


Introduction

Public welfare is a large part of the U.S. economy; in 2013, government transfers comprised more

than 17% of personal income. For some social programs with cash benefits and high take-up like

Social Security, frictions play a small role, but for programs such as unemployment insurance

(Anderson and Meyer, 1997), workers compensation (Ehrenberg, 1988), and Medicaid (Mo�tt,

1983), take-up is low and implied frictions are large. This low take-up might be driven by many

factors, such as information costs, time costs, or a low value of benefits to recipients. I examine

the net value Medicaid’s in-kind benefits provide to recipients as revealed by labor-market be-

havior and take-up behavior.

I identify the value of Medicaid in Tennessee to current beneficiaries using two sources of in-

formation. First, Tennessee displays cross-sectional di↵erences in both prices and participation.

The degree to which higher prices decrease participation reveals how much people value Medi-

caid. Second, a policy change in 2005 caused a large disenrollment in Medicaid. Disenrollment

removed a large implicit marginal tax rate in the form of Medicaid premiums, resulting in

a higher take-home wage, and removed an in-kind transfer, reducing income. However, losing

Medicaid makes familes feel poorer only insofar as they value Medicaid. Because labor responses

to losing Medicaid were small when compared to the counterfactual experience of losing cash

income equal to the value of Medicaid expenditures, I conclude that the cash-equivalent value

of Medicaid is small.

Tennessee’s Medicaid program, called TennCare, provides both of these sources of information

through its premium structure and a large disenrollment in the mid-2000’s. TennCare was

unusual because it was open to adults and children of all income levels and family structure.

Rather than exclude enrollees based strictly on income, it instead charged higher premiums

for higher-income families. This di↵ers from Medicaid’s traditional “notch,” which meant that

households were disenrolled completely as soon as they passed a specific threshold. However,

due to budgetary pressures (Bennett, 2014), Tennessee disenrolled nearly 12% of its Medicaid

population in 2005, and in response, labor supply rose (Garthwaite et al., 2013).

Two classic e↵ects explain this change in labor following disenrollment: an income e↵ect and
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a wage e↵ect. As households are disenrolled, income is reduced via withdrawal of transfers,

households feel poorer and increase labor supply. The wage e↵ect also plays a role in explaining

changes to labor supply. Tennessee’s relatively open program and premium schedule created a

tax on labor markets; for poorer households, access to TennCare had a guaranteed zero out-of-

pocket cost, while families above 400% of the poverty line paid more than $10,000 per year in

premiums alone. With the 2005 disenrollment, the average family enrolled in Medicaid in 2004

experienced an after-tax wage increase of nearly 6%. The impact this wage increase has on labor

depends on the labor supply function.

Considering both income and wage e↵ects, the observable e↵ect of Tennessee disenrollment on

labor supply is smaller than expected were Medicaid valued dollar for dollar. Given standard

labor-supply elasticities, I find that losing access to Medicaid is equivalent to losing approxi-

mately $1266 dollars. Combining this number with federal and state expenditures on Medicaid,

the value of Medicaid for an average beneficiary is $0.26 per dollar of spending.

However, averages hide a great deal of heterogeneity in the valuation of Medicaid coverage. To

uncover this heterogeneity, I use both cross-sectional variation in the prices that households paid

for TennCare and labor choices resulting from disenrollment to estimate the distribution of the

value of TennCare. Behavior after disenrollment helps estimate the distribution of the value of

Medicaid. Holding constant the e↵ect a change in wages has on labor supply, when a disenrolled

household increases labor hours and enrolls in employer-sponsored insurance, it is evidence it

valued Medicaid. Similarly, if a disenrolled household does not increase labor hours and remains

uninsured, it is evidence it did not value Medicaid. Cross-sectional variation in prices also

provides information regarding the distribution of household Medicaid valuations. Households

that paid high premiums and still chose to enroll in TennCare reveal a high value of the program.

I find that variation in Medicaid expenditures looks very similar to variation in household values

of Medicaid, suggesting a role for homogeneity in valuation per dollar spent, with variation in

expenditures taking center stage. Individuals enroll in the same insurance plans, but Medi-

caid does not spend the same amount on them due to factors such as health status. Although

households vary greatly in their valuations, estimated Medicaid spending is extremely skewed,
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with the highest 20% of households receiving 81% of spending. Allowing Medicaid expendi-

tures to explain variation in revealed cash values, I find only moderately heterogeneous values of

a dollar of Medicaid spending across household percentiles, with a low of $0.18 to a high of $0.43.

In my model, households value consumption, access to healthcare, and leisure. Medicaid has

partial substitutes in employer-sponsored insurance (ESI), which agents receive through work

and non-group insurance (NGI), and purchase at market prices. The relative utility weight on

each type of health insurance di↵ers across households. If the relative weight that agents place

on Medicaid is very high, their cash-equivalent value of Medicaid is high. I draw household

composition, wages, and property income from the Survey of Income and Program Participation

(SIPP) 2004-2008 Tennessee sample. I simulate household’s choices (i.e., how much to consume,

how much to work, and what type of health insurance to purchase, if any) for a given distribu-

tion of preferences over leisure and health insurance. Using the simulated method of moments,

I find the distribution of preferences over leisure and health insurance that best matches SIPP

and administrative data on labor and health insurance choices by income. I simulate the same

households in both 2005 and 2006, where in 2006, many non-poor households no longer had

access to TennCare and many purchased ESI or NGI if they wanted health insurance. I rely

on both cross-sectional variation in healthcare decisions in the face of di↵erent premiums, and

panel variation in labor market responses to being disenrolled to estimate my model.

At its core, this paper flips the “Medicaid notch” literature on its head. This literature analyzes

the impact of Medicaid’s high implicit marginal tax rates on labor supply. Given an elasticity of

labor supply, if households value Medicaid, they change their labor supply to enroll in TennCare.

The degree to which they do not reduce labor is a measure of how little they value Medicaid.

Along with estimating the value of TennCare, I reinterpret results from Dague (2014) and Meyer

and Rosenbaum (2001), finding implicit valuations of Medicaid comparable to mine. My cursory

estimate of $0.26 per dollar of spending, and heterogeneous agent estimate of $0.35 per dollar,

are similar to a $0.28 estimate I extract from Meyer and Rosenbaum (2001), below the $0.48

to $0.68 estimate from Keane and Mo�tt (1996) and above the implicit $0.09/dollar spent I

extract from in Dague (2014) using a take-up assumption. Further discussion of the implicit

valuations I generate are provided below.
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On reflection, low revealed valuations of Medicaid in comparison to cost should be obvious for

several reasons. First, administrative costs are likely to eat up a significant portion of expen-

diture. For instance, Mulligan and Philipson (2003) find that for life insurance companies, for

every $1 paid in premiums, beneficiaries received $0.70-$0.75 in insurance payments. Second, the

alternative to not being enrolled in Medicaid is not drastic for those Cutler and Gruber (1996)

describe as “conditionally covered,” those who are not enrolled in Medicaid until they become

ill or pregnant. Third, the alternative to non-insurance in dire situations is not non-treatment,

but medical bankruptcy. For example, Finkelstein and McKnight (2005) find Medicare sim-

ply shifted the costs of life-saving treatments from individuals to the government, but did not

change whether agents received treatment. Corroborating this evidence, Garthwaite et al. (2014)

find hospitals benefit from Medicaid, as it crowds out patients defaulting on medical debt and

charitable care provided by the hospital. Finally, in any public program with broad categorical

eligibility there will be participants who qualify and enroll but do not value the benefits, bringing

down average valuations.

While my paper is agnostic about the normative implications of low-beneficiary valuations for

Medicaid, they remain important. Medicaid spending accounts for a sizable portion of transfers

to the poor. How Medicaid is valued a↵ects the number of people with consumption below the

poverty line. For instance, Meyer and Sullivan (2013) calculate the consumption poverty rate

using the fungible value of Medicaid, discussed below. When I run a comparable poverty-rate

exercise, instead comparing Medicaid transfers valued 1-to-1 to Medicaid transfers that are val-

ued at $0.30 per dollar, the population lifted out of poverty by Medicaid alone falls by 14 million.

How Medicaid is valued is very important, as it makes up a large fraction of consumption ex-

penditures for the poor.

This paper does not answer why Medicaid gives in-kind transfers valued at a fraction of what it

spends; many reasons are possible, and a significant literature is devoted to them. One possibil-

ity is pure ine�ciency. Governments provision goods the private market could better produce,

as in Antarctic expeditions discussed by Karpo↵ (2001). For skeptics, Mulligan and Philipson

(2000) may provide a more persuasive answer; those redistributing (the rich, in Mulligan and
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Philipson) value some consumption by the poor more than other types of consumption. When

government preferences are weighted properly, spending on things the poor do not value but

the wealthy do (for the poor) might be e�cient. Finally, forced excessive spending on a good

might be a transfer to a politically powerful group such as TennCare’s Managed Care Organi-

zations, doctors, the pharmaceutical industry, the medical equipment industry, or hospitals, as

in Garthwaite et al. (2014). There are many possibilities, not all of which point to ine�ciency

in a constrained world. Indeed, a pure loss of $0.70 per dollar spent is less likely given the size

of the program and the fact that publicly provided Medical care is an outcome reached across

many advanced countries. But even in the event of e�ciency, my results raise an interesting

unanswered question. Since Medicaid’s inception, the United States has spent more than $8

trillion on benefits: what party benefitted from the residual (unvalued by recipients) $4.5 to $6

trillion dollars, if not recipients?

Relevant literature

Historically, the Census Bureau has used several methods to value Medicaid. The primary two,

discussed by Chiswick (1985), are market-based and recipient-valuation approaches. The market-

based approach attempts to find payments made to the same vendors by both Medicaid and

market-priced plans to find a comparison base for similar procedures. The recipient-valuation

approach looks at overall household spending on a given good in the private market, and com-

pares spending by unsubsidized and subsidized households. The latter is commonly used today

as the “fungible value of Medicaid.” This approach values Medicaid only if it frees resources.

Risk-adjusted Medicaid transfers per enrollee are counted as value only if a recipient’s income

(without Medicaid) was su�cient to pay for basic food and housing National Research Coun-

cil (1995) Congressional Budget O�ce (2010). If an unsubsidized household would not have

purchased health insurance, it is attributed zero value. Otherwise, it is typically attributed at

average cost, sometimes capped by market value. Since 2012, the CBO simply used average

government expenditures of Medicaid. Neither method is satisfactory in understanding the net

benefits of Medicaid, with both coming entirely from an expenditures perspective, rather than

using revealed preferences.
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Literature on Medicaid is large and segmented. Most focuses on estimating whether the large,

implicit marginal tax rates Medicaid imposes causes labor-supply shifts. Until 1987, Medicaid

and cash welfare had the same cuto↵ notch, with some households losing a portion of their

health insurance and cash welfare if they earned too much. This change produced a cottage

industry of papers. Chief among them, Yelowitz (1995) uses a di↵erence-in-di↵erence model to

analyze the Medicaid notch around which implicit marginal tax rates are significant. He finds

that the Medicaid eligibility notch’s level at 80% of its reformed value suppressed labor force

participation by 3.3%. Meyer and Rosenbaum (2001), analyzing the same notch in conjunction

with changes to the Earned Income Tax Credit and other parts of the tax code, find no impact

of the Medicaid notch. Comparing Medicaid’s estimated impact on work with an income tax

changes, a value of $0.28 per dollar was obtained by Meyer and Rosenbaum.1. In my paper, this

lack of labor response indicates a large number of low valuations.

Three recent papers are salient in the analysis of the e↵ects of Medicaid expansions and con-

tractions. Garthwaite et al. (2013) examine the same natural experiment this paper does. They

examine variation generated by Tennessee’s rapid withdrawal of Medicaid coverage from 170,000

low-income individuals, mostly childless adults. While the authors main focus interprets labor

supply increases through the lens of “job lock,” they also find labor-supply distortions consistent

with a classic model in which income and substitution e↵ects of Medicaid reduce labor supply.

The find withdrawal of Medicaid increased labor supplied by approximately 6.5% among child-

less adults. While Garthwaite et al. examine disenrollment, Dague et al. (2014) explore the

e↵ects of Medicaid expansion using a natural experiment generated by Wisconsin’s expansion

of public insurance to childless adults. Using both regression discontinuity and propensity-score

matching, they find a reduction in labor supply between 0.9% and 10.6%. The paper’s broad

set of estimates is generated from the inclusion of covariates of age, sex, employment during the

prior quarter, and earnings during the prior quarter, and by changing the date of discontinu-

ity. The most compelling regression discontinuity numbers, including covariates and excluding

1This estimate is generated using Table IV in Meyer and Rosenbaum (2001) I take the estimated average impact
of a $1000 increase in Medicaid spending on employment probability (-0.0096) and divide it by the estimated
average impact of a $1000 increase in AFDC and food stamps benefit (conditional on non-work) (-0.0340). Because
Meyer and Rosenbaum’s regression relates both Medicaid spending and income tax spending to the probability
of employment, this estimate also values Medicaid through its impact on work decisions. This method assumes
$1000 in welfare benefits paid are equivalent to $1000 in cash: because welfare benefits include food stamps, which
may be valued at less than a dollar, it is likely this is a high estimate of the cash-Medicaid exchange rate.
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applications from an extension of the application deadline, imply a reduction of 6.32% in the

employment rate.

Baicker et al. (2014) study a large, randomized experiment in Oregon. Using administrative

data, the paper analyzes results of a randomized experiment, expanding Medicaid coverage to

uninsured, low-income adults in 2008. Since many chosen by the experiment to receive Medi-

caid never followed through, the authors o↵er two interesting analyses: an intent to treat those

who won Oregon’s Medicaid lottery, and treatment on the treated analysis on those who receive

Medicaid. Their point estimates suggest those who won the Medicaid lottery were only 0.4%

less likely to report earnings (interpreted as any work), and those who won the lottery and

received Medicaid were 1.6% less likely. However, the confidence intervals on both were wide,

with a -1.1% to 0.4% rise for treatment on the treated, and a -4.3% to 1% rise for intent to treat.

The impacts of Medicaid on labor supply have generally been modestly negative, and concen-

trate on those in poor health (Gruber, 2003)—increasing Medicaid would decrease labor supply

among the poor through income and substitution e↵ects away from work. In a second-best

world, however, expansions of Medicaid have the capacity to increase labor supply. One expla-

nation, separate from Yelowitz’s classic treatment, has been “welfare lock,” in which individuals

who would otherwise work more in the low-wage labor market do not because they would be

unable to find amenable healthcare in the non-group or ESI markets. Removal of large implicit

marginal tax rates on some groups via expansion could actually increase labor.

Potential workers in a welfare lock would avoid finding work to keep their healthcare. The oppo-

site might occur when employers are the major source of health insurance; “job lock” occurs when

workers keep their jobs only because they are afraid of losing health insurance benefits. This

might happen, for example, when a worker would optimally shift to entrepreneurship, but does

not in order to keep her ESI. Using the Current Population Survey, Fairlie et al. (2011) examine

the impact of healthcare demand on entrepreneurship. Using a di↵erence-in-di↵erence model,

examining observations on whether a worker’s spouse has ESI, and the Medicare healthcare-

availability discontinuity for those without spousal ESI for those aged 65 and older, they find

significant “entrepreneurship lock,” reducing entrepreneurship among men by about 1%, from
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a baseline annual rate of 3%. Another discussion of job lock appears in Gathwaite, Gross, and

Nodowidigdo (2013), who argue that the causes of labor changes and increases in ESI are due to

job lock. It is di�cult to parse job lock and classic substitution between labor and leisure in the

TennCare experiment, and I focus on a classical explanation. However, studying job lock among

workers with a sudden demand for healthcare shock, Bradley et al. (2013) find that women with

breast cancer who depended on own-employment ESI reduced employment by between 8% and

11% less than those who have other heath insurance options while undergoing treatment.

A large body of literature examines the impact of health insurance on labor supplies of various

subgroups, much of it summarized by Gruber and Madrian (2002). Gruber and Madrian o↵er

three lessons from the literature: first, health insurance is important for the decision to retire

and change jobs. Second, it a↵ects labor supply decisions of secondary earners strongly. Fi-

nally, health insurance is not important for labor-market decisions of low-income mothers. The

authors argue that overall, the e↵ects of job lock are modest. This observation is key to my pa-

per; the failure of Medicaid to have large labor-market e↵ects reveals low valuations of Medicaid.

Concerning the value of another government-sponsored healthcare system, Finkelstein and McK-

night (2005) find that Medicare reduces elderly exposure to out-of-pocket-cost risk substantially.

They argue that the compensating variation from the reduction in risk alone is valued between

50% and 75% of Medicare’s cost estimates. Since health outcomes did not seem to change, it

appears that life-saving treatments were not foregone in the absence of Medicare. Instead, the

cost was shifted from individuals to the government. This interpretation will be important to my

paper. Medicaid may be crowding out private charity (as in Garthwaite et al. (2014)) or house-

hold expenditures (as Medicare does in Finkelstein and McKnight). I do not model ex post and

ex ante insurance benefits, I do observe implicit valuations of entire Medicaid contracts, includ-

ing high valuations that might be due to high transfers, or high value of consumption smoothing.

Similar to this paper, Keane and Mo�tt (1996) use the simulated method of moments to pro-

duce a structural model of labor supply in a program-participation context. However, they

study female head-of-household labor supply in the context of Aid for Dependent Families with

Children (AFDC), food stamps, and subsidized housing choices. Examining the large, implicit
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marginal tax rates produced by these programs, Keane and Mo�tt (1996) find inelastic re-

sponses to changes in marginal tax rates, even when wage elasticities are high. The authors do

not model Medicaid as a choice. Instead, Medicaid passively conferred benefits when AFDC

was chosen. Like the representative household model in this paper, the authors allow for a

cash value of Medicaid, unlocked when a household participates in AFDC. Keane and Mo�tt

estimate a value of $0.48 and $0.64 in return for $1 in Medicaid spending. In contrast to Keane

and Mo�tt, I focus directly on Medicaid, the decision between various types of health insurance,

and many di↵erent types of households. I use a natural experiment and premiums to provide

variation in valuation, allow for alternative health insurance sources, examine joint household

labor-market decisions rather than single choices, and most importantly, estimate and examine

the distribution of valuations for Medicaid coverage. I find lower values, around 47% to 63% of

Keane and Mo�tt’s estimates.

Dague (2014), which this paper examines further, analyzes Wisconsin’s Medicaid program Bad-

gerCare, which like TennCare, places structure on premiums that enrollees face. BadgerCare

features strong increases in monthly premiums for adults and children, going from $0 at 150% of

the FPL for both parents and children to $201 before parents are unable to be on BadgerCare af-

ter 200% FPL. Child premiums remain $0 until 200% of the FPL, after which they rise to $90.74

per month above 300% of the FPL. Both adults and children display sharp breaks in enrollment

when they pass premium thresholds. Dague finds that going from $0 to $10 monthly premium

for adults causes a robust drop in the length of enrollment by 1.35 months; with average pooled

enrollment months of 10.75, this represents a 13% drop in Medicaid enrollment months due to

a $10 monthly fee. When combined with combined with typical estimates of take-up, Dague’s

implicit distributional results yield an extremely low value for marginal entrants.

TennCare

Medicaid has several “mandatory” populations that states must cover, such as children younger

than six below 133% of the FPL, older than six under 100% of the FPL, parents below his-

toric AFDC cuto↵s, pregnant women below 133% of the FPL, among others. There are also

“optional” populations a state can choose to cover, such as children above 100% of the FPL
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or pregnant women above 133% of the FPL. In the baseline reference period of 2005 to 2006,

Tennessee covered all mandatory populations along with optional categories such as pregnant

women up to 185% of the FPL, individuals dually eligible for Medicaid and Medicare, and sev-

eral child FPL expansions. Finally, Medicaid has “expansion” or “demonstration” populations.

These are covered primarily by Section 1115 Waivers, in which the Federal government allows

states to experiment with Medicaid services, eligibility, and delivery systems in a budget-neutral

way regarding expected federal contributions. Tennessee’s Section 1115 waiver allowed it to

expand Medicaid, primarily to the “uninsured,” the “uninsurable,” and the “medically needy.”

It also allowed additional, typically elderly, households to be eligible for joint coverage under

TennCare and Medicare, even though they were ineligible for traditional Medicaid.

TennCare di↵ers from traditional Medicaid. To expand its program in a plausibly cost-neutral

way, Tennessee shifted its entire Medicaid population to Managed Care Organizations (MCOs).

These MCOs are in contrast to fee-for-service, in which a state pays physicians for each service

provided. MCOs are typically private organizations generating contracts with health providers,

paying providers jointly-determined fee schedules, and creating a network of specialists. Al-

though most states use MCOs for at least some of its population, there is frequently a mix

between fee-for-service and MCO’s for Medicaid populations, depending on health status. Ten-

nessee, like Oregon, Massachusetts, Hawaii, and Washington D.C., are strong outliers concerning

the degree to which they use MCOs. As of 2010, low-population and southern states use fee-

for-service more heavily, and most other states use MCOs more heavily, but to varying degrees

(GAO, 2012).

Since Tennessee uses MCOs more often than other states, there is the question of whether my

results are generalizable. I argue yes for two reasons. First, MCOs have become more preva-

lent over time, and Tennessee’s high use of MCOs in 2005 provides insights into current state

Medicaid programs (MAPAC, 2011). Second, although Tennessee spent less per enrollee than

many other states (at the 10th percentile of spending per enrollee in 2005), it was comparable to

other southeastern states, which typically had lower expenditure per enrollee. Figure 2 shows a

histogram of total enrollee spending by state for both the nation and southeastern states. Nev-

ertheless, Marton et al. (2014) gives evidence participants may value MCO less than traditional

10



pay-per-service Medicaid.

TennCare Standard’s technical and financial eligibility requirements were simple. Until 2002,

to be deemed uninsurable, an individual had to produce a denial letter from a health insurance

company, and eventually had to submit to a Medical underwriting process.2 To be deemed unin-

sured, an individual had to not have Medical insurance (typically for a year). The “medically

needy spend down” category were people with resources who were pushed into poverty when

medical expenditures were considered. In 2002, the state attempted to tighten requirements in

the face of budgetary pressures, creating a yearly verification process, among other hurdles.

Nevertheless, repeatedly from 1995 until disenrollment, Tennessee’s single-audit reports found

“weakness in internal control over TennCare eligibility.” For example, fake social security num-

bers made up 1% of all TennCare enrollees. Terminated SSI recipients were not removed from

rolls, and could remain on TennCare indefinitely. Even after re-verification procedures in 2005,

22% of enrollee test cases failed to re-verify but were kept on Medicaid rolls. With a deliber-

ately broad program, multiple enrollment avenues, poor internal eligibility control, and lack of

re-verification, I treat a failure to be enrolled in Medicaid as a failure in imagination or desire

by recipients, rather than the outcome of ineligibility3. During the first half of 2005, Tennessee

engaged in large disenrollment, ending most optional Medicaid categories for adults. Specifically,

it disenrolled the uninsured, uninsurable, and dual-eligible adults, ending their programs. Cov-

erage of children was largely untouched, but the state limited benefits for those not disenrolled

from TennCare, increasing copays and limiting benefits for some enrollees.

TennCare’s disenrollment targeted only adults. Of those planned to be disenrolled, 121 thousand

were uninsured adults, 67 thousand uninsurable adults, and 38 dually enrolled elderly in Medi-

care and Medicaid (Farrar et al 2007). In Table 1, I display results on the Medicaid populations

reported in the closest two comparable reporting periods for Tennessee’s administrative data,

the Current Population Survey, and the Survey of Income and Program Participation. All three

show a dramatic decline in Tennessee’s Medicaid Population. My analysis uses SIPP from early

2TennCare Rule: 1200-13-14-0.02(3)(c)(3).
3I o↵er robustness checks to eligibility assumptions in the Robustness Appendix.
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2005 to early 2006 for a long-di↵erence study of panel-linked individuals. Table 1 suggests that

SIPP overstates Medicaid disenrollment. If this is a product of oversampling or poor sampling,

this causes no problem in the context of my model’s estimation; all observations yield the same

information because the preference distribution is homogeneous across people, in the spirit of

Becker (1978). Indeed, an oversampling of disenrollees would improve my estimates by allow-

ing better measurement in the a↵ected population. Insofar as there is unmodelled preference

heterogeneity by income level (presumably those between 100% and 200% of the FPL), this

overweighs my preference distribution toward preferences of the semi-poor, but signs of biases

are unclear. Alternatively, the overstatement of disenrollment could be the product of misstate-

ments by interviewees. If interviewees claimed to be disenrolled but maintained enrollment, they

presumably did not make changes to their behavior. This is likely to cause me to understate the

value of Medicaid. To deal with this, I o↵er alternative calibrations in the Robustness Appendix.

TennCare disenrollment was a unique experiment because Tennessee o↵ered the same insurance,

with no di↵erences in benefits, to all members. Disparities between enrollees were not in ben-

efits, but in how much they had to pay for benefits. For all those below 100% of the poverty

line, co-pays and maximum out-of-pocket costs were zero. For all individuals below 100% and

children below 200% of the poverty line, premiums were zero. Nevertheless, of the 320 thou-

sand households in Tennessee, representing 770 thousand people who reported being below the

poverty line, only 71% reported having at least one person being covered by Medicaid. This

lack of take-up is discussed in-depth by (Davido↵ et al 2004, Davido↵ et al. 2005, Aizer 2003).

In Table 2 and Figure 1, I display Tennessee’s 2005 premiums by FPL.

TennCare’s rules produce cross-sectional contrast in take-up behavior between two groups; a

large number of poor households could get Medicaid free but do not, while a large number of

wealthier households pay premiums for the same benefits. In addition, disenrollment produced

panel di↵erences between groups, since adult disenrollment caused larger proportional losses in

income in households that had an adult covered with no children than those that had children.

Using SIPP data (discussed in the Data Section below), Appendix Tables A1 and A2 confirm

that the primary role of TennCare is to provide health insurance to poor members of the pop-

ulation; those with no property income have heads with TennCare coverage three times higher
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than heads of families with no property income. TennCare coverage also focuses on children,

and the average age of those with TennCare is lower than the average age of those with ESI,

NGI, or no health insurance, as in Appendix Table A3. Finally, Appendix Table A4 displays

changes to TennCare coverage for adults (those over 18 years old) and children (those 18 and

under) between 2005 and 2006. Adults were disenrolled heavily, but children were not. In fact,

children were slightly more likely to be on TennCare in 2006, while adults were 32% less likely

to be on TennCare in the same year, relative to 2005.

Income and Substitution E↵ects

There were two major e↵ects of TennCare’s disenrollment on labor supply: an income e↵ect

and wage e↵ect. This section discusses the basic labor supply implications of TennCare’s dis-

enrollment in a simple model, before main e↵ects get absorbed in a structural model. Losing

access to Medicaid means losing access to an in-kind transfer, making households poorer. This

pure income e↵ect increased labor supply. In addition, when a household was disenrolled, its

reward to work increased. Sliding-scale premiums acted as an implicit marginal tax rate; when

purchasing Medicaid was no longer an option, the household e↵ectively had a higher wage. The

wage e↵ect itself may be decomposed into a a positive substitution e↵ect and a negative income

e↵ect on work, if leisure is a normal good.

As Figure 1 shows, the change in the implicit marginal tax rates from disenrollment were not

small. For a single-parent household enrolled in TennCare with one child moving from 250%

to 350% of the FPL by earning $12830 more, yearly premiums increase by $4500, from $3000

per year to $7500 per year. Linearizing the tax schedule, this household faced a 35% implicit

marginal tax rate from premiums alone. The average household in Tennessee in 2005 did not

face quite so high a rate. To calculate the average, I use a binning method similar to Mulli-

gan (2013). First, I linearize the step function of premiums regarding income by family size

by Medicaid enrollees per family. I then weight the relevant tax rates for each type of family,

averaging to find an average implicit marginal tax rate of nearly 12% for families on Medicaid4.

4See Data Appendix for details.
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Removing an additional tax of 10% from a family with an ordinary tax rate of 20% results in a

14% increase in the reward to work.

While a change in exposure to premiums alone o↵ers one source of identification for the value of

Medicaid, it is not the only source. Medicaid is an in-kind transfer whose loss can be valued in

cash. A given cash value of Medicaid has an associated labor-supply change from disenrollment,

determined by the income elasticity of labor supply. According to the Centers for Medicaid

and Medicare Services (CMMS), the average TennCare state and federal expenditures in 2005

were $4,966. The average pre-tax family income of an adult on Medicaid in 2005 was $31,723.

Medicaid is large: if TennCare coverage was valued 1-to-1, a randomly disenrolled individual

with a 20% tax rate would experience a nearly 14% drop in post-tax income (exclusive of wage

and premium e↵ects), holding behavior constant. This decreases to a 3.6% drop in income if

Medicaid is valued at only $0.26 per dollar spent.

One additional income e↵ect occurred even for households remaining on TennCare. Since Ten-

nessee also cut benefits of those still on TennCare (such as pharmaceutical drug benefits), real

Medicaid expenditures per patient fell. Real spending per TennCare enrollee fell 13% between

2005 and 2006, with a 10% drop in nominal spending and 3% in inflation rate.5

TennCare’s disenrollment generated separate wage and income e↵ects, and equation 1 o↵ers a

simple way of summarizing a single agent’s response to those e↵ects. The change in labor from

a wage change comes from the percentage change in wage multiplied by the Marshallian (or

uncompensated) wage elasticity of labor supply, and the change in labor from an in-kind income

change comes from the percentage change in income generated by the loss of in-kind transfer

income, multiplied by income elasticity.

� logL = ✏M� logw + ⇠⌘� logH (1)

where ✏M is the Marshallian (or uncompensated) income elasticity of labor supply, ⌘ is the in-

come elasticity of labor supply, � denotes change in labor L, wage w, and change in healthcare

5Although one-third of TennCare disenrollees had higher expenditures than average, it does not account for
much of the change, which was driven primarily by lower spending on remaining enrollees.
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transfer H. ⇠, the crucial quantity to estimate using this equation, translates changes in health-

care transfers to cash income. By measuring all quantities and using parameters for which there

is strong evidence in the literature, I estimate ⇠ as the residual.

Changes in labor, wages, and healthcare between 2005 and 2006 are easy to measure, and much

literature is devoted to measuring labor elasticities. Table 3 displays the baseline and 2005-2006

increase in hours and drop in Medicaid to be used in equation 1. Alternative measurements are

discussed in Appendix Table A5.

For any representative agent model with a standard budget constraint and utility over con-

sumption and leisure, the Slutsky equation shown in equation 2 holds. Rather than describe

a representative agent’s preferences, implicitly defining the relevant elasticities, I work directly

with elasticities.

✏M = ✏H + sL⌘ (2)

where ✏H is the Hicksian (or compensated) elasticity of labor supply, and sL is the share of

labor income in total income. Fundamentally, the Slutsky equation decomposes the total e↵ect

that a change in wages has on labor supply into a substitution and income e↵ect, and I use it

to calculate income elasticity, conditional on Marshallian, Hicksian, and the share of wages in

income. The use of the Slutsky equation o↵ers crucial discipline, as it restricts the joint range

of elasticities I use in calibration.

Rather than taking a firm stand on elasticities, I calibrate to a range of elasticities based on the

literature. For example, balanced growth preferences often demand low Marshallian elasticity

to accord with small changes in aggregate per-capita working hours for prime-age individuals,

even while real wages change by two orders of magnitude, as in Ramey and Francis (2009).

Both macroeconomic and microeconomic estimates agree on a value of around 0.5 to 0.59 for

the Hicksian elasticity of aggregate hours, when considering frictions (Chetty et al., 2011). Mar-

shallian and Hicksian elasticities, combined with the Slutsky equation and a share of wages in

income, imply a residual income elasticity. I find the income elasticity associated with a range

of Marshallian and Hicksian elasticities. Figure 3 depicts income elasticities commensurate with

the Slutsky equation, and some are large. My baseline estimate is -0.71.
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Although consistent with most microeconomic foundations of macroeconomic models, the as-

sumption that the Slutsky equation holds is not an innocuous assumption. My estimates accord

with macroeconomic evidence of balanced growth preferences and Chetty et al. (2011), but the

literature on income elasticities suggests values lower than those I use. Comparing players of

di↵erently sized lottery winnings, Imbens et al. (2001) find an income elasticity of -0.11, though

they find evidence that the size of the income change matters. Using variances of inheritance

size, Holtz-Eaken et al. (1993) find an income elasticity near zero. My typical value, though

higher than some recent literature, is of smaller magnitude than Pencavel (1987)’s income elas-

ticity of (negative) one, or Hausman (1988)’s similar value, and is closer to the relatively high

values implied in Kimball and Shapiro (2008)

A baseline income elasticity of -0.71 is thus large. Contrary to intuition, this causes a high esti-

mate of ⇠, the cash value of Medicaid. Since the Slutsky equation holds for regular preferences

and budget constraints, a reduction in income elasticity can only come from either a reduction

in the Hicksian elasticity (for which there appears to be agreement between sources of variation)

or in the Marshallian elasticity. Increasing the Marshallian elasticity lowers my estimates since

disenrollment had a large wage e↵ect. Consequently, I consider my high-income elasticity to be

conservative for its purpose of estimating ⇠ since it yields the highest value for ⇠. With this in

mind, I present results for a series of income elasticities, including some consistent with modern

literature. These results are shown in Table 4.

Of course, it could be that micro and macro estimates of the Hicksian elasticity of labor sup-

ply are incorrect. I could instead set the Marshallian elasticity to zero and alter the Hicksian

elasticity, thereby changing the income elasticity. This ends my estimation’s robustness for a

simple reason. A Marshallian elasticity of zero implies that permanent wage changes to have

no e↵ect on labor supply in the long run. As the Hicksian elasticity moves towards zero, my

estimated income elasticity falls and income changes have no e↵ect on labor as well: in order to

explain any movements, there must have been large changes in Mediciad value. Table 5 o↵ers

this alternative inference exercise.
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Since the exercise embedded in equation 1 with consistent elasticities generated by equation 2

is equivalent to a representative agent model with preferences summarized by my stated elas-

ticities, I analyze a homogenous group for which these e↵ects are unlikely to be lost to noise.

Literature on Medicaid often concerns itself with information frictions or stigma costs (Mo�tt,

1983). To di↵erence-out these concerns, I examine the change in labor supply for households on

Medicaid, comparing changes in labor during the disenrollment year to changes in other years.

Therefore, �s denote a double di↵erence: the change between 2005 and 2006 in comparison

to the change between two non-disenrollment years, 2004 and 2005. By doing so, I compare

households that already overcame information frictions and shame hurdles, and my results are

robust to misstatement of (1) by a constant. To compare like households in this example, I use

panel data in SIPP to measure the change in labor between 2005 and 2006 for those enrolled

in Medicaid in 2005, beyond the change in labor between 2004 and 2005 for those enrolled in

Medicaid in 2006. Ordinarily, about 14% of Medicaid enrollees in a given year transition out of

Medicaid by the following year. Between 2005 and 2006, this reached 60%, reflecting disenroll-

ment and high turnover. Measured labor supply rose by 2.6 percentage points more between

2005 and 2006. The representative drop in income generated by disenrollment between 2005

and 2006 was ⇠ · $2326, in comparison to average medicaid family income of a little more than

$16,000. Using the linearized premium schedule described previously, the increase in the reward

to work (increase in take-home wages) due to disenrollment was 5%.

With a Marshallian elasticity of zero and a Hicksian elasticity of 0.5, I estimate the cash con-

version rate, ⇠, to be 0.26, as shown in Table 4 and 5. This is a robust result; if the Marshallian

elasticity were 0.16 (at the high end of estimates found in the literature), I would instead at-

tribute more of labor’s change to the wage change, and the estimate for ⇠ remain at 0.26,

increasing only slightly. If SIPP misrepresented labor’s change by 50%, and labor actually in-

creased by 3.9%, my estimate for ⇠ would be 0.38.

Figure 4 depicts my cash equivalent exchange rate by measured change in labor supplied for

several values of Marshallian and Hicksian elasticities. For reasonable Marshallian elasticities,

estimates are similar because increasing the Marshallian elasticity decreases the income elastic-

ity, which decreases the estimate of ⇠, but also increases the labor response to a wage change,
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increasing the estimate of ⇠. The Hicksian elasticity is much more important: setting it low while

the Marshellian elasticity is zero means that there are no wage e↵ects and only small income

e↵ects: consequently, to explain any change in labor there must have been a large change in

income. Nevertheless, for a reasonable range around Chetty’s Micro-Macro consensus Hicksian

elasticity, values do not range much below 0.2 or above 0.5.

Because this exercise concerns itself with labor’s response conditional on an income change, my

choice of period is a natural concern. I prefer comparing 2005-2006 with the 2004-2005 period

using SIPP, because Tennessee’s labor market was healthy in both the “pre” and the “post”

periods, but there was relatively little net disenrollment in Medicaid between 2004 and 2005,

while there was a large disenrollment between 2005 and 2006. However, it may be the case that

the 2005-2006 time period does not give enough time for the labor market to reach equilibrium.

In 2005’s healthy economy, the national job monthly finding rate at a monthly level was around

40% (Shimer 2012). With any reasonable job finding rate and employment exit probability in

Tennessee, the labor market would converge to equilibrium in a matter of months following the

shock generated by disenrollment. Analyzing the change in Medicaid take-up over a longer time

horizon will do little to account for frictions in job search and will pick up more secular changes,

swamping out disenrollment’s e↵ects and adding noise to my estimate of the cash-equivalent

value of Medicaid.

Unfortunately, whether or not it is desirable, two-year di↵erence-in-di↵erence comparisons using

the 2004 SIPP are not possible because SIPP is only four years long and disenrollment occurs

in the middle of the second year. Instead, I use an alternative Medicaid comparison group to

double-di↵erence. Rather than using 2004-2005 Tennessee as a baseline compared to 2005-2006

Tennessee, I use the 2005-2007 Census Bureau’s East South Central Division6 excluding Ten-

nessee as a baseline and compare it to Tennessee over the same two years. State fixed e↵ects

in Medicaid recipient behavior swamp variation in Medicaid, making the pure cross sectional

comparison very noisy: I find that while the rest of Tennessee’s division has a much smaller

reduction in Medicaid enrollees, these other states had larger increases in measured aggregate

6The ESC Division includes Kentucky, Mississippi, and Alabama.
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hours between 2005-2007, implying negative Medicaid valuations7. This “backwards” compari-

son also true of the 2005-2006 cross-state comparison.

While cross-state comparisons may not contain useful information about the level of ⇠, they do

provide information about the robustness of my timeframe choice. While the estimate of the

value of Medicaid is negative using 2005-2006, it is more negative using the 2005-2007 com-

parison group. If both negative values were caused primarily by a constant state fixed e↵ect,

then the reduction in the value of Medicaid between the 2005-2006 and 2005-2007 calculations

suggest that my 2005-2006 timeframe estimates a conservatively high value for Medicaid. Like

my choice of state experiment, I conclude that my choice of timeframe appears to yield a higher

value of Medicaid than other potentially reasonable alternatives.

A Bayesian version of this estimation procedure accounts for uncertainty in elasticities and

labor data. I assume uncertainty about Marshallian and Hicksian elasticities and the change

in labor supply in equations 3-5. Uncertainty about elasticities comes from the literature, and

uncertainty about the change in labor �L is a half percentage point standard error.

✏M ⇠ Uniform(0, 0.16) (3)

✏H ⇠ Uniform(0.4, 0.7) (4)

�L ⇠ N (0.026, 0.005) (5)

With a uniform prior for ⇠ between zero and one, Figure 5 depicts the posterior distribution

of ⇠. The modal value is 0.22, with a 25th and 75th percentile of 0.19 and 0.29. Since my

baseline estimate of 0.26 uses a Marshallian elasticity of zero, and higher Marshallian elasticities

decrease the estimate of ⇠ slightly, my baseline estimate is slightly higher than the mean or

modal estimates. Table 6 gives percentiles of the posterior distribution. The message from this

exercise is that the robustness checks in Figure 4 are robust even when allowing the Marshallian,

Hicksian, and measured labor change to vary: reasonable uncertainty about labor response or

7Medicaid’s two-year change in hours for families with Medicaid patients in Tennessee in March 2005 was 1.01
hours per year, while the decline in Medicaid was -0.23 contracts. The two-year change in hours for other states
was an increase of 0.74 hours, while the decline in Medicaid was -0.30.
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Marshallian and Hicksian elasticities, does not a↵ect estimates of ⇠ drastically.

This exercise highlights the main e↵ects of TennCare disenrollment on labor supply. First, there

were large changes in the reward to work from a reduction in the implicit marginal tax on labor

of disenrolled by 10%. Second, there were large income e↵ects since a cash-equivalent loss of

$2075 per disenrolled individual motivated them to work. In the next section, I introduce an

explicit model of healthcare, labor, and consumption choice. This model includes agents hetero-

geneous in their value of healthcare in general, and of Medicaid specifically. Unlike this exercise,

the utility function in the main model di↵erentiates consumption of goods and healthcare. This

allows me to model the choice set facing families in Tennessee in 2005 better. Nonetheless some

of the primary drivers of identification come from the changes in labor behavior described above.

Heterogeneous Household Model

I use part of the general equilibrium model of Gallen (2014)’s analysis of the A↵ordable Care

Act to give more structure to the relationship between Medicaid and labor supply. This model

introduces household heterogeneity in preferences, and di↵erentiates consumption of healthcare

services and other market goods since health insurance might not be equivalent to other forms

of consumption. Medicaid has partial substitutes in employer-sponsored insurance (ESI), which

agents receive through work and non-group insurance (NGI), which agents can purchase at mar-

ket prices. I allow multiple substitutes in healthcare production, itself additively separable from

consumption. The model also allows heterogeneity in household demographics and nonlineari-

ties in the budget constraint. The tradeo↵ between the previous simple exercise and this more

complex heterogeneous model is clear; to take the model closer to data, the source of results

becomes more opaque. Nevertheless, the fundamental income and wage e↵ects introduced pre-

viously influence the decisions of every household.

Households have utility over consumption, a composite healthcare good, and leisure. The house-

hold has constant Frisch elasticity of labor supply utility over household consumption (Cj), com-

posite family healthcare (Hj), and labor hours Lj , which takes the following form for household

j with number of non-elderly members Nj and number of non-elderly adults 1 +Ns,j :
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where  denotes the relative utility from healthcare,  denotes the disutility from labor, ⌫ is the

fixed cost of working, and ✏ is the constant Frisch elasticity of labor supply.

The household gets utility over composite healthcare H, which is generated by the CES combi-

nation of various types of healthcare across the household:
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where HE,j indicate whether family member j has health insurance through one of the family’s

employers. Similarly, HN,j indicates whether the agent owns contracts for non-group insurance,

and HG,j indicates whether agent j has Medicaid. ! is the baseline level of Medical care for

any family; it plays a dual function of allowing healthcare to be an inferior or luxury good. The

elasticity of substation between healthcare types is governed by �. As � moves toward infinity,

ESI, NGI, and Medicaid become perfect substitutes.

The budget constraint states that consumption is equal to after-tax income minus non-group

healthcare expenditures and Medicaid premiums. After-tax income is generated by the sum of

labor income wL and property income I with expenditures on employer-sponsored insurance

removed before proportional income tax ⌧j :

Cj = (1� ⌧j)

0

@
1+SN,jX

i=1

wi,jLi,j + Ij � PEHE,j

1

A� PNHN,j � PGHG,j (8)

where wi,j is the wage of household member i in household j, PE is the cost of ESI, PN is the cost

of NGI, and PG is the income-contingent cost of Medicaid. I omit denoting income dependence

in PG(Incj) for legibility.

I allow households to “purchase” government insurance directly if they are below 200% of the

federal poverty line. Additionally, they may purchase HG for children at any point on the FPL,
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though they may have to pay premiums. I allow for free gaming of TennCare, as discussed in

the section of this paper describing TennCare, so households may sign up and pay premiums

without paying an enrollment cost other than stated premiums. Allowing free gaming might

ignore some costs. For example, some individuals had to be uninsured for more than a year

to be classified “uninsured.” Others had to submit private insurance rejections or submit to

an underwriting process by TennCare to be defined “uninsurable.” Alternative specifications

include small “inconvenience” fees. Since I measure the net benefit of Medicaid to households,

this does not move distributions; while Dague (2014) demonstrates a large number of individuals

accruing a low net benefit, adding small costs increases the mean pre-inconvenience estimate for

Medicaid while leaving the post-inconvenience estimate unchanged. I do not move distributions;

the only way inconveniences deter individuals from Medicaid is if they were implausibly large,

or if Medicaid had a value lower than application costs. This paper focuses on the latter.

Preference parameters over healthcare types aE , aN , aG are independent Pearson type I distri-

butions. These distributions are four-parameter generalizations of the beta distribution, taking

in a mean, variance, skew, and kurtosis as parameters. I set the excess kurtosis to zero, and

estimate the first three moments to fit the data. For j 2 {E,N,G}, I estimate parameters µj ,

�2j , and �j for the Pearson type I distribution, denoted Beta⇤8:

aj ⇠ Beta⇤
�
µj ,�

2
j , �

2
j , 0

�
(9)

Finally, I assume preference parameter  , the disutility of labor, is also generated by a Pearson

type I distribution with zero excess kurtosis:

 ⇠ Beta⇤N
�
µ ,�

2
 , �

2
 , 0

�
(10)

This heterogeneous model has several advantages and disadvantages. Heterogeneity in  allows

for observation of households with similar wages but di↵erent hours and healthcare choices.

8In my Robustness Appendix, I change the assumption of independence between preferences over healthcare
types by allowing utility weight for healthcare  to vary, changing the interpretation of aE , aN , and aG to be the
value of that specific healthcare, above and beyond the value reflected by . This reduces my estimated values
of Medicaid by increasing the value of each person’s next best opportunity. For instance, people who really like
Medicaid are likely to enjoy it because they value all kinds of healthcare: they therefore do not have to be paid as
much to drop Medicaid. In this sense, my assumption is conservative with regards to my relatively low estimated
value of Medicaid.
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Heterogeneity in healthcare production weights a helps explain combinations of ESI, NGI, and

government healthcare among otherwise identical households. a weights, along with the struc-

ture imposed by Medicaid premiums, contain a distribution of welfare implications for Medicaid

expansions, and help explain why average and marginal Medicaid take-up are di↵erent. Wage,

income, and household count heterogeneity are crucial to generate a distribution of marginal

individuals.

Modeling the value of a “contract” rather than expenditures directly, I disconnect the average

spending of Medicaid from the value a household places on a Medicaid contract. With a pro-

gram like Medicaid, some households are transferred more than others are. This distribution

of spending contributes to a distribution of aG values. Nevertheless, both the distribution and

average valuations are comparable and informative; when I find the average Medicaid dollar is

valued at $0.35, it must be that somewhere in the distribution dollars are not being valued by

recipients at what they cost.

Understanding Identification

Before estimating the model, I discuss identification and o↵er a simple example, estimating a

comparable parameter using results from Dague (2014). My model has much in common with

discrete-choice product di↵erentiation problems from McFadden (1974), or revealed values of

patents generated by the binary choice of renewal from Pakes (1986). However, my model adds

a twist; not all households face the same prices, and may alter decisions to change their prices

endogenously. For example, in traditional Medicaid notch literature, we might imagine a Medi-

caid household that chose to work an additional hour, being disqualified for Medicaid, and losing

$5000 of Medicaid expenditures for $10 in pre-tax income. This indicates a very low value of

Medicaid; at equilibrium, it is costless to motivate a household to work a little less since it is

indi↵erent between paid labor and leisure. If the same household purchases employer-sponsored

insurance, it is further evidence that while it values healthcare, it does not value the healthcare

Medicaid o↵ers.

Generally, I observe only discrete health insurance choices; if a household chooses labor hours
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that place it above the poverty line and the household purchases ESI rather than dropping labor

hours and accessing Medicaid, it must be that its valuation of Medicaid plus leisure relative to

ESI and labor is less than some threshold of indi↵erence between the two options. If Medicaid’s

take-up among those who would have to pay very little for it was 60%, and was 20% among

those who have to pay $2000 for it, it suggests that 40% of the population has an extremely low

valuation, and 20% have a valuation higher than $2000. Unfortunately, I never gain information

about tails beyond the maximum amount a family pays for Medicaid. I infer the shape of the tail

beyond that last point from distributional assumptions. Consequently, I pay careful attention to

robustness checks. Even without reliable top bounds, much valuable, public-policy information

can be gleaned. A simple example using Dague’s (2014) results o↵ers further intuition into

identification of my large, heterogeneous agent model.

A simple example: extracting results from Dague (2014)

Dague (2014) uses regression discontinuity to analyze the e↵ects of discrete premium hikes in

Wisconsin’s BadgerCare program on the length of Medicaid enrollment. A significant result in

Table 1.4 from Dague interests me; she finds that increasing the monthly premium from $0 to $10

decreases the average Medicaid spell length by 1.35 months. With an average enrollment spell

of 10.69 months for those below 150% of the FPL, this represents a 12.6% decline in Medicaid

contracts due to a $10 monthly premium. Another way of putting this is that at any given point,

the 12.6% of people who would have been on Medicaid are unwilling to pay $10 per month to

stay on Medicaid. As Dague discusses, a common estimate for take-up among zero premium

individuals is 62% (Sommers et al., 2012). I treat these two observations as censored moments,

given information about the underlying distribution of Medicaid valuations. I interpret Dague’s

results as suggesting 12.6% of Medicaid enrollees who value net benefits above $0 do not value

them above $10 a month ($120 a year). Similarly, I interpret the low take-up estimates that

Sommers et al. (2012) gives as suggesting 38% of individuals do not value the net benefits of

Medicaid above $0. Assuming a normal distribution of net benefits, I express the two equation,

two unknown system in equation 11, letting � be the CDF of net benefits and µ and �2 be its

mean and variance:
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The likelihood in equation (11) assumes net valuations below zero exist; having net valuations

at or below zero is the only way to reconcile low take-up among people knowledgeable about the

program. However, when analyzing the value of Medicaid to beneficiaries, I use only positive

values of those who sign up.

As displayed in Table 7, I find the average cash value of Medicaid among beneficiaries as $551.

Since Dague observes data from 2008 through 2010 but my Medicaid expenditure data include

2009, I conservatively assume the average of 2008 and 2009 spending ($5855 and $7584, respec-

tively) to generate a mean cash exchange value of $0.08 per dollar spent. Clearly, this exercise

depends on functional form, and several additional functional forms are given in Table 7.

Nevertheless, I draw three lessons from my identification exercise with Dague’s results. First, an

increase of $10 in monthly premiums for adults results in a dramatic decline in total exposures

to Medicaid in Wisconsin–more than 12%– suggesting a large mass of low valuations. Second,

it provides a simple example to the idea behind my cross-sectional variation premium’s identi-

fication: a series of censored valuations. This exercise’s vulnerability to types of distributions

leads me to use a more flexible, four-parameter distribution, which I could not do with only the

two significant discontinuity results for adults in Dague (2014).

Data

I estimate the heterogeneous model using moments from SIPP. I focus on panel waves 4 and 5

(March, 2005), and 7 and 8 (March, 2006), in Tennessee. These data provide household, family,

and individual responses to questions about income, healthcare coverage, demographics, and

labor hours for 2,499 individuals in approximately 1,000 families. Important for the study of

the e↵ects of TennCare disenrollment, these participants were surveyed in 2005 and re-surveyed

in 2006.

Using this panel variation provides an advantage over other methods, such as analyzing syn-

25



thetic cohorts in the CPS. Summary statistics on the population used in this paper are provided

in Table A6. The average number of people in a family was 2.42, shrinking slightly in 2006 to

2.37. The average age in the entire sample, including children and the elderly, was 36.33. Wages

among working-age individuals aged 25 to 55 was 15.23 dollars per hour when imputing missing

data for non-working adults using a Heckman selection procedure, using own children under 18

as a selection instrument. Of this prime working-age population, 82.02% were employed, con-

sistent with BLS estimates for this age group. The median household had nearly no property

income and less than half the population had education beyond high school. These statistics

changed little between 2005 and 2006.

One benefit of using SIPP is the high reporting rate. Analyzing a host of transfer programs,

Meyer et al. (2009) document the relative performance of the Panel Survey of Income Dynam-

ics, SIPP, CPS, ACS, and the Consumer Expenditure Survey, finding that for most programs,

SIPP far outperforms other surveys in program participation report rates when compared to

administrative data.

Although SIPP is better than other standard datasets at estimating a number of statistics, it

undercounts income and Medicaid participation, among other issues (Meyer et al., 2009; Card

et al., 2004). For example, SIPP understates income (Czajka and Denmead, 2008). Since I

am not running regressions on a micro-dataset, but instead calibrating moments, I “fix” my

measurements. For example, although I use SIPP to calibrate the relative proportion of people

on Medicaid by income, I use administrative data to produce the aggregate number of people,

and force the sum over income to equal administrative counts, assuming a constant rate of un-

dercounting across income levels.

Analyzing only people matched in both waves, healthcare coverage choices in 2005 and 2006 are

shown in Table A7. In both years, approximately 60% of the population had ESI, and about

10% had NGI. The proportion of the population with TennCare fell by almost 20%—from 22%

in 2005 to 18% in 2006. Using the panel aspect of the data, it is possible to examine how indi-

viduals transitioned from TennCare to other types of health insurance coverage (or no coverage).

Table 8 shows the transition matrix for healthcare coverage. Fewer than 50% of those previously
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on TennCare stayed on TennCare (some transitioned into TennCare). Only 10% transitioned

to ESI, and fewer than 5% to NGI. Most of those who no longer had TennCare in 2006 were

uncovered.

I use moments generated from families in SIPP to match my model of family decision-making.

Following a given family from 2005 to 2006, I use the panel aspect of SIPP, which allows me to

both eliminate compositional noise from changing samples and eliminate the assumption-laden

constriction of a synthetic panel. Additionally, SIPP’s monthly question about Medicaid cov-

erage provides greater detail than the CPS’s March Supplement question, which only refers to

coverage “last year.” The next section describes the estimation in detail.

Estimation

I estimate the model described by equations (6)-(10). Specifically, I take the distribution of aE,i,

aN,i, aG,i, and  i to each be three-parameter beta distributions, defined by some nonnegative

interval. Given household composition, ✏, �, and prices, I simulate the distribution of preference

parameters and find the maximizing choice for any household.

I produce a distribution of nearly 1,000 households by extracting all sub-families defined in

SIPP, including sub-family wages, property income, SIPP-defined federal poverty level, number

of children, and the presence of a spouse. To populate my simulation, I sample 20,000 of these

households, with replacement. I use a two-step Heckman selection procedure to fill in blank

wages, using children under 5 as a participation instrument, with education, number of own

children in the household, marital status, and age as controls. The method of drawing samples

from SIPP has the advantage of being distribution-free (except for non-observed wages) with

regards to the cross-correlations between drawn values, which is particularly convenient insofar

as the marginal distributions of spousal wages, or wages by spousal presence, are not indepen-

dent.

Conditional on a set of distributional parameters and household composition, I simulate the joint

labor and healthcare choices a family makes to maximize utility. For any family, all healthcare
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variables are limited to be a discrete variable between zero and the number of people in the fam-

ily, 1+Ns,i+Nc,i (representing one insurance contract possible per person). Labor for an adult

might take discrete hour values between zero and 50 hours. Period length is calibrated to a year.

The Centers for Medicaid and Medicare Services in 2009 provided data on prices. Included in

the analysis are all state and federal spending categories. For Tennessee, this yields $4331 in

2005, and $4477 in 2006 (both in 2005 dollars). Prices for employer-sponsored insurance and

non-group insurance are generated from the Medical Expenditure Panel Survey, supplemented

by measurements of full out-of-pocket costs by Gabel et al. (2003), reflecting the full cost of ESI

and NGI. Finally, for government healthcare prices PG, which depend on income, I input the

premiums from Table 2 directly.

In the simulated method of moments framework discussed by McFadden (1989), McFadden and

Rudd (1994), and Gouriroux and Monfort (1997), I target average labor, ESI, NGI, and Medi-

caid take-up and purchase rates, and the same rates by FPL. In addition to this cross-sectional

variation, I use the experimental variation from the panel, targeting labor and healthcare re-

sponses to disenrollment. These target moments are listed in Table 9.

Conditional on the distribution of preference parameters, and given a distribution of wages

and household composition drawn directly from SIPP, I can simulate a host of families with

preferences, wages, and other attributes according to my parameters and data. Given household

and preferences, I numerically maximize utility, and generate any simulated statistics, comparing

them to cross-sectional and panel data. I then choose parameters to make these simulated

moments match data. I simulate 10,000 families and allow them choices over labor, spousal

labor (if present), ESI, NGI, and Medicaid, subject to the heterogeneous agent model outlined

in equations 6-8. I assume households face a discrete choice: health contracts can not be

purchased partially, but only in integer numbers, up to the maximum number of household

members. Similarly, labor can be chosen in increments of five hours, from zero to fifty possible

hours. ESI can only be purchased if someone in the household works. The set of discrete choices

for a given household is given by the Cartesian product of all feasible combinations of choices

in equation (12)-16).
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Lj 2 {0, 5, ..., 50} (12)

LS,j 2

8
><

>:

{0, 5, ..., 50} if NS,j = 1

0 otherwise
(13)

HE,j 2

8
><

>:

{0, 1, ..., 1 +NS,j +Nc,j} if
P1+Ns,j

i=1 Li,j > 0

0 otherwise
(14)

HN,j 2 {0, 1, ..., 1 +NS,j +Nc,j} (15)

HG,j 2

8
><

>:

{0, 1, ..., 1 +NS,j +Nc,j} if Percent of FPL < 2

{0, ..., Nc,j} otherwise
(16)

Table 9 presents simulated moments and their corresponding targets. I estimate the “baseline”

value of healthcare, !, the weight on healthcare , the fixed cost of working ⌫, and the twelve

distributional parameters. These fifteen moments are matched to twenty-one statistical mo-

ments generated from SIPP. Most moments match adequately to represent Tennessee in 2005,

and the change in Tennessee’s aggregate variables from 2005 to 2006. Generally, the model

captures the important cross-sectional and panel variation I target. Two moments are poorly

matched: the change of the poor population on Medicaid, and the hours of work by income level.

My estimation fails to achieve the change in poor population because in reality, the poor (who

should not have been impacted by the disenrollment much) appear to have been impacted. This

might have been, for example, because if a parent could not sign up, he/she also withdrew

his/her children. In my model, there is little incentive to do this, but fixed costs of a family

signing up might drive this result. The reason my does not capture the degree to which hours

are responsible for income di↵erences is likely due to a lack of demographics adjustment for  ,

which is common in labor preferences like these (Kimball and Shapiro, 2008). I maintain the

same distribution for  no matter the number of potential workers in a household, whether a

head of household, a spouse, or both work. This reflects an assumption that it is a deep struc-

tural parameter, rather than a reduced form parameter. Although this o↵ers intuitive appeal,

in which humans have the same distribution of distaste for leisure no matter their martial ar-
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rangements, I sacrifice fit.

Results

How much do people who receive Medicaid value it?

After estimation, I can simulate the population and calculate the compensating variation neces-

sary to make someone voluntarily drop Medicaid take-up to zero. For those individuals whom I

estimate are at the margin of enrolling in Medicaid or not, the value is zero. While they might

value healthcare and Medicaid, their next best alternative (which might include ESI or NGI) is

nearly equivalent. This is an important distinction. I find the value of the existence of Medicaid

in a world that holds the existence and prices of ESI and NGI constant. The compensating vari-

ation is how much a family would have to be paid to disenroll the entire family from government

healthcare. This paper examines the net benefit of Medicaid to those currently enrolled. There

might be unmeasured positive value to those Cutler and Gruber (1996) call conditionally cov-

ered, who are signed up for Medicaid by a hospital when they go in for Medicaid treatment such

as a delivery but are not otherwise enrolled; I only estimate the value to those currently enrolled.

It is possible to find this break-even point for each of the nearly 20% of households in my simu-

lated population on Medicaid. The distribution of compensating variation is displayed in Figure

6. It is highly skewed, with a median valuation of $373 and a mean valuation of $1764. This

is the mean of compensating variation, rather than the value. Since some households pay for

Medicaid, including the out-of-pocket expenses and premiums increases the skew slightly. Table

10 shows a summary of this compensating variation.

A clear lesson from Table 10 is that consumer surplus from Medicaid is large, though not as

large as costs. Among those who receive it, the average recipient would be willing to pay $1764

to keep Medicaid rather than be disenrolled. With a mean expenditure of $4966 in 2005 and

$4331 in 2006, Medicaid is valued, on average, at about $0.35 per dollar spent. Of course, this

calculation depends on the mean expenditure on Medicaid. It is well known that the distribution

of Medicaid payments is not singular, but is instead highly skewed. I examine the distribution
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of Medicaid expenditures separately.

The skew of compensating variation also helps elucidate why Medicaid take-up is so low and

variable across states (Sommers et al., 2012), and why enrollment decreases so much when a

$10 monthly fee is introduced Dague (2014). For some proportion of households, it is treated as

nearly valueless. This is not an artifact of distributional choice; with a guaranteed zero out-of-

pocket cost in Tennessee for low-income children, but tens of thousands not enrolled, the value

of the program must be low for some households. The presence of near-zero valuations are a

product of the data and revealed preferences, not structure.

Another study on Medicaid, Finkelstein et al. (2012), helps us understand why. For those in-

cluded in Oregon’s Medicaid, the chances of a doctor’s o�ce visit in the last 12 months were

about 69%, the probability of using prescription drugs was nearly 57%, and other measurements

of utilization were lower. This suggests that even among those on Medicaid, the probability of

using it is often less than 40%. With such low utilization observed, Medicaid might have some

catastrophic insurance value, but some households should treat it as valueless because they never

use it.

Because I do not allow households the option of valuing future Medicaid enrollment, my anal-

ysis only gives the current value of benefits to beneficiaries. If a household dodges premiums

by not enrolling until it has a need for Medicaid, I miss the option value of Medicaid for these

households since I analyze only the proportion of the population that is enrolled in a given year,

rather than over its lifetime. Similarly, I may overstate the value of Medicaid for those who stay

on Medicaid simply because they may use it later, and don’t want to deal with re-verification

frictions.

Understanding the source of low utilization is important for designing Medicaid policy. I re-

veals that households value Medicaid coverage disparately. However, measured by expenditures,

households also receive di↵erent amounts of health services through Medicaid. The next section

provides evidence consistent with a homogeneous valuation of about thirty-five cents per dollar

of spending, and that large di↵erences in valuation are driven by expenditures, rather than by
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di↵erences in per-dollar valuation. This suggests the problem of take-up is likely to be one of

spending, rather than heterogeneous valuation.

The di↵erence between my cursory calculations and my more realistic heterogeneous model

should not be surprising. First, cursory calculations accord with heterogeneous agent calcula-

tions when higher Marshallian elasticities and lower income elasticities are considered, as shown

in Table 4. The heterogeneous agent model examines the consequences of a nonlinear tax sched-

ule directly, which has the capacity to be more distortionary than its linearized counterpart does.

I use both cross-sectional and panel data to estimate the heterogeneous agent model rather than

pure time-series variation. If the time-series variation I use is less representative of the long-run

e↵ects than cross-sectional variation, my simple time-series analysis might overstate the value of

Medicaid. Similarly, if there are cross-sectional frictions that I fail to model in my heterogeneous

agent model, it might understate the value of Medicaid.

Di↵erential Medicaid Spending

The distribution of Medicaid spending is highly skewed (NIHCM (2012)). An estimate of the

cumulative distribution of spending, replicated from Figure 1 in NIHCM (2012), is depicted in

Figure 7. It is comparable to the distribution of Illinois Medicaid spending (Pollack 2013). If

ex ante all households knew how much Medicaid expenditure they were going to receive, the

distribution of aG’s might be driven by the distribution of expenditures. In this section, I exam-

ine this proposition and find that although a significant portion of the aG distribution can be

explained by the distribution of costs, there remains a significant deficit in the value of Medicaid

expenditures.

In Table 11, I take the distribution of cumulative spending by percentile that NIHCM (2012)

produces and transform it into average spending by percentile. As Table 11 shows, the average

spending varies dramatically by percentile; the top 5% of spenders make up nearly 50% of spend-

ing. To allow cost data to explain my distribution of valuations (which did not use cost data,

but did use unrelated, imputed subsidized premium data by household), I juxtapose those who

valued Medicaid the least with those who were spent on the least. Lining up these categories, I
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find a degree of uniformity within the population, especially as Medicaid expenditures begin to

grow. For example, the 10% of people between the 60th and 70th percentiles only get 4.8% of

spending, or $2384/person. According to my model, they value it at $638, yielding a value of

$0.26 per person, not dissimilar to the average valuation. The last column of Table 11 displays

the “exchange rate” of Medicaid per dollar of consumption. It varies, especially for households

that receive very little in Medicaid expenditures. Among the 50% of Medicaid households that

receive more than 95% of spending, exchange rates are much more homogenous, ranging between

0.18 and 0.43. This method is only suggestive: by lining up value and expenditures, I give the

distribution of expenditures its best shot at explaining values.

Figure 7 shows the inverse CDF of log spending from the data alongside my model’s theoretical

discount. That is, the distributions are comparable when I multiply the distribution of valua-

tions by a number between three and five. Figure 7 brings an important question to the fore:

when allowing for heterogeneity, there is a di↵erence between the average value of a dollar of

Medicaid and the valuation of a dollar of Medicaid to an average family. A distributional fit for

both is depicted in Figure 7. The fit is good; the model captures a large amount of variation in

Medicaid valuation. Outside data shows that it captures the distribution of Medicaid payments

accurately, suggesting the population could be homogenous in its valuation of Medicaid. In

addition, the right tail of valuations is only identified by structural assumptions, but looks quite

similar to the tail of expenditures, di↵ering only by a constant.

Conclusion

I find that disparate models yield comparable results. A simple, cursory calculation and a mi-

croeconomic model of heterogeneous households yield the similar qualitative conclusion: the

in-kind transfer of Medicaid is valued at approximately $0.35 per dollar spent, far below a nat-

ural benchmark of $1. Both robustness checks in the representative agent model and using cost

distributions for heterogeneous agents urge caution in my point estimate. Ranges from $0.14

to $0.40 per dollar are not contradicted by reasonable alternative methods, data, or parameter

assumptions.
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Key to this result is the recognition that low take-up and failure to reduce hours in response to

the Medicaid notch dramatically is evidence that it is not very valuable to households per dollar

spent. Although it is possible that information or stigma costs are underlying causes behind

my preference parameters, they represent a real phenomenon in household utility, relevant for

public policy analysis. Medicaid’s compensating variation is not high. My results are in accord

with two simple observations. If Medicaid was valuable, take-up would be higher. Similarly, if

Medicaid was valuable, few people would earn small amounts above the Medicaid notch, wher-

ever it were for their state.

Although average results are similar, heterogeneity reveals that it is highly unlikely that Medi-

caid is e�ciently enrolling households. Marginal households (those near indi↵erence to Medicaid

coverage) have very low valuations, while inter-marginal households have dramatically higher

valuations. Although this is clear from lack of take-up among households with zero out-of-pocket

costs and take-up among households paying thousands of dollars for Medicaid, my model uses

structure to quantify the distribution of valuations. There is large variation in Medicaid val-

uations, but there is also large variation in costs. I find that nearly all variation in Medicaid

valuations can be explained by heterogeneous Medicaid payments. Doing so leaves a homoge-

nous valuation of Medicaid spending in terms of cash: approximately $0.26-$0.35 per dollar.
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Tables

Table 1: Summary Statistics for Tennessee

Source March 2005 March 2006 Percent Change
Medicaid Coverage

Administrative Data 1,358,164 1,215,467 -10.5%
CPS 961,440 855,469 -10.0%
SIPP 1,324,889 1,044,420 -21.2%

Employment
CES (employment) 2,718,400 2,765,300 1.7%
LAUS (employment) 2,928,004 2,997,779 2.4%
QECW (employment) 2,655,631 2,712,948 2.2%
CPS (current employment status) 2,689,610 2,769,195 3.0%
CPS (any employment in year) 3,031,009 3,088,733 1.9%
CPS (yearly hours/2000) 2,822,555 2,879,721 2.0%
SIPP (linked only, any hours, normalized) 2,993,209 3,046,816 1.8%

Wages
QECW (weekly wage/40) 16.28 16.50 1.38%

Property Income
BEA: State Personal Income(annual per cap.) $31,282.82 $32,651.21 4.37%
BEA: State Nonwage Income (annual per cap.) $9,524.54 $10,009.39 5.09%
BEA: State Transfer Income (annual per cap.) $5,466.24 $5,564.56 1.80%

Inflation
CPI (national) 187.1 193.1 3.2%

Spending
Medicaid Spending per enrollee $4966 $4477 -9.83%

Population
Census (all ages) 5,964,308 6,056,196 1.5%
Census (18-64) 3,773,510 3,826,118 1.4%
Census (18+) 4,520,309 4,592,977 1.6%
LAU Noninstitutional 4,586,532 4,670,063 1.8%
CPS (all ages) 5,857,114 5,867,031 .2%
CPS (18-64) 3,676,413 3,684,484 .2%
SIPP (not linked, all ages) 5903724 5,878,453 -.4%
SIPP (not linked, 18-64) 3,735,685 3,730,953 -.1%

Table 1: This table displays di↵erent sources for Medicaid Coverage, Employment, income,
wages, and other variables of interest using administrative, CPS, and SIPP data between March
2005 and March 2006. CPS Medicaid estimates use the Minnesota Population center’s health
insurance weight (hinswt), while SIPP variables use standard individual population weights.
QCEW variables are quarterly measurements. Because SIPP employment counts only look at
linked individuals, I reweight the linked population to sum to the full SIPP population.
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Table 2: TennCare Premiums by FPL Level

Income level Single Family
< 100% FPL $0 $0
100%-150% FPL $240 $480
150%-200% $420 $840
200%-250% $1,200 $3,000
250%-300% $1,800 $4,500
300%-350% $2,400 $6,000
350%-400% $3,000 $7,500
400%-500% $4,200 $10,500
500%-600% $5,400 $13,500
600%+ $6,600 $16,500

Table 2: This table depicts TennCare premiums in 2005 and 2006, by Federal Poverty Level
(FPL) as described by the TennCare Bureau of Regulations. They are also graphically depicted
in Figure 1. TennCare’s premiums are of critical importance in both my simple example and
my more detailed heterogeneous agent model. In the simple example, I linearize the premium
schedule in this table for several di↵erent types of households, generating the average marginal
tax rate by weighting each tax rate by the frequency of households experiencing it. For example,
a household of one at the poverty line ($9570 in 2005) experiences tax rate estimated by long-
di↵erencing premiums of 11.5% (the maximum premium, 6600, divided by an income increase
of 6 · 9570), not far from the 12% a linear regression estimates. In the heterogeneous example,
households directly face the cli↵s in this premium schedule. The removal of an 11.5% tax rate
due to disenrollment may cause large changes in labor supply.

Table 3: Di↵-in-di↵: Behavior of households on Medicaid Last Year

Data 2005 2006
(pre-disenrollment) (disenrollment)

� Hours 1.07 1.76
� Medicaid coverage -0.14 -0.60

Table 3: This table displays the central di↵erence-in-di↵erence (year-on-year, first quarter) data
for this paper’s “representative agent” results from SIPP. The pre-disenrollment baseline is
measured by last year’s change in Medicaid enrollment and hours for a family with Medicaid
enrollees. The -0.46 drop in Medicaid coverage is valued at 14% of the family’s income, when
valued dollar for dollar, while while an increase in hours by 0.69 is a 2.6% increase in hours.
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Table 4: Simple Estimates of Medicaid’s Value

Marshallian elasticity Income elasticity ⇠ Note
-0.10 -0.86 0.25 Low Marshellian
0.00 -0.71 0.26 Preferred (BGP)
0.16 -0.49 0.26 High Marshellian
0.39 -0.16 0.30 Largest Modern Income

Table 4: This table displays the key estimate of the cash value of $1 in Medicaid (⇠), along with
several inferential analyses. Specifically, it holds the Hicksian elasticity ✏H at 0.5, and adjusts
the Marshallian elasticity, calculating the income elasticity via the Slutsky equation. My core
result is in the second row, with my preferred Hicksian and Marshallian elasticities. Other rows
o↵er di↵erent Marshallian elasticities, with some change in estimated cash value of Medicaid.

Table 5: Alternative Estimates of Medicaid’s value

Hicksian elasticity Income elasticity ⇠ Note

0.11 -0.16 1.16 Low Hicksian
0.30 -0.42 0.42 60% average Hicksian
0.50 -0.71 0.26 Preferred (Micro-Macro Bounds)
0.7 -1.00 0.18 Cross-country macro variation

Table 5: Like Table 4, this table displays estimates of the cash value of $1 in Medicaid (⇠).
However, it abandons the assumption that we know the Hicksian elasticity of labor supply. By
shutting down both sources of explanation (wage and income) with a zero Marshallian and low
Hicksian elasticity, I naturally estimate high values of Medicaid. Along with Table 4, this table
indicates that either an elastic response to wages or an elastic response to income is enough to
calculate low values of Medicaid.

Table 6: Percentiles of ⇠ Distribution

Percentile ⇠ value
5% 0.14
10% 0.15
25% 0.19
50% 0.23
Mean 0.25
Mode 0.22
75% 0.29
90% 0.34
95% 0.38

Table 6: This table depicts percentiles of the estimated posterior Bayesian distribution of ⇠, the
cash exchange rate of Medicaid benefits, after taking uncertainty about the prior distribution of
⇠, the change in labor, and the Marshallian and Hicksian elasticity into account. The estimates
are fairly robust: from a place of reasonable agnosticism about ⇠, a simple model of Tennessee’s
episode would place our estimates between $0.14 and $0.38 per dollar.
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Table 7: Implied ⇠ values of Dague 2014

Functional Form Implied yearly Implied cash
cash value value per dollar

Normal Distribution $551 0.08
Gumbel Distribution $458 0.07
Triangular Distribution $540 0.08
Student’s t with 2 d.o.f $758 0.11
Exponential distribution with 0 mass point $196 0.03

Table 7: This table shows estimates of the cash value of Medicaid and implied exchange rate
of cash to Medicaid using results from Dague (2014) and Sommers et al. (2012). Because
functional form is important, several di↵erent functional forms are given along with the mean
value of Medicaid to beneficiaries divided by $6720, the average Wisconsin medicaid spending
in the period. This gives the estimated cash exchange rate for Medicaid implied by Dague
(2014)’s discontinuity results. The implied cash value is generated by truncating distributions are
truncated at zero. The reason these distributions are chosen rather than other possibilities is that
we observe a number of individuals with net cash value of Medicaid below zero. Consequently,
distributional families defined only on the positive number line cannot meet my first moment
unless they have a mass point at or below zero. I do estimate an exponential distribution with
a mass point at zero.

Table 8: Healthcare coverage transitions

2006
2005 ESI TennCare NGI None
ESI 66.02 1.77 5.10 27.11
TennCare 9.99 49.46 4.17 36.37
NGI 19.23 1.24 47.85 31.68
None 17.13 8.58 8.35 65.94

Table 8: All statistics are weighted using SIPP provided population weights
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Table 9: Data and Simulated Moments

Moment Simulation Target
Average hours/population 24.98 21.12
Prop. of tot pop on Medicaid 0.25 0.23
Prop. of Medicaid beneficiaries that are poor 0.47 0.43
Prop. of Medicaid beneficiaries that are semi-poor 0.43 0.46
Prop. of Medicaid beneficiaries that are rich 0.08 0.11
Proportion of poor that are medicaid beneficiaries 0.57 0.58
Proportion of semi-poor that are medicaid beneficiaries 0.25 0.22
Proportion of rich that are medicaid beneficiaries 0.04 0.05
Proportion of total population on ESI 0.60 0.56
Proportion of total population on NGI 0.08 0.10
Proportion of total population employed 0.53 0.49
Change of total population on Medicaid -0.02 -0.02
Change of poor population on Medicaid 0.004 -0.04
Change of semi-poor population on Medicaid -0.04 -0.06
Change of rich population on Medicaid -0.01 -0.01
Change in total labor provided 0.017 0.017
Proportion of Medicaid-removed going to ESI 0.49 0.44
Proportion of Medicaid-removed going to NGI 0.05 0.06
Hours of poor conditional on working 9.5 15.04
Hours of semi-poor conditional on working 32.4 28.39
Hours of rich conditional on working 42.1 35.48

Table 9: This table depicts matched data and simulated moments. Coverage is measured in
average contracts per family. “Poor” families are those earning below 100% of the federal
poverty line. “Semi-Poor” families are those earning between 100% and 300% of the FPL.
“Rich” families are those earning above 300% of the FPL.

Table 10: Distribution of Medicaid Compensating Variation

Concept Compensating Variation
Minimum <$0.01
1st percentile <$2.2
10th Percentile <$23
25th Percentile $93
50th Percentile $373
Mean $1764
75th Percentile $1558
90th Percentile $4904
99th Percentile $19008
Maximum $65407

Table 10: This table depicts the distribution of compensating variation for a Medicaid contract.
Compensating variation answers how much a household must be paid to make them indi↵erent
to Medicaid disenrollment, while the full value adds premiums and co-pays (if paid) to compen-
sating variation. There are many households that barely value Medicaid, and receive it only
because it has essentially no out of pocket cost for households who only cover children. .
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Table 11: Attributing Valuation Distribution to Cost Distribution

Percentile Proportion of Proportion of Average Average Medicaid
Population Spending Spending Value Exchange Rate

0-15.4% 15.4% 0% $0 <$0.01 N/A
15.4%-20% 4.6% 0.1% $108 $42 0.39
20%-30% 10% 0.3% $149 $64 0.43
30%-40% 10% 0.9% $447 $128 0.29
40%-50% 10% 1.6% $795 $222 0.28
50%-60% 10% 2.7% $1341 $373 0.28
60%-70% 10% 4.8% $2384 $638 0.27
70%-80% 10% 8.4% $4171 $1140 0.27
80%-90% 10% 16% $7946 $2295 0.29
90%-95% 5% 15.7% $15593 $4904 0.31
95%-99% 4% 27.7% $34390 $8015 0.23
99%-100% 1% 21.8% $108260 $19008 0.18

Table 11: This table takes the the 12 percentile categories of Medical spending that NIHCM
(2012) use and produces an estimate of the distribution of Medicaid spending by group. I then
“line up” low valuations with low percentiles in the distribution of Medicaid spending, to get
an idea of how well the distribution of valuations is explained by the distribution of spending.
While average spending data is generated from separate data as average value data, the two
are surprisingly comparable: typically, valuation is about 20% the value of spending. The last
column displays the “Medicaid exchange rate” by percentile, which ranges from 0.18 to 0.43.
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Figures

Figure 1: This figure depicts statutory TennCare premiums by income level for three types of
example families. The three families are 1) A single individual on Mediciad 2) A two-person
household on a family plan 3) A four-person household on a family plan (two or more members
on Medicaid). For each type of family, premiums are zero until they hit the poverty line:
$9,570, $12,830, and $16,090 respectively. Upon reaching 100% of the FPL,premiums rise at an
(approximate) 14%, 26%, and 18% implicit tax rate until $55,860, $74,940, and $113,100, after
which the implicit tax rate is zero again.
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Figure 2: This figure depicts state spending per Medicaid enrollee in 2005 from the yearly
Centers for Medicaid and Medicare Services data. The blue line is a kernel density estimation of
per capita spending for all states. The dashed red line is the density of all Southeastern states
(Alabama, Arkansas, Florida, Georgia, Kentucky, Louisiana, Mississippi, North Carolina, South
Carolina, Tennessee, Virginia, and West Virginia). The dashed black line denotes Tennessee’s
2005 per capita Medicaid spending. While at the 10th percentile in the nation it is nearer to the
mean of Southeastern states, which have lower average spending more generally. This suggests
di↵erences in the cost of living are driving di↵erences in spending per enrollee in Tennessee
relative to the nation, rather than MCO usage.
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Figure 3: This figure depicts the income elasticity (which is negative) calculated from the Slutsky
equation with respect to various Marshallian and Hicksian wage elasticities of labor supply, given
a wage share of 0.7. Contours show combinations that give the same income elasticity. The
dashed vertical red lines depict two reasonable bounds for Hicksian elasticities, while the dashed
horizontal lines do the same for Marshallian elasticities.
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Figure 4: This figure summarizes the two most important dimensions of robustness: the degree
to which labor changed, and the Hicksian elasticity. The Marshallian elasticity is unimportant
for my purposes: holding the Hicksian elasticity constant, if it is raised, the income elasticity
falls but so does the labor change needed to be explained by income e↵ects. The labor change’s
importance matters, and is the core input into this exercise. The Hicksian elasticity matters,
especially when wage e↵ects are turned o↵, because it directly determines the income elasticity:
for a given change in labor, as it gets smaller, the implied change in income must have been
larger. Beyond simple robustness, this figure gives intuition for the relatively sharp bounds in
Figure 5.
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Figure 5: This figure depicts the the prior and posterior distributions of the cash exchange
rate ⇠ given uncertainty about elasticities and change in labor supply for a simple model. It
is calculated using equations (3)-(5) and Bayes rule. The modal estimate is lower than my
baseline estimate because my baseline case uses a Marshallian elasticity of zero, while Bayes
rule is typically integrating over higher values for the Marshallian elasticity. The reason this
figure cannot produce Medicaid exchange rates much above 0.5 is depicted graphically in Figure
4.

Figure 6: This figure displays the distribution of compensating variation (in logs) in the popu-
lation of Medicaid recipients. It answers the question “how much would a Medicaid patient be
willing to accept in cash to disenroll their entire family from Medicaid?” The top panel displays
the probability density function of log-EV. Values displayed on the x-axis are in dollars, though
the x-axis is transformed by taking the natural log of EV.
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Figure 7: This figure displays the distributions of aE , aN , and aG. It makes clear that while
there are few people who have low valuations of ESI, many have low valuations of NGI and
government healthcare. It additionally indicates that NGI and ESI are fairly comparable in
their distributions of valuation.
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Figure 8: This figure displays the cumulative compensating variation valuation for Medicaid,
along with the cumulative distribution of payments generated from Tennessee’s Medicaid spend-
ing and NIHCM (2012). Importantly, the “model” results were generated without any use of
expenditure data. The blue values are generated by applying NIHCM (2012) to Tennessee’s
spending. The red and black values are generated by the model using a simple count of “con-
tracts” and Tennessee’s FPL-subsidized premiums. The red values are shifted by a factor of
3.5, a “best-fit” to the expenditure line equally weighting individuals. The black values are
shifted by a factor of 4.9, reflecting a value-weighted fitting. Both CDFs line up, suggesting the
distribution of valuations and distributions of expenditures di↵er only by a constant, suggesting
that the distribution of valuations may be explained nearly entirely by the distribution of costs.
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Appendix Tables

Table A1: Healthcare coverage by property income (2005)

No property income Positive property income
ESI 0.37 0.70
NGI 0.07 0.10
TennCare 0.38 0.12
None 0.19 0.08

Table A1: This table depicts the frequency of healthcare coverage by family property income.
This table reinforces the wage-based di↵erence in healthcare coverage targeted in Table 9. All
statistics are weighted using SIPP provided population weights.

Table A2: Medicaid Coverage by Federal Poverty Line

FPL 2005 2006 %�
< 100% 61.3% 58.6% -4.4%
> 100% & < 300% 25.5% 17.2% -32.5%
> 300% 5.9% 4.5% -23.7%

Table A2: This table shows Medicaid coverage by FPL in 2005 and 2006, showing that the
wealthier groups showed large declines in Medicaid participation, while those below 100% of the
FPL saw a much smaller decline. All statistics are weighted using SIPP provided population
weights.

Table A3: Mean age by healthcare coverage (2005)

ESI 37.06
NGI 51.56
TennCare 30.99
None 31.61

Table A3: This figure depicts the average age of those covered by various healthcare types. While
my model does not take into account age di↵erences, this table notes that TennCare participants
are typically younger than ESI participants, who in turn are younger than those that use non-
group insurance. All statistics are weighted using SIPP provided population weights.

Table A4: TennCare coverage change, adults vs. children

2005 2006
Adult 17.67% 12.07%
Child 34.27% 36.52%

Table A4: All statistics are weighted using SIPP provided population weights.

53



Table A5: Di↵-in-di↵: Behavior of households on Medicaid: 2005-2007

Data Not Tennessee Tennessee
Change in Hours for households 0.74 1.01
Change in Medicaid coverage -.30 -.23

Table A5: This table depicts an alternative di↵erence-in-di↵erence model for the representative
agent model. Rather than di↵erencing changes in time on changes in time, this table depicts
changes in time for di↵erent states. Comparing Tennessee to the rest of the East South Central
Region (KY, MS, AL), it had a high increase in hours even as it had a lower decrease in Medicaid
contracts over the course of two years. Over two years, Tennessee’s change in labor hours was
more mild than that of surrounding states, while their Medicaid disenrollment was larger.

Table A6: SIPP sample summary statistics

March, 2005 March, 2006
mean median std. dev mean median std. dev

Family size 2.42 2 1.30 2 2.37 1.28
Age 36.33 36 21.90 36.95 36 22.01
Wage ($) 15.23 14.15 4.03 15.55 13.92 4.78
Weekly hours worked 33.18 40 19.57 40 32.21 19.46
Proportion employed 82.02 - - 79.08 - -
HH property income ($) 96.26 2 443.38 118.58 1 634.97
Education (%)

Less than high school 24.48 21.24
High school diploma 26.06 28.46
Some college 29.58 31.61
College diploma or more 19.88 18.69

N 2499 2328

Table A6: All statistics are weighted using SIPP provided population weights. Wages, hours,
and labor market participation are computed only for individuals age 25 to 55. Wages are
imputed for those who do not work using a Heckman selection procedure described in the text.

Table A7: Healthcare coverage choices

2005 2006
ESI 0.60 0.57
NGI 0.10 0.12
TennCare 0.22 0.18
None 0.08 0.13
N 2499 2328

Table A7: All statistics are weighted using SIPP provided population weights.
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