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1 Introduction

Joint funding of public programs has been a cornerstone of U.S. federalism. In 2022, the

federal government provided states and local governments $1.2 trillion in federal grants to

fund a wide range of public policies, including health care, education, transportation, and

environmental protection (House Budget Committee, 2023). Joint funding often includes

federal matching grants that subsidize lower-level government spending. Federal match-

ing grants help lower governments internalize externalities and provide them with insur-

ance against aggregate enrollment fluctuations (Oates, 1999). However, they also create a

principal-agent problem. Local jurisdictions may misallocate resources when the federal

government cannot fully monitor effective program spending.

In this paper, we study the misallocation of federal matching funds and their implica-

tions for patients and providers in the context of the large and growing Medicaid program,

projected to reach $799 billion in federal spending by 2033 (Congressional Budget Office,

2023). We document that states use complex creative financing schemes to obscure actual

spending, enabling the diversion of funds from their intended uses. We present some of

the first empirical evidence that these schemes distort the states’ quality-quantity trade-

off, expanding lower-quality care services in order to maximize the revenue from federal

matching grants. We do so in a crucial empirical setting: the U.S. nursing home industry,

which heavily relies on Medicaid financing and has been plagued with concerns over the

quality of care (Evans, Hopkins, and Cook, 2020b; Estrada et al., 2024). Combining two

decades of administrative, audit, and survey data with quasi-experimental variation in the

rollout of a creative financing scheme in Indiana, we document disproportionate increases

in Medicaid-funded care in the lowest-quality nursing facilities, with potentially harmful

consequences for patient mortality.

We begin by making a basic theoretical point in a principal-agent framework, repre-

senting the federal government and states, respectively. Central to this model is the fed-

eral government’s inability to perfectly monitor state spending of federal funds. We ar-

gue that this is a reasonable assumption given widespread ”creative financing” practices

across states and federal regulators’ documented inability to eliminate them. For instance,

despite a 2003 reform intended to end such practices, creative financing activities continue

to persist (Department for Health and Human Services: Office of Inspector General, 2014;

1



MACPAC, 2021) and new creative financing instruments have been developed in Indiana

and many other states. Comprehensive federal audits in the late 1990s struggled to track

complex financial flows at state levels and reports by Department for Health and Human

Services (2025) concluded it was ”nearly impossible” to identify and follow these financial

streams.

We then examine how this incomplete monitoring affects the quality-quantity trade-

off in the Medicaid program. Specifically, we assume the federal government can monitor

care quantities and nominal reimbursement rates, but not effective rates paid after fund

diversion. This creates incentives for states to inflate nominal rates (qualifying for fed-

eral subsidies) while reducing effective provider payments—likely degrading care quality,

which is again difficult to monitor (Weisbrod, 1991). We term this gap between nomi-

nal and effective rates ”public markup,” which states divert elsewhere. Simultaneously,

higher nominal rates drive increased care quantity, creating what we call ”public moral

hazard”—expanded public insurance utilization resulting from joint funding and incom-

plete monitoring.

We test these predictions in the context of Medicaid payments to U.S. nursing homes.

First, we present new evidence on the prevalence of creative financing schemes in this vital

industry, and quantify the public markup. Combining audit reports with survey data, we

document that between 2000-2002, 16 states used intergovernmental transfers to divert at

least $17bn in Medicaid funds away from nursing homes. Put differently, states inflated

nominal reimbursement rates by 40% over the effective rate paid to nursing homes. When

considering the diversion of funds, the implied federal cost share of Medicaid spending,

the Federal Medicaid Assistance Percentage (FMAP), increases by 16 percentage points

(pp), a much larger effect than previously reported (MACPAC, 2021).

In response to the audit reports, Congress directed the Secretary of Health and Human

Services (HHS) to cap the scope of intergovernment transfers. Effective 2003, states could

no longer redirect funds from private nursing homes, restricting intergovernmental trans-

fers to the 7% public nursing homes. In response to the 2003 law, and to continue (and

even expand) their creative financing scheme, Indiana systematically municipalized pri-

vate nursing homes. We exploit this scheme in Indiana to study its causal effects on the

quantity and quality of care.
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As a result, in Indiana, the share of publicly owned nursing homes surged from 5% in

2000 to 95% by 2017. We combine the timing of these acquisitions with high-quality admin-

istrative micro data from the Centers for Medicare & Medicaid Services (CMS) to quantify

the scheme’s causal effects on the care volume. Our findings confirm a public moral hazard

effect: we estimate a significant 5% increase in Medicaid days following the acquisitions.

This increase in Medicaid days is driven by patients diagnosed with Alzheimer’s disease

and Alzheimer’s disease-related dementias (AD/ADRD). For this patient group, the in-

crease in Medicaid days is 14% and accompanied by a significant increase in Alzheimer’s

special care units. AD/ADRD patients have relatively long lengths of stay, are rarely dis-

charged to home health care options, and require specialized treatment; quality of care

for AD/ADRD patients is positively correlated with the share of AD/ADRD patients in

nursing homes (Mukamel et al., 2023), suggesting that nursing homes without much ex-

perience provide lower quality of care, especially in economically deprived counties and

among minorities (Travers et al., 2024; Estrada et al., 2024).

Central to patient welfare is how Indiana’s scheme affects patient health. We examine

two key mechanisms: changes in nursing home care quality post-municipalization, poten-

tially attributable to the addition of Alzheimer’s special care units, and patient relocation

between nursing homes and other care settings. To this end, building on Dubin and Mc-

Fadden (1984); Abdulkadiroğlu et al. (2020); Einav, Finkelstein, and Mahoney (2022), we es-

timate a nursing home health value-added model using patient distance to nursing homes

as a plausibly exogenous source of variation in nursing home choices. We focus this exer-

cise on AD/ADRD patients using the one-year survival rate as our primary health outcome

measure. The analysis yields three main findings. First, holding the patient composition

fixed, we find no significant change in nursing home quality following the municipaliza-

tion. Second, we estimate large differences in quality between nursing homes. Moving a

patient from the bottom quintile to the top quintile in the quality distribution decreases

the one-year survival rate from more than 33% to less than 16%. Further, nursing homes

in the bottom quintile provide lower quality care than outside goods, comprising mostly

care provided at home. Third, we find quantity increases throughout the quality distribu-

tion, but that the increase is largest for nursing homes in the bottom quintile of the quality

distribution.
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In the last section of the paper, we connect our findings to our conceptual framework

to assess the implications for allocative efficiency. We find that Indiana’s scheme distorts

the quality-quantity tradeoff towards an expansion of lower-quality nursing home care.

In contrast, the optimal expansion path would allocate some of the incremental Medicaid

spending towards improving the quality of care (e.g., increased nurse-to-patient staffing

ratios) or towards expanding higher-quality nursing homes. Our calculations suggest that

Medicaid spending on dementia patient stays could be reduced by 3.4% without compro-

mising the quality-adjusted quantity of care.

Our findings contribute to several literatures. First, we add to research on strategic in-

teractions in fiscal federalism (Gordon, 1983; Dahlby, 1996; Agrawal, 2015; Clemens and

Veuger, 2023), arguing that states use creative financing schemes to obscure spending and

divert Medicaid funds. Although these schemes have been examined in health policy

(Coughlin and Zuckerman, 2003b; Mitchell, 2018), law (Hatcher, 2017), and the popular

press (Evans, Hopkins, and Cook, 2020b), they have received little attention in the eco-

nomics literature. An important exception is the seminal paper by Baicker and Staiger

(2005), who document the diversion of Medicaid matching funds in the context of Dispro-

portionate Share Hospital payments. We add to their analysis by highlighting that these

schemes introduce a regulator bias, in the spirit of Averch and Johnson (1962), distorting

the states’ quality-quantity tradeoff towards expanding lower-quality programs. Our anal-

ysis informs the debates on Medicaid financing reform (Committee for a Responsible Fed-

eral Budget, 2023b), including increased surveillance (Federal Register, 2019), cost-sharing

changes (Rudowitz, 2017; Clemens and Ippolito, 2018), monitoring for fraud (Shi, 2023)

and broader fiscal impacts (Gruber and Sommers, 2020).

Second, we add to a large and growing health economics literature on patient and

provider moral hazard under asymmetric information (Finkelstein et al., 2012; Baicker,

Mullainathan, and Schwartzstein, 2015; McGuire, 2000; Miller, Johnson, and Wherry, 2021;

Eliason et al., 2018; Einav, Finkelstein, and Mahoney, 2018; Clemens and Gottlieb, 2014;

Hackmann, Pohl, and Ziebarth, 2024). We add to this discussion the role of asymmetric

information between the federal government and local jurisdictions and show how it can

result in “public” moral hazard. Consistent with evidence on Medicaid Disproportionate

Share Hospital payments (Duggan, 2000), we find an increase in patient volume following

an increase in nominal reimbursement rates. Interestingly, though, in our setting county-

4



owned hospitals are the key players and use diverted nursing home funds to finance their

hospital operations.

Third, we contribute to the literature on the design of reimbursement models and the

quality of care in U.S. long-term care. We find that several states systematically divert Med-

icaid funds earmarked for nursing home care, likely contributing to quality shortfalls that

have plagued the industry for decades (Grabowski, 2001; Werner, Konetzka, and Polsky,

2013; Lin, 2015; Hackmann, 2019). At the same time, several critiques argue that policy

biases toward institutional nursing home care continue to exist (Chidambaram and Burns,

2023) despite the fact that nursing home care is highly unpopular and the elderly prefer

to age at home (The Associated Press-NORC Center for Public Affairs Research, 2021). We

find that creative financing schemes can distort the quality-quantity trade-off in the design

of long-term care policies, potentially contributing to the adoption of policies that favor

institutional care (Grabowski and Gruber, 2007; Mommaerts, 2018). We combine recent

advances in the estimation of nursing home value added Einav, Finkelstein, and Mahoney

(2022); Olenski and Sacher (2024); Cheng (2023) with plausibly exogenous variation in the

timing of nursing home acquisitions (Gupta et al., 2021; Gandhi, Song, and Upadrashta,

2023) to document that Indiana’s creative financing scheme resulted in a disproportionate

increase in Medicaid-funded care in the lowest-quality nursing facilities.

2 Institutional Setting

2.1 The Structure of Medicaid Funding

The Medicaid program, a cornerstone of the U.S. healthcare system, operates under the

framework of federalism in health policy, with $880 billion in annual spending (Kaiser

Family Foundation, 2024b). It provides public health insurance for 93 million low-income

individuals, granting states significant administrative discretion while sharing costs with

the federal government.

State and federal sources jointly fund Medicaid. Its financing model requires states

to contribute funds to qualify for federal matching. The federal cost share of Medicaid

spending is the Federal Medical Assistance Percentage (FMAP). The FMAP decreases in
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the state’s per capita income according to a formula bounded by the statutory limits of

50% (from below) and 83% (from above).

However, states often employ creative financing schemes, such as provider taxes or in-

tergovernmental transfers (detailed below), to reduce their general fund obligations. All

states but Alaska adopt provider taxes on primary care physicians, insurance plans, hospi-

tals, and nursing homes and are now one of the largest funding sources for states’ Medicaid

costs. As we detail below, these instruments allow states to extract federal matching funds

from these entities, thereby effectively shifting additional costs onto the federal govern-

ment. The Committee for a Responsible Federal Budget (2023a) estimates that the federal

government covers over 5% more in Medicaid costs than it would without creative financ-

ing. These sophisticated schemes are borderline legal. However, the Centers for Medicare

and Medicaid Services’ limited oversight and monitoring capacities help explain their scale

and persistence.

A former senior official from the Department of Health and Human Services writes:1

“CMS is tasked with administering massive cooperative spending programs that rep-
resent substantial federal investment to provide or expand access to quality health ser-
vices. Administering Medicaid alone requires CMS to oversee 56 individual state and
territorial plans that receive nearly three-quarters of a trillion dollars in annual federal
expenditures. Yet CMS has only a few hundred employees, operating on a relatively
modest budget, dedicated to supervising Medicaid programs. As constituted, it [CMS]
simply does not have the capacity to fill the void if the private enforcement mechanisms
on which the agency has come to rely were suddenly stripped away”.

2.2 Creative Financing in SNFs: Pre-2003

Our analysis focuses on the nursing home industry. It heavily relies on Medicaid spending,

with two-thirds of all 1.5 million nursing home patients covered by Medicaid, totaling

$59bn in overall Medicaid spending per year (Kaiser Family Foundation, 2024a). State

Medicaid programs reimburse nursing homes on a “per diem” basis (MACPAC, 2019a);

these base rates are lower than for private payers or Medicare, resulting in low quality

of care (Grabowski, 2001; Hackmann, 2019). Consequently, states can top up Medicaid

base rates via Supplemental Payments (SP) to avoid lower quality-of-care for Medicaid

beneficiaries. The total reimbursement rate, per diem plus SP, is then matched with federal

funds using the FMAP, as long as the total rate remains below the “Upper Payment Limit”

1See, Brief Amici Curiae in Support of Respondent. Hospital Corporation of Marion County v. Talevski,
No. 21-806. U.S. Supreme Court, filed September 23, 2022.
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(UPL) (Mitchell, 2018).2 In 2019, SPs accounted for seven percent of total Medicaid fee-for-

service nursing facility payments (MACPAC, 2019b).

However, when states use creative financing to divert nursing home payments, these

top-up payments are unlikely to improve the quality of care. Before 2003, states could di-

vert funds accrued by public and private nursing homes to county-owned nursing homes

and then redirect them to the state via Inter-Governmental Transfers (IGTs). Specifically, the

pre-2003 regulations left states complete discretion on how to allocate SPs across providers.

As a result, states could pay hundreds of millions in Medicaid funds to nursing homes, trig-

gering further hundreds of millions in federal matching funds to the same nursing homes.

As these payments were not tied to specific services, states could funnel large portions back

into the state budget via IGTs and use the funds for other purposes.

Panel A of Appendix Figure A.1 illustrates such a scheme (Mangano, 2001; Coughlin

and Zuckerman, 2003b). Pennsylvania paid $300 million (figures rounded) in UPL-SPs to

23 county-owned nursing homes. Given the FMAP of 56%, this triggered $400 million

in federal matching funds and produced a total of $700 million for the county nursing

facilities. Yet only $1.5 million remained with the providers as the rest was transferred to

the Pennsylvania government via an IGT.

2.3 The 2003 Reform

In 2001, twenty-nine states operated IGT programs, many for nursing homes (U.S. Depart-

ment of Health and Human Services, 2001). In response, Congress directed the Secretary

of Health and Human Services (HHS) to cap federal Medicaid spending that could be di-

verted through IGTs (Ku and Park, 2001; Federal Register, 2001). Consequently, effective

2003, a reform banned states from redirecting monies from private nursing homes. While

states could still set up IGTs from public nursing homes, public nursing homes only had a

market share of 7% (Gabrel, 2000)).

[Insert Figure 1 about here]

Further, the reform affected states differently depending on their pre-reform creative

financing activities. Coughlin, Bruen, and King (2004) report that 23 out of 34 states that
2The UPL corresponds to the rate that Medicare would pay for the service. Typically, it is at least twice the

Medicaid per diem rate. In 2018, the average Medicare rate per patient day equaled $515 ($427 for managed
Medicare) compared to only $209 for Medicaid (Spanko, 2019).
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responded to their survey used creative financing schemes in FY 2002; 16 states used UPL-

SPs schemes in the nursing home industry, see Figure 1. Sixteen states did not use UPL-

SPs schemes in the nursing home industry. In Section 4.1, using this information to define

treatment and control groups, we estimate the effect of the 2003 reform on mark-ups, and

thus effective reimbursement rates.

2.4 Creative Financing 2.0: Evidence from Indiana

After the 2003 reform, states explored alternative creative financing schemes to continue

to redirect federal matching funds. One notable example is provider taxes, which function

similarly to pre-reform IGT schemes (Miller and Wang, 2009).3 By contrast, Indiana im-

plemented an alternative scheme that mirrored pre-2003 reform practices. This scheme is

the focus of our empirical analysis as we exploit it to estimate the causal effects of creative

financing on various outcomes.

Specifically, to bypass the 2003 reform, Indiana induced county-owned hospitals to ac-

quire private nursing homes. Once public, the state reinstated IGTs to redirect federal

matching funds. The stated purpose of these municipalizations, codified in law, was to

“maximize the amount of federal financial participation that the state can obtain through the in-

tergovernmental transfer or other payment mechanism” (Indiana Code § 12-15-14-1(b)). In par-

ticular, Indiana provided per diem payments and SPs to newly acquired county-owned

nursing homes. Federal matching funds then augmented these payments. Next, county

hospitals would redirect these funds from the nursing homes through IGTs (Hatcher, 2017),

with a portion returned to the state budget. Panel B of Appendix Figure A.1 illustrates this

post-2003 scheme in Indiana. Under a contractual agreement, county hospitals repaid the

SPs to the state, while retaining the federal match, which was divided between the hospital

and the SNF. Because federal matching funds were proportional to Medicaid service days,

the integrated hospital-SNF system had strong incentives to increase patient volume.

Pioneering the model was the Health and Hospital Corporation (HHC) of Marion County—

a government entity. In 2003, it acquired and municipalized 17 nursing homes. By 2009,

HHC owned 40 nursing homes statewide as shown in Figure 2a.

3Fosdick (2007) describes Michigan’s 1.8% provider tax on net hospital patient revenues, which generated
$243 million in tax revenues in 2006/2007. Of this, Michigan retained $46 million (”gainsharing”) and returned
$197 million to hospitals via higher Medicaid rates, attracting $257 million in federal matching funds. Hospitals
experienced a net revenue increase of $210 million, while the state gained $47 million.
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[Insert Figure 2 about here]

In that context, it is noteworthy that Indiana permitted HHC to use a ”lease struc-

ture” instead of directly acquiring SNFs to facilitate these purchases (Pahud and Myers,

2016). Unlike a direct acquisition, where a hospital buys providers’ assets, the lease struc-

ture allowed HHC to acquire solely the nursing home license while leasing the remain-

ing assets. This lease structure thus triggered a change of ownership without altering the

nursing home management, which typically retained 5-20% of the additional UPL pay-

ments (Hatcher, 2017). The Indianapolis Star described the county hospital as ”an absen-

tee landlord primarily concerned with using this collection of nursing homes to generate

much-needed cash.” CMS has harshly criticized such arrangements, noting that ”everyone

wins—except perhaps the patient and the federal taxpayer” (Evans, Hopkins, and Cook,

2020a). In 2010, Indiana expanded the model to other county hospitals, and by 2017, over

90% of SNFs in the state were county-owned, see Figure 2b.

This scheme has been highly effective in maximizing federal Medicaid revenue. In fis-

cal year 2020, Indiana received $996.1 million in SPs for nursing facilities, making up over

30% of all federal SP funding, more than any other state, including states like California

and New York (Medicaid and CHIP Payment and Access Commission, 2021). Through

their scheme, since 2003, Indiana county hospitals have secured approximately $4.3 bil-

lion in additional Medicaid funding for nursing homes. However, investigations by The

Indianapolis Star revealed that, of these $4.3 billion, between $1 and $3 billion have been

diverted (Evans, Hopkins, and Cook, 2020b).

In our empirical analysis below, we exploit the timing of the nursing home acquisitions

to study the causal effect of this scheme on the volume and the quality of care.

3 Conceptual Framework

The previous discussion highlights that, even after reforms to stop such practices, states

continue to develop sophisticated, creative financing schemes. These schemes make it dif-

ficult for the federal government to monitor effective program spending. This allows states

(or county-owned hospitals) to divert funds from their intended purposes. In this section,
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we develop a unifying theoretical framework that helps us understand how creative fi-

nancing schemes can distort the quality and quantity of care provided.

We start with a general principal-agent framework with monitoring frictions and de-

velop their economic implications. The framework considers two types of agent effort, but

the Principal can only perfectly monitor one of them. Our main finding is that when the

payment to the agent is complementary in both reported efforts, actual efforts will be dis-

torted in opposing directions: the agents shirks in the non-monitored effort but inflates the

monitored effort. The details are presented in Appendix B.

In what follows below, we apply the general insights to our institutional setting, where

the Principal is the federal government and the Agent can be the state, as discussed below,

or a publicly owned provider, which we detail in our empirical application. In the case with

incomplete monitoring, we treat patient volume as monitored effort and effective spending

as the non-monitored effort.

3.1 Payoffs

State (”The Agent”): We assume that the state values the quality, θ, and the quantity of

nursing home care, Q, provided through the benefit function B(θ, Q), which we denote

in dollars. State internalize only fraction τ ≤ 1 of the benefits because of free-riding on

neighboring states.4

The federal government (the Principal) covers a fraction of total nominal Medicaid

spending (P × Q) according to the state’s FMAP, where P denotes the nominal Medicaid

reimbursement rate. In contrast, the state pays nursing homes effective reimbursement rates

(net of diversion of funds), worth R × Q, where R is the effective Medicaid reimbursement

rate. We assume a positive relationship between the effective reimbursement rate and the

quality of care, θ(R). The state’s payoff is then:

Ua = τ × B(θ(R), Q) + FMAP × P × Q︸ ︷︷ ︸
State Utility

− R × Q︸ ︷︷ ︸
Costs

. (1)

Building on the notation from the principal-agent literature, we refer to the first term

as the utility of participating in the program.The second term captures the costs of efforts,

4Alternatively, τ can be interpreted as a discount factor when states’ prioritize spending on other programs,
particularly when state budgets are tight.
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namely resources that the agent could have invested in other programs. We assume that

the agent chooses effort, in our case R and Q, as well as P under incomplete monitoring as

we detail below.

Federal government (”The Principal”): The federal government internalizes the exter-

nalities across states, net of the federal reimbursement cost:5

Up = (1 − τ)× B(θ(R), Q)− FMAP × P × Q. (2)

3.2 Social Welfare and Efficiency

We define social welfare as the sum of the two payoffs:6

W = Ua + Up = B(θ(R), Q)− R × Q. (3)

Maximizing welfare with respect to R and Q yields two optimality conditions:7

BR(θ(R), Q)/Q = 1 (4)
BQ(θ(R), Q)/R = 1 . (5)

Intuitively, the marginal benefit of increasing effective spending should be proportional

between increases in rates and quantity. At the optimal R and Q, the marginal benefit of

increasing either equals 1.

3.3 Optimal Contracting under Perfect Monitoring (P × Q = R × Q)

Suppose the federal government observes effective state spending, R×Q. Replacing P×Q

by R × Q in equation (1) and solving for the first-order conditions with respect to R and Q,

we have:
5An alternative and equivalent formulation of the federal government’s payoff, which connects closely with

the principal-agent literature, is given by Up = B(θ(R), Q)− State Utility.
6A Pareto efficient contract maximizes the payoff of one party, given a fixed payoff to the other party.

Adding a transfer T paid by the Principal to the Agent, we can express agent utility as ūa
0 = τ × B(θ(R), Q) +

FMAP × P × Q + T. The Principal’s payoff, holding the Agent’s overall payoff fixed, can then be written as
U f = B(θ(R), Q)− R × Q − ūa

0, which equals equation (3) minus a constant.
7Here, BR is shorthand for BQ(θ(R), Q)× ∂θ(R)

∂R .
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τ × BR(θ(R), Q)/Q = 1 − FMAP (6)
τ × BQ(θ(R), Q)/R = 1 − FMAP . (7)

It is clear from here that setting τ = 1 − FMAP achieves the optimal allocation. In-

tuitively, the federal government chooses a Pigouvian subsidy FMAP to internalize the

positive externality 1 − τ of the state’s effective program spending.8

3.4 Distortions under Imperfect Monitoring (P ̸= R)

We now turn to the empirically relevant case with incomplete monitoring. The state uses

creative financing to divert nominal funds. Conceptually, these schemes arise from the

inability of the federal government to monitor effective spending R × Q, allowing states to

divert P × Q − R × Q towards other programs.

More specifically, we assume that the federal government can monitor the care volume,

Q, but not the effective rate, R. The state can then set a nominal billing rate P, which

qualifies for federal subsidies via the FMAP. By law, P is capped at the upper payment

limit, P̄ = UPL. The state’s optimization problem thus becomes:

max
P≤P̄,R,Q

τ × B(θ(R), Q) + FMAP × P × Q − R × Q . (8)

This yields the following first-order conditions with respect to R and Q:

τ × BR(R, Q)/Q = 1 (9)

τ × BQ(R, Q)/R = 1 − FMAP · P̄
R

= 1 − FMAP × µ . (10)

This yields two main predictions. First, when the federal government cannot monitor

the effective reimbursement rate R, the state will inflate the nominal rate P beyond R. In the

considered case, the state will optimally increase the nominal rate up to the cap, P = UPL.

In contrast, the effective reimbursement rate, R, no longer qualifies for matching funds

(equation (9)). The state internalizes effective rate changes in full, and not just 1 − FMAP,

8Budget constraints may force states to cut back on program spending further. This can be captured by a
discount factor τ that is increasing in the state budget and provides a rationale for tying the nominal FMAP to
the state’s fiscal capacity.
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and has stronger incentives to reduce R, thereby lowering the quality of care. In other

words, the “effective price FMAP” is zero. 9

Hypothesis 1 (H1) Public Markup: Under imperfect monitoring of creative financing schemes,

states have incentives to inflate nominal reimbursement rates (P) beyond effective reimbursement

rates (R), creating a public markup µ = P
R , and allows them to divert (P − R)× Q, away from the

intended purpose.

Second, the public markup reduces program costs for the states. Specifically, the “ef-

fective quantity FMAP” exceeds the nominal FMAP by a factor equal to the public markup

P
R = µ, as indicated by equation (10). This incentivizes states to expand the quantity of

care, which we dub ”public moral hazard.” Note that the effective quantity FMAP may

exceed 100%, in which case, from the state’s perspective, the program pays for itself.

Hypothesis 2 (H2) Public Moral Hazard: Under imperfect monitoring, creative financing in-

creases the “effective quantity FMAP”, the share of public programs funded by the federal gov-

ernment, to FMAP × µ = FMAP · P
R . It incentivizes states to increase the volume of care eligible

for joint funding.

Graphical illustration: Figure 3 illustrates the opposing effects of creative financing on

health care quality and quantity. The vertical axis denotes quality of care, a positive func-

tion of R. The horizontal axis denotes quantity of care, Q. We denote the volume of care

in logs, and the underlying effective reimbursement rate in logs, yielding a linear budget

constraint. The convex curves represent indifference curves for different benefit levels (up

to the scaling factor τ). We can now differentiate between the two cases in Subsections 3.3

and 3.4.

First, the downward-sloping line ’C’ denotes the state’s budget constraint under perfect

monitoring and without creative financing. The slope does not depend on the ’FMAP’,

and incentives are aligned between states and the federal government. For that case, the

expansion path I illustrates the optimal rate and quantity mix. As τ increases, states will

9As we detail below, the substitution effect on R may be offset by an income effect, provided that diversion
of funds increases the state’s budget and that effective rates are a normal good. However, this does not com-
promise the key insight here, which is that states will inflate the nominal reimbursement, captured by a public
markup defined as µ = P

R , increasing the program’s cost to the federal government.
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choose higher rates and volumes along this path. Allocations along this path not only

minimize the state’s but also the social cost of achieving a given benefit level.

[Insert Figure 3 about here]

Second, the downward-sloping line ’D’ denotes the state’s budget constraint under im-

perfect monitoring and with creative financing. Compared to the case without creative

financing, the budget constraint is rotated to the right on the horizontal axis.10 The slope

does now depend on the ’FMAP’, scaled by the markup µ = P/R and is -(1-FMAP×µ).11

Under imperfect monitoring, states engage in creative financing, have incentives to in-

crease care volume, and engage in public moral hazard. They have relatively weaker in-

centives to increase rates, and thus quality, as indicated by the allocations along the new

expansion path II. These allocations minimize state costs under creative financing, but they

do not minimize federal costs and hence not the social cost of care.

3.5 Discussion

We characterize the distortions from imperfect monitoring under a specific information

structure and a specific set of regulatory instruments.

Central is that the federal government can monitor volume but not effective spending.

When the federal government can no longer monitor volume, reimbursements may take

the form of block grants, in which case states have no incentives to increase the care vol-

ume. In contrast, states will have an incentive to lower the care volume. While this case

(of not being able to monitor volume) is theoretically possible, we note that the federal

government has several instruments to monitor nursing home days.12 We are unaware of

systematic reporting discrepancies in the volume of care between states and the federal

government in the context of nursing home care.

10Creative financing also results in a positive income effect in the state’s budget. While not the focus of our
analysis, policy discussions indicate that states perceive reimbursement rates and quantity as ”normal” goods,
meaning that the positive income effects will further increase quantity setting. This suggests that the income
and substitution effects for rate-setting work in opposing directions, leaving the net effect of creative financing
on rate-setting ambiguous.

11To derive the slope of the budget constraint, we start with the state’s costs under creative financing,
given by Costs = R × Q − FMAP × P × Q. Taking logs of costs and solving for log(Q), we get log(Q) =
Log(costs)− log(R − FMAP × P). Taking the derivative w.r.t. log(R) or derivative w.r.t. R and then multiply-
ing by ∂R/∂log(R) = R, we get ∂log(Q)/∂log(R) = − 1

1−FMAP× P
R

.
12Nursing home residents are assessed on at least a quarterly basis and recorded in the Minimum Data Set,

which we discuss later. Furthermore, patient assessments are conducted during nursing home inspections,
implying a very accurate patient census.
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We also assume that states choose not only the reimbursement rates (or effective spend-

ing per capita) but also the care volume. While the quantity of care is determined in equi-

librium based on demand and supply, we note that states have several instruments to influ-

ence this equilibrium outcome. Such measures include nursing home capacity regulations,

eligibility criteria as well as coverage and expansions of outpatient care substitutes such

as waivers or Home- and Community-Based Services (HBCS). The broader insight from

our theoretical framework is that states will prioritize instruments that increase volume at

relatively low costs.13 Nursing homes on the other hand, who act as agents in our main

empirical analysis, can use targeted investments to attract new patients, expand advertis-

ing efforts, or skew their admission policies towards Medicaid patients when capacities are

binding.

4 Data, Empirical Approaches, and Results

Our discussion of the data, empirical strategy, and results is organized into three sub-

sections. They study the impact of creative financing schemes on prices (and ”public

markups”), quantities (and ”public moral hazard”), and healthcare quality. Our analysis

proceeds at different levels of aggregation, using various data sources and methods. We

organize the discussion of the data, the empirical strategy, and results within each section

accordingly.

4.1 How does Creative Financing affect Prices and the Public Markup?

This subsection studies how creative financing may bias Medicaid prices and create a

wedge between nominal and effective reimbursement rate, the “public markup”, see Hy-

pothesis H1. The objective is to produce empirical estimates of nominal spending qualify-

ing for federal matching funds, P × Q, effective spending R,×Q, and an estimate for the

diversion of funds, (P − R)× Q. Ultimately, the goal is to produce estimates of the public

markup µ = P/R. We combine several data sources to measure these objects. The Data

Appendix C provides more details.

13When states only have reimbursement rates as effective instruments, they face a tradeoff between cost
savings and expanding access through higher rates. We discuss this in Appendix Section B2.4 and derive
conditions under which the quantity motive dominates.
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Data & Empirical Approach: First, we use Long-Term Care: Facts on Care in the U.S.

(2025) (LTC Focus) data at the state-year level from 2000-2007. The data cover all U.S. Med-

icaid and Medicare-certified nursing homes (98% of all nursing homes). The data provide

the average Medicaid base per diem rate (at the state-year level) and the total number of

Medicaid days provided in nursing home care. We interpret the product of the two as a

measure of effective SNF spending, Rst × Qst, for state s in year t, an assumption that we

return to below.

Second, we use data from The Medicaid Budget and Expenditure System (MBES), which

provides state-by-year expenditure data, including total Medicaid spending on various

programs (Centers for Medicare & Medicaid Services, 2020a). These data include detailed

summaries from Form CMS-64, which we use to construct total nominal spending on nurs-

ing home care by state and year, Pst × Qst.

Combining the two data sources we can construct the public markup as follows:

µst =
Pst · Qst

Rst · Qst
=

Pst

Rst
. (11)

To test hypothesis H1, we compare the derived markups among the 15 states with pre-

2003 creative financing schemes (treatment group) to those 16 states without pre-2003 cre-

ative financing schemes (control group), see Figure 1. We do so over time, before and after

the reform, using a simple difference-in-differences (DD) regression model:

Yst = µs + µt + β × CFs × Postt + ϵst (12)

for outcome Yst of state s in year t, where µs and µt denote state and year fixed effects.

CF is a binary indicator for states with a creative financing scheme pre 2003. Post is a binary

indicator for the years 2003 onward. The parameter of interest is β, denoting the differential

effect of the 2003 reform for states with a pre-existing creative financing scheme.

Further, we use the simple DD design to test for changes in additional outcome mea-

sures included in LTC Focus using information from Kaiser Family Foundation (2025).

Specifically, we use our mark-up measure to calculate the ”effective FMAP” rate along with

measures of federal and state Medicaid nursing home expenditures as well as nurse-to-

patient ratios and the total number of Medicaid days. While we use the latter primarily as

an input to calculate markups and effective spending (Appendix C), evidence on whether
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the 2003 reform is linked to changes in the Medicaid days at the SNF level also provides an

outlook for our hypothesis on public moral hazard, H2.

Results: On the y-axis, Figure 4 displays the average public markup ( P
R ) over time, sep-

arately for the treatment and control group. The x-axis shows calendar years from 2000

to 2007. Note that the standard DD identifying assumption is the parallel time trends as-

sumption. We interpret Figure 4 as showing a ”reverse” DD design with reasonably stable,

similar, and parallel trend times in the post-2003 years, showing only minor differences in

our calculated mark-up in post-reform years. This first observation suggests that the 2003

reform was successful in producing an era where states with and without pre-reform cre-

ative financing schemes look alike. After 2003, overall, we see little evidence of a wedge

between effective and nominal Medicaid nursing home spending, suggesting that the re-

form worked as intended at the national level.

[Insert Figure 4 about here]

Further, consistent with hypothesis H1, we find a public markup of about 1.3 among

states with a CF scheme in the pre-reform years. This suggests that the effective quantity

FMAP was initially 30% higher than the nominal FMAP in states with creative financing

schemes. In contrast, we find no wedge between effective and nominal Medicaid nurs-

ing home spending in the control states. Concurrent with the 2003 reform, the markup

observed in the treatment states decreases swiftly.

More formally, our DD estimates show a 0.27 decrease in Panel A of column (1) of Table

C.2 (Appendix), and a reduction in the effective FMAP by 16pp through the reform. Con-

sidering the nominal Medicaid spending of $58bn on nursing home care between 2000 and

2002 among states in the treatment group, the average pre-reform markup of 1.3 suggests

that states diverted 0.3×$58bn=$17bn per year. Equivalently and reassuringly, columns (3)

and (4) of Table C.2 (Appendix) show reductions in (nominal) federal and state expendi-

tures on Medicaid inpatient long-term care by $150 and $112 million per year and state.

Panel B of Table C.2 (Appendix) tests for changes in normalized staffing levels also

provided in the LTC Focus data. Despite the lower state and federal nominal Medicaid

spending following the reform (Panel A), we do not find evidence for such changes in

staffing levels. This finding implicitly reinforces the idea that nominal pre-2003 nursing
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spending was artificially inflated and substantially differed from effective spending as a

result of creative financing.

The last column in Panel B of Appendix Table C.2 previews a much more detailed test

of the public moral hazard channel (hypothesis H2) in Section 3. As seen, there is first

evidence that the overall number of Medicaid days in nursing homes decreased by a sig-

nificant 3% when the scope for creative financing was reduced in treatment states. How-

ever, note that not all states shut down their creative financing operations. Some states

quickly adopted similar instruments to close their funding gap. For instance, in September

2003, Pennsylvania passed Act 25 in response to the federal reform.14 Likewise, Indiana

introduced a new creative financing scheme, see Section 4.2.

Evidence from ODI Audit Reports. Next, we make use of rather qualitative and descrip-

tive evidence using 24 digitized audit reports from 18 states. We manually reviewed and

digitized these, see Appendix Section C. These Office of Inspector General (OIG) audit re-

ports by Department for Health and Human Services (2025) provide direct estimates of the

size of intergovernmental transfers. They provide independent estimates, and hard evi-

dence on the diversion of funds, and allow us to calculate the public markup for a subset

of states. Appendix Figure C.1a shows an average markup of 24% in states with creative

financing schemes. This estimate is very close to the DD estimate in Appendix Table C.2.

Further, Appendix Figure C.1b suggests that the ”effective FMAP” was up to 33ppt higher

than the nominal one, for example in Pennsylvania where the effective FMAP was 84%

instead of 54% in 1999.

Evidence from HHC Financial Reports. Finally, we provide similar evidence from hand-

collected financial reports from one of the main stakeholders in Indiana’s scheme, the

Health and Hospital Corporation (HHC) of Marion County, see Section 2.4. Specifically,

HHC’s own financial reports show that HHC received a total of $3.2bn in base Medicaid

revenues for nursing home services, see column 3 of Table C.4, jointly funded between the

federal government and the state at an average nominal FMAP of 68% ($2.1bn paid the

federal government, and $1.1bn paid by the state). In addition to that, the state initiated

14Also known as the Nursing Facility Assessment Law (Commonwealth of Pennsylvania, 2005), the act states
that “To forestall rate reductions and to avoid significant changes in eligibility or covered services, or both, the General
Assembly passed Act 25 to enable the Commonwealth to qualify for a new source of increased Federal funds.”
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$750 million in supplemental payments for nursing home services, generating an extra

$1.5bn in federal payments see column H, for a total of $2.3bn in supplemental payments,

see column 6. Total nominal Medicaid payments for nursing home services amounted to

$3.2bn+$2.3bn=$5.5bn. HHC then redirected $1.9bn from the nursing homes via intergov-

ernmental transfers (IGT) to its general fund (column (7)) to finance its hospital operations.

We conservatively assume that the state recovered $409 million of the full $750 million via

IGTs. While we cannot quantify the amount transferred back to the state budget, indepen-

dent sources suggest that the state recovered its share in supplemental payments. Essen-

tially, this implies that only the Medicaid base payments of $3.2bn remained at the nursing

homes. Interpreted through the lenses of our conceptual framework, this corresponds to a

public markup of:

µHHC =
PHHC × QHHC

RHHC × QHHC
=

$5.5bn
$3.2bn

= 1.72 (13)

or 72%. As a result, the effective FMAP increases from 68% to 68% ∗ 1.72 = 117%.

Put differently, the federal cost share of total Medicaid spending (68% ∗ $5.5 billion=$3.74)

billion exceeds total effective spending on nursing home services, implying that the state

(and HHC) turn a net surplus from providing Medicaid nursing home services.

4.2 How does Creative Financing Affect Quantities and Pubic Moral Hazard?

This subsection quantifies the causal effects of creative financing on the volume of care

(”public moral hazard”). To do so, we zoom into Indiana’s scheme which was particularly

refined and aggressive, turning a net surplus from providing nursing home care. To recall,

Indiana first encouraged county hospitals to acquire private nursing homes to circumvent

the 2003 reform. HHC pioneered the model and started to acquire nursing homes in 2003,

see Section 2.4 and Figure 2b. To provide evidence on how the municipalization of nursing

homes changed provider operations and affected patients, we again combine several data

sources. Below and in Data Appendix C, we provide more details.

Data & Empirical Approach: To exploit the timing of the nursing home acquisitions in

an event study framework, we extract the information on municipalizations from Nursing

Home Compare (Centers for Medicare & Medicaid Services, 2020b), the Indiana Depart-
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ment of Health (2020) data as well as reports by the IndyStar newspaper for validation.

Second, we use LTC Focus data as in Section 4.1, but now at the nursing home-year level

from 2000 to 2017. These data include nursing home characteristics, including staffing lev-

els and whether the nursing home has a special care unit, along with information on uti-

lization by types of insurance. Third, we aggregate patient-level data from the Long-Term

Care Minimum Data Set (MDS) to the nursing home-year level. MDS is administrative

data containing all Medicaid and Medicare-certified nursing homes in Indiana from 1999

to 2015. Our baseline sample is balanced in calendar time at the SNF-year level to keep the

sample composition stable. This also implies that we omit the very first and the very last

targeted nursing homes which may have been selectively targeted.15 Further, as Medicaid-

certified nursing homes were the target of these acquisitions, we focus on nursing homes

with at least one Medicaid patient in 2000.

Then, we run Callaway and Sant’Anna (2021)’s staggered differences-in-difference and

event study models comparing acquired to not-yet-acquired nursing homes, where the

event time refers to the year of the acquisition:

Ynt = µn + µt +
K

∑
i=k

αk(Postit = k) + ϵnt (14)

for outcome Ynt of nursing home n in year t, where µs and µt denote SNF and year fixed

effects. The model avoids biases due to dynamic and heterogeneous treatment effects.

It calculates average treatment effects for each event time, using the ”not-yet-treated” as

controls, where Postit = k indicates the k-th year after the acquisition. αk represents the

coefficients for the treatment effect in the k-th year post treatment and ϵnt stands for the

error term, clustered at the SNF level.

Results: Figure 5a shows an event study of the treatment (that is, municipalization) on

for-profit status. Recall that public nursing homes are not-for-profit (by design) and that the

share of for-profit nursing homes was 59% over the entire sample (see Table D.1). Thus, this

first event study is our first stage and a validation of our identification approach. Figure

5a shows no pre-trend in the years leading up to the municipalization, but tight estimates

around zero. Then we observe a sharp decline in the for-profit status starting in year 0, de-

15Table D.4 shows that SNFs acquired before 2011 had lower occupancy rates, more patients restrained and
lower nurse-to-patient ratios.
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noting the year of the municipalization. In line with expectations, the effect size is around

-0.6 three years post acquisition. The average treatment effect on the treated (ATT) is -0.54

(se=0.03), shown in the first column of Panel A in Table 1.

[Insert Figure 5 about here]

Figure 5b shows an event study estimate on the total number of Medicaid days per

year. Again, we find no evidence of a systematic pre-trend. Yet, starting in year 1 after the

acquisition, the number of Medicaid days increases, confirming hypothesis H2. Four years

after the acquisition, nursing homes provided an extra 3,000 Medicaid days, corresponding

to 8.2 full-year residents. The effect size is relatively large, considering that nursing homes

serve 18,591 Medicaid days per year on average (Table D.1). Pooled over the post-reform

years, we estimate an increase of 1,360 Medicaid days per year, see column 2 of Panel A

in Table 1, which corresponds to a 5.2% increase. However, recall that the effect size is

growing over time, where 3000 extra Medicaid days equal an effect size of about 16% four

years after the acquisition.

Investigating the underlying mechanisms, we find that the rise in Medicaid days is

primarily attributable to patients diagnosed with Alzheimer’s disease and Alzheimer’s

disease-related dementias (AD/ADRD). To show this, we identify AD/ADRD patients

based on the initial nursing home admission assessment.16 Then we use the total number

of Medicaid days spent by AD/ADRD patients in nursing homes as an outcome. As seen,

Figure 5c mirrors the event study pattern in Figure 5b for Medicaid days by all patients. We

calculate an ATT of 1178 days (se=255), which represents a 14% increase in Medicaid days

for this group, as detailed in the third column of Panel A in Table 1.17 This finding is not

unexpected given that 38% of all Medicaid days in our sample are by dementia patients.

Additionally, Medicaid reimbursements are risk-adjusted and thus higher for patients with

cognitive impairments. Consequently, even greater incentives exist to expand care volumes

for Medicaid dementia patients. We also find that the increase in dementia days is accom-

panied by an expansion in Alzheimer special care units, see 5d. Quantitatively, we estimate

an ATT of 9pp (se=3pp) throughout the post-acquisition period.

16This involves integrating MDS 2.0 with MDS 3.0 data, specifically selecting patients with the Section I
diagnosis indicators I1q or I1u active, as per MDS 2.0 definitions.

17In further robustness tests, we observe that the rise in dementia days stems from stays surpassing 100
days, see Appendix Figure D.1. Concurrently, there is no indication of reduced mortality within the first 100
days, see Appendix FigureD.2b, suggesting that the prolonged stays are not due to enhanced survival.
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4.3 How does Creative Financing Affect Quality of Care?

Central to patient welfare is how Indiana’s creative financing operations ultimately affected

patient health. This subsection investigates this question. To do so, we consider two key

mechanisms. First, even under a constant patient composition, the quality of nursing home

care may change following municipalization, for instance, by adding Alzheimer’s special

care units. Second, the public moral channel identified in the previous subsection sug-

gests patient relocation between nursing homes of different qualities and between nursing

homes and home health care. To disentangle the two mechanisms, we specify and estimate

a model of patient health value-added that takes patient selection into account, building

on Dubin and McFadden (1984); Abdulkadiroğlu et al. (2020); Einav, Finkelstein, and Ma-

honey (2022). Below and in Data Appendix D, we provide more details on the sample and

methods.

Given the previous findings on volume expansions being driven by dementia patients,

here we focus on hospital discharge patients diagnosed with dementia. These patients

typically require post-acute and long-term care. We focus on patients discharged from an

acute care hospital for two reasons. First, two-thirds of dementia patients in nursing home

care are admitted from an acute care hospital, making this a central admission channel.18

Second, following a hospital discharge, patients (or their surrogates) have to make an active

choice about follow-up care. Our data allow us to identify whether the selected inpatient

long-term care and, if yes, which nursing home they chose. In other words, we model care

choices and subsequent health outcomes.

Data: To study these questions, we build another unique dataset to identify AD/ADRD

patients in acute care hospitals in Indiana using administrative Medicare claims data from

2000 to 2012. Specifically, compared to the sample in Section 4.2, we leave the data at the pa-

tient level and flag hospital stays with Clinical Classification Software (CCS) diagnosis code

653 “Delirium, dementia, and amnestic and other cognitive disorders”(CCS, 2017), drop

patients from out-of-state or missing zip codes, and only keep patients 65 and older.19 We

18According to a federal whistleblower complaint, a county-owned hospital funneled millions annually to
another hospital through disguised payments for patient referrals to its newly acquired nursing homes (Evans,
Hopkins, and Cook, 2021).

19Using supplemental data detailed below, we also identify and drop a small share of patients who choose a
nursing home more than 50 miles away from the centroid of their home addresses’ zip code.
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arrive at a sample of 206,833 hospital index stays, see Appendix Table D.2 and Table D.3 for

summary statistics. The final dataset includes patient demographics such age (82.6 years),

race (90% white), one-year mortality (33%) and discharge destinations after the acute care

stay (37% to SNF) as well as hospital readmission rates (90-day readmission rate of 31%).

We then merge these index hospital stays with MDS data to identify subsequent nursing

home stays.20 On average, 12% of allAD/ADRD patients discharged to a nursing home

use have any SNF Medicaid days where the average number of Medicaid days is 186 (Table

D.3).

Empirical Approach: To isolate changes in quality from changes in the patient composi-

tion, we develop and estimate a nursing home production model that considers the patient

composition. First, we create choice sets for each AD/ADRD patient who was discharged

from an acute care hospital stay. The patient’s choice set comprises all nursing homes that

are located within 50 miles of the patient’s former address, in addition to the outside good,

which is home health care. Then, we first estimate a mixed logit nursing home choice

model, enriched by an outside good corresponding to home care. Indexing patients by i

and providers by j and denoting by t the year of the hospital discharge, patients maximize

the following indirect conditional utility function:

uijt =


δj + x′ijtβ

x + z′ijβ
z + ηij if j in i’s SNF choice JSNF

i

πi + γt + ηio if outside good
(15)

ηij ∼ i.i.d. extreme value (16)

πi ∼ N(0, σ2) (17)

Where xijt denotes observable patient, nursing home, and year-specific characteristics.

zij denotes preference shifters (instruments), excluded from the health outcome equation

20For a successful merge, the hospital stay precedes the nursing home stay by at most two weeks, and it
ends before the SNF stay. Further, the ID of the discharged nursing home allows the identification of the
destination nursing home. We find successful nursing home matches for 37.6% of all index stays, which is
almost identical to the share of patients discharged to any nursing home (36.9%). We assume that patients
not matched to a nursing home choose home care, considering that it is by far the most common alternative
discharge destination, see Table D.3. To ensure a sufficiently large number of observations per nursing home
for the value-added estimation below, we pool nursing homes with fewer than 50 admissions throughout the
sample period with the outside good.
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below. Our instrument is the distance between a patient’s home address and any nurs-

ing home in the choice set. Further, δj denotes a SNF fixed effects and captures vertical

differentiation between choice options, conditional on x and z. γt denotes year fixed ef-

fects, capturing intertemporal changes in preferences for nursing home care. ηij captures a

horizontal taste shock, which is distributed i.i.d. extreme value.

Finally, to capture substitution patterns between inside goods (nursing homes) and the

outside good (home care), we add a random coefficient to the logit choice framework. This

preference shock for the outside good is πi and follows a normal distribution. We estimate

the demand model via simulated Maximum Likelihood Estimation.We model health out-

comes, measured via mortality and readmission rates, as a binary outcome. The underlying

latent health index mijt is given by:

mijt = αj + αt + x′ijtα
x + ϵit, (18)

Where xijt is defined as above. αt denotes year fixed effects, and αj denotes the value-

added of provider j to patient health. Finally, ϵit are unobserved differences in patient

health, following a standard normal distribution.

A key challenge to the estimation of equation (18) is that we only observe outcomes at

(endogenously) chosen nursing homes. To correct for such selection, we exploit exogenous

variation via an excluded instrument. Put differently, we require variation in preferences

that only affect health through provider choice. Following the literature (Einav, Finkelstein,

and Mahoney, 2022), we use the distance between a patient’s home address and any nurs-

ing home in her choice set as an instrument. The key exclusion restriction is that distance

to the next SNF only affects patient health through an increased probability of choosing

that nursing home. As shown below, distance to nursing homes is a key determinant of

provider choice and thus a relevant instrument while its validity is not formally testable.

We then follow Dubin and McFadden (1984) and adopt a control function approach, de-

tailed in Appendix Section E, where we proceed in two steps. First, we estimate the choice

model. Second, we construct the control functions and estimate the parameters of equation

18 via simulated maximum likelihood.
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Mixed Logit Results: Panel A of Table 2 presents select parameter estimates from equa-

tion (15), which are all statistically significant at the 95% level. Distance to nursing homes,

our instrument, is an important choice predictor; the precisely estimated coefficient on log

distance is −1.51. Further, consistent with the public moral hazard channel, nursing home

admissions (after a hospital stay) become more likely after they are municipalized.

[Insert Table 2 about here]

The remaining rows summarize the marginal utility of select demographics for the out-

side good, that is, home health care instead of institutional SNF care. The negative coef-

ficient on age suggests that older dementia patients are more likely to be admitted to a

nursing home after a hospital stay. The same applies to women, white patients, and pa-

tients with longer hospital index stays. Finally, we estimate a large standard deviation on

the random coefficient, σ. A one standard deviation drop in the random coefficient cor-

responds to the effect size of an extra 42 life years (0.42*18.01=7.6). This suggests that the

random coefficient plays a vital role in capturing heterogeneity in preferences between the

outside and the inside goods.

Panel B of Table 2 presents select parameter estimates for the health outcome equation

(18). As discussed, we exclude log distance from this equation. Further, we redirect out-

comes to give parameters a ”positive” interpretation, meaning ”better” outcomes. Older

patients, white patients, and patients with longer hospital stays are in worse health and

have a lower 1-year survival rate, whereas women have a higher survival rate. Impor-

tantly, we do not find that nursing home acquisitions improve health. The coefficient in

the first row is positive but statistically insignificant. Applying 95% statistical confidence

intervals, we can exclude that muncipalizations decrease survival rates by more than 4% or

increase them by more than 9%, respectively. In other words, holding the patient composi-

tion fixed, we do not find evidence for systematic changes in the quality of nursing home

care received following municipalizations.

Valued Added Results: To investigate whether higher patient volume (”public moral

hazard”) affects mortality or readmission rates, we turn to the estimated value-added co-

efficients, αj, again redirected to denote positive effects. Figure 6a shows the distribution

of these SNF value-added estimates concerning one-year survival rates in nursing homes
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relative to home health care. To facilitate the interpretation, we display SNF value-added

estimates net of the outside good, in descending order from highest to lowest (net-of-home-

care) value-added. Hence, the dashed horizontal line corresponds to the value-added of

the outside good.

[Insert Figure 6 about here]

Figure 6a provides several insights. First, 80% of nursing homes are situated in the

upper half. They have a higher average value-added than outpatient long-term care. Con-

versely, 20% are situated in the bottom half, indicating a lower value-added compared to

outpatient care.21

Second, heterogeneity in quality of care is very large, consistent with the recent litera-

ture (Einav, Finkelstein, and Mahoney, 2022). The value added drops from 0.5 to about -0.5

when moving from the 10th to the 90th percentile, which corresponds to comparing the life

expectancy of a 65-year-old to a 100-year-old in a given nursing home (0.35*3.09≈1.).

Third, Figure E.2 (Appendix) shows a scatterplot between the valued-added estimates

and the control function coefficients ϕk of equation (E.2). We find a strong negative rela-

tionship similar to Einav, Finkelstein, and Mahoney (2022). The negative preference se-

lection (ϕ < 0) for higher-quality nursing homes is consistent with an adverse selection

mechanism, where sicker patients with higher mortality prefer higher value-added nurs-

ing homes. Further, the selection coefficient ψ is small compared to the ϕ estimates, see Ψη

in Table 2.

Robustness: The value-added estimates naturally carry noise. We, therefore, pool nurs-

ing homes into higher and lower-quality nursing homes. Motivated by Figure 6, we pool

the bottom quintile of nursing homes—those whose point estimate falls short of the outside

option—and label them ”low-quality.” Conversely, we label the top quintile ”high-quality.”

The first row of Table 3 shows the average (standardized) one-year survival rate across

these two groups of nursing homes. Survival is 1.16 (1.12) standard deviations higher

among high (low) quality nursing homes, compared to quintiles two to four.

21Figure 6b applies a shrinkage technique from the empirical Bayes literature to adjust for possible biases
(Morris, 1983; McClellan and Staiger, 2000; Chandra et al., 2016). Shrinking reduces effect size differences,
but effect heterogeneity remains large. Moreover, the qualitative comparisons to the outside good remain
essentially unchanged. We, therefore, continue with our unadjusted estimates.
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To put these estimates into perspective, the lowest value-added estimate in the group

of higher-quality nursing homes implies a one-year mortality rate of 16%, see Panel B of

Table 3. And the highest value-added estimate in the group of lower-quality nursing homes

implies a one-year mortality rate of 32%.22 In robustness exercises, we use 30 and 90-

day hospital readmission rates as health outcomes, yielding qualitatively similar results.

Moreover, nursing homes with the highest estimated survival rates also have lower 30 and

90-day readmission rates validating our categorization (see second and third row of Table

3).

[Insert Table 3 about here]

Panel B of Table 2 shows SNF characteristics and the CMS star rating. These pro-

vide alternative quality of care measures. Using data from LTC Focus, we document that

”high-quality” nursing homes (based on value-added estimates) also have higher regis-

tered nurse (RN)-to-patient staffing ratios, and a higher RN-to-nurse ratio. Further, they

have higher CMS star ratings. These checks illustrate that our proposed method and cate-

gorization into high and low-quality nursing homes capture actual and meaningful differ-

ences in the quality of care.

4.4 Quantity Expansions and Quality of Care

Building on Table 3, we now investigate whether low-quality or high-quality nursing homes

drive the public moral hazard channel. Figure 7 presents changes in Medicaid days for

dementia patients in high-quality (Figure 7a) and low-quality nursing homes (Figure 7b).

While we also see volume increases in higher-quality nursing homes, they are dispropor-

tionately larger in lower-quality nursing homes. Further, Panel B of Table 1shows an in-

crease of 1952 Medicaid days per nursing home and year in lower-quality nursing homes.

In higher-quality nursing homes, the increase is 1106 days. One factor is access capacity.

The third and fourth column of Table 1 show that the volume increase is concentrated in

nursing homes with less than 90% occupancy.

Taking stock, we find that the identified public moral hazard channel is concentrated in

nursing homes with excess capacity that are, on average, of lower quality.

22The mortality estimates are calculated for an 85-year-old white female patient with a 6-day index hospital
stay.
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4.5 Misallocation

Before we conclude, we connect our findings to our conceptual framework in Figure 3. The

objective is to assess the implications for allocative health care efficiency. To recall, we view

the public hospital-SNF system as ”the Agent”, playing a game against ”the Principal”, aka

the federal government.

Agent’s Benefit Function: We approximate the benefit function of a representative public

state entity—the Agent—via CES preferences given by:

B(θ, Q) = v(θ, Q) + π(θ, Q) ≈
[

γ × log(Q)ρ + (1 − γ)× θρ

] 1
ρ

(19)

This benefit function combines non-pecuniary benefits, v(θ, Q), and nursing home rev-

enues, π(θ, Q). To tie this subsection closely to the theoretical framework, we model di-

verted hospital transfers via provider costs, see below. The benefit function increases in

the volume of nursing home care, Q, and the quality of care. We define quality by the

one-year nursing home survival rate, θ = 1 − mSNF. The parameter γ captures the relative

importance of care volume.23

Agent’s Costs: Next, we specify the net costs for the SNF-hospital system, with and with-

out creative financing (CF). Without creative financing, total costs are the product of aver-

age (variable) costs, AC, and overall volume of care, Q, see the first row of:

log(Costs) =


log(Q) + log(AC) No CF

log(Q) + log(AC − FMAP × (P − R)) CF
(20)

With creative financing, the Agent diverts additional monies, denoted by P − R, the

”markup”, assuming that only FMAP × (P − R) can be diverted (see second row).24

23Consistent with the theoretical discussion, we abstract away from changes in preferences over outcomes
following the acquisition of nursing homes. We note that the management of nursing homes typically re-
mained unchanged following the acquisition, motivating this assumption.

24As discussed, Indiana redirected a significant fraction of its UP-SP contributions to the state budget.
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Health Production: Producing higher care quality is costly, requiring, for instance, a

higher nurse-to-patient ratio. To keep the exposition tractable, we assume that quality

is proportional to the average variable costs per patient and day:

θ = 1 − mSNF = β × log(AC) . (21)

Similar to the discussion in Section 3, this allows us to express benefits and costs in

terms of quality and quantity, that is, mortality and care volume.

Calibration: Section 4.2 finds a 14% increase in Medicaid days among dementia patients.

Absent a natural unit volume, we normalize log volume without creative financing to one,

and consider robustness around different values. We then calculate survival, pre- and post-

municipalization: First, we take one-year survival in each of the three quintile groups in

Table 3. Pre municipalization, survival is the weighted average over the three estimates,

and implies a one-year survival rate of 75.5%. We find a 20% increase in volume in lower-

quality nursing homes, and a 10% increase in the remaining nursing homes, reducing the

average one-year survival rate to 75.1%.

Next, we solve for the first order conditions with and without creative financing, and

use the estimated changes in volume and mortality to calibrate the unknown model pa-

rameters. The slope of the cost curve flattens from -1 to −(1 − FMAP × P−R
AC ) (Figure3)

with creative financing. The base Medicaid reimbursements are cost-based and often as-

sumed to be approximately equal to average costs. We therefore assume AC = R and use

the estimates from Section 4.2 to arrive at a slope of −(1 − 0.68 × 5.2−3.1
3.1 ) = −0.54. With

two conditions and three unknown parameters (β, γ, ρ), we need to impose one additional

normalization and set β = 1. We then set γ = 0.78 and ρ = −3.54 to match the first order

conditions pre and post creative financing.

Results: Figure 8 illustrates the quality-quantity tradeoff based on the empirical evidence

from Indiana. The horizontal axis denotes log Medicaid dementia patient days per nursing

home and year. The vertical axis denotes one-year survival rates. The red circle denotes

the allocation without creative financing, and the gray upward sloping line denotes the
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expansion path. The red diamond denotes the allocation with creative financing, which is

situated below the optimal expansion path.

To measure distortions, we add two curves to the framework. First, we add the social

budget constraint with a slope of -1, going through the allocation with creative financing,

denoted by the blue line. The intersection between this line and the expansion path, the

triangular point, denotes the optimal bundle, holding total effective costs (under creative

financing) fixed. Second, we add the indifference curve, going through the allocation with

creative financing. The intersection between the indifference curve and the expansion path,

the blue pentagon point, denotes the allocation that achieves the same social objective but

at lower costs.

Note that the cost savings depend on the parametric restrictions on the objective func-

tion. Based on the calibrated parameters, we find costs savings of about 3.4%.

5 Discussion and Conclusion

This paper studies the misallocation of federal Medicaid matching funds and their implica-

tions for patients and providers in the context of the large and growing Medicaid program.

Using digitized audit reports from 18 states and 2000-2017 data on the universe of nursing

homes, we first document that many states use creative financing schemes. In the nurs-

ing home industry, these programs inflated nominal reimbursement rates by 40% while

diverting at least $17 billion in Medicaid funds between 2000-2002. This diversion of funds

increased the effective federal cost share (FMAP) by 16 percentage points, significantly

more than previously documented.

Next, we focus on a specific creative financing scheme in Indiana. We document that it

led to an expansion of nursing home care to maximize federal matching funds. We coin this

expansion of public insurance use in response to the federal cost share “public moral haz-

ard.” Specifically, Indiana first municipalized private nursing homes, and then expanded

Medicaid nursing home capacities. The intention was to reinstate creative financing in re-

sponse to a federal reform. As a result, between 2000 and 2017, the share of public nursing

homes increased from 5% to 95% in Indiana. Following the municipalization, in line with

our theoretical predictions, the volume of Medicaid days increased significantly. We find

that this volume expansion was driven by an increase in Medicaid inpatient days among
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patients diagnosed with Alzheimer’s disease and Alzheimer’s disease-related dementias

(AD/ADRD).

Third, we evaluate how the Indiana scheme affected patients by estimating a nursing

home value-added model using administrative CMS microdata, focusing on dementia pa-

tients and their one-year survival rates. Our findings are threefold: First, there was no

notable change in nursing home quality after municipalization. Second, quality disparities

are significant; shifting patients from the lowest to highest-quality quintile would boost

their survival rate by 17 percentage points. Third, while quantity increased across all five

SNF quality quintiles, the largest expansion occurred in the lowest quintile.

In the paper’s final section, we link our results to our theoretical framework. Our find-

ings show that Indiana’s policies skew the quality-quantity balance by promoting lower-

quality nursing home care expansion. Optimally, reallocating some Medicaid funds to

enhance care quality or usage at higher-quality facilities could cut costs on dementia care

by 3.4% without compromising quality-adjusted quantity of care.

Going beyond our empirical setting, creative financing can explain the persistently low

effective Medicaid reimbursement rates that contribute to the systematic quality shortfalls

in the nursing home industry (Grabowski, 2001; Hackmann, 2019). Further, ”public moral

hazard” creates volume biases towards inpatient long-term care use. According to Evans,

Hopkins, and Cook (2020b): “The state’s [Indiana’s] elder care system is now so skewed to

nursing homes [...] that the expansion of alternative options such as in-home care has been

stifled.” To our knowledge, this is the first paper that has carved out creative financing

as one reason for such institutional bias, in addition to Medicaid’s (i) fee-for-service reim-

bursement (Hackmann, Pohl, and Ziebarth, 2024), (ii) eligibility standards (Grabowski and

Gruber, 2007; Mommaerts, 2018), and (iii) lack of home and community-based care alter-

natives to nursing home care (Muramatsu et al., 2007; Guo, Konetzka, and Manning, 2015;

Wang et al., 2020).
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Abdulkadiroğlu, Atila, Parag A Pathak, Jonathan Schellenberg, and Christopher R Walters.
2020. “Do parents value school effectiveness?” American Economic Review 110 (5):1502–

31

https://www.stats.indiana.edu/stats_dpage/dpage.asp?id=71&view_number=2&menu_level=&panel_number=.
https://www.stats.indiana.edu/stats_dpage/dpage.asp?id=71&view_number=2&menu_level=&panel_number=.
https://www.stats.indiana.edu/stats_dpage/dpage.asp?id=71&view_number=2&menu_level=&panel_number=.


39.

Agrawal, David R. 2015. “The Tax Gradient: Spatial Aspects of Fiscal Competition.” Amer-
ican Economic Journal: Economic Policy 7 (2):1–29.

Averch, Harvey and Leland L Johnson. 1962. “Behavior of the Firm Under Regulatory
Constraint.” The American Economic Review 52 (5):1052–1069.

Baicker, Katherine, Sendhil Mullainathan, and Joshua Schwartzstein. 2015. “Behavioral
Hazard in Health Insurance.” The Quarterly Journal of Economics 130 (4):1623–1667.

Baicker, Katherine and Douglas Staiger. 2005. “Fiscal Shenanigans, Targeted Federal Health
Care Funds, and Patient Mortality.” The Quarterly Journal of Economics 120 (1):345–386.

Callaway, Brantly and Pedro HC Sant’Anna. 2021. “Difference-in-Differences with Multiple
Time Periods.” Journal of Econometrics 225 (2):200–230.

CCS, HCUP. 2017. Healthcare Cost and Utilization Project (HCUP). Agency for Healthcare
Research and Quality, Rockville, MD. www.hcup-us.ahrq.gov/toolssoftware/
ccs/ccs.jsp, retrieved November 13, 2023.

Centers for Medicare & Medicaid Services. 2020a. Expenditure Reports From MBES/CBES.
https://www.medicaid.gov/medicaid/financial-management/state-
expenditure-reporting-for-medicaid-chip/expenditure-reports-
mbescbes/index.html, retrieved January 4, 2021.

———. 2020b. Nursing Home Compare. https://www.medicare.gov/care-
compare/, retrieved January 4, 2021.

Chandra, Amitabh, Amy Finkelstein, Adam Sacarny, and Chad Syverson. 2016. “Health
Care Exceptionalism? Performance and Allocation in the US Health Care Sector.” Amer-
ican Economic Review 106 (8):2110–2144.

Cheng, Alden. 2023. “Demand for Quality in the Presence of Information Frictions: Evi-
dence from the Nursing Home Market.” Mimeo.

Chidambaram, P and Alice Burns. 2023. “How Many People Use Medicaid Long-Term
Services and Supports and How Much Does Medicaid Spend on Those People?” Tech.
rep. https://www.kff.org/medicaid/issue-brief/how-many-people-
use-medicaid-long-term-services-and-supports-and-how-much-does-
medicaid-spend-on-those-people/, retrieved February 28, 2025.

Clemens, Jeffrey and Joshua D Gottlieb. 2014. “Do Physicians’ Financial Incentives Affect
Medical Treatment and Patient Health?” American Economic Review 104 (4):1320–49.

Clemens, Jeffrey and Benedic Ippolito. 2018. “Implications of Medicaid Financing Reform
for State Government Budgets.” Tax Policy and the Economy 32 (1):135–172.

Clemens, Jeffrey and Stan Veuger. 2023. “Intergovernmental Grants and Policy Competi-
tion: Concepts, Institutions, and Evidence.” Tech. rep., National Bureau of Economic
Research Working Paper 31251.

Committee for a Responsible Federal Budget. 2023a. “Medicaid Provider Taxes Inflate Fed-
eral Matching Funds.” https://www.crfb.org/papers/medicaid-provider-
taxes-inflate-federal-matching-funds, retrieved November 24, 2023.

32

www.hcup-us.ahrq.gov/toolssoftware/ccs/ccs.jsp
www.hcup-us.ahrq.gov/toolssoftware/ccs/ccs.jsp
https://www.medicaid.gov/medicaid/financial-management/state-expenditure-reporting-for-medicaid-chip/expenditure-reports-mbescbes/index.html
https://www.medicaid.gov/medicaid/financial-management/state-expenditure-reporting-for-medicaid-chip/expenditure-reports-mbescbes/index.html
https://www.medicaid.gov/medicaid/financial-management/state-expenditure-reporting-for-medicaid-chip/expenditure-reports-mbescbes/index.html
https://www.medicare.gov/care-compare/
https://www.medicare.gov/care-compare/
https://www.kff.org/medicaid/issue-brief/how-many-people-use-medicaid-long-term-services-and-supports-and-how-much-does-medicaid-spend-on-those-people/
https://www.kff.org/medicaid/issue-brief/how-many-people-use-medicaid-long-term-services-and-supports-and-how-much-does-medicaid-spend-on-those-people/
https://www.kff.org/medicaid/issue-brief/how-many-people-use-medicaid-long-term-services-and-supports-and-how-much-does-medicaid-spend-on-those-people/
https://www.crfb.org/papers/medicaid-provider-taxes-inflate-federal-matching-funds
https://www.crfb.org/papers/medicaid-provider-taxes-inflate-federal-matching-funds


———. 2023b. “Time to Fix Medicaid Financing Schemes.” Tech. rep. https:
//www.crfb.org/papers/time-fix-medicaid-financing-schemes, re-
trieved November 24, 2023.

Commonwealth of Pennsylvania. 2005. “Nursing Facility Assessment Program.” Pennsyl-
vania Bulletin 35 (13):1959–1926. https://www.pacodeandbulletin.gov/secure/
pabulletin/data/vol35/35-13/35-13.pdf, retrieved March 5, 2025.

Congressional Budget Office. 2023. Federal Subsidies for Health Insurance: 2023 to 2033.
https://www.cbo.gov/publication/59273, retrieved November 25, 2023.

Coughlin, T. A. and S. Zuckerman. 2003a. “States’ Strategies for Tapping Federal Revenues:
Implications and Consequences of Medicaid Maximization.” In Federalism and Health
Policy, edited by J. Holahan, A. Weil, and J. M. Wiener, chap. 5. 145–178.

Coughlin, Teresa A., Brian K. Bruen, and Jennifer King. 2004. “States’ Use Of Medicaid
UPL and DSH Financing Mechanisms.” Health Affairs 23 (2):245–257.

Coughlin, Teresa A. and Stephen Zuckerman. 2003b. “States’ Strategies for Tapping Federal
Revenues: Implications and Consequence of Medicaid Maximization.” In Federalism and
Health Policy, edited by John Holahan, Alan Weil, and Joshua M. Wiener, chap. 5. The
Urban Institute Press, ”145–178”.

Dahlby, Bev. 1996. “Fiscal Externalities and the Design of Intergovernmental Grants.” In-
ternational Tax and Public Finance 3:397–412.

Department for Health and Human Services. 2025. Office of Inspector General. https:
//oig.hhs.gov/., retrieved December 9, 2025.

Department for Health and Human Services: Office of Inspector General. 2001a. Review of
Medicaid Enhanced Payments to Public Providers and the Use of Intergovernmental Transfers
by the Alabama State Medicaid Agency (A-04-00-02165).

———. 2001b. Review of Medicaid Enhanced Payments to Public Providers and the Use of Inter-
governmental Transfers by the State of Nebraska (A-07-00-02076).

———. 2001c. Review of Medicaid Supplemental Payments to Public Hospital District Nursing
Facilities and the Use of Intergovernmental Transfers by Washington State (A-10-00-0001 1).

———. 2001d. Review of the Commonwealth of Pennsylvania’s Use of Intergovernmental Trans-
fers to Finance Medicaid Supplementation Payments to County Nursing Facilities (A-03-00-
00203).

———. 2004a. Review of State Fiscal 2002 Medicare Upper Payment Calculations and Payments:
Kentucky Medicaid Agency (A-04-03-02029).

———. 2004b. Review of Tennessee’s Intergovernmental Transfers (A-04-02-02018).

———. 2005a. Audit of New York State’s Medicaid Upper Payment Limits for Non-State Govern-
ment Inpatient Hospitals and Nursing Homes (A-02-03-01021).

———. 2005b. Review of Alabama’s Medicaid Upper-Payment-Limit Calculations for Hospitals
and Nursing Facilities (A-04-03-02027).

———. 2005c. Review of Indiana’s Medicaid Upper Payment Limits for State Fiscal Years 2001
and 2002 (A-05-03-00068).

33

https://www.crfb.org/papers/time-fix-medicaid-financing-schemes
https://www.crfb.org/papers/time-fix-medicaid-financing-schemes
https://www.pacodeandbulletin.gov/secure/pabulletin/data/vol35/35-13/35-13.pdf
https://www.pacodeandbulletin.gov/secure/pabulletin/data/vol35/35-13/35-13.pdf
https://www.cbo.gov/publication/59273
https://oig.hhs.gov/.
https://oig.hhs.gov/.


———. 2005d. Review of Medicaid Upper-Payment-Limit Requirements for Kansas Nursing Fa-
cility Reimbursement (A-07-03-02672) .

———. 2005e. Review of Mississippi’s Medicaid Upper-Payment-Limit Calculations for Hospitals
and Nursing Facilities (A-04-03-02025).

———. 2014. Colorado Claimed Unallowable Medicaid Nursing Facility Supplemental Payments
(A-07-14-04215) .

Dubin, Jeffrey A and Daniel L McFadden. 1984. “An Econometric Analysis of Residential
Electric Appliance Holdings and Consumption.” Econometrica :345–362.

Duggan, Mark G. 2000. “Hospital Ownership and Public Medical Spending.” The Quarterly
Journal of Economics 115 (4):1343–1373.

Einav, Liran, Amy Finkelstein, and Neale Mahoney. 2018. “Provider Incentives and Health-
care Costs: Evidence from Long-Term Care Hospitals.” Econometrica 86 (6):2161–2219.

———. 2022. “Producing Health: Measuring Value Added of Nursing Homes.” Working
Paper 30228, National Bureau of Economic Research.

Eliason, Paul J., Paul L. E. Grieco, Ryan C. McDevitt, and James W. Roberts. 2018. “Strategic
Patient Discharge: The Case of Long-Term Care Hospitals.” American Economic Review
108 (1):3232–3265.

Estrada, Leah V., Veronica Barcelona, Lara Dhingra, Jose A. Luchsinger, Andrew W. Dick,
Laurent G. Glance, and Patricia W. Stone. 2024. “Potentially Avoidable Hospitaliza-
tions Among Historically Marginalized Nursing Home Residents.” JAMA Network Open
7 (5):e249312–e249312.

Evans, T, E Hopkins, and T Cook. 2020a. “Nursing Home Residents Suffer as County
Hospitals Rake in Millions.” Indianapolis Star: March 9:2020.

Evans, Tim, Emily Hopkins, and Tony Cook. 2020b. “Careless.” Indianapolis Star
https://eu.indystar.com/in-depth/news/investigations/2020/03/11/
indiana-nursing-home-patients-suffer-medicaid-money-diverted-
hospitals/2517834001/, retrieved May 24, 2021.

———. 2021. “Lawsuit: Johnson County Hospital Paid $6M a Year in Illegal Nurs-
ing Home Kickbacks.” Indianapolis Star www.indystar.com/in-depth/news/
investigations/2020/10/22/nursing-home-fraud-whistleblower-
johnson-county-indianapolis-indiana/5678049002/.

Federal Register. 2001. “Part III: Department of Health and Human Services, 42 CFR Part
447.” Federal Register 66 (9):”3148–3177”. https://www.govinfo.gov/link/fr/66/
3147, retrieved April 29, 2021.

———. 2019. “Medicaid Program; Medicaid Fiscal Accountability Regulation, 42 CFR.”
Federal Register https://www.federalregister.gov/documents/2019/11/
18/2019-24763/medicaid-program-medicaid-fiscal-accountability-
regulation, retrieved May 24, 2021.

Finkelstein, Amy, Sarah Taubman, Bill Wright, Mira Bernstein, Jonathan Gruber, Joseph P
Newhouse, Heidi Allen, Katherine Baicker, and Oregon Health Study Group. 2012. “The
Oregon Health Insurance Experiment: Evidence from the First Year.” The Quarterly Jour-
nal of Economics 127 (3):1057–1106.

34

https://eu.indystar.com/in-depth/news/investigations/2020/03/11/indiana-nursing-home-patients-suffer-medicaid-money-diverted-hospitals/2517834001/
https://eu.indystar.com/in-depth/news/investigations/2020/03/11/indiana-nursing-home-patients-suffer-medicaid-money-diverted-hospitals/2517834001/
https://eu.indystar.com/in-depth/news/investigations/2020/03/11/indiana-nursing-home-patients-suffer-medicaid-money-diverted-hospitals/2517834001/
www.indystar.com/in-depth/news/investigations/2020/10/22/nursing-home-fraud-whistleblower-johnson-county-indianapolis-indiana/5678049002/
www.indystar.com/in-depth/news/investigations/2020/10/22/nursing-home-fraud-whistleblower-johnson-county-indianapolis-indiana/5678049002/
www.indystar.com/in-depth/news/investigations/2020/10/22/nursing-home-fraud-whistleblower-johnson-county-indianapolis-indiana/5678049002/
https://www.govinfo.gov/link/fr/66/3147 
https://www.govinfo.gov/link/fr/66/3147 
https://www.federalregister.gov/documents/2019/11/18/2019-24763/medicaid-program-medicaid-fiscal-accountability-regulation
https://www.federalregister.gov/documents/2019/11/18/2019-24763/medicaid-program-medicaid-fiscal-accountability-regulation
https://www.federalregister.gov/documents/2019/11/18/2019-24763/medicaid-program-medicaid-fiscal-accountability-regulation


Fosdick, D. 2007. “A Summary of Quality Assurance Assessment Programs. July/ August.”
Lansing, MI: State Fiscal Agency, Michigan Senate. www.senate.michigan .gov .

Gabrel, Celia S. 2000. “An Overview of Nursing Home Facilities: Data from the 1997 Na-
tional Nursing Home Survey.” Advance Data 1 (311):1–12.

Gandhi, Ashvin, YoungJun Song, and Prabhava Upadrashta. 2023. “Pri-
vate Equity, Consumers, and Competition.” mimeo. http://
selective admissions.ashvingandhi.com/, last retrieved December 4, 2023.

Gordon, Roger H. 1983. “An Optimal Taxation Approach to Fiscal Federalism.” The Quar-
terly Journal of Economics 98 (4):567–586.

Grabowski, David C. 2001. “Medicaid Reimbursement and the Quality of Nursing Home
Care.” Journal of Health Economics 20 (4):549–569.

Grabowski, David C and Jonathan Gruber. 2007. “Moral Hazard in Nursing Home Use.”
Journal of Health Economics 26 (3):560–577.

Gruber, Jonathan and Benjamin D Sommers. 2020. “Fiscal Federalism and the Budget Im-
pacts of the Affordable Care Act’s Medicaid Expansion.” NBER Working Papers 26862.

Guo, Jing, R Tamara Konetzka, and Willard G Manning. 2015. “The Causal Effects of Home
Care Use on Institutional Long-Term Care Utilization and Expenditures.” Health Eco-
nomics 24:4–17.

Gupta, Atul, Sabrina T Howell, Constantine Yannelis, and Abhinav Gupta. 2021. “Does Pri-
vate Equity Investment in Healthcare Benefit Patients? Evidence from Nursing Homes.”
Tech. rep., National Bureau of Economic Research.

Hackmann, Martin B. 2019. “Incentivizing Better Quality of Care: The Role of Medicaid
and Competition in the Nursing Home Industry.” American Economic Review 109 (5).

Hackmann, Martin B, R Vincent Pohl, and Nicolas Ziebarth. 2024. “Patient Versus
Provider Incentives in Long-Term Care.” American Economic Journal: Applied Economics
16 (3):178–218.

Hatcher, Daniel L. 2017. “Medicaid Maximization and Diversion: Illusory State Practices
that Convert Federal Aid into General State Revenue.” Seattle University Law Review
39 (1225):1225–1261.

House Budget Committee. 2023. “State and Local Government Grants in the Federal
Budget.” Tech. rep. https://budget.house.gov/resources/staff-working-
papers/staff-working-paper-series-state-and-local-government-
grants-in-the-federal-budget, retrieved November 24, 2023.

Indiana Department of Health. 2020. Health Facilities Consumer Reports. https://
www.in.gov/isdh/28260.htm, retrieved January 4, 2021.

Kaiser Family Foundation. 2024a. “10 things about long-term services and supports
(LTSS).” https://www.kff.org/medicaid/issue-brief/10-things-about-
long-term-services-and-supports-ltss/, retrieved March 3, 2025.

———. 2024b. “Total Medicaid Spending.” https://www.kff.org/medicaid/
state-indicator/total-medicaid-spending/, retrieved March 3, 2025.

35

http://selective_admissions.ashvingandhi.com/
http://selective_admissions.ashvingandhi.com/
https://budget.house.gov/resources/staff-working-papers/staff-working-paper-series-state-and-local-government-grants-in-the-federal-budget
https://budget.house.gov/resources/staff-working-papers/staff-working-paper-series-state-and-local-government-grants-in-the-federal-budget
https://budget.house.gov/resources/staff-working-papers/staff-working-paper-series-state-and-local-government-grants-in-the-federal-budget
https://www.in.gov/isdh/28260.htm
https://www.in.gov/isdh/28260.htm
https://www.kff.org/medicaid/issue-brief/10-things-about-long-term-services-and-supports-ltss/
https://www.kff.org/medicaid/issue-brief/10-things-about-long-term-services-and-supports-ltss/
https://www.kff.org/medicaid/state-indicator/total-medicaid-spending/
https://www.kff.org/medicaid/state-indicator/total-medicaid-spending/


———. 2025. “Federal Medical Assistance Percentage (FMAP) for Medicaid and
Multiplier.” https://www.kff.org/medicaid/state-indicator/federal-
matching-rate-and-multiplier, retrieved March 3, 2025.

Ku, Leighton and Edwin Park. 2001. Administration’s Regulation to Reduce Medicaid “Upper
Payment Limit” Would Further Worsen State Budget Crises. https://www.cbpp.org/
sites/default/files/archive/12-11-01health.htm retrieved April 25, 2021.

Lin, Haizhen. 2015. “Quality Choice and Market Structure: A Dynamic Analysis of Nursing
Home Oligopolies.” International Economic Review 56 (4):1261–1290.

Long-Term Care: Facts on Care in the U.S. 2025. Online Survey Certification And Re-
porting (OSCAR)/Certification and Survey Provider Enhanced Reporting (CASPER). http:
//ltcfocus.org/1/about-us, retrieved April 9, 2025.

MACPAC. 2019a. “Nursing Facility Fee-for-Service Payment Policy.” Advising Congress
on Medicaid and CHIP Policy https://www.macpac.gov/wp-content/uploads/
2019/12/Nursing-Facility-Fee-for-Service-Payment-Policy.pdf, re-
trieved May 24, 2021.

———. 2019b. “Upper Payment Limit Supplemental Payments.” Advising Congress
on Medicaid and CHIP Policy https://www.macpac.gov/wp-content/uploads/
2021/11/Upper-Payment-Limit-Supplemental-Payments.pdf, retrieved De-
cember 7, 2021.

———. 2021. “The Effect of State Approaches to Medicaid Financing on Federal
Medicaid Spending.” Issue brief, advising congress on medicaid and chip pol-
icy. https://www.macpac.gov/publication/the-effect-of-state-
approaches-to-medicaid-financing-on-federal-medicaid-spending/,
retrieved December 7, 2023.

Mangano, Michael F. 2001. “Review of the Commonwealth of Pennsylvania’s Use of In-
tergovernmental Transfers to Finance Medicaid Supplementation Payments to County
Nursing Facilities.” Memo from acting inspector general to acting principal deputy ad-
ministrator of the health carefinancing administration.

McClellan, Mark and Douglas Staiger. 2000. “Comparing the Quality of Health Care
Providers.” In Forum for Health Economics & Policy, vol. 3.

McGuire, Thomas G. 2000. “Physician Agency.” In Handbook of Health Economics, vol. 1,
edited by Anthony J. Culyer and Joseph P. Newhouse. Elsevier Science, 461–536.

MDS. 2020. Long-Term Care Minimum Data Set. https://www.cms.gov/
Medicare/Quality-Initiatives-Patient-Assessment-Instruments/
NursingHomeQualityInits/NHQIMDS30, retrieved April 9, 2020.

Medicaid and CHIP Payment and Access Commission. 2021. “Exhibit 25: Medicaid Sup-
plemental Payments to Non-Hospital Providers by State, FY 2020 (millions).” MACStats:
Medicaid and CHIP Data Book Available at https://www.macpac.gov/wp-content/
uploads/2015/11/EXHIBIT-25.-Medicaid-Supplemental-Payments-to-
Non-Hospital-Providers-by-State-FY-2020-millions.pdf.

Miller, Edward Alan and Lili Wang. 2009. “Maximizing Federal Medicaid Dollars: Nurs-
ing Home Provider Tax Adoption, 2000–2004.” Journal of Health Politics, Policy and Law
34 (6):899–930.

36

https://www.kff.org/medicaid/state-indicator/federal-matching-rate-and-multiplier
https://www.kff.org/medicaid/state-indicator/federal-matching-rate-and-multiplier
https://www.cbpp.org/sites/default/files/archive/12-11-01health.htm
https://www.cbpp.org/sites/default/files/archive/12-11-01health.htm
http://ltcfocus.org/1/about-us
http://ltcfocus.org/1/about-us
https://www.macpac.gov/wp-content/uploads/2019/12/Nursing-Facility-Fee-for-Service-Payment-Policy.pdf
https://www.macpac.gov/wp-content/uploads/2019/12/Nursing-Facility-Fee-for-Service-Payment-Policy.pdf
https://www.macpac.gov/wp-content/uploads/2021/11/Upper-Payment-Limit-Supplemental-Payments.pdf
https://www.macpac.gov/wp-content/uploads/2021/11/Upper-Payment-Limit-Supplemental-Payments.pdf
https://www.macpac.gov/publication/the-effect-of-state-approaches-to-medicaid-financing-on-federal-medicaid-spending/
https://www.macpac.gov/publication/the-effect-of-state-approaches-to-medicaid-financing-on-federal-medicaid-spending/
https://www.cms.gov/Medicare/Quality-Initiatives-Patient-Assessment-Instruments/NursingHomeQualityInits/NHQIMDS30
https://www.cms.gov/Medicare/Quality-Initiatives-Patient-Assessment-Instruments/NursingHomeQualityInits/NHQIMDS30
https://www.cms.gov/Medicare/Quality-Initiatives-Patient-Assessment-Instruments/NursingHomeQualityInits/NHQIMDS30
https://www.macpac.gov/wp-content/uploads/2015/11/EXHIBIT-25.-Medicaid-Supplemental-Payments-to-Non-Hospital-Providers-by-State-FY-2020-millions.pdf
https://www.macpac.gov/wp-content/uploads/2015/11/EXHIBIT-25.-Medicaid-Supplemental-Payments-to-Non-Hospital-Providers-by-State-FY-2020-millions.pdf
https://www.macpac.gov/wp-content/uploads/2015/11/EXHIBIT-25.-Medicaid-Supplemental-Payments-to-Non-Hospital-Providers-by-State-FY-2020-millions.pdf


Miller, Sarah, Norman Johnson, and Laura R Wherry. 2021. “Medicaid and Mortality: New
Evidence From Linked Survey and Administrative Data.” The Quarterly Journal of Eco-
nomics 136 (3):1783–1829.

Mitchell, Alison. 2018. Medicaid Supplemental Payments.

Mommaerts, Corina. 2018. “Are Coresidence and Nursing Homes Substitutes? Evidence
from Medicaid Spend-Down Provisions.” Journal of Health Economics 59:125–138.

Morris, Carl N. 1983. “Parametric empirical Bayes inference: theory and applications.”
Journal of the American statistical Association 78 (381):47–55.

Mukamel, Dana B., Debra Saliba, Heather Ladd, and R. Tamara Konetzka. 2023. “Dementia
Care Is Widespread In US Nursing Homes; Facilities With The Most Dementia Patients
May Offer Better Care.” Health Affairs 42 (6):795–803.

Muramatsu, Naoko, Hongjun Yin, Richard T Campbell, Ruby L Hoyem, Martha A Jacob,
and Christopher O Ross. 2007. “Risk of Nursing Home Admission among Older Amer-
icans: Does States’ Spending on Home-and Community-Based Services Matter?” The
Journals of Gerontology Series B: Psychological Sciences and Social Sciences 62 (3):S169–S178.

Oates, Wallace E. 1999. “An Essay on Fiscal Federalism.” Journal of Economic Literature
37 (3):1120–1149.

Olenski, Andrew and Szymon Sacher. 2024. “Estimating Nursing Home Quality with Se-
lection.” Review of Economics and Statistics :1–31.

Pahud, Kevid and Mark Myers. 2016. “Webinar on Skilled Nursing Supplemental
Payment Programs: Architecture for Expansion & Utilization.” BKD National Health
Care Group Webinar. URL https://www.bkd.com/webinar/2016/08/skilled-
nursing-supplemental-payment-programs-architecture-expansion-
utilization.

Rudowitz, Robin. 2017. Key Questions: Medicaid Block Grants & Per Capita Caps.

Shi, Maggie. 2023. “Monitoring for Waste: Evidence from Medicare Audits.” The Quarterly
Journal of Economics 139 (2):993–1049.

Spanko, Alex. 2019. “Medicare Advantage Eats Into Margin Gains for Skilled Nursing
Facilities.” Skilled Nursing News https://skillednursingnews.com/2019/03/
medicare-advantage-eats-into-margin-gains-for-skilled-nursing-
facilities/, retrieved May 24, 2021.

The Associated Press-NORC Center for Public Affairs Research. 2021. “Long-Term Care in
America: Americans Want to Age at Home.” Tech. rep. https://apnorc.org/wp-
content/uploads/2021/04/LTC Report AgingatHome final.pdf, retrieved
February 28, 2025.

Travers, Jasmine L., Erinn M. Hade, Steven Friedman, Aasha Raval, Kimberly Hadson, and
Jason R. Falvey. 2024. “Staffing and Antipsychotic Medication Use in Nursing Homes
and Neighborhood Deprivation.” JAMA Network Open 7 (4):e248322–e248322.

U.S. Department of Health and Human Services. 2001. “Medicaid Program; Revision to
Medicaid Upper Payment Limit Requirements to Hospital Services, Nursing Facility Ser-
vices, Intermediate Care Facility Services for the Mentally Retarded, and Clinic Services.”
Federal Register 66 (9):3148.

37

https://www.bkd.com/webinar/2016/08/skilled-nursing-supplemental-payment-programs-architecture-expansion-utilization
https://www.bkd.com/webinar/2016/08/skilled-nursing-supplemental-payment-programs-architecture-expansion-utilization
https://www.bkd.com/webinar/2016/08/skilled-nursing-supplemental-payment-programs-architecture-expansion-utilization
https://skillednursingnews.com/2019/03/medicare-advantage-eats-into-margin-gains-for-skilled-nursing-facilities/
https://skillednursingnews.com/2019/03/medicare-advantage-eats-into-margin-gains-for-skilled-nursing-facilities/
https://skillednursingnews.com/2019/03/medicare-advantage-eats-into-margin-gains-for-skilled-nursing-facilities/
https://apnorc.org/wp-content/uploads/2021/04/LTC_Report_AgingatHome_final.pdf
https://apnorc.org/wp-content/uploads/2021/04/LTC_Report_AgingatHome_final.pdf


Wang, Sijiu, Di Yan, Helena Temkin-Greener, and Shubing Cai. 2020. “Does Medicaid
Hcbs Generosity Influence Nursing Home Placement for Dually Eligible Adrd Patients?”
Health Services Research 55:23–24.

Weisbrod, Burton A. 1991. “The health care quadrilemma: an essay on technological
change, insurance, quality of care, and cost containment.” Journal of economic literature
29 (2):523–552.

Werner, Rachel M, R Tamara Konetzka, and Daniel Polsky. 2013. “The effect of pay-for-
performance in nursing homes: evidence from state Medicaid programs.” Health Services
Research 48 (4):1393–1414.

38



Figure 1: States Use of UPL-SPs in Nursing Homes in FY 2002

Notes: This map illustrates which states used creative financing in form of an upper
payment limit supplemental payment (UPL-SP) scheme in FY 2002 based on the survey
from Coughlin, Bruen, and King (2004). Pennsylvania is marked as using a UPL-SP
scheme based on Coughlin and Zuckerman (2003b).

39



Figure 2: Development of County-Owned Nursing Homes in Indiana
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Source: Source: Centers for Medicare & Medicaid Services (2020b) and Indiana Department of Health (2020).

Figure 3: Quality and Quantity Tradeoff—Creative Financing

Notes: This figure illustrates the policy tradeoffs between the states’ reimbursement rates and quantity settings
under joint financing, with and without creative financing (CF). The convex curves denote indifference curves
for different benefit levels. Line ’C’ denotes the budget constraint for the state without creative financing. Line
’I’ denotes the corresponding expansion path providing the optimal rate and quantity mix without CF. Line
’D’ denotes the budget constraint for the state with creative financing and line ’II’ denotes the corresponding
expansion path.



Figure 4: 2003 Reform and Public Markups

Source: Long-Term Care: Facts on Care in the U.S. (2025); Centers for Medicare & Medicaid Services (2020a).
This figure presents the public markdown, P

R (equation (11)), which indicates the wedge between the nominal
Medicaid rate, P, and the effective rate, R. The vertical line denotes the time of the 2003 reform, see main text
for details. The categorization of treatment and control states is depicted in Figure 1 and described in Coughlin
and Zuckerman (2003a); Coughlin, Bruen, and King (2004).



Figure 5: Municipalizing SNFs: Creative Financing and Public Moral Hazard

(a) For-Profit (b) Medicaid Days

(c) SNF w/ Alzheimer Unit (d) SNF w/ Alzheimer Unit

Source: Centers for Medicare & Medicaid Services (2020b) and Indiana Department of Health (2020). The
four subgraphs show Callaway Sant’Anna event studies as in equation (14), where event time 0 indicates the
municipalization. The CS DD pooled estimates, over the entire post-reform period, are in Table tab:pubmoral.
All event studies show 90% confidence intervals. See main text.

Figure 6: Value Added Estimates (I): One-Year Mortality

(a) Mortality (b) Mortality: Shrinkage Adjusted



Figure 7: Medicaid Expansion by Quality of SNF Care

(a) Higher Quality SNFs (b) Lower Quality SNFs

Source: The figure presents results for cumulative Medicaid days among dementia patients at the SNF year
level using Callaway and Sant’Anna (2021). Figure a focuses on higher quality SNFs, which are defined as
SNFs whose value added estimate for one-year survival is in the top quintile. Figure b focuses on lower
quality SNFs, which are defined as SNFs whose value added estimate is in the bottom quintile.

Figure 8: Quality and Quantity Tradeoffs—Evidence from Indiana

Source: The figure provides an empirical illustration of the theoretical framework in Figure 3 using the em-
pirical evidence from Indiana. The horizontal axis displays log quantity of SNF days, and the vertical axis
denotes log average costs per patient day, which is further averaged across SNFs. The grey upward sloping
line denotes the expansion path without creative financing (CF) and the red circle ’no CF’ denotes the alloca-
tion before SNFs are municipalized. Red diamond point ’CF’ denotes the allocation with CF. The social budget
constraint has a slope of -1, denoted by the blue line. The intersection between this budget constraint and
the expansion path, the triangular blue point, denotes the optimal bundle, holding total costs under creative
financing fixed. The intersection between the indifference curve and the expansion path, the blue pentagon
point, denotes the allocation that achieves the same social objective but at lower costs.



Table 1: Public Moral Hazard

Panel A
For-Profit Total Medicaid Days Dementia Medicaid Days Alz Unit

(1) (2) (3) (4)

-0.54 1360 1178 0.09
(0.03) (449) (255) (0.03)

Panel B Dementia Medicaid Days
Low Quality High Quality Low Occu High Occu

(1) (2) (3) (4)

1952 1106 1389 300
(687) (556) (299) (449)

Year FE X X X X
SNF FE X X X X
Notes: This table presents ATT estimates based on Callaway and Sant’Anna (2021), Figure 14 shows the equiv-
alent event studies for the four outcomes in Panel A where the column headers indicate the dependent vari-
able, also see main text and Appendix Table D.1 for the sample at the SNF-year level. The total number of
observations is XXX. In Panel A, column (1) presents CS DD results using for-profit ownership as dependent
variable. Column (2) uses the cumulative number of Medicaid days, and column (3) Medicaid days for pa-
tients diagnosed with dementia. The last column presents results for an indicator that denotes whether the
SNF has an Alzheimer’s unit. Panel B always uses cumulative Medicaid days among patients diagnosed with
dementia as a dependent variable and conditions on specific subsamples as indicated. The first and second
columns of Panel B condition the sample on the bottom (column (1)) and the top quantile (column (2)) of the
one-year mortality value-added distribution, see Figure 6. Columns (3) and (4) of Panel B condition on SNFs
with occupancy rates of less and more than 90% in the year 2000, respectively.



Table 2: Nursing Home vs. Home Health Structural Estimates

Panel A: Mixed Logit Demand Coefficient Lower Bound Upper Bound
Estimate CI CI

Inside Good (SNF)
Log Distance -1.51 -1.51 -1.50
Municipalized 0.05 0.01 0.09
Outside Good (Home health)
Age -18.01 -18.91 -17.10
Female -0.65 -0.74 -0.56
White -1.82 -1.99 -1.66
Hospital LOS -0.29 -0.30 -0.28
σ2

π 7.63 7.32 7.94
Panel B: Mixed Logit Health
Municipalized 0.02 -0.03 0.07
Age -0.04 -0.04 -0.03
Female 0.29 0.27 0.30
White -0.05 -0.07 -0.03
Hospital LOS -0.02 -0.02 -0.02
Corr(π, ϵ) 0.40 0.27 0.53
Roy Selection SNFs 0.02 -0.00 0.04
Roy Selection Outside good -0.25 -0.34 -0.16
Notes: Outcome is the one-year mortality rate. All coefficients are multiplied by -1 to
reflect effects on positive health. Columns two and three show the 95% confidence inter-
val (CI). Panel A estimates equation (15) and Panel B equation (18). Estimates are based
on sample in Appendix X, Table D.3.

Table 3: Valiation—One-Year Survival Rate vs. Alternative Quality Markers

NH Value Added 1-Year Survival
High (top 20%) Low (bottom 20%) Medium

Standard. Value-Added
One Year Survival 1.163 (1.288) -1.117 (0.709) -0.015 (0.298)
1- (30-Day Readmission) 0.247 (1.198) -0.359 (0.938) 0.037 (0.917)
1- (90-Day Readmission) 0.429 (1.071) -0.537 (1.194) 0.036 (0.813)
Other: Quality of Care
One Year Mortality∗ ≤ 16% ≥ 33%
RN to Nurse Ratio 0.265 (0.129) 0.213 (0.065) 0.244 (0.132)
RN hours per Patient-Day 0.680 (1.075) 0.325 (0.383) 0.522 (0.731)
CMS Star Rating 2.870 (1.334) 2.486 (1.096) 2.544 (1.263)

Table shows descriptions based on sample in Appendix X, Table D.3. One-year mortality
rate in Panel B is for an 85-year-old, white female with 6 6-day index hospital stay. The
quintiles of the nursing home value added estimates that determine the samples in the
three columns are in Figure 6.



Appendix

Figure A.1: Schemes using UPL Supplemental Payments for Nursing Facilities

(a) Panel A: Pennsylvania in FY2002

(b) Panel B: Indiana after 2003

Notes: Figures in round brackets reflect the final net position of payments. Figures in bold and square brackets
reflect what was reported as Medicaid expenditures to CMS. Figures for Panel A are based on Mangano
(2001) and as depicted in Coughlin and Zuckerman (2003b). Figures for Panel B are based on Hatcher (2017)
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B Theoretical Framework

B1 Principal-Agent Basic Model: Asymmetric Information & Misallocation

Consider a principal p and an agent a. The agent produces output Π(e1, e2) for the principal

through costly efforts e1 ∈ [e1, e1] and e2 ∈ R+, where C(e1, e2) denotes the cost of effort

borne by the agent. Output and costs are strictly increasing in effort levels.

Key is that the principal cannot verify actual effort ej, and takes reported effort êj for

j ∈ {1, 2} as given. The principal compensates the agent conditional on reported effort:

w(ê1, ê2).

The principal’s payoff is then Up = Π(e1, e2)− w(ê1, ê2) and the agent’s payoff is Ua =

w(ê1, ê2)− C(e1, e2). Further, we define social welfare as the sum of the payoffs:

W = Up + Ua = Π(e1, e2)− C(e1, e2) (B.1)

Perfect monitoring: Under perfect monitoring, ej = êj for j ∈ {1, 2}. In this case, the

principal may pay the agent the full output Π(e1, e2) = w(ê1, ê2) and the agent chooses the

socially efficient effort levels:

e∗,opt = arg max
e1,e2∈[e1,e1]×R+

Π(e1, e2)− C(e1, e2) . (B.2)

Imperfect monitoring: Under the empirically relevant case of imperfect monitoring, the

principal can monitor e2, hence e2 = ê2, but not e1. To facilitate comparisons, we assume

that the principal pays the ‘reported’ profits to the agent: Π(ê1, ê2) = w(ê1, ê2). This yields

two predictions:25

1. Shirking in effort of type 1: e∗1 = e1 ≤ e∗,opt
1 ; ê∗1 = e1 ≥ e∗,opt

1 , when ∂w(ê1,e2)
∂ê1

≥ 0

2. Overexertion in effort of type 2: e∗2 = ê∗2 ≥ e∗,opt
2 when ∂2w(ê1,e2)

∂ê1∂e2
> 0 and ∂2Ua

∂2e2
< 0 .

Intuitively, the agent shirks in the effort of type 1, reporting the maximum effort but

factually only providing the minimum effort possible. This, in turn, induces additional (ex-

25Taking the total differential over the agent’s first order condition for effort type 2 and reorganizing yields:

∆e2
∆ê1

= −
∂2w(ê1,e2)

∂ê1∂e2
∂2Ua
∂2e2

.
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cessive) actual effort of type 2, when higher reported effort of type 1 increased the marginal

returns on effort of type 2, ∂2w(ê1,e2)
∂ê1∂e2

> 0 (and the overall agent payoff is concave in effort of

type 2).26

In summary, under imperfect monitoring and when the agent’s compensation is com-

plementary to reported efforts, factual efforts are distorted in opposing directions.

B2 Alternative 2-2 Stage Game Framework

In this alternative framework, we model the market for Medicaid SNF patients as a two-

two stage game. In the first stage, the state bargains with providers over Medicaid reim-

bursement rates. In the second stage, providers take Medicaid rates as given and compete

in service qualities over patients in a differentiated products market.

B2.1 Second Stage: Product Market

Demand: We start with the second stage. Patient preferences over SNF care are described

by the indirect utility function:

uijt =


δj + ηij for SNFs

ηio otherwise
(B.3)

where o denotes an outside good, e.g. home care. δj denotes quality of SNF j and we

assume idiosyncratic taste shocks η that are i.i.d. extreme value. Given care quality, SNF

market shares and overall demand are given by:

sj(δ) =
exp{δj}

1 + ∑k exp{δk}
(B.4)

QD
j (δ) = sj(δ)× N, (B.5)

where N denotes the population size.

Supply: SNFs solve a quality-quantity tradeoff governed by their production function

26The latter is a necessary condition for an interior solution for effort of type 2.
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QS
j = Aj × h(Qj, δj)× Ij . (B.6)

Here, Ij denotes a variable input factor that can be employed at factor w, for example

a wage, whereas h(·) captures the costs of producing higher quality allowing for poten-

tial scale economies. A captures total factor productivity. This implies the following cost

function:

C(Qj, δj) =
Qj

Aj × h(Qj, δj)
× w (B.7)

We assume that SNFs take the regulated reimbursement rate, R, as given and choose

the profit maximizing quality level:

δ∗j = arg max
δj

Πj = arg max
δj

(
RQD

j (δ)− C(QD
j (δ), δj)

)
. (B.8)

Analysis: We impose the following simplifying assumption:

w
A × h(Q, δ)

= cδ × δ + cm + cq × Qγ, γ ≥ 0 . (B.9)

↔ C(Q, δ) = Q ×
(

cδ × δ + cm + cq × Qγ
)

(B.10)

cδ denotes the effects of higher quality on the marginal cost of production, and γ allows

for decreasing returns to scale.

Solving the first order condition we get:

δ∗j =
1
cδ

(
R − cm − (1 + γ)× cq × Qγ

j

)
︸ ︷︷ ︸

Perfect Competition

−
Qj

∂Qj/∂δj︸ ︷︷ ︸
Quality Markdown

. (B.11)

The first term denotes quality that would arise under perfect competition, whereas the

second term denotes a ”quality markdown” stemming from SNF market power.

The first order condition suggests a positive direct relationship between quality δj and

the regulated reimbursement rate, R. As qualities are strategic complements in this set-
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ting, provider competition will reinforce the positive relationship. As a result, increases

in reimbursement rates will result in higher quality and in higher quantities consumed.

Specifically, we expect:

∂Q∗
j

∂R
≥ 0 . (B.12)

B2.2 First Stage: Rate Setting

In the first stage, states negotiate with SNFs over R, considering the quantity and quality

effects in the second stage. The regulator trades off the incremental benefits from increased

access to SNF care against the costs of funding. States value the quality and quantity of

care, which are both affected by R.

Netting out spending, the state’s payoff is given by

V(R) = ∑
j

τBj(R, Q)− ∑
j

R × Q∗
j (R)× [1 − FMAP] . (B.13)

Note that the state pays only a fraction (1 − FMAP) of total Medicaid spending; the

federal government pays the remaining share, FMAP.

Then, states and SNFs engage in Nash Bargaining to determine R, specifically:

R∗ = arg max
R≤UPL

V(R)α ×
(

∑
j

Πj(R)
)1−α

, (B.14)

where α denotes the state’s bargaining weight and 1 − α denotes SNFs’ bargaining

weights.

To illustrate the outcome of the bargaining game, it is instructive to consider the case of

a single monopoly SNF. Abstracting from a binding upper payment limit and taking logs,

the first order condition yields:

α

V(R)
×

(
(τBQ(R, Q)− R × [1 − FMAP])× ∂Q∗

∂R
+ (τBR(R, Q)− [1 − FMAP])× Q∗

)
+

(1 − α)

Π(R)
× Q∗ = 0, (B.15)

where BR(R, Q) = ∂B/∂R and BQ(R, Q) = ∂B/∂Q. Here, we have used the SNF’s

first-order condition on profits. Rearranging, we find
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R∗ × [1 − FMAP] = τBQ(Q, R)︸ ︷︷ ︸
Quantity Motive

+
(τBR(Q, R)− [1 − FMAP])× Q∗

∂Q∗

∂R︸ ︷︷ ︸
Quality Motive

+
(1 − α)

α
× V(R)

Π(R)
× Q∗

∂Q∗

∂R︸ ︷︷ ︸
SNF Bargaining Power

= 0. (B.16)

The first term represents quantities, capturing the state’s interest in expanding access

to care and to save on substitute care. The second term represents quality, capturing that

higher rembursement rates produce a higher quality of care. Both motives are implicitly

subsidized by the FMAP rate. The last term represents the bargaining power of SNFs,

which is only relevant for α < 1. A larger bargaining power of SNFs will result in higher

reimbursement rates.

B2.3 Creative Financing Step 1: Introducing Transfers

We introduce creative financing in two steps. First, we allow states to extract surplus from

SNFs via a transfer T. This turns the problem into one of transferrable utilities. States now

solve: (
T∗,T, R∗,T

)
= arg max

T,R≤UPL

(
V(R) + T

)α
×

(
Π(R)− T

)1−α
. (B.17)

Reimbursement rates are now set to maximize joint surplus, and transfers are used to

divide the surplus between the state and the providers. Specifically, optimal rates under

transfers,R∗,T, satisfy:

R∗,T = arg max
R≤UPL

V(R) + Π(R) . (B.18)

After reorganizing the first order condition, we have:

R∗,T × [1 − FMAP] = τBQ(Q, R)− (τBR(Q, R)− [1 − FMAP])× Q∗

∂Q∗

∂R

+
Q∗

∂Q∗

∂R

= 0. (B.19)

This optimality condition is closely related to equation (B.16) but differs in the implicit

weight imposed on provider profits. Specifically, we define the cutoff value α such that
(1−α)

α × V(R)
Π(R) = 1. Equations (B.16) and (B.19) equal for α = α. Provided that the support

for V(R) and Π(R) is compact and convex, we have the following two cases:
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1. States have upper hand: When states hold the upper hand, α > α, (nominal) reimburse-

ment rates and volume increase as states adopt creative financing mechanisms.

2. Providers have upper hand: Conversely, when providers hold the upper hand, α < α,

(nominal) reimbursement rates and volume decrease as states adopt creative financ-

ing mechanisms.

States hold all bargaining power: α = 1

We believe that the case where states do not hold all bargaining power is the empirically

relevant one. However, to better understand the intuition behind the changes in incentives,

we now assume that the states hold all the bargaining power, α = 1. It allows us to simplify

the first-order conditions with and without transfers as follows:

[
τBQ(Q, R)− R + R × FMAP

]∂Q
∂R

+
[
τBR(Q, R)− Q + FMAP × Q

]
= 0(B.20)[

τBQ(Q, R)− ∂C
∂Q

+ R × FMAP
]∂Q

∂R︸ ︷︷ ︸
Quantity Incentive

+
[
τBR(Q, R)− ∂C

∂δ

∂δ

∂R
+ FMAP × Q

]
︸ ︷︷ ︸

Quality Incentive

= 0(B.21)

where equation (B.20) denotes the case without transfers discussed in Appendix Section

B2.2 and equation (B.21) denotes the case with transfers discussed in Appendix Section

B2.3. The first term in each equation captures the incentives to increase quantities, and the

second term captures the incentives regarding quality of care.

The middle components highlight how the introduction of transfers alters the incen-

tives for setting rates and quantities: The ability of SNFs to extract monies increases the

cost of raising the quality. The regulator pays the reimbursement rate R, but only a fraction

is passed on to patients, and SNFs extract the rest. When states can extract the surplus

through transfers, it reduces the cost of higher volume from R to ∂C
∂Q and the cost of better

quality (through rate increases) from Q to ∂C
∂δ

∂δ
∂R .

As a result, with transfers, states choose a higher reimbursement rate than without (as

long as α > α) which results in a higher quantity of care.
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B2.4 Creative Financing Step 2: Introducing Nominal and Effective Prices

We now allow states to inflate spending on nursing homes. Following the notation, we

introduce a nominal payment rate P that differs from the effective reimbursement rate R

that governs provider incentives. Specifically, we allow for the possibility that providers

receive a marginal reimbursement rate R and a lump sum payment (P − R) × Q̄, for a

fixed level of Q̄. The incremental payments may be entirely diverted back to the state

budget through a transfer. Nevertheless, the payments do qualify for federal matching

funds. Provider profits before transfers are now given by

Π(R, P, Q̄) = R ∗ Q − C(δ, Q) + (P − R)× Q̄ (B.22)

Providers continue to choose Q optimally (determined by the optimal quality choice δ)

holding Q̄ fixed. States now solve

(
T∗,CF, R∗,CF, P∗,CF, Q̄∗,CF

)
= arg max

T,R≤UPL,P≤UPL,Q̄≤Q∗,CF

(
V(P) + T

)α
×

(
Π(R, P, Q̄)− T

)1−α
.

(B.23)

The ability to transfer funds implies that states will max out nominal provider pay-

ments P × Q, implying that P = P̄ = UPL and Q̄ = Q∗,CF. Further, and as in Appendix

Section B2.3, states will choose the effective reimbursement rate R that maximizes the sum

of surplus’

R∗,CT = arg max
R≤UPL

V(P̄) + Π(R, P̄, Q∗,CF) = τB(Q, R)− C(Q, δ) + P̄ × FMAP × Q∗ . (B.24)

Taking the first order condition and rearranging yields:

[
τBQ(Q, R)− ∂C

∂Q
+ P̄ × FMAP

]∂Q
∂R︸ ︷︷ ︸

Quantity Incentive

+
[
τBR(Q, R)− ∂C

∂δ

∂δ

∂R

]
︸ ︷︷ ︸

Quality Incentive

= 0 . (B.25)

Thus, allowing states to inflate nominal spending beyond effective rates changes the

quality and quantity incentives. Compared to the case with just transfers, see equation

(B.21), states have now stronger incentives to increase care quantities P̄ > R and engage in

public moral hazard. Conversely, states have less incentive to raise quality through higher
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R because they do not trigger additional matching funds tied to the nominal rate P. As

a result, the quality incentive term in equation (B.25) misses FMAP × Q from equation

(B.21).

Consistent with the discussion in the main text, creative financing provides additional

incentives to increase care volume, but weakens the incentive to improve quality. In con-

trast to the discussion in the main text, though, the changes in incentives have opposing

effects on optimal reimbursement rates: higher effective rates R increase quality and quan-

tity, leaving the net effect ambiguous.

Specifically, after subtracting equation (B.21) from equation (B.25), creative financing

results in higher R and Q, when (P̄− R)× FMAP× ∂Q
∂R ≥ Q× FMAP. Rearranging yields:

P̄ − R
R

≥ 1
ϵQ,R

(B.26)

where ϵQ,R denotes the elasticity of volume of care w.r.t. R. In words, states are willing

to raise Medicaid reimbursement rates, and hence program costs, when the markup ex-

ceeds 1
ϵQ,R

, where ϵQ,R denotes the elasticity of Q concerning R. Intuitively, when increases

in Medicaid rates only have a small effect on volume, e.g. because firms with market power

only pass a small share of rate increases onto patients, then the cost saving motive dom-

inates: With creative financing, states prefer to lower Medicaid rates. Conversely, when

increases in Medicaid rates have a large effect on volume, or when the public markup is

large, states prefer to increase Medicaid rates.

The broader insight from this analysis is that states will prioritize instruments that in-

crease volume at relatively low costs. Such measures may include capacity expansions or

targeted investment subsidies that can be divided over many new marginal patient days.

Alternatively, it may include advertising efforts or increased patient referrals.
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C Data Appendix to Provide Evidence on H1

In the following, we describe the primary data sources to generate a panel at the state-year

level from 2000-2007 with 257 observations. The panel only contains data from 15 states

with pre-2003 creative financing schemes (treatment group) and 16 states without pre-2003

creative financing schemes (control group), see Figure 1 and Coughlin and Zuckerman

(2003a); Coughlin, Bruen, and King (2004). We use this panel to produce simple Difference-

in-Differences (DD) estimates in Section 4.1 of the main text.

After that, we will provide evidence on 24 digitized audit reports from 18 states, which

we use for complementary evidence.

C1 State-Year CMS Data

First, we use public data from the Medicaid Budget and Expenditure System (MBES) by

the Centers for Medicare and Medicaid Services (CMS) (Centers for Medicare & Medicaid

Services, 2020a). These data contain Medicaid expenditures at the state and federal level

by service categories based on Form CMS-64. We use these data to measure total nominal

spending (P) on nursing home care by state and year.

Second, we use public data on the Federal Medical Assistance Percentage (FMAP) for

Medicaid by state and year (Kaiser Family Foundation, 2025). We merge those data with

the CMS data above at the state-year level.

Third, we use public data from Long-Term Care: Facts on Care in the U.S. (2025) (LTC

Focus) data at the state-year level covering all U.S. Medicaid and Medicare-certified nurs-

ing homes (98% of all nursing homes). The data includes patient demographics and facility

characteristics such as staffing levels, the number of beds, and occupancy as well as special

care units. As the data also provider average Medicaid per diem rates and the number of

Medicaid days provided in nursing homes, we use the product of these to measure effective

spending (R) on nursing home Medicaid care by state and year.
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Table C.1: Summary Statistics State-Year CMS Data

Variable Mean Std. Dev. N
incidenceIII 1.074 0.243 256
treat 0.485 0.501 264
cms expenditure 1.182 1.106 264
medicaid expenditure 1.124 0.961 256
federal exp1 405388749.322 541363848.531 264
state exp1 287091621.519 478038960.218 264
paymcaid sta 64.846 6.8 264
rn2nrs sta 0.326 0.113 264
rnhrppd sta 0.508 0.201 264
lpnhrppd sta 0.830 0.175 264
cnahrppd sta 2.313 0.259 264
dchrppd sta 3.537 0.374 264
Source: Centers for Medicare & Medicaid Services (2020a); Kaiser Family Foundation (2025); Long-Term Care:
Facts on Care in the U.S. (2025), data are from 2000-2007 at the state-year level.

C2 Audit Reports by the Office of Inspector General (OIG)

To provide additional information on how creating financing may drive a wedge between

nominal and effective SNF reimbursement rates. Specifically, we digitized and analyzed 24

audit reports from 18 states in the pre-reform era from 1997 to 2003.

All reports were requested by CMS and carried out by the Office of Audit Services

(OAS) of the Office of Inspector General (OIG). OIG has the mandate to protect the integrity

of the Department of Health and Human Services (HHS) programs and the well-being of

their beneficiaries (Department for Health and Human Services, 2025). The reports pro-

vide information on the extent of creative financing in each state, including the amounts

expropriated via Intergovernmental Transfers (IGT).

We combine the IGT transfer amounts with information on total nominal Medicaid

spending (Total MHEX ) separately for states (State MHEX ) and the federal government

(Total MHEX - State MHEX ), from CMS-64 forms, see above. We then construct the mark-

down as

µ =
P − R

P
=

Trans f ers
TotalMHEX

(C.1)
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Table C.2: Effects of 2003 Reform on SNF State-Level Outcomes

Markup Effective
FMAP

Federal
Expenditure

State
Expenditure

CF × Post -0.27*** -15.7243*** -149.80*** -111.50***
(0.06) (3.6935) (46.76) (34.25)

RN Ratio LPN Ratio CNA Ratio Lg MA Days

CF × Post -0.0106 -0.0021 -0.0084 -0.0293**
(0.0289) (0.0260) (0.0423) (0.0124)

Year Fixed Effects X X X X
SNF Fixed Effects X X X X
Source: ?Centers for Medicare & Medicaid Services (2020a), authors’ calculation. Each column in each panel
stands for one standard DD model with CF flagging states with a pre-reform creative financing scheme in
place, and Post taking the value 1 for years after 2002. The markup is defined in equation 11. The effective
FMAP is given by FMAP × (1 + markup). Federal and state expenditures are measured in million $. The
second panel shows results for the registered nurse (RN), licensed practical nurse (LPN), a certified nurse
assistant (CNA) to patient ratios. The last column presents results for the log number of annual Medicaid days
(Lg MA Days). ***, **, and * = statistically different from zero at the 1%, 5%, and 10% level. Standard errors are
clustered at the state level and reported in parentheses. All models have 256 state-year observations from 31
states. See main text for more details.

C3 Financial Statements by Health and Hospital Corporation (HHC)

To estimate the markdown from the sophisticated and aggressive creative financing schemes

in Indiana, this subsection zooms into Marion County’s comprehensive annual financial

reports from 2008 to 2019. As discussed in Section 2.4, starting in 2003, HHC became the

pioneer of SNF acquisitions in Indiana. By 2009, HHC owned the licenses of 40 nursing

homes and received more than 80% of UPL-SPs paid to nursing homes in the state. By

2019, they held the license of 78 (out of the 450) nursing homes that a county hospital had

acquired. We limit our analysis to the HHC of Marion county, as the other hospitals receiv-

ing UPL-SPs did not disclose the size of intergovernmental transfers (IGT) in their financial

statements, nor how much of it was used for nursing home patients.

The HHC financial statements provide this information, which allows us to estimate the

markdown of their Medicaid revenues. We approximate the regular Medicaid payments

on their nursing home patients (Reg MHEX ) from the revenue that HHC received from

their long-term care division and the share of Medicaid patients. HHC disclosed the size

of UPL-SPs under “Medicaid Special Revenue” for their long-term division (Sup MHEX ),
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Figure C.1: Public Markups and the Effective FMAP—Evidence from Audit Reports

(a) Public Markups

(b) Effective vs. Nominal FMAP

Notes: Figure C.1a presents the public markup, P
R , indicatiung the wedge between the nominal Medicaid reimbursement

rate, P, and the effective Medicaid reimbursement rate, R. Figure C.1b presents the nominal FMAP and the effective FMAP.

We assembled the information from several audit reports: Department for Health and Human Services: Office of Inspector

General (2001a,b,d,c, 2004b,a, 2005e,a,b,d,c, 2014); Centers for Medicare & Medicaid Services (2020a) using equations (C.1).
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Table C.3: Creative Financing at HHC—Financial Reports 2008-19

while they disclose IGT transfers as “Returns to the General Fund.” Between 2008 and

2019, none of the funds allocated to the General Fund were transferred back for use by the

LTC division of HHC. The largest recipient of these funds (approximately 65%) was the in-

patient hospital division under Wishard Health Services (before 2013) and Eskenazi Health

Services (starting in 2013). The remainder of the IGT was allocated to Capital Projects and

Debt Service Funds.

We calculate the markdown and effective FMAP using:

µ =
P
R

=
RegMHEX + SupMHEX

RegMHEX
(C.2)

E f f ective FMAP = FMAP × RegMHEX + SupMHEX
RegMHEX

= FMAP × µ (C.3)

Estimates of equation (C.3) are in Figure C.2.
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Table C.4: Creative Financing at HHC—Financial Reports 2008-19

Year State Base Medicaid Nominal FMAP Matching Funds from State Medicaid Federal Matching IGT Effective FMAP
SNF Payments to HHC in % Federal Government SP Funds SP SNF to HHC in %

(1) (2) (3) (4) (5) (6) (7) (8)
2008 $73,295,398.08 62.7 $45,948,885.06 $51,423,940.00 $32,237,667.99 $30,300,000.00 82.8
2009 $103,972,717.74 74.2 $77,158,153.83 $74,421,268.00 $55,228,022.98 $55,000,000.00 107.3
2010 $146,408,300.97 75.7 $110,816,443.00 $71,102,472.00 $53,817,461.06 $37,000,000.00 91.2
2011 $175,031,206.98 71.6 $125,272,003.31 $155,821,249.00 $111,523,198.39 $108,597,652.00 106.5
2012 $294,135,500.45 66.9 $196,953,131.10 $153,550,441.00 $102,817,375.29 $106,700,000.00 87.9
2013 $281,597,415.00 67.2 $189,120,823.91 $198,664,337.00 $133,422,968.73 $179,392,756.00 107.2
2014 $299,855,988.18 66.9 $200,663,627.29 $217,764,223.00 $145,727,818.03 $150,000,000.00 94.2
2015 $344,433,166.70 66.5 $229,116,942.49 $239,393,167.00 $159,244,334.69 $245,000,000.00 114.6
2016 $332,350,340.00 66.6 $221,345,326.44 $309,998,000.00 $206,458,668.00 $301,100,000.00 125.4
2017 $365,596,740.00 66.7 $243,999,264.28 $279,213,000.00 $186,346,756.20 $240,329,000.00 106.4
2018 $371,053,100.00 65.6 $243,373,728.29 $292,579,000.00 $191,902,566.10 $236,700,000.00 101.9
2019 $375,686,640.00 65.9 $247,802,907.74 $251,916,000.00 $166,163,793.60 $196,359,000.00 95.9

$3,163,416,514.10 68.1 $2,131,571,236.74 $2,295,847,097.00 $1,544,890,631.05 $1,886,478,408.00 102
Source: Financial Reports of Health and Hospital Corporation (HHC) of Marion County, see Section 2.4. SNF stands for ”Skilled Nursing Facility.” SP stands for ”Supplemental
Payments.” See main text for details. The last row indicates the sum of the annual dollar amounts or the average of the FMAP over all years displayed.
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Figure C.2: Effective FMAP—Evidence from the HHC of Marion County

Notes: This figure presents the nominal FMAP and the effective quantity FMAP: FMAP ∗ P
R . The

estimates refer to SNFs operated by HHC of Marion County and build on the HHC’s financial
reports as well as equation (C.3).



D Data Appendix to Provide Evidence on H2

In the following, we describe the primary data sources to generate a panel at the SNF-

year level focusing on Indiana from 1999 to 2015. The panel uses administrative data,

merged into data from Long-Term Care: Facts on Care in the U.S. (2025) and as well as

hand-collected data as described above in Section C. The administrative data containing

all Medicaid and Medicare-certified nursing homes in Indiana from 1999 to 2015 is from

the Long-Term Care Minimum Data Set (MDS) by CMS. As discussed in the main text,

we use this panel data to study the impact of creative financing on care volume and the

underlying mechanisms. Specifically, we exploit the municipalization of nursing homes in

a staggered DD setting to estimate the impact of creative financing activities on a range of

patient and provider outcomes.

D1 SNF-Year Data from LTC Focus and MDS

To create the final panel dataset at the SNF-year level we draw on information from various

sources, the README file contains more details.

Ownership Data. The ownership data, including nursing home identifiers and exact

dates when nursing homes were acquired, come from three data sources: (a) CMS Skilled

Nursing Facility Provider Information. The archived data snapshot was downloaded on

Oct 28, 2024 from https://data.cms.gov/provider-data/archived-data/nursing-

homes using the December 2017 file. (b) Manual searches of Indiana Consumer Reports.

Consumer Reports that were available in July 2019 for all nursing facilities were used to

assign acquisition dates. When the consumer report showed an acquisition by a publicly

owned hospital that preceded what was reported in CMS, the date of the Consumer Re-

port was used. A sample of Consumer Report is available at https://secure.in.gov/

health/reports/reports/QAMIS/cr000016.htm. (c) Evans, Hopkins, and Cook (2020b)

when the data came from the May 09, 2010 article from the Indianapolis Star titled ”Money

Flowed, Care Lagged. The article was downloaded in August 29, 2019 in https://

www.newspapers.com/image/126265325.
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CMS Compare. Legacy data from CMS Compare from 2000 to 2017 as downloaded in

July 2018. Note that SNFs that a county hospital owned before the sample’s start will have

the acquisition year set to 2000. In general, most of these SNFs will be dropped from the

balanced samples that we use for the analyses.27

LTC Focus. This is the main Long-Term Care: Facts on Care in the U.S. (2025) data as

described above. In particular, the data include all nursing homes in Indiana by provider

number (PROVNUM), provider name, address, zip code, and year along with additional

information.

Indiana Population. We use information on the population for counties in Indiana be-

tween 2000 and 2018, downloaded on Oct 28, 2024 from State of Indiana (2025). Similarly,

we use information on the county population above 65.

Long Term Care Minimum Data Set (MDS) 2.0. Finally, to produce the working dataset,

we merge administrative micro data from (MDS, 2020), aggregated at the SNF-year level,

into the datasets above. The Centers for Medicare and Medicaid Services (CMS) provide

these data, which cannot be made publicly available. However, we provide the codes in

the Supplementary Materials. The file describes in more detail how we generate our main

dataset at the SNF-year level. The MDS measures the health of all nursing home residents

in all U.S. Medicaid or Medicare-certified nursing homes in a standardized manner. This

includes about 98% of all U.S. nursing homes.

27We only use this assumption when all of the sources above are unavailable, and it is only used for 18 SNFs
(13 of which are dropped in the balanced samples we use for the analyses)
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Table D.1: LTCFocus Summary Statistics

Variable Mean Std. Dev. N
County-owned SNF 0.389 0.488 2203

Panel A: Main outcomes
For-profit 0.586 0.493 2203
Occupancy rate 76.363 14.268 2203
Number Medicaid days 18590.507 10416.805 2203
Alzheimer’s Special Care Unit (SCU) 0.383 0.486 2203
Has Nurse practitioner or physician’s assistant 0.385 0.487 2203

Panel B: Controls
Total county population 218,869 281,418 2203
County population above 65 26,962 31,511 2203
Share restrained 2.808 5.051 2203
Share w/ hypertension 62.666 17.047 2055
RN/Nurses Ratio 11.48 1.427 2203
Average Acuity Index 0.274 0.156 2203
Direct-care staff hours per resident day 3.518 1.471 2203
Registered Nurses hours per resident day 0.447 0.704 2203
Licensed Practical Nurse hours per resident day 0.976 0.426 2203
Certified Nursing Assistant hours per resident day 2.095 0.798 2203
SNF is hospital-based 0.037 0.189 2203
Source: Long-Term Care: Facts on Care in the U.S. (2025), CMS Compare, Indiana Consumer Reports, CMS
Skilled Nursing Facility Provider Information, State of Indiana (2025), authors’ own calculation. See Section
4.2 and Appendix D for a description of the sample construction and selection.

Table D.2: Sample Cuts: Dementia Patients

Sample Observations
Dementia Patients in Indiana Hospitals 313,133
Dropping if Zip Code Missing or Outside Indiana 285,843
Restrict to 2000-2012 218,645
Keeping Patient 65+ in Acute Care Hospitals 208,825
Drop SNFs outside 50 miles or haven’t entered 206,833
Source: Medicare claims data, MDS data, authors’ own calculation.



Table D.3: Summary Statistics: Dementia Patient Population

Variable Mean (Std. Dev.) N
Age/100 0.8258 (0.072) 206833
White 0.8994 (0.3007) 206833
Black 0.0872 (0.2822) 206833
Female 0.6207 (0.4852) 206833
Index Hospital Stay in Days 5.5642 (4.5465) 206833
1-Year Mortality Rate 0.3293 (0.47) 206833
30-Day Readmission Rate 0.1743 (0.3794) 206833
90-Day Readmission Rate 0.3111 (0.4629) 206833
Discharged Home 0.3257 (0.4686) 206833
Discharged to SNF 0.3685 (0.4824) 206833
Discharged to ICF 0.0332 (0.1793) 206833
Discharged to Hospice 0.0215 (0.145) 206833
SNF Matches: MDS Claims
Discharged to SNF 0.3761 (0.4844) 206833
Distance to SNF in Miles 5.8902 (7.0849) 77794
Medicaid Days 185.8092 (469.9024) 76272
Any Medicaid Days 0.1238 (0.3293) 77794
Source: Long-Term Care: Facts on Care in the U.S. (2025), CMS Compare, Indiana
Consumer Reports, CMS Skilled Nursing Facility Provider Information, State of Indi-
ana (2025). The sample conditions on XX patients who are observed at XXX with an
AD/ADRD diagnoses during the initial nursing home admission assessment. We flag
patients as AD/ADRD patients when diagnosed with the Section I diagnosis indicators
I1q or I1u active, as per MDS 2.0 definitions. See Section 4.2 and Table D.2 for details on
the sample construction and selection.



Table D.4: Characteristics of Early (<2011) vs. Late SNF Acquisitions (>=2011)

Variable Names Early (mean) Early (sd) Late (mean) Late (sd) tstat Norm Diff
Panel A: Main outcomes
For-profit 0.889 0.316 0.854 0.353 0.953 0.073
Occupancy rate 69.572 14.236 78.523 12.587 -5.655 0.471
Medicaid days 21,563 9,685 20,066 8,912 1.384 0.114
Alzheimer’s disease Special Care Unit (SCU) 0.422 0.497 0.394 0.489 0.512 0.041
Has Nurse practitioner or physician’s assistant 0.244 0.432 0.312 0.464 -1.373 0.107

Panel B: Controls
Total county population 247,939 295,987 189,492 266,149 1.773 0.147

County population above 65 27,709 31,413 22,700 28,720 1.429 0.118
Average Acuity Index 11.115 1.147 11.112 1.344 0.019 0.001
RN/Nurses Ratio 0.175 0.071 0.207 0.109 -3.721 0.248
Direct-care staff hours per resident day 3.063 1.049 3.171 0.682 -0.946 0.086
Registered Nurses hours per resident day 0.224 0.210 0.250 0.146 -1.112 0.100
Licensed Practical Nurse hours per resident day 0.972 0.431 0.949 0.250 0.494 0.046
Certified Nursing Assistant hours per resident day 1.866 0.553 1.971 0.585 -1.677 0.131
Share restrained 6.638 7.129 3.485 4.556 4.078 0.373
Source: Long-Term Care: Facts on Care in the U.S. (2025), CMS Compare, Indiana Consumer Reports, CMS Skilled Nursing Facility Provider
Information, State of Indiana (2025). The sample is balanced in event time. It includes SNFs with observations for all relevant variables
between 2000 and 2017 and that were acquired by a county hospital between 2005 and 2012. See main text for more details.
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Figure D.1: Long Dementia SNF Stays (100+ Days)

Source: Centers for Medicare & Medicaid Services (2020b) and Indiana Department of Health (2020). The graph
shows Callaway Sant’Anna event studies as in equation (14), where event time 0 indicates the municipalization. All
event studies show 90% confidence intervals. See Section 4.2 and Table D.2 for details on the sample construction
and selection.



Figure D.2: Mortality Results

(a) One Year Morality

(b) 100 Day Mortality

Source: Centers for Medicare & Medicaid Services (2020b) and Indiana Department of Health (2020). The graph
shows Callaway Sant’Anna event studies as in equation (14), where event time 0 indicates the municipalization. All
event studies show 90% confidence intervals. See Section 4.2 and Table D.2 for details on the sample construction
and selection.



E Choice Model: Estimation Details

A key challenge to the estimation of equation (18) is that the researcher only observes outcomes

at (endogenously) chosen nursing homes. To account for selection on unobservables, we follow

Dubin and McFadden (1984) and adopt a control function approach. We assume that the control

function is linear in the demeaned preference shocks ηij and πi. Conditional on unobserved

preference shifters {ηij, πi} and the provider choice ci, expected health can be written as:

E[mijt|xijt, ηi, πi, ci = j] = αj + αt + x′ijtα
x +

[
∑
k∈Ji

ϕk(ηik − µη) + ψ(ηij − µη)
]
+ ρπi + ρψπi. (E.1)

Following Einav, Finkelstein, and Mahoney (2022), the terms in squared brackets control

follow selection on the extreme value preference shocks, where µη is the mean of the taste shock

(Euler’s constant). The first term (ηik − µη) considers the shock to any option in the choice

set, including the outside good, whereas the second term, ηij − µη , only turns on if the patient

chooses alternative j. We extend this linearization to the random coefficient for the outside good

by adding two analogous terms at the end of the expression, ρπi + ρψπi. Here, the second term

only turns on if the patient chooses the outside good.

As shown by Dubin and McFadden (1984) and Einav, Finkelstein, and Mahoney (2022), in-

tegrating out the η’s yields:

E[mijt|xijt, πi, ci = j] = αj + αt + x′ijtα
x +

[
∑
k∈Ji

ϕkγik(j) + ψγij(j)
]
+ ρπi + ρψπi , (E.2)

where γik(j) = E[ηik − µη |xjt(i), πi, ci] are the (mixed) logit choice probabilities:

γij(j) =


−log p̂ik k = j

p̂ik
1− p̂ik

log p̂ik otherwise
(E.3)

where p̂ij is the predicted choice probability that patient i chooses SNF j conditional on x, z

and π given by
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p̂ij =
exp(δj + x′jt(i)β

x + z′ijβ
z)

exp(πi + γt(i)) + ∑k/o exp(δk + x′kt(i)β
x + z′ikβz)

. (E.4)

Importantly, and as stated above, p̂ik is conditional on random coefficient shock πi.

The parameters on the control terms in equation (E.2) have an economic interpretation. As

discussed in Einav, Finkelstein, and Mahoney (2022), ϕk stands for the control function coeffi-

cients correcting for unobservable correlation between demand shocks for SNF k and the value

added at SNF k. These terms would correct, for example, for the bias that would arise if pa-

tients who are (unobservably) in bad health would systematically chose high-quality SNFs. The

ψγij(j) term would correct for any remaining potential correlation between demand shocks for

SNF j and the value added at SNF j—beyond ϕkγik(j) ’s. The terms ρπi and ρψπi capture anal-

ogous types of selection on the random coefficient shock π for the outside good, that is, home

health care.

Integrating out random coefficient: Finally, we integrate out the random coefficient πi to ar-

rive at:

E[mijt|xijt, ci] =
∫ (

αj + αt + x′ijtα
x + ∑

k∈Ji

ϕkγik(π) + ψγij(π) + ρπ + ρψπ
)

dFπ|xijt,ci
, (E.5)

where Fπ|xijt,ci
denotes the distribution of π conditional on xijt, ci. From Bayes’ rule, we have:

fπ|xijt,ci
=

fπ,ci |xijt

fci |xijt

= fci |π,xijt
×

fπ|xijt

fci |xijt

= p̂ik(π)×
ϕ( π

σπ
)∫

p̂ik(π)ϕ( π
σπ
)dπ

, (E.6)

where ϕ(·) denotes the standard normal density. Hence, and building on the demand model,

we construct the weights

wπ = p̂ik(π)×
ϕ( π

σπ
)∫

p̂ik(π)ϕ( π
σπ
)dπ

(E.7)

such that

E[mi|xjt(i), ci] =
∫ (

αj + αt + x′ijtα
x + ∑

k∈Ji

ϕkγik(π) + ψγij(π) + ρπ + ρψπ
)

wπ dπ , (E.8)
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Figure E.1: Value Added Estimates—Hospital Readmission Rates

(a) 30-Day Readmission Rate (b) 90-Day Readmission Rate

and estimate the parameters governing downstream mortality outcome via (weighted) Max-

imum Likelihood Estimation.

Asymmetric Information: A natural question is whether consumer demand can discipline the

expansion of low-quality providers. To explore this possibility, we now analyze the relationship

between consumer preferences and our health value-added estimates. Figure E.4 provides a

binned scatter plot with value-added on the y-axis and (binned) mean utility on the x-axis. As

seen, we find no systematic relationship between the two variables and a correlation of almost

0. This implies that consumers do not consider that SNFs produce different health outcomes in

their decision making; for example, because of asymmetric information or because of capacity

constraints. Below, we find no link between occupancy and our value-added estimates suggest-

ing that rationing alone is unlikely to reconcile the lack of a statistical link. Furthermore, we note

that rationing alone can not explain why patients choose low-quality providers over the outside

good. We therefore interpret Figure E.4 as evidence for asymmetric information over the quality

of SNFs.
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Table E.1: Health Outcome Estimates Using Readmission Rates

30-Day 90-Day
Coefficient 95% CI Lower 95% CI Upper Estimate 95% CI Lower 95% CI Upper

Age 0.55 0.44 0.65 0.53 0.44 0.62
Female 0.10 0.08 0.11 0.10 0.08 0.11

White 0.10 0.07 0.12 0.15 0.13 0.17

Municipalized SNF 0.01 -0.05 0.06 0.03 -0.02 0.07
Hospital length of stay 0.01 0.01 0.01 -0.00 -0.00 -0.00

Psi eta 0.03 0.01 0.05 0.02 0.00 0.04
rho beta 0.43 0.27 0.58 0.11 -0.04 0.25

rho psi beta -0.98 -1.07 -0.90 -0.62 -0.70 -0.54
Source: Medicare claims data, MDS data. Equation (E.2) is estimated. The outcome is the 30-day and the 90-day
readmission rate. All coefficients are multiplied by -1 to reflect effects on positive health.E3



Table E.2: Correlation with Other Markers

Variable Mean Utility VA: Mort VA: Read 30 VA: Read 90
Nurse Practioner .098 -.038 -.076 -.072
Alzheimer’s Unit .179 -.042 -.025 -.03
RN Staffing Ratio .207 .071 .049 .043
LPN Staffing Ratio .268 .049 .015 .006
Occupancy Rate -.025 .008 -.053 -.024
Total Beds .106 -.123 -.052 -.019
Hospital Based .242 .065 .043 .023
Overall Rating .172 .112 .109 .162
Survey Rating .193 .119 .081 .118
Quality Rating -.024 .011 -.021 .025
Staffing Rating .118 .015 .079 .109
RN Staffing Rating .053 .054 .137 .146
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Figure E.2: Selection and Valued Added



Figure E.3: Valued Added—Mortality vs Readmissions

(a) Mortality Against 30-Day readmission

(b) Mortality Against 90-Day readmission



Figure E.4: Utility and Valued-Added—Do Consumers Choose High-Quality SNFs?



F Details on Calibration

The marginal rate of substitution is then:

MRS = MBq/MBm =
γ

(1 − γ)× β
×

(β × log(AC)
log(∑j qj)

)1−ρ
(F.1)

Following the discussion in Section 3, this implies that, in the optimum:

MRS = 1 ⇔ (1 − γ)× β

γ
=

(β × log(ACj)

log(∑j qj)

)1−ρ
∣∣∣∣
no CF

(F.2)

MRS = 1 − FMAP × P
R

⇔ (1 − γ)× β

γ
× (1 − FMAP × P − R

AC
) =

(β × log(ACj)

log(∑j qj)

)1−ρ
∣∣∣∣
with CF

(F.3)

In words, the ratio of log average costs over log volume (with and without creative financing)

is informative about the relative importance of volume in the planner’s objective function and

the elasticity of substitution, ρ. Put differently, with estimates of average costs, mortality, volume

and the effective FMAP under creative financing, we can back out the parameters β, γ, and ρ.
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