the SIPP and the 
HRS for noninstitutionalized Medicare beneficiaries age 53 and above. Countable 
income before deductions is simply the sum of countable earned income before 
deductions and countable unearned income before deductions. 

Figures E.1 and E.2 plot kernel densities for the log of countable income before 
deductions in 2006 for couples and singles, respectively. Likewise, Figures E.3 
and E.4 provide plots for the distribution of the log of countable resources before 
deductions in 2006 for couples and singles. The resource figures show the cutoffs 
that apply for countable resources for couples or singles to determine who is 
eligible for a full LIS subsidy (lower cutoff) or a partial subsidy (between the 
lower and upper cutoff), provided that the condition for the other measure 
(income or resources) is met. Note, however, that these apply after a potential 
deduction of $1,500 (singles) or $3,000 (couples) for burial expenses, so the 
effective thresholds are slightly higher for most individuals. We have not 
included thresholds in the income graphs, because the thresholds depend on 
family size, which varies, even within the singles and couples groups, and 
because the differences between countable income before and after deductions 
are larger and more complicated than for resources. 
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Figure E.1—Distribution of Log Countable Income in the SIPP and the HRS in 2006, 
Noninstitutionalized, Married Medicare Beneficiaries Age 53 and Above 

 
 

SOURCE: Authors’ calculations using SIPP and HRS. 
 

Figure E.2—Distribution of Log Countable Income in the SIPP and the HRS in 2006, 
Noninstitutionalized, Single Medicare Beneficiaries Age 53 and Above 

 
 

SOURCE: Authors’ calculations using SIPP and HRS. 
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Figure E.3—Distribution of Log Countable Resources in the SIPP and the HRS in 2006, 
Noninstitutionalized Married Medicare Beneficiaries Age 53 and Above 

 

SOURCE: Authors’ calculations using SIPP and HRS. 

Figure E.4—Distribution of Log Countable Resources in the SIPP and the HRS in 2006, 
Noninstitutionalized Single Medicare Beneficiaries Age 53 and Above 

 

SOURCE: Authors’ calculations using SIPP and HRS. 
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Appendix F. LIS Eligibility Status by Population 
Group 

Tables F.1 and F.2 provide tabulations for the SIPP and the HRS, respectively, 
equivalent to Tables 3.11 and 3.12 in Chapter 3 except that they show row 
percentages rather than column percentages. In other words, these tables show, 
for a given population group, the distribution across different LIS eligibility 
status groups (e.g., not eligible, nonautomatically eligible, automatically eligible). 
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Table F.1—Percentage Distribution of Population Subgroups by LIS Eligibility Status in 2006,  
SIPP Noninstitutionalized Medicare Beneficiaries 

   Eligible for LIS   
     Nonautomatic Eligibility     

Characteristic 
Not Eligible 

for LIS  Total  
No LIS 

Application 
LIS Denied/ 

Pending 
LIS 

Awarded  
Automatic 
Eligibility  Total 

Age             
Less than 53 20.1    79.9   16.4  0.4  4.4   58.7    100.0 
53 to 64 53.6    46.4   8.8  1.9  5.0   30.6    100.0 
65 and above 74.6    25.4   9.7  1.0  2.0   12.7    100.0 

Gender            
Male 72.0    28.0   8.7  1.2  2.0   16.1    100.0 
Female 65.6    34.4   11.5  0.8  2.7   19.3    100.0 

Race-ethnicity            
Hispanic 30.2    69.8   18.3  1.9  2.8   47.0    100.0 
African American 40.0    60.0   14.9  1.6  5.1   38.4    100.0 
Non-Hispanic white and other 75.3    24.7   9.0  0.9  2.0   12.9    100.0 

Educational attainment            
Less than high school 36.8    63.2   17.9  1.8  3.5   40.0    100.0 
High school graduate 68.1    31.9   10.9  0.7  2.3   18.0    100.0 
Some college 74.2    25.8   9.2  1.4  2.9   12.3    100.0 
College graduate or higher 89.9    10.1   3.0  0.3  0.7   6.0    100.0 

Health status            
Excellent 84.7    15.3   5.2  0.5  0.9   8.7    100.0 
Very good 82.3    17.7   7.3  0.3  2.4   7.6    100.0 
Good 72.2    27.8   9.7  0.8  1.7   15.5    100.0 
Fair 55.2    44.8   14.2  1.6  3.1   25.9    100.0 
Poor 48.5    51.5   12.7  1.7  4.0   33.2    100.0 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Table F.1—Continued 

   Eligible for LIS   
     Nonautomatic Eligibility     

Characteristic 
Not Eligible 

for LIS  Total  
No LIS 

Application 
LIS Denied/ 

Pending 
LIS 

Awarded  
Automatic 
Eligibility  Total 

Any Rx usage last year            
Yes 68.7    31.3   9.4  1.1  2.4   18.4    100.0 
No 67.4    32.6   15.3  0.2  2.7   14.4    100.0 

 Primary health insurance coverage            
Employera 89.9    10.1   6.6  0.4  0.3   2.9    100.0 
Medicaid 12.7    87.3   11.1  1.6  6.9   67.7    100.0 
Medicare 57.9    42.1   12.4  1.4  3.4   24.9    100.0 
Private/other 71.0    29.0   8.5  0.0  10.6   9.9    100.0 
None 22.0    78.0   24.0  0.0  6.8   47.2    100.0 

Estimated population (weighted, millions) 27.8  12.8  4.2  0.4  1.0   7.3  40.6 
Estimated population (weighted, %) 68.5  31.5  10.2  1.0  2.4   17.9  100.0 

Sample size (unweighted) 3,289  1,438  615  823  4,727 
SOURCE: Author’s calculations using SIPP and SSA LIS data. 

NOTE: Rx = prescription drug. 
a Includes former employer and spouse's (former) employer. 
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Table F.2—Percentage Distribution of Population Subgroups by LIS Eligibility Status in 2006,  
HRS Medicare Beneficiaries Age 53 and Over 

  Eligible for LIS  

   Nonautomatic Eligibility   

Characteristic 
Not Eligible 

for LIS 

 

Total 

 Do Not 
Have Part 

D Have Part D 

 
Automatic 
Eligibility  Total 

Age and institutionalization status           
53–64, noninstitutionalized 53.5  46.5  10.6 11.2  24.7  100.0 
53–64, nursing home 0.0  100.0  46.4 12.7  40.8  100.0 
65+, noninstitutionalized 82.1  17.9  4.3 4.9  8.7  100.0 
65+, nursing home 55.4  44.6  7.8 8.2  28.6  100.0 

Gender           
Male 84.3  15.7  4.3 3.4  7.9  100.0 
Female 74.3  25.7  5.6 7.2  12.9  100.0 

Race-ethnicity           
Hispanic 43.1  56.9  9.7 11.7  35.5  100.0 
African American 51.6  48.4  10.9 11.2  26.3  100.0 
Non-Hispanic white and other 84.3  15.7  4.0 4.5  7.1  100.0 

Educational attainment           
Less than high school 56.0  44.0  8.5 11.2  24.3  100.0 
GED 76.5  23.5  4.5 7.0  12.0  100.0 
High school graduate 81.5  18.5  5.7 4.4  8.4  100.0 
Some college 87.4  12.6  2.9 4.3  5.4  100.0 
College graduate or higher 95.1  4.9  1.6 1.1  2.2  100.0 

Health status           
Excellent 91.6  8.4  2.9 2.7  2.9  100.0 
Very good 89.0  11.0  3.7 3.0  4.3  100.0 
Good 82.8  17.2  4.4 4.5  8.3  100.0 
Fair 68.6  31.4  6.4 7.9  17.0  100.0 
Poor 55.5  44.5  8.6 11.5  24.4  100.0 
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Table F.2—Continued 

  Eligible for LIS  

   Nonautomatic Eligibility   

Characteristics 
Not Eligible 

for LIS 

 

Total 

 Do Not 
Have Part 

D Have Part D 

 
Automatic 
Eligibility  Total 

Regular Rx usage last 2 years and 
creditable coverage           
Rx total 78.4  21.6  4.5 5.9  11.2  100.0 
CC total 78.7  21.3  4.8 4.1  12.3  100.0 
No Rx, no CC 78.2  21.8  13.5 4.9  3.4  100.0 
No Rx, CC 81.3  18.7  5.8 2.4  10.5  100.0 
Rx, no CC 78.1  21.9  3.9 11.2  6.8  100.0 
Rx, CC 78.5  21.5  4.7 4.3  12.5  100.0 

 Primary Rx coverage           
Employera           
Medicaid 94.5  5.5  3.4 0.6  1.6  100.0 
HMO 14.9  85.1  4.6 12.4  68.1  100.0 
Part D 86.1  13.9  4.6 4.9  4.5  100.0 
Private/other 79.2  20.8  0.0 14.1  6.6  100.0 
None 85.0  15.0  11.8 0.0  3.2  100.0 

 Estimated population (weighted, millions) 30.445  8.312  1.959 2.172  4.180  38.756 
 Estimated population (weighted, %) 78.6  21.4  5.1 5.6  10.8  100.0 

 Sample size (unweighted) 8,335  2,390  563 618  1,209  10,725 
SOURCE: Author’s calculations using HRS data. 
NOTE: GED = General Educational Development Test. Rx = prescription drug. CC = creditable coverage. 
a Includes former employer and spouse's (former) employer. 
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