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Abstract

We examine whether policies that ban for-profit providers and allow for subsequent takeovers
by not-for-profits can be effective at addressing quality shortfalls. We consider the US nursing
home industry, where quality provision has been a concern for many decades. Our motivating
evidence suggests that not-for-profit providers choose higher-quality inputs than their for-profit
counterparts but are more prevalent in higher socioeconomic markets and serve wealthier res-
idents. Thus, for-profit providers play an important role in providing access. To explain these
facts and explore counterfactual policies, we estimate a structural model of nursing home de-
mand and supply that allows firms to have nonpecuniary motives and costs that differ across
provider types. The structural model reveals that for-profit providers have a strong cost ad-
vantage for serving needier residents. This results in them choosing a lower quality and lower
priced product to maximise their margins. Not-for-profit providers choose higher quality, and
therefore higher prices, not because of their nonpecuniary motive, but because they prefer to
avoid directly competing with for-profit providers by serving residents with stronger prefer-
ences for quality. Therefore, banning for-profit providers while allowing for takeovers tends
to reduce consumer surplus because not-for-profits that take over for-profits significantly raise
prices to cover their higher costs. These results underscore the role that for-profit providers

play in expanding access to nursing home care.
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1 Introduction

In health and education settings, policymakers and consumers frequently complain that some
firms provide low-quality services. Two common features in these markets are the ability of pol-
icymakers to decide who is allowed to compete through certification or entry requirements and
competition between for-profit (FP) and not-for-profit (NFP) providers. Policymakers and other
commentators often blame FP providers for quality shortfalls, which leads these individuals to
question whether FP providers should be allowed to compete. For example, policymakers in Cal-
ifornia sought to limit the operations of for-profit colleges due to systemic quality issues (Mello,
2019).! Changing the composition of firm types may not be the most obvious policy solution to
quality shortfalls, but in practice, many other reforms have had limited success.” Thus, in this pa-
per, we ask whether policymakers should increase NFP provision and decrease FP provision in

these kinds of markets.

We study this question in the context of the US nursing homes industry, where low quality
provision is a severe problem that policymakers have long struggled to solve.’ In recent years,
New York policymakers considered banning all new FP providers (Hogan, 2021). Ultimately, this
did not pass, but several states including Massachusetts, New Jersey, and New York imposed strict

profit caps of 5% of expenses on for-profit nursing homes (Jaffe and Kaiser, 2021).

In this paper, we study the effects of these types of policies by studying the effects of bans on FP
nursing homes, allowing for subsequent takeovers by NFP nursing homes. If NFP providers have
nonpecuniary motives, then their incentives will be more in line with a social planner’s. Increased
NFP provision could therefore lead to increased quality. In addition, Weisbrod (1988) suggests that
NEFP firms can solve information asymmetries. When quality is difficult to observe, consumers may

have an explicit preference for NFP providers, reflecting trust in their nonprofit objectives.

On the other hand, if the business models of FP and NFP providers systematically differ, then

so could their costs. If FP providers are more cost-efficient, then they could play an important role

Similar concerns have arisen in for-profit medical schools and nursing homes (Knight, 2021; Campbell and Harring-

ton, 2024; Penzenstadler, 2022).
2One example is pay-for-performance where the overall results are mixed in both health and education settings (Co-

hodes et al., 2023; Fryer, 2013; Gupta, 2021; Alexander, 2020; Finkelstein et al., 2018). Another is the increased provision
of information about quality — ‘report cards’ — that also presents mixed results in health and education settings (Dra-
nove, 2011; Dranove and Jin, 2010). The key issue is that firms can game payment schemes and report cards to avoid
improving quality.

’A study report by the National Academies of Sciences, Engineering, and Medicine (2022) provides a summary of
the evolution of policy and reforms to improve nursing home quality going back several decades. In their introduction,
they reflect on their predecessor report from 1986, which raised serious concerns regarding quality provision. They
also highlight how COVID-19 laid bare the continued quality failings in nursing homes. Approximately 40% of all US
COVID-19 deaths were among nursing home residents (SteelFisher et al., 2021).



in expanding access to nursing home care, serving at lower price and serving residents who may
not otherwise have received access to nursing home care. In addition, FP providers serve roughly
two-thirds of the market. A ban on all FP providers would dramatically reduce the supply of
services and increase the distance between a residents’ prior residence and nursing home, which
may be undesirable if residents value proximity to service. Summarising, the effects of these
policies are ambiguous and we estimate a structural model of nursing home demand and supply,

encompassing these forces, to examine their effects on quality, access and welfare.

We begin by using a nationwide sample of nursing homes to document patterns of quality and
access across FP and NFP providers. In this paper, the main characterisation of socioeconomic
background will be whether the resident is a private payer, who pays the private price set by the
nursing home out of pocket, or is covered by Medicaid, which typically requires exhaustion of
wealth and assets for eligibility.” We use cross-sectional variation as FP and NFP providers operate

distinct business models and rarely change their for-profit status from year-to-year.

We find that NFP providers choose higher quality — measured in terms of higher nursing in-
tensity — than their FP counterparts. On the other hand, FP providers are more prevalent in poorer
markets and serve more Medicaid residents than NFP providers. This holds even within markets
where NFP and FP nursing homes compete. The result on quality is consistent with the literature,
but our result regarding NFP provision across and within markets is new and may be surprising

given the supposed nonpecuniary motives of a NFP provider.

The key to understanding these results is to conceptualise NFP providers as offering a higher-
quality, and thus higher-priced product, which is preferred by residents who value quality more,
especially private-payers. FP providers provide a lower-priced, and thus lower-quality product
that is suited to residents who value quality less, including Medicaid payers who may pay the
private price for some part of their stay.° These results underscore that the welfare effects of de-
creasing FP provision and increasing NFP provision are ambiguous. More NFP provision might
increase quality on average, but access to nursing home care could be reduced, especially for Med-

icaid residents.

The reduced-form facts alone are not sufficient to justify our interpretation of the observed
quality access patterns. In particular, we do not know why NFP providers choose higher quality
than their FP counterparts. For instance, is it driven by differing preferences for quality across

residents, the nonpecuniary motives of NFP firms, or different cost functions? In addition, our

“Most papers estimating resident demand in health economics include distance in utility and find that it is a sig-
nificant determinant of resident choice (Hackmann, 2019; Ho, 2006; Town and Vistnes, 2001). A similar treatment of

distance can also be found in education settings (Dinerstein et al., 2020).
*We introduce payer types in greater detail, including Medicare payers, when we discuss the setting in Section 2.
®Since private prices come from state cost reports, this result is based on California data (where our structural esti-

mation takes place).



reduced-form facts do not indicate whether FP providers prefer serving Medicaid residents and
whether NFP providers prefer serving private-payers. This depends on the relative margins across
firm and payer-types, which in turn depend on demand- and supply-side factors. Marginal costs
are not directly observed in the data. Therefore, to complete these explanations, we need a struc-
tural model of nursing home demand and supply that generates estimates of all the parameters of
interest. In addition, for the counterfactuals of interest, there are no natural experiments that pro-
vide exogenous variation in the number of FP versus NFP providers. Thus, a structural model of

nursing home demand and supply is needed to understand the welfare effects of novel regulations.

We estimate a structural model of nursing home demand and supply on markets in California
following Hackmann (2019). Nursing home demand is modelled as a standard discrete choice
problem. We observe many individual characteristics which allows us to model price and qual-
ity elasticities that vary significantly at the individual level. This gives rise to the potential for
market-segmentation from demand-side factors. On the supply side, nursing homes compete in
an oligopoly game by choosing qualities and private prices to maximise an objective that includes
profits and nonpecuniary motives towards quantity of care. Following our motivating evidence,
we consider a supply side that is significantly richer than other papers in this literature. We allow
cost functions and the quantity-of-care motive to vary systematically across NFP and FP providers.
Cost functions also vary systematically with the payer-type quantities served and do so nonlinearly,
reflecting that the cost of serving patients of different payer-types varies due to their differing care
needs. This allows us to capture payer-type margins that vary at the firm level and will be the key

to explaining the patterns of access and provision.

Our model estimates reveal that NFP providers have a nonpecuniary value for providing an
additional bed—day of care of approximately $33 — 18% of their private price. The corresponding
value for FP providers is not significantly different from zero. On the cost side, we find that overall,
NFP providers have higher quality costs. Our quality measure — nursing intensity — aggregates
across two different types of nurses. NFPs use a mix of nurses which includes more of the higher
qualification and higher cost nurses, which explains quality cost differences. Regarding payer-
type quantities, we find that FP providers have significantly lower payer-type cost parameters than
NFP providers. We find that a large proportion of these cost differences are likely attributable to
differences in unobserved quality. These include dimensions of quality related to accommodation
quality and other aspects of nursing care not captured by the nursing hours we include such as
differences in medical and care equipment and supplies. For example, for Medicaid payers where
the cost difference is around $40 on average, around 75% of the cost difference is attributable to
differences in unobserved quality. The remainder we interpret as differences in the efficiency of

providing nursing home care.

We then use the model to explain the in-sample patterns of quality, access and provision. We



find that NFP providers choose higher quality not because of their nonpecuniary motive but due
to a market segmentation strategy that serves residents who value quality more, including private-
payers. The effect of the nonpecuniary motive, then, is for NFP providers to discount their prices
and quality to serve more residents than they would if their nonpecuniary value were zero. Next,
turning to patterns related to access and provision, we find that FP providers make significantly
larger margins on Medicaid payers than do NFP providers. This explains why FP providers are
more prevalent in markets with lower socioeconomic status, which as we showed have more Med-
icaid residents. NFP providers cannot compete as well with the lower costs of FP providers and

ultimately serve markets with higher socioeconomic status and fewer Medicaid residents.

Finally, we turn to our policy counterfactuals. We consider two types of counterfactuals. In the
tirst, we ban FP nursing homes with no further extensive margin changes. In the second, we ban
FP nursing homes and have them be taken over by a local NFP nursing home. Since government
providers are included in our pool of NFP providers, this could also be thought of as a government
takeover.” The new NFP nursing home then follows a NFP business model with the associated
increase in unobserved quality, although nursing hours are still endogenous. That is, we replace all
the FP cost parameters with their NFP counterparts and set the unobserved cost shocks to the mean
of the NFP unobserved cost shocks.® On the demand side, since we estimate a preference for NFP
providers, we also add that to a resident’s evaluation of the nursing home. In these counterfactuals,
we ignore any transition costs and compare the competitive Nash-Bertrand equilibrium observed
in the data prior to the change with that after a change made by a social planner who maximises
consumer surplus subject to nursing home capacity constraints and a profit constraint. The latter
requires that the nursing home makes at least as much profit as in the observed equilibrium.” We
do this to conduct a "generous’ assessment that can be interpreted as an "upper bound” of the value

of these types of policies.

Bans without takeovers yield mixed results. Across the range of scenarios we consider, there
is a median gain in consumer surplus of approximately $1.3 million per year arising from large
increases in quality. However, there is significant heterogeneity, including losses in consumer sur-
plus in approximately 45% of the scenarios we consider. Moreover, in all scenarios, there are large
losses in the number of Medicaid residents being served because of the large decrease in supply
and the banning of FP providers that serve relatively more Medicaid residents. Bans with takeovers
fare no better. In this case, the median loss in consumer surplus is approximately $2.7 million per

year, arising from relatively large increases in price required to cover the higher costs that NFP

7 Around 20% of NFP providers in our pool are government providers.
8While it is natural for a NFP to extend their existing business model, we conduct a sensitivity test where we keep

some of the costs fixed at the FP level to examine robustness to the NFP deciding not to increase unobserved quality.
°The profit constraint ensures that the social planner has to set prices and quality while accounting for firm revenues

and costs.



providers incur. On the other hand, there are small decreases in the number of Medicaid residents
being served, so bans with takeovers preserve equitable access relative to bans without takeovers.
Again, note that our assessment was already generous towards these policies, and thus, overall,
our results suggest that reducing FP provision and increasing NFP provision are unlikely to be
successful policies. The counterfactuals underscore the interpretation that FP providers expand
access to nursing home care by providing the market with a product that is better suited to serving

residents in markets with lower socioeconomic status.

Related literature

While we combine and draw on tools from several papers and bodies of literature for our model,
we view our contribution as primarily empirical. Our paper contributes to two bodies of litera-
ture. First, this project adds to the extensive literature on NFP providers by estimating a structural
model of NFP and FP providers. One focus of the literature has been on understanding the differ-
ences between FP and NFP providers in various regulated markets, such as the hospital industry
(Newhouse, 1970; Norton and Staiger, 1994; Sloan, 2000; Ballou and Weisbrod, 2003; Horwitz and
Nichols, 2009; Tom and Jacobson, 2010; Bayandir, 2012; Dranove et al., 2017; Garthwaite et al., 2018),
nursing home industry (Chou, 2002; Grabowski and Hirth, 2003; Ballou, 2005, 2008; Grabowski et
al., 2013; Lu and Lu, 2021), and postsecondary education industry (Deming et al., 2012). How-
ever, these papers usually approach these differences from a reduced-form perspective, focusing
on identifying differences in observable outcomes. For the nursing home industry, earlier works
typically find that NFP providers exhibit some form of altruistic motive, typically through better-
quality care in some form. However, as Weisbrod (1988) discusses, in general, NFP providers are

not well understood.

Reduced-form findings of better-quality care alone are not informative about what is different
about NFP providers, especially in an equilibrium with competing FP providers. A structural
model allows us to consider a broad range of factors in a coherent way. Our findings reveal that
while not-for-profits do have nonprofit motives, they provide higher quality not because of their
altruistic motive but because of a market segmentation strategy. Next, we also document novel
patterns of access and market segmentation and provide a complete explanation through the lens
of the spatial distribution of payer-types and suitability of firm types for particular payer-types. We
believe that these results on FP and NFP have some generalisability. For example, similar patterns

of quality and access are seen in the postsecondary education industry (Deming et al., 2012).

Second, this paper contributes to the literature on long-term care in the US (Cheng, 2023; Ching
et al., 2015; Einav et al., 2022; Gandhi, 2023; Gandhi and Olenski, 2024; Hackmann et al., 2024; Har-
rington et al., 2017; Lin, 2015; Olenski, 2022). A number of papers study determinants of quality



and find that Medicaid reimbursement rates (Nyman, 1985; Grabowski, 2001; Hackmann, 2019)
and nurse staffing ratios (Harrington et al., 2000) are important. While we borrow many aspects
of Hackmann’s (2019) framework, his paper focuses on studying the effect of Medicaid reimburse-
ment rates on quality. FP versus NFP provision does not play a substantial role in his paper. Other
sets of papers find that FP ownership (Chou, 2002; Grabowski and Hirth, 2003) and private equity
ownership (Gupta et al., 2021) result in lower quality. These results suggest that if FP providers’
inferior quality comes from investing less in quality determinants, limiting FP provision and in-
creasing NFP provision may be welfare-enhancing. However, if FP facilities provide access to care
to lower socioeconomic status populations who would not have received care otherwise, reducing
FP provision may leave a void in these communities. Li et al. (2015) document that racial and
ethnic minorities are more likely to obtain care from facilities with FP ownership. Our project is
the first to document and explain the quality access trade-off of NFP and FP provision in a unified

framework.

2 Setting

2.1 Nursing Homes

We examine Medicare-certified Skilled Nursing Facilities to study the US nursing homes industry.
Skilled nursing facilities primarily provide skilled nursing care and related services for residents
who require medical or nursing care and are not primarily for the care and treatment of mental dis-
eases or personal non-nursing care (42 U.S. Code § 1395i-3). Specifically, nursing homes provide
two services. First, they provide medical care to individuals who require short-term rehabilita-
tive stays after hospitalization. Second, they provide long-term care services to individuals who

require daily nursing care and additional therapy care.

The two distinct functions of the nursing home give rise to significant variation in resident
characteristics, some of which we summarise in table 13 in appendix A.1. Here, we highlight the
large variation in the distance between a resident’s prior residence and their nursing home. Figure 1
plots a histogram of the distance between a Californian resident’s prior residence and their nursing
home using our individual level data from 2000-2010. Much of the mass is concentrated towards
the left, with approximately 10% of stays being in the same zip and the median distance being 12.8
miles. This suggests that nursing home residents have a preference for being close to their prior
residence. On the other hand, there is also a long tail leading to the average distance being 36.3

miles.

Nursing homes are primarily reimbursed on a prospective price-per-day basis. Prospective

means that the prices are set by the relevant authority ahead of time. Residents can be distinguished
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Figure 1: Histogram of distance between a residents’ prior residence and nursing home

by the funding source for their stay, or their ‘payer-type’. In this paper, we focus on three payer-
types: Medicare, private-pay and Medicaid. These are not exhaustive, but make up 87% of stays.
Medicare covers post-acute care after hospitalisation for up to 100 days. The first 20 days are fully
covered, while there is a copayment for 20-100 days.'" After residents exhaust those 100 days, they
pay the private price set by the nursing home, unless they qualify for Medicaid. As long-term care
insurance take-up is relatively low (Brown and Finkelstein, 2007), much of the payment comes
from out-of-pocket. Finally, if residents exhaust their financial resources and become unable to

pay prices out-of-pocket, Medicaid covers their nursing home expenses.

Medicare rates are set by the Centers for Medicare & Medicaid Services and take into account

factors such as geographic adjustments and expected facility population care needs. Because of

t.ll

the latter, Medicare tends to pay the mos Medicaid prices are set at the State level and are

relatively low. Advocates and experts have recognised the low rate as a longstanding problem. '

1%Since the copayment is facility invariant, we ignore the role of the copayment in our analysis.
"For example, in California in 2018, the average Medicare, private-pay and Medicaid prices were $307.0, $306.1 and

$294.2 per bed-day respectively. Average prices are calculated as total revenues divided by resident-days for each payer-
type. We use California data here as data about private-pay residents is only available from state cost report data and

our structural estimation will be based on California.
2For instance, the Committee on Improving Quality in Long-Term Care explored these concerns in its 2001 report

citing policy discussion going as far back as the 1980s (Wunderluch and Kohler, 2001). One of Hackmann's (2019) key

contributions is to suggest that increasing Medicaid reimbursement rates from their relatively low rates is an effective



The issue is particularly acute as Medicaid rates are not set with explicit adjustments for expected
facility population care needs as with Medicare rates. Given the prospective nature of Medicaid

and Medicare prices, we think of nursing homes as taking them as given.

2.2 Not-for-Profit Organisations

NFP organisations are organized and operated exclusively for specific purposes and must not inure
any of the earnings to any private shareholder or individual (Internal Revenue Service, 2023)."3
Under section 501(c)(3) of the Internal Revenue Code, these organisations are tax-exempt from

sales and property taxes and can receive tax-deductible donations. '*

NFP organisations must file annual reports (Form 990 or its variant) which include information
about revenue, expenditure, and income. Also, NFP organisations may be subject to audits by the
IRS or have to submit an audited financial statement depending on specific state laws."> We take
the effectiveness of this regulation as given and consider NFP and FP as firms of different types

throughout our analysis.

policy for improving quality.

BSpecific purposes include charitable, religious, educational, scientific, literary, testing for public safety, fostering
national or international amateur sports competition, and preventing cruelty to children or animals.

14Gee https://www.irs.gov/charities-non-profits/exempt-organizations-what-are-employment-taxes

15Gee https://www.councilofnonprofits.org/running-nonprofit/nonprofit-audit-guidec/state-law-

nonprofit-audit-requirements
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2.3 NFP and FP Nursing Homes

Table 1: Summary Statistics from facility-level data

NFP FP
Provider count in 2000 5,889 11,075
(33.3%) (66.7%)
Provider count in 2018 4,463 10,437
(30.0%) (70.0%)
Average entries per year 34.1 60.6
Average exits per year 86.5 114.0
Average conversions to other type per year ~ 146.6 124.0
Bed size 98.3 109.1
Average Prop. Medicare in 2018 13.4 13.2
Average Prop. Medicaid in 2018 51.2 63.9

Note: Data in this table are sourced from our facility-level data covering 2000-2018

and includes all states.

Table 1 presents summary statistics about the facility-level data by FP status. Approximately 30% of
the Medicare-certified nursing homes are not-for-profits, while this share has decreased over time.
On average, facility sizes are fairly similar, with FP facilities being slightly larger. Regarding facility
observables, a diverse set of organisations own NFP nursing homes. Of the 4,463 NFP providers
in 2018, 953 providers are government-owned, 502 are operated by religious organisations and the
remainder by private, NFP organisations. It is generally understood that for-profit nursing homes
tend to operate as part of larger chains (Harrington et al., 2012), but the exact extent of this has

been difficult to quantify because ownership of for-profit nursing homes is notoriously opaque.'®

Table 1 also provides summary statistics about the Medicaid and private payer shares (weighted
by length of stay) at FP and NFP facilities in 2010. It’s notable that across all the summary statistics,
FP providers serve more Medicaid residents and less private-pay residents than their NFP coun-
terparts. We interpret these statistics as supporting the idea that FP providers play an important
role in providing access to care in needier communities. Differences in ownership and payer-types

served are also suggestive of the different business models adopted by FP versus NFP nursing

16To improve transparency the Biden Administration recently introduced reforms to increase reporting and monitor-
ing of nursing home ownership (Centers for Medicare and Medicaid Services, 2023). We commenced an exercise to
identify chain ownership of nursing homes in California by hand-coding. Most FP providers appeared to be part of a
within-state or cross-country chain, whereas NFP providers typically appear to be independent or operate a handful of

facilities at most.
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homes.

There is little entry and exit, with more in the for-profit sector. This may be explained by NFP
providers having limited financing options: they are legally banned from accruing earnings to any
private shareholder or individuals, and thus limited from equity financing. Conversions between

FP and NFP nursing homes are relatively rare.

2.4 Cross-subsidisation in nursing homes

To contextualise some of our results later, it is important to understand that the US nursing homes
industry is also a story of cross-subsidisation. Not only is the extent of cross-subsidisation signif-
icant, but the form also differs dramatically across NFP and FP providers. First, we consider the
usage of related parties. Related parties are somewhere in between vertically integrated firms and
not. An owner of a nursing home may own or have financial interests in several other businesses
which are not directly vertically integrated and operate independently. For instance, in addition to
the nursing home, they could have financial interests in businesses operating in catering, cleaning,
medical goods, real estate and so on.!” The nursing home could contract with these related party
businesses at inflated prices and through Medicaid and Medicare reimbursements which partially

scale with past reported costs, extract rents from Government.

Gandhi and Olenski (2024) study this practice in the state of Illinois and find that in 2019,
68% of profits were "hidden’ using this practice, primarily through property costs and to a lesser
extent management costs. While Gandhi and Olenski are the first to formally study this problem,
nursing home consumer advocates and some thinktanks have thought this to be a big problem
throughout the entire US nursing homes industry for some time now (The National Consumer
Voice for Quality Long Term Care, 2023; Hammond, 2022). CMS cost report data allows us to have
a look at the extent of usage of related parties. In 2018, about 49% and 83% of NFP providers and
FP providers respectively used related party transactions. The mean and median dollar spend on
related party transactions in 2018 for NFP providers is $2.72 million and $1.76 million, and for FP
providers is $2.79 million and $2.03 million respectively. These figures suggest that the usage of
related parties is greater by FP providers, consistent with Gandhi and Olenski’s analysis. We do
not believe that this issue poses a first-order problem for our analysis. As Gandhi and Olenski
(2024) show, the hidden profits arise mostly from property and management costs which can be
thought of as fixed costs from the perspective of the delivery of nursing home services. In that
case, pricing and quality choices are unaffected. Where there are related party transactions about

nursing home services, then we may overstate costs by being unable to address this issue.

7See Rau (2017) (https://kffhealthnews.org/news/care-suffers-as-more-nursing-homes-feed-money-

into-corporate-webs/) for an interesting investigative piece that provides examples of related party usage.
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A different type of cross-subsidisation is primarily used by NFP providers and is based on other
related upstream facilities which they may operate. Since nursing homes are downstream of these
facilities this kind of cross-subsidisation does not pose a significant challenge to our analysis. This
context is still important for understanding the business model of NFP providers, how different it is
from FP providers and why NFP providers might offer a higher quality and higher priced product.
These facilities are independent living facilities and assisted living facilities.'® They allow residents
to live in a community with some level of supervision. Unlike nursing homes, they do not provide
much in the way of medical care. Where medical care is provided, the costs may be partially or
fully covered by Medicaid or Medicare. However, the majority of the cost — accommodation costs

—are not. This also means that this sector is much less regulated, with little comprehensive data.

Many NFP organisations operate independent living facilities, assisted living facilities and
nursing homes, often in close proximity. In these cases, the provider can offer a continuity of care
contract or proposition to residents. The resident can enter the provider’s care at an independent
living facility or assisted living facility, and have the comfort of knowing that their or their part-
ner’s nursing home care is sorted if they need it. Data on providers that offer continuity-of-care
arrangements are relatively limited, but Zarem (2010) cites that 82% of such providers are NFP
and 18% are FP. More recently, Nelson (2018) cites that 78% of such providers are NFP and 22%
are FP.

The cross-subsidisation became clear when a CEO of a NFP nursing home told us in an inter-
view that they believed that NFP providers are unlikely to acquire or construct new nursing home
facilities, unless they can also acquire or construct an independent living or assisted living facility.
Assisted living and independent living facilities are unregulated so we do not have any data about
these, but this kind of cross-subsidisation makes sense. Independent living and assisted living fa-
cilities mostly take residents who pay the private price out-of-pocket. Also, their costs are likely to
be easier to manage than for nursing homes because they don’t have to provide as much medical
care. Further, cross-subsidisation can also be enabled by residents who place a premium on valu-
ing the security of being able to go to a nursing home in the same community and under the same

provider as the independent living or assisted living facility.

This does not mean that the nursing home facility in these arrangements are exclusive to resi-
dents of the upstream facilities however. We hand-collected data on whether each nursing home in
California in 2018 was likely to be associated with an independent living or assisted living facility.
We found that the average and third quartile share of Medicaid payers at nursing homes associ-
ated with such facilities is 39% and 66% respectively. By regulation a nursing home which accepts

Medicaid residents at all, is not allowed to discriminate in their admission decisions.

®Independent living facilities are often referred to as retirement villages.
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3 Data

We use three sets of data. Most of the descriptive analysis uses data covering all US states between

2010 and 2018. Structural estimation will focus on resident stays in California from 2000 to 2010.

Resident Data The basis of our resident data is the nursing home Minimum Data Set (MDS).
As per federal law (42 CFR §483.20), all nursing homes that are eligible to provide care and be
reimbursed by CMS either through Medicare or Medicaid are required to complete assessments
about their residents. Assessments are essentially an extensive survey that results in a dataset that
provides a comprehensive ‘assessment’ of the resident’s health, mental condition and cognitive
abilities. Assessments are conducted upon admission, discharge and throughout the resident’s
stay on an at least a quarterly basis. This data allows us to construct a panel of resident stays which
is the basis of our structural estimation. It also provides zip-codes of where residents previously

lived which allows us to construct zip-centroid distances.

Although the MDS also contains information about resident payer-types, it has been noted in
the nursing homes literature that the payer-type fields in this data have inaccuracies (Grabowski
et al., 2008; Hackmann, 2019; Cheng, 2023).19 Following the literature, we use Medicare claims
data from the Medicare Provider and Analysis Review (MedPAR) files to identify when residents
are covered by Medicare. To identify when residents are covered by Medicaid, we draw upon the
Medicaid Analytic Extract (MAX) files. For 2001-2005 we have access to the MAX Long Term Care
file and for 2006-2013, the MAX Personal Summary file. We also supplement this with data from
the Medicare Beneficiary Summary file which we have from 2000-2019.

Facility Data We obtain facility characteristics and location data from LTCFocus who derive their
data from the Centres for Medicare and Medicaid Services (CMS) Online Survey, Certification and
Reporting database.”’ Since data on private prices are not collected by any regulators we follow
the literature and infer private prices by dividing total revenues with total quantity from California
nursing homes cost report data (Huang and Hirth, 2016; Gandhi, 2023). We also source facility

financial data (costs) from California cost report data.

“There does not appear to be a comprehensive understanding about the source of inaccuracies, but there appear to
be two types of issues. As described in Cheng (2023) (section B.2) one issue may arise from nursing home uncertainty
about the payer-type. A second issue may arise from payer-types not being updated in the data from the admission

assessment, even when the payer-type may have changed in a subsequent assessment (Grabowski et al., 2008).
PTTCFocus is a Gerontology and Healthcare Research center at Brown University. LTCFocus Public Use Data is spon-

sored by the National Institute on Aging (P01 AG027296) through a cooperative agreement with the Brown University
School of Public Health.
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Geographic and Demographics Data We source our demographic and geographic data from
various datasets from the census bureau. It is worth noting that demographic data, including
populations by age at the zipcode level only exist in the 2000 and 2010 decennial census and from
the American Community Survey from 2010 onwards.?! These data exist at the county level for

our whole sample period.

4 Motivating Evidence

4.1 Quality Provision

We take total nursing hours per resident-day as the quality choice of interest, following the pre-
vious literature (Hackmann, 2019; Lin, 2015, 2014; Friedrich and Hackmann, 2021). We interpret
nursing hours per resident-day as a product attribute rather than an input. This reflects nurs-
ing hours being the most important determinant of resident quality outcomes and that in nursing
homes, nurses play a broader role than just the delivery of medical care - they help residents with

their daily lives.

Table 2, shows that FP providers are associated with lower nursing hours across all nursing
types. The first row of Table 2 presents differences in unconditional means of nursing hours per
resident day for each nurse type. Reading the columns from left to right, the nursing types go from
higher skill, higher qualification to lower skill, lower qualification. FP providers use fewer nursing
hours across both registered nurses and licensed practical nurses. They also use fewer certified
nursing assistants, thus the scope for substitution away from higher skilled labour to lower skilled
labour is limited. The second row presents coefficient estimates of the FP indicator when nursing
intensities are regressed on a FP indicator along with facility controls and time and zip fixed ef-
fects.”> We see the same pattern even allowing for time-invariant differences across zipcodes. In
appendix A.2, we use the same specification to explore the private prices set by nursing homes and

find that NFP nursing homes in California also set higher private prices.’

These results are consistent with our interpretation that NFP providers offer a higher quality,

higher priced product, while FP providers offer a lower quality, lower priced product. To disen-

*IStrictly speaking, these are termed as zip-code tabulation areas by the U.S. Census Bureau, since data are not directly

collected at the zipcode level.
ZWe use zip fixed effects instead of facility fixed effects because we think it’s reasonable to treat the FP status of

nursing homes as exogenous and compare across FP and NFP providers in the same market. As described in section
2, the business models of NFP and FP providers are different and it seems unlikely that these would be changed from
year-to-year to attain different benefits. This is also reflected in our data as it is uncommon for the FP status to change -

see table 1).
ZPrivate prices are sourced from California cost reports, thus the sample used is different to the all states data used

here.
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tangle whether these choices are driven by preferences for quality, differing costs and, or differing

nonpecuniary motives we will turn to a structural model of nursing home demand and supply.

Table 2: Differences in Nursing Inputs

Hours/ Registered Licensed Practical Certified Nursing

resident-day Nurse Nurse Assistant

FP (Diff. in Means) -0.322 -0.083 -0.380

FP (Regression) -0.200 -0.055 -0.308
(0.009) (0.009) (0.012)

Mean of dep. var 0.492 0.853 2.26

Note: These results use yearly facility-level data across 2010-2018 and all states. Controls
include facility size (in beds), aggregate assisted daily living score, which measures how de-
pendent the population is on carer support for daily needs, aggregate case mix index, which
measures how much medical care the population requires and proportion of Medicaid and
Medicare residents in the facility. Year and zip fixed effects are included with standard errors

clustered at the facility-level.

Throughout this paper we focus on a nursing home’s choice of nursing hours rather than qual-
ity outcomes. There are two reasons for this. First, comprehensively and accurately measuring
quality outputs is difficult. Recent literature has made progress on this issue (Cheng, 2023; Einav
et al., 2022); however, the quality measurement in these works are ultimately based on short-term
mortality relating to a nursing home’s role as a rehabilitation center rather than as a long-term
care provider. Second, the role of costs will be important in the structural model and counterfac-
tuals. There is a clear relationship between inputs and costs, less so for outputs and costs. Still,
Grabowski et al. (2013) find that NFP nursing homes provide better-quality outcomes than their

FP counterparts.

4.2 Access to Providers and Patterns of Provision

From Table 1, we already know that FP providers serve a large proportion of the market and supply
many beds. Here, we focus on the fact that FP providers systematically serve different markets and
different residents compared to their NFP counterparts. Table 3 column 2 presents the results of
regressing the number of NFP providers minus the number of FP providers in the same zip-code
regressed on zip-level demographics. NFP providers are more prevalent in richer zipcodes and

less prevalent where there are larger populations of older people.

Our story for this result is that NFP providers serve a product better suited to private payers,
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while FP providers serve a product better suited to Medicaid payers. To build support for this
interpretation we turn to columns 3-6 of table 3. Here, we compute the proportion of residents
of a given payer-type amongst the population of all residents at all nursing homes of a given firm
type in a zip-code and regress that on zip-level demographics. We find that both FP and NFP
nursing homes serve more private-pay residents in markets with higher socioeconomic status and
more Medicaid residents in markets with lower socioeconomic status.”* A 1% increase in median
income is associated with approximately 10 percentage points more private payers and a decrease
in Medicaid payers of a similar magnitude. These facts suggest that the spatial distribution of

payer-types is correlated with socioeconomic characteristics.

To complete the story, we also need to show that FP providers prefer serving Medicaid residents
and that NFP providers prefer serving private-payers.”” In other words, that Medicaid residents
are more profitable for FP providers and private-payers are more profitable for NFP providers. This
requires estimation of a structural model of nursing home demand and supply, since marginal costs
are not directly observed. To be clear, we do not have in mind a model where providers choose
where to locate. As shown in table 1, entry is relatively rare compared to exits. Rather, the average
facility is relatively old,?® and location determines which facilities are more likely to stand the “test

of time”.’

*The positive sign on the log 65 plus coefficient for private payers likely reflects a mechanical effect, that private
payers are older. We observe that 80% of the private payers in our California sample are 65 or older. Younger residents
at nursing homes are much more likely to be covered by Medicaid or Medicare. The former can include young people

who are disabled, while the latter would include people who are receiving additional rehabilitation at a nursing home.
#In theory, nursing homes could selectively admit residents to serve more of their preferred payer-type. However

this is prohibited by regulation. Gandhi (2023) studies selection admissions by nursing homes. Our interpretation of his
work is that the regulations are effective. He does find evidence that nursing homes undertake selective admissions and
in particular discriminate against Medicaid-eligible residents. However, as we discuss in appendix B.3, the magnitude
of selective admissions which Gandhi finds is quite small. Moreover, selective admissions do not affect the arrival rate of
preferred payer-types. For these reasons, we regard location patterns as more important and do not deal with selective

admissions in this paper.
*To the extent that most facilities were constructed many years, or even decades before our sample, we are unable to

think about endogenous location decisions.
%7 Another potential reason for the observed NFP location patterns is that NFP providers may find it easier to secure

donations and funding in wealthier locations. In interviews with industry members we heard that the role of donations
and funding is relatively limited. In appendix A.3, we verify this claim and show that most NFP nursing homes do not

receive any donations, including those in higher income markets.
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Table 3: Location patterns

Prop. Private Payers Prop. Mcaid Payers
Dep. Var #NFP - #FP  Served by NFP  Served by FP  Served by NFP  Served by FP
) 0.167 0.108 0.080 -0.121 -0.141

log(Median Income)

(0.016) (0.013) (0.007) (0.018) (0.011)

-0.060 -0.107 -0.032 0.094 0.052
log(50-64)

(0.005) (0.010) (0.005) (0.013) (0.009)

-0.069 0.126 0.033 -0.150 -0.072
log (65 plus)

(0.005) (0.010) (0.005) (0.014) (0.008)

-0.030 -0.046 -0.043 0.108 0.077
Share Black

(0.037) (0.035) (0.011) (0.046) (0.018)

Note: These results use facility-level data across 2010-2018 and all states. All specifications include year and county fixed effects

as well as controls for the log of the zip area and proportion of the zip which is urban. Standard errors clustered at the county
level.

Whereas table 3 studies patterns relating to access from an across-market point of view, we
show in table 4 that similar patterns exist within-markets. Table 4 presents the results of regressing
the proportion of a given payer-type in a nursing home’s population on a FP indicator, facility
controls and year and zip fixed effects. Crucially, the inclusion of zip fixed effects means that we are
using within-market variation to identify the FP coefficient. Even in markets where both providers
of both types are operating, we see that FP providers serve larger proportions of Medicaid payers
and lower proportions of Medicare and private-payers compared to their NFP counterparts. To
the extent that Medicaid residents cannot afford to pay out-of-pocket, we interpret these results
to suggest that even when NFP providers are located in markets with lower socioeconomic status,
they still tend to serve more well-off residents. These results are again consistent with the market
segmentation story where the NFP providers’ product of higher quality is more suited to private

payers and FP providers” product of lower quality is more suited to Medicaid payers.
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Table 4: Proportion of payer-types served

Prop. Medicaid Payers Prop. Medicare Payers Prop. Private Payers

FP 0.140 -0.060 -0.080
(0.004) (0.003) (0.003)
Mean dep. var  0.60 0.15 0.25

Note: These results use facility-level data across 2010-2018 and all states. Controls include facility size (in
beds), aggregate assisted daily living score, which measures how dependent the population is on carer support
for daily needs, aggregate case mix index, which measures how much medical care the population requires.

All specifications include year and zip fixed effects. Standard errors clustered at the zip level.

4.3 Entries, Exits and Takeovers in California

Bans on some or all FP providers will reduce the number of nursing homes and by itself reduce
welfare. But we should also be interested in further extensive margin changes. In response to
fewer providers in the market from a ban, new NFP providers could enter. A fair evaluation of a
ban should capture these effects. However, as we saw in table 1, entry activity is limited. This sug-
gests that the fixed costs of constructing and certifying a new facility are likely to be large. Since
the limited entries happen even with a larger rate of exits, this is likely to hold even in a coun-
terfactual where some nursing homes are banned. Motivated by recent concerns about takeovers

and acquisi’cions,28

we consider the prevalence of takeovers. Lack of transparency in ownership
is notorious in the nursing homes industry.”” Our facility-level data assigns facility IDs based on
location rather than facility-owner, thus to address this gap we undertook a hand-coding exercise
to identify likely changes in ownership. This was done on the basis of changes in facility name,

administrator, profit-status and googling facility histories. We summarise the results below:

*Gupta et al. (2021) find that the wave of private equity takeovers increased mortality in nursing homes. Harrington
et al. (2017) notes that these patterns of FP takeovers are common in many countries and are often associated with

quality deficiencies.
This has led to recent improvements in regulation of ownership, with the Centers for Medicare and Medicaid ser-

vices requiring more data and disclosures about nursing home ownership (Centers for Medicare and Medicaid Services,
2023)
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Table 5: Entries, exits and takeovers in California, 2000-2018

New facility = Facility closure Own type takeover

FP 36 130 523
NFP 13 117 4

Note: There are very few across firm type takeovers. 21 NFP becoming FP
and 2 FP to NFP.

The relative magnitude of takeover versus entry activity amongst FP providers is striking. In
appendix A.4, we check that our hand-coded takeovers do reflect true takeovers by looking for
evidence of changes in management. We find that there is a significant shift in the payer-type
population of FP facilities which undergo takeovers, suggestive of a change from management.
Gupta et al. (2021) explicitly study takeovers by private equity. While they do not look at changes
in payer-type populations, we do find similar results on nursing hours and costs. To be clear, we
do not regard the effect of the takeover as important (except that there is one) as our counterfac-
tual focuses on FP facilites being taken-over by NFP providers. In-sample takeovers are of little
relevance except that they highlight that the relevant margin of extensive margin activity for the

counterfactual should be from takeovers rather than the construction of new facilities.

5 Structural Model

There are two reasons why we develop and estimate a structural model. First, we are interested
in studying counterfactual outcomes when we vary the number of NFP and FP providers. To
the best of our knowledge, there are no satisfactory policy changes with exogenous variation in the
number of NFP versus FP providers which would allow us to explore such counterfactuals. Second,
our motivating evidence illustrates some interesting patterns with regards to quality, access and
provision across FP and NFP providers but cannot explain why. A sufficiently flexible structural
model is required to coherently examine a range of potential causes. In addition, we showed that
NFP providers are more prevalent in markets with higher socioeconomic status and FP providers
are more prevalent in markets with lower socioeconomic status. We also showed that providers
serve more Medicaid and less private payers in markets with lower socioeconomic status and vice-
versa for markets with higher socioeconomic status. To complete the argument that the location
patterns are explained by NFP and FP providers preferring particular payer-types, we need to
examine the margins that providers make on each payer-type. We estimate these with a structural

model.

The core of our model is a static oligopoly game where providers compete by choosing their
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private price pj; and quality (total nursing hours per resident-day) 7N;;*. Markets will be defined
by metropolitan statistical area-year pairs in California from 2000-2010. Providers draw their cost
and demand shocks before setting prices and quality, and these are all observed by providers, thus
the equilibrium concept is a Nash equilibrium. Following this, residents choose the nursing home

which maximises their utility.

Before spelling out the details, we provide a quick preview to highlight the important features.
Providers have standard motivations from profit, but they may also have nonpecuniary motives.
Specifically, we allow for providers to explicitly place value on the quantity-of-care they serve, and
this will be a parameter to be estimated. If residents value quality for example, then a nonpecuniary
motive for quantity-of-care served could lead to the provider choosing higher quality as well. This
necessitates the estimation of demand. Provider costs are also relevant. Different payer-types may
have different costs (and margins) and these costs may also differ by firm-type. Whether a firm
would prefer to choose a higher quality depends on in addition to their objective, whether higher
quality attracts more desirable, higher-margin residents. This justifies the estimation of a rich sup-
ply model and can also explain the market segmentation we document. Modelling payer-type
margins not only allows us to explain quality choices, but also the patterns of access we document.
In addition to choosing prices and quality to target particular payer-types, firms in markets with

more of the desirable payer-types will be relatively profitable and more likely to operate there.

6 Demand

We adopt a similar model of demand as Hackmann (2019). We model a resident i’s decision of
which nursing home j to choose to maximise their daily utility.”! Since some residents never pay
the private-price, while some do, we distinguish resident utility by y € {non-priv, pays priv}. For
brevity we will call y a payer-type as well when there should be no ambiguity. Then an individual’s
utility is:

uly = Bi:Dij + B(sz‘D?j + 8" = j(t — 1))+ BN NF P + BIVT NG + Bf’ypﬁ% + &, +eijt

%We model providers who choose their quality by choosing their total nursing hours per resident-day. This follows
previous structural work such as Hackmann (2019) and Lin (2015) and a broader literature on the effects of nursing
inputs on quality outcomes (Lin, 2014; Friedrich and Hackmann, 2021). We also follow the literature and restrict nursing
hours to focus exclusively on higher-skilled nurses - registered nurses and licensed practical nurses but not certified

nursing assistants.
3!Residents implicitly choose the nursing home which maximises the utility of their entire stay which is the product

of their daily utility and length of stay. Implicit in this, we assume that length of stay is exogenous. On the demand side
this means that residents do not evaluate how their length of stay might change if they chose a different nursing home.

On the supply side, this means providers’ choices cannot affect the length of stay through their quality choices.
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Coefficients which vary by individual are of the form:
Bf =B85+ 2uBt

With g P — g,

Residents have preferences for distance D;; which are allowed to be nonlinear. We allow pref-
erences for distance to vary by age of the resident on entry, realised length of stay and whether the

resident has a legal guardian who is not themselves - this could be a family member or a lawyer.*?

We allow for inertia in demand through 1(j = j(¢ — 1)), reflecting high switching costs once
a resident has moved into a nursing home. Since our data span a long period (2000-2010), many
residents undergo multiple stays. Inertia could introduce dynamic considerations however, we
assume that residents are myopic so that they do not take into account how inertia could affect
their future decisions. The presence of inertia could also introduce invest-harvest incentives for
nursing homes to price and choose quality dynamically. We are not aware of any papers or reports

with these concerns, thus we abstract from these possibilities in modelling.

We allow residents to have preferences for NFP providers. This preference captures the idea
of NFPs as solving information asymmetry problems. If quality is unobserved or hard to verify,
residents may prefer NFP providers as their incentives may be more closely aligned with their
own residents’ (Weisbrod, 1988). Although residents in our model observe a nursing home’s total
nursing hours per resident day, there may be other aspects of quality that a resident has imperfect
information about. For example, this could include how well-trained nurses are for the nursing
home. Differences in quality that are unobserved to the econometrician and systematic across NFP
versus FP may also be captured in this preference. For example, our data on nursing homes does
not include information about the quality of the accommodation. If NFP provide better-quality
accommodation on average than FP providers, and residents value this, it would be picked up in

this preference for NFP providers.

We allow preferences for quality to vary by whether the resident is a private, Medicare or Med-
icaid payer, length of stay and a large range of other demographics.>® Preferences for price vary

with whether a resident pays the private price on entry, their age, their length of stay, whether they

2For length of stay, it would be ideal to use an anticipated length of stay instead of actual length of stay to correspond
more closely with a resident’s decision making. While the MDS2.0 contains an anticipated stay variable, we find that
there are too many missing cases for this to be usable. We incorporate realised length of stay by bucketing stays into 3
groups. Stays within 30 days, stays from 30-100 days and stays of 100 days or over. The 30 day choice coincides with
bucketing used for the anticipated length of stay in the MDS data, while the 100 day choice corresponds to the Medicare
limit.

3This includes age, a resident’s depression rating scale score - a measure of mental health, cognitive performance
scale score, assisted daily living score, clinically complex scale score, whether they have alzheimer’s, are female, are

nonwhite, have at least a bachelor’s education and whether they have a legal guardian who is not themselves.
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have at least a bachelor’s degree and whether they have a legal guardian who is not themselves.
&j+ are the unobserved demand shocks and ¢;;; are the standard type 1 EV idiosyncratic demand

shocks. For estimation we can define nursing home mean utilities:

(%Jtrw _ OzTNTth + ap,privpg?;‘lV + OzNFPNFPjt + gPer

Jt
non-priv.__ TN NFP non-priv
&y = a""TNj; + NP NF Py + &

Although markets are defined by metropolitan statistical areas, for tractability, we restrict a resi-
dent’s choice set to all nursing homes within 50 miles of their prior residence. As we saw in figure
1 this allows us to capture a majority of residents, approximately 75%. However, there is a tail of
residents which are omitted from estimation. We also make two types of exclusions for facility-
years, where excluded facility-years are pooled into an outside option with utility normalised to
0.>* First we exclude facility-years if there is a missing observable (assuming they are missing at

random). Second, we drop a facility-year if there are less than 10 stays.

Our rich supply model necessitates some choices on the demand side. We defer the bulk of this
discussion to when we introduce supply. For now, the goal of these choices is to enable us to retain
as many resident-stays across as many facility-years for the estimation of supply. First, while we
model nursing homes as choosing and committing to their quality and private price choices each
year, individual nursing home stays need not adhere to a calendar year and 22% of stays in our
data overlap with at least 1 year. We assume that the nursing home commits to the same price and
quality throughout a resident’s stay. That is, in subsequent years the nursing home’s pricing and
quality choices apply only to residents entering in that year. Since residents only decide at the start
of their stay, allowing for prices and quality to change for the resident in subsequent years would

result in having to treat the resident as locked in for subsequent years.*

Secondly, although Private-pay, Medicare and Medicaid make up the vast majority of residents,
some residents are of a different payer-type altogether. Two examples of such payer-types are those
who access nursing home care through Veteran Affairs or a Medicare/Medicaid managed care
program. The facility data reports that approximately 8% of resident-days are from such payer-type
days. In both these cases, residents face restrictions on their choice set which we do not observe.
We also don’t know the prices that nursing homes get from these residents. For these reasons, we

do not model demand from these residents and treat them as exogenous on the supply side.

We estimate demand using a two-step procedure following Hackmann (2019) and Olenski

(2022). In the first step, we recover (5;4“ Zk , B, 652, B1) by Maximum likelihood. As is standard

*Note that the universe of residents are those who choose a nursing home (but not necessarily one we observe). That

is, the outside option does not include choices made by old people who choose not to go to a nursing home.
*Since private price setting is largely unregulated, and nursing homes do not typically advertise their private price

rates, to the best of our knowledge it is not clear what happens in practice.
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in demand estimation, conditional on 5%, the remaining variation in price and quality is exoge-
nous. In the second step, we recover the remaining mean preference parameters with a generalised
method of moments estimator. Private prices and quality are correlated with ;’t thus we need to

instrument for them.

We include in our instruments a number of excluded cost-shifters: zip-level house price indices,
zip-level active nurses and the distance weighted average proportion of Medicaid and Medicare
residents across facilities. House price indices are a stand-in for property input costs. Active nurses
is constructed from Californian nursing license board data and is the number of active nurses who
have a home address in the corresponding zip. This captures the supply of nurses in a location
which should in turn affect input prices. The distance weighted average proportion of Medicaid
and Medicare residents are also regarded as cost-shifters. Different groups of residents have dif-
ferent care needs and thus have different costs.’® Since they are market level shifters they should
not be correlated with 5%- Finally, we also add three instruments based on rival characteristics.
The distance-weighted total number of NFP and FP providers and the distance-weighed sum of
total capacity. To address the concern that these cost shifters and rival characteristic instruments
could be spatially correlated with demand shifters we partial out zip and year fixed effects from

the instruments.’”

Table 6 presents key parameters in our demand estimates. A full list of parameter estimates
with demographic interactions can be found in table 15 in the appendix. We summarise the varia-

tion in distance, price and quality elasticities in figure 2.

*This is indeed the case in our structural estimates.
%One concern could be for example that we documented in the motivating evidence that the proportion of private-

payers is higher in higher-income areas.
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Table 6: Main demand estimates

Coefficient Estimate
) . -0.1650
Distance (miles)
(0.00004)
. 0.0016
Distance squared
(0.00002)
. 5.4225
Inertia
(0.00125)
. 1.3341
Total Nursing
(0.01940)
) . -0.2100
Total Nursing x Medicaid Payer
(0.00003)
. . -0.0020
Total Nursing x Medicare Payer
(0.00000)
. . -0.0395
Private Price
(0.00032)
1.2705
NFP
(0.01293)

Note: These results use individual-level data from 2000-
2010 in California. Standard errors bootstrapped with

250 iterations.

The signs and magnitudes of our demand parameter estimates make sense. Our distance pa-
rameter estimates suggest that residents dislike being at a nursing home far away from their prior
residence, although the dislike diminishes with distance. Figure 2 shows the distribution of dis-
tance elasticities.”® The average is -0.75. The spike in the bin at 0 arises because our distances are
based on zip-centroids and a substantial fraction are at a nursing home which shares the same
zip as their prior residence. Our distance elasticities are considerably smaller than those found in
Gandhi (2023) and Olenski (2022). This is likely because our data contain residents who often

travel quite far, as figure 1 suggests.”

The inertia parameter indicates that residents have a strong preference for staying at the same

nursing home if they have multiple nursing home stays. Residents value quality. Figure 2 also

*The distribution is truncated on the right at 3, approximately 1% of distance elasticities exceed 3.
¥ Although Gandhi (2023) studies the Californian market like we do, he limits resident choice sets to 20km from their

prior residence and focuses on the years 2004-2006. Olenski (2022) estimates a structural model on nursing homes in

Illinois.
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Figure 2: Individual demand elasticities
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shows there is significant variation in quality elasticities.*” From the parameter estimates in table
6, one systematic pattern worth noting is that residents who are a Medicaid payer at the time of
entering a nursing home have a lower preference for quality compared to their Medicare and pri-
vate payer counterparts. This is consistent with NFP providers choosing higher quality to provide
a product more suited to private payers. FP providers who serve a product for Medicaid payers,
do not have to choose as high of a quality. Our average quality elasticity is roughly comparable
to those in Gandhi (2023). Residents dislike the private price if they have to pay. Figure 2 shows
that there is significant variation in price elasticities.*! We find consumers are significantly more
price elastic than in Gandhi (2023). Some sources of difference include the inclusion of an inertia
parameter and that we use a longer sample which captures more longer stays. Comparing price
and quality elasticities we see that residents generally respond more to prices than quality. This
is consistent with Cheng (2023) who generally finds that residents undervalue quality provision.
Finally, the preference for NFP providers is significant. This indicates that consumers value NFP
providers for their motive and/or that there are dimensions about quality not captured in our de-
mand specification which differ systematically across FP and NFP providers which residents value.

We return to this point when we examine our supply estimates.

7 Supply

In each market, providers first observe their unobserved demand and cost shocks and then compete
by choosing their private (per-day) price and total nursing hours in a static oligopoly. To setup
the nursing home’s problem we first need to aggregate individual choice probabilities using our
estimated demand system into firm quantities. Ignoring the m subscript for brevity, let ¢}, :=
i stirDays] be the quantity of resident-days for each payer-type served, Q;: =} _, ¢}, be the total
quantity of resident-days served across all payer-types and f € {F'P, NFP}.

In addition, nursing homes also face components of 'fixed” demand. As discussed previously,
these arise from stays that overlap multiple calendar years, residents who we dropped as they
chose a nursing home more than 50 miles away from their prior residence, and residents who we
do not have the data or model to construct choice probabilities for. Let 77, and Q;; represent fixed
demand from such stays. In counterfactuals, these components will remain fixed. g7, and Q;; are

derived from the difference of facility reported payer-day stays and ¢j,, Q. With these definitions

“The distribution is truncated on the right at 6 (and not on the left), approximately 0.05% of quality elasticities are

larger than 6.
*The distribution is truncated on the left at -10 (and not on the right), approximately 4% of price elasticities are larger

in absolute value than 10.
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in hand, the nursing home’s problem is:

T T _Priv —priv T T
max E 4jtPjt + 45 Py + E q5tPjt
TN, pb? . . . .
JBPjt  r=mcaid, mcare, priv,ins T=mcaid,mcare,ins,oth

Total Revenue

— (¢}, @y TNGe) + Oéngt
——

Total Costs nonpecuniary motives

Providers choose their total nursing hours and private prices to maximise profits and the quantity-
of-care they provide. Total revenues consist of the revenues from demand which nursing homes
can affect and revenues from demand which is fixed. In the first term, the payer-types ‘priv’ and
‘ins” refer separately to payer-days where the resident pays the private price and ‘ins” when the
resident’s stay is covered by long-term insurance. As long-term insurance makes up a small pro-
portion of stays - 6% - we do not model these distinctly and will think of such stays as being funded

by a program like Medicare or Medicaid where the resident does not pay the private price.*?

We separate fixed private quantities from other payer-types to highlight that we treat the price
for these quantities as fixed at the observed price in the data. That is, we do not allow the nursing
home to internalise the infra-marginal gains or losses from adjusting the private price on the fixed
quantities. If we did, then in counterfactuals the firm would always set p’; " = oo as the fixed
quantities are locked in. In the third term ‘oth’ refers to other payer-types such as those in Veterans’s

Affairs, none of which we model in demand.

The parameter aé governs how much providers of a particular organisation type value provid-
ing (non-fixed) quantity in equivalent profits and are parameters to be identified and estimated.**
They vary by f meaning that a separate parameter for each organisation type will be estimated.
For this draft, f € { NF P, F P} meaning that we will only estimate a parameter for all NFP and FP
providers in California. Nothing about this method precludes us from a finer partition which we

will consider in future drafts.

Given the importance of nonpecuniary motives, we briefly discuss our modelling choices. Pa-
pers often capture other motives by assuming that firms care about consumer surplus in addition
to profits. We decided against using consumer surplus for two reasons. First, using consumer sur-
plus also implies that firms consider willingness to pay in their nonpecuniary motive. We think
it is more plausible that nursing homes, particularly NFP nursing homes, would simply weight
residents equally in their nonpecuniary motive. Secondly, interpretation of consumer surplus for

both the econometrician and nursing home is not as straightforward as not all residents face the

2 Analogously, in demand estimation we treat a resident who is covered by long-term insurance as not paying the

private price.
®Since fixed demand does not respond to prices or quality, it makes no difference whether the quantity includes fixed

demand or not.
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private price.

Since Newhouse (1970) conceptualised modelling NFP objectives with both quality and quantity-
of-care motives, another choice is the lack of a nonpecuniary motive for quality. The challenge is
that we cannot separately identify a nonpecuniary motive for quality. To identify the quantity non-
pecuniary motive we match simulated variable costs with actual variable costs in the data as we
explain shortly. We have not been able to find a suitable set of moments to allow us to identify a
nonpecuniary motive for quality as well.** A nonpecuniary motive for quantity is still sufficient
for our research questions however. Since consumers value quality, we capture the possibility that

firms may have a nonpecuniary reason for choosing a higher quality - to serve more residents.

Firm cost functions are as follows:

(g5, @5 TNjt) = (Qji + Qi) (YW TNjt + 2 TN + o K + v K2 + vfoje + 6 Wi +1mje) +

Costs common across payer-types

> o0 (@ + @) + 07 (qje + @) + W TNy + Uy TNy

T=mcaid,mcare,allpriv

Observed and unobserved
quality fixed costs

Costs arising from payer-types

Cost functions differ systematically across firm types which allows us to explore differences in
firm efficiencies. Some costs are common across all residents, while others are specific to a payer-
type. Total nursing is treated as common across payer-types. This assumption is primarily made
out of necessity. Specifically, the data do not breakdown nursing hours across payer-types. Thus
we will be unable to model variation in quality costs due to variation in payer-type quantities.

We include a nonlinear quality cost term (7{ TN?,) so that there are diminishing returns to

quality from cost. Other aspects of common costs include size of the facility, measured by number
of beds K;;. We allow for there to be economies of scale in size. We allow for common costs to
vary in resident population characteristics W;; (beyond those not captured by differences in payer-
type populations). Specifically W;; includes facility population ADL and case-mix index (CMI)

5

averages.4 o0j; represents the proportion of ‘other’” payer-type days being served at the nursing

home.

For identification of supply parameters, we will be matching variable costs as we describe in

*One candidate could be the matching of model implied nursing wages and simulated wages. The main problem
with this moment however, is that since total nursing hours includes both registered nurses and licensed practical nurses,
matching wages in this way would require that all nursing homes of a given firm type use the same mix of registered
and licensed practical nurses. If not, then the matching of the actual wage rate is biased by also matching towards the
average mix of nurses. In practice, we find this matching to deliver less credible supply parameter estimates. We intend

to work on this for future drafts as allowing for a nonpecuniary motive for quality seems important
#Case-mix indexes are another way of measuring a resident’s medical needs and are directly used for the purposes

of calculating facility Medicaid and Medicare reimbursements.
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more detail shortly. Matching variable costs means that we need to match quantities perfectly, since
otherwise variable costs may differ from differences in quantities rather than differences in true to
estimated parameters. As noted previously, there are some residents who receive their funding
from government under a program other than Medicaid or Medicare. These residents are "fixed” —
in the way we described previously —, but still contribute to nursing home costs. Finally n;; captures

unobserved facility marginal cost shocks.

The second component of costs varies by the quantities of residents across each payer-type.*°
On average different types of payers have different care needs leading to differences in costs. This
also accords with our interviews with industry where it was common to see them discuss the
‘margin’ on each payer-type. We allow for economies of scale in serving each payer-type. This also
means that payer-type margins vary at the facility-level. Finally the last term captures observed and
unobserved costs only associated with quality. The latter is needed to rationalise a firm’s quality

choices with the data through the quality first-order condition.

Having described the supply model, we can discuss estimation and identification. It is useful

to consider the first-order conditions abstracting away from the cost function:

”U] . 9 (Z q‘rp7'> _ —O[f ant + 8Cf <(q;—t + qut)77njt)
J 8])?;“) . Jtejt Qap;]p;"w 8}7?;“}
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The left-hand side of these first-order conditions are the marginal revenues from adjusting price

or quality and are known given our demand system.*” As usual, we can invert these equations,
project them onto the observables and recover parameters with assumptions on the unobserved
cost shocks 74, Uj;.

This representation also highlights that aé can be viewed as rotating marginal revenues out-
wards. When aé > 0, firms have nonpecuniary incentives for serving a higher quantity and are
willing to incur a higher level of marginal cost. Therefore, the identification challenge with ag
is to distinguish between higher levels of marginal cost arising from firms with more inefficient
marginal cost function parameters, or firms which care more about providing quantity-of-care.
We follow a similar idea as in Hackmann (2019) and Kim (2024) and match the mean of sim-
ulated variable costs with the mean of actual variable costs.** We match variable costs because

unlike those two papers, our cost function exhibits many nonlinearities. Thus, we cannot compute

*There is a small abuse of notation here. In the payer-types we do not have ‘ins’ and “priv’. Instead we have “allpriv’,
this reflects that for cost, we pool the privately insured and out-of-pocket payers into one group of payers
Bq}—t
Bpf:w )

*Note that in general, T = {mcaid, mcare} need not be 0 due to residents who transition to and from paying

the private price.
48Cons’cruc’cing variable costs from the data requires taking a stance on what is ‘variable’. We use the categories of
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marginal costs from data (as say, average variable cost) and directly match marginal costs. Since ag

does not affect variable costs it rationalises the difference between simulated and observed variable
costs.*?
The remaining identification challenges are standard. Since the firm chooses T'Nj; and pf{ w
knowing n;; and Uj;, they are likely correlated. Thus we need instruments Z;; which shift T'N;; and
jzw
the moment conditions E[Zn] = 0 and E[ZU] = 0 for a GMM estimator.” We construct the

but are not correlated with cost otherwise.” With instruments Z;; in hand we can construct

moment conditions separately for each firm type and estimate the supply model for each firm
type. This means we do not impose any further parametric structure on how costs between NFP

and FP providers can differ.

Our rich cost function specification has many endogenous variables for each moment condition.
Accordingly, many instruments are required. We use county-level log median income, log 50-64
population and log 65+ population which we view as excluded demand shifters. The next set
of instruments are those relating to competitors. The number of distance-weighted FP and NFP
nursing homes, the distance-weighted sum of total beds and distance to nearest nursing home. All
of these relate to exogenous characteristics about competitors which are not correlated with the
nursing home’s own 7, Uj;. These should shift the quantities that the nursing home faces and the

quality they choose in response to those exogenous factors.

The final set of instruments relates to discharges to nursing homes from other medical facilities.
Discharges to nursing homes from other types of medical facilities are unlikely to be correlated with
the nursing home’s own 7;;, U;;, but shift the quantities they are likely to serve. We use the distance
of a nursing home to the nearest hospital, as hospitals can discharge residents directly to nursing

homes.

We also look at home-health discharges. Home-health services provide nursing care to resi-
dents in their own home instead of at a nursing facility. Since nurses cannot typically be at some-
one’s house 24/7, people who find themselves needing more intensive supervision can be dis-

charged to a nursing facility. We have home health data that provides the total number of dis-

operating expenses by cost center in the cost report data adding the following categories: Skilled Nursing Care, all
Ancillary services except Home Health Services and all support services except Administration. We do not include
property expenses, interest expenses and provisions for bad debts which are likely to be fixed costs and subject to the

tunnelling concerns discussed in Gandhi and Olenski (2024).
*Since quality fixed costs are fixed from the perspective of quantity they are also not included in the matching of

variable costs.
PWe treat K ;; as exogenous. In the data we observe very few changes in capacity over time. Across all providers and

years we only see expansions of capacity in 3.4% of cases and contractions of capacity in 4.4% of cases.
>'Tn constructing these moment conditions, it is worth noting that U;; does not show up in the pricing first order

condition. Thus for a given guess of parameters, we can compute 7;; and then use the quality first order condition to
back out the implied U},
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charges to intermediate care facilities or skilled nursing facilities at a facility-year level. This en-
ables us to construct distance-weighted discharges for a particular nursing home. The data we use
also breaks down home health quantities by payer-type (private-payer, Medicare, Medicaid), but
not specifically the number of discharges to particular nursing homes. Since this directly speaks
to our payer-type quantities we also include these distance weighted home-health quantities. All

else equal a higher quantity served at a home health facility also results in more discharges.

Table 7: quantity-of-care motive and quality cost parameters

FP NFP

Quantity Moti 9.32 32.94
uanti otive

(5.91) (9.26)

1.09 0.59
Quality Cost

(0.45) (0.42)
Convex 0.09 0.38
Quality Cost (0.20) (0.16)
Normalised Quality 0.09 0.75
Fixed Cost (0.28) (0.53)
N 7460 886

Note: Parameters can be interpreted in $/bed-
day. These results use facility-level data from
2000-2010 in California. Standard errors do
not take into account demand parameter uncer-

tainty.

A full table of supply parameter estimates is presented in appendix B.2, we begin here with
table 7 which presents estimates of the quantity-of-care motive and quality cost parameters. All of
these can be interpreted in terms of dollars per bed-day. The objective parameter estimates indicate
that NFP and FP providers value providing an additional bed-day of care at approximately $33 and
$9 respectively, although in the latter case the estimate is noisy and not significantly different from
0. These results are consistent with regulations requiring NFP providers to provide public benefits

in return for their generous tax treatment.

The result for NFP providers appears to be of a similar magnitude as in Hackmann (2019).
Hackmann (2019) considers government and private NFP nursing homes separately and estimates
that they act as if they have a marginal cost advantage of $36 and $23 respectively. To gauge the
relevance of the $33 estimate, note that the average NFP private price is approximately $188 per

bed-day so this represents about 18% of the price. In addition, we can think of this parameter in
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light of the distribution of firm-year level realisations of margins (price minus marginal cost) at
the observed quantities in figure 4.°> Given the relatively small margins NFP providers make, $33
is fairly substantial. We can also think of the parameter as shifting each of the margin distributions
for NFP to the right by $33. Since the bins are of width $10, this is roughly 3 bins to the right.

Table 8: Firm-level quality costs

Mean 25Pct Median 75 Pct

Quality Variable Cost

FP 1.32 0.98 1.18 1.43
NFP 166 079 1.01 1.34
Average Total

Quality Costs

FP 143 106  1.28 1.56
NEFP 271 137 178 2.44

Note: All costs in $/bed-day. Average total quality costs refer to adding
the variable and fixed quality costs and averaging by the firm’s quantity

served.

Turning to quality costs, since we allow for variable, fixed and nonlinear quality cost com-
ponents, table 8 summarises the firm-level quality costs. From table 7, we see that while NFP
providers have a lower linear quality cost parameter (0.59) compared to FP providers (1.09), the
convex component is larger (0.38 versus 0.09). Over relevant ranges of quality however, table 8

shows that generally, NFP providers have lower variable quality costs.

For quality fixed costs, we have normalised the parameter estimates by median total quantities
so that they can be interpreted in dollars per bed-day. For FP providers they are not significantly
different from zero, while for NFP providers they are positive and relatively large. By computing
the average total quality variable cost (averaging over the total quantity served), table 8 shows that

overall, NFP providers have larger quality costs.

We think these patterns are consistent with the mix of nurses which NFP providers use which
features considerably more registered nurses than FP providers as demonstrated in table 2. Reg-
istered nurses can be thought of as something like a ‘manager’. They supervise other nurses and

have a broader view of residents, while licensed practical nurses are responsible for the execution

32The presence of negative margins is reasonable in this setting for two reasons. First, firms are allowed to make
negative margins because of the quantity-of-care motive. Second, firms only have one quality and one pricing choice to
make, thus there is the potential for across payer-type cross-subsidisation. On average, Medicaid residents account for

62% of bed-days. To this extent, it makes sense that Medicaid margins are generally larger than for other payer-types.

34



of providing care (Lin, 2014). Higher quality fixed costs are consistent with the usage of more reg-
istered nurses. In addition, registered nurses are more costly than licensed practical nurses, which

matches with the higher overall quality cost of NFP providers.

A potential direct interpretation of the quality costs are that they should be the average wage
paid to licensed practical nurses and registered nurses. In this light, quality costs may be too low
given that the average wage in the data is approximately $25 per hour. On the other hand, since we
only allow quality costs to enter as a common cost across all payer-types, some of the quality cost
could be picked up either in the unobserved quality fixed cost which figure 3 shows some variation

for, or the specific payer-type costs.

Table 9: Firm-level payer-type marginal costs

Mean 25Pct Median 75 Pct

Private-payer MC

FP 2099 171.8 203.0 242.5
NFP 2291 1961 2329 266.5
Medicaid payer MC

FP 100.0 649 937 126.3
NFP 139.1 1044 1412 174.4
Medicare payer MC

FP 2735 229.7 264.6 306.9
NFP 3183 279.0 3272 364.7

Note: All costs in $/bed-day. These firm-level marginal costs include

the common cost component.

Next we turn to the payer-type costs. Given that costs are nonlinear with each payer-type
quantity, we summarise the firm-level payer-type marginal costs in table 9. The underlying sup-
ply parameter estimates can be found in appendix B.2. First, we observe that across FP and NFP
providers, Medicaid payers are the least costly, with private payers next and Medicare payers being
the most costly. Qualitatively this is in line with the price hierarchy that Medicaid pays the least,
followed by private prices and then Medicare prices. When looking at the payer-type margins in
figure 4 we see that the hierarchy differs with Medicaid payers being relatively more profitable

compared to Private payers and Medicare payers.

To understand these costs and why the relative sizes might be disproportionate compared to
prices, we turn to table 10. Here we look at the ‘actual” variable costs used in cost matching. The

two main categories of cost in that data (making up on average 80% of the variable cost) are the
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skilled nursing cost center - encapsulating all costs directly attributable to physician and nursing
care provided to residents and, what we call the non-nursing cost center which includes costs
due to general sanitation and laundry of the facility, dietary fulfilment and resident non-medical
activities. We regress those costs on a NFP indicator and each of the payer-type quantities and
include a specification where we use county and year fixed effects. We do not attach a causal

intepretation to this table, but it does illustrate the variation in the cost matching moments.

One fact that we can see is that the cost of a nursing home associated with more Medicare resi-
dents is dramatically higher than for other types of residents. For example, for the skilled nursing
cost center, with county and year fixed effects, an increase of one Medicare bed-day is associated
with an increase of $123.26 in additional variable costs for a FP nursing home and $123.26 + $61.60
= $184.86 for a NFP nursing home. A similar pattern is observed for non-nursing costs. This likely
reflects the heightened medical and care needs associated with Medicare residents and explains

why we find Medicare residents to be particularly costly as well.

Turning to Medicaid margins versus private-pay margins, table 10 suggests that it’s unlikely
that cost matching moments alone can explain why our model finds that Medicaid payers are
much less costly than private payers. We think that these results may arise because without nurs-
ing home fixed effects, our estimation uses across-nursing home variation to identify parameters.
Nursing homes with many private payer residents compared to those with few may have signif-
icantly higher costs arising from differences in quality other than the nursing hours we consider.
The use of nursing home fixed effects would restrict the amount of instruments available for use
as we would need instruments that have sufficient variation at the facility-level, of which there are

not many.

Next, turning to comparisons across FP and NFP providers, we find that FP providers gen-
erally have lower marginal costs across payer-types. For private payers the difference seems to be
approximately $20-30, for Medicaid payers the difference seems to be approximately $40-50 and for
Medicare payers the difference seems to be approximately $50-60. To the best of our knowledge,
there are no other papers which study whether FP providers have more efficient cost functions
than their NFP counterparts. Lu and Lu (2021) study conversions from NFP to FP nursing homes
and find that converted FP nursing homes are able to reduce costs by reducing nursing adminis-
tration costs which is consistent with some FP providers having more efficient cost functions.”.
In the absence of other empirical evidence, we can apply the framework of Hart et al. (1997) who
argue that government employee incentives to reduce costs are weaker than for a private firm as
they do not appropriate all the gains of their efforts. Around 20% of our NFP providers are pub-

licly owned. For the remainining 80% a similar argument applies. NFP providers are required to

»The generalisability of Lu and Lu (2021)’s finding is unclear. This is because their identifying variation is based on

nursing homes which convert from NFP to FP, which they suggest are often "failing’ NFP nursing homes.
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reinvest any profits back into the organisation, and regulation works to limit the ability of firms to
distribute profits through higher wages. Thus, NFP employees will also be unable to appropriate

additional profits from cost reduction.

Still these cost differences are large, thus it’s worth exploring if there are any other systematic
factors contributing to them. Returning to table 10, we see cost differences in the variable cost data
as well. NFP on average incur approximately $500,000 to $665,000 per year more than FP in the
skilled nursing cost center and approximately $200,000 more in non-nursing expenses. Adding
these up ($700,000 to 865,000) and dividing by the average total bed-days a NFP serves, these
differences amount to approximately $25-30 per bed-day which explains a significant portion of the
differences in payer-type costs between FP and NFP providers. While some of these cost differences
are likely attributable to differences in efficiencies between FP and NFP providers, this analysis
suggests that a large proportion of the cost differences arise from unobserved and/or unmodelled
differences in quality, consistent again with NFP providers serving a higher priced, higher quality

product more suited to private payers and residents with stronger quality elasticities.

In terms of the difference from the skilled nursing cost center, recall that the quality measure
we use includes only nursing hours from registered nurses and licensed practical nurses. As table
2 shows, certified nursing assistants (CNA) play a significant role, and that NFP providers choose
more CNA nursing hours per bed-day of 2.26 versus 1.88 for FP providers. CNAs do not show up
in our cost function explicitly but are a part of variable costs in the data through the skilled nursing

cost center, so this is likely to influence the difference in costs between NFP and FP providers.

Secondly, the fact that NFP providers incur higher non-nursing costs might suggest that NFP
also provide higher non-medical quality than their FP counterparts. For example cleaner facilities,
better food and more social activities for residents. These are not explicitly accounted for in the
cost function but are a part of the variable costs we match with. Overall, we interpret differences in
costs between FP and NFP as attributable to differences in different dimensions of quality. Another
reason we find this plausible is that it is consistent with the NFP business model of operating
upstream facilities (independent living and assisted living facilities) whose residents mostly pay a
private price. Quality should be especially important for those facilities for attracting residents who
have more outside options, for example staying at home. It seems reasonable to think of similar

quality choices applying to the nursing home facility.

While these data suggest that CNAs and non-medical quality might be important we do not
model them explicitly. In the case of CNAs, we did not want to introduce further endogenous
variables and we found that pooling CNAs with registered nurses and licensed practical nurses
led to implausible quality preference estimates. For non-medical quality, the issue is that we do not
observe the underlying inputs at all. Still, these factors are accounted for in costs indirectly through

cost matching as we just described. On the demand side, they are captured by the preference for
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NFP providers which we found to be significant materially and statistically.

Table 10: Factors driving cost differences

Coef Skilled Nursing Cost Center Non-Nursing Cost Center
Intercept 26.01 4.59 9.10 2.18
($000,000) (0.15) (0.25) (0.05) (0.09)
NFP 0.31 6.64 5.01 1.47 2.32 2.00
($000,000) (0.46) (0.67) (2.82) (0.16) (0.24) (0.84)
] 35.33 82.09 11.67 29.56
Q Private
(2.25) (3.08) (0.80) (1.12)
178.37 123.26 48.16 27.73
Q Mcare
(3.30) (7.68) (117) (2.97)
51.99 62.05 18.34 21.89
Q Mcaid
(0.77) (4.68) (0.27) (0.74)
] -18.68 -27.44 1.07 -4.17
NFP x Q Private
(5.13) (10.53) (1.83) (4.18)
110.14 61.60 59.59 44.19
NFP x Q Mcare
(16.64) (33.17) (5.93) (11.98)
) -4.45 2.45 -1.89  0.11
NFP x Q Mcaid
(2.34) (8.70) (0.83) (3.89)
C
ounty + X X
Year FE

Note: All costs in $/bed-day unless otherwise specified. These results use facility-level data
from 2000-2010 in California.

According to our supply estimates many nursing homes make a loss. Specifically, approxi-
mately 71% and 38% of NFP-year and FP-year cases respectively, record a loss. Taking into account,
the quantity-of-care motive 65% and 34% of NFP-year and FP-year cases still have a total-objective
less than 0. We think this is a problem and will work on this for future drafts, however, it’s im-
portant to also note that going by the cost report data alone, 77% of all firm-years make losses
which is significantly more than what we estimate. There is good reason to think that a significant

proportion of these are true losses given the cross-subsidisation involved in the market.
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Model Discussion

Identification of supply parameters relies on the inversion of first-order conditions being correct.
Or, in other words, that the supply model is correct. This is especially so for the quantity-of-care
motive parameter since it rationalises the difference between observed and model simulated vari-

able costs. Here, we discuss two threats to our supply model.

The first threat relates to incentives for nursing homes to price dynamically because of capacity
constraints.”* Nursing homes may take into account the option-value of empty beds (for serving a
more profitable resident) in their pricing and quality choices. We consider specifications of supply
in appendix B.3 which allow for these forces. We find no evidence to suggest that nursing homes
set prices and quality to take into account potential opportunity costs or option-values of empty
beds.

The second threat is that, FP providers are typically part of a large chain. FP nursing homes
in the same chain that are close enough may have smaller incentives to compete which could also
cause issues for our inversion. Unfortunately, as chain ownership is opaque in the data, we have
not been able to account for chain effects. In future drafts, we may complete the hand-coding of

chains to enable us to do so, however, there are also reasons to suggest that chain effects are limited.

First, our in-sample takeovers presented in appendix A.4 provide some tangential evidence
about this. Most of the FP to FP acquisitions that we observe are likely to be from larger chains
acquiring other FP nursing homes. New owners appear to improve profits by changing the com-
position of the nursing home population towards Medicare payers while being able to maintain
costs.”® There do not seem to be otherwise any significant changes in price and quality. These
results accord to some extent with Gupta et al. (2021) who explicitly study takeovers by private
equity. While they do not look at changes in payer-type populations, they find similar results on

nursing hours and costs.

In part, we expect that the limited pricing and quality effect is because nursing homes which
are part of chains often still operate independently to a significant extent. For example, the largest
nursing home chain in the US,” - the Ensign group - describes on their website a business model

where each nursing home is run independently by its own management team and employees.”” In

*The fact that we have inertia in demand could also lead to harvest-invest type dynamic pricing and quality incentives.
We do not not think this type of dynamic pricing and quality incentive matters in this setting. Multiple stays are not

that common and prices and quality are not personalised.
%Since our model estimates suggest that Medicare payers are the most costly, in the lens of our model, the maintenance

of cost would have to be due to systematic changes to the cost function outside of the scope of the model.
56Accordirlg to Definitive Healthcare, see https://www.definitivehc.com/blog/top-10-largest-skilled-

nursing-facilities
See for example https://ensigngroup.net/about/
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addition, in our hand-coding exercise, it was often the case that nursing home webpages showed
little about their owner or even a consistent branding for nursing homes we suspected to be of the

same chain.

8 Explaining Quality and Access Patterns

With our estimated model of nursing home demand and supply, we can now revisit and explain
our motivating evidence through the lens of the model. We begin by conducting a series of counter-
factuals to explain quality choices and market segmentation. In these counterfactuals, we change
the relevant supply or demand parameters and then solve for the new pricing and quality equilib-
rium. As our markets are defined by MSA-year pairs and our data span 2000-2010 we have many
markets to work with. We pick a small, representative market. Specifically, we pick the Santa Bar-
bara MSA in 2005 - halfway through our sample. The Santa Barbara MSA has 3 NFP nursing homes
and 4 FP nursing homes. It has the most NFP providers out of small markets (markets with less

than 10 nursing homes) and sits in the middle in terms of total nursing home residents.

In table 11, we present a series of 3 counterfactuals to explore which forces can explain why
NEFP providers choose higher quality than their FP counterparts. We consider three possibilities.
First, since we found that NFP providers have a nonpecuniary motive for quantity-of-care, it could
be the case that this causes them to choose higher quality to serve more residents. Figure 4 suggests
that NFP providers would also like to serve Medicaid bed-days, but our cost estimates also suggest
that FP providers have a significant cost advantage which allows them to set lower private prices to
attract Medicaid residents who are private payers for some portion of their stay. Given the strong
competition for Medicaid payers, NFP providers might substitute away by choosing higher quality
to compete for more private-payers. Therefore if we took away the FP Medicaid cost advantage,
then NFP providers might be able to better compete for Medicaid residents and choose lower qual-
ity instead. Finally, on the demand side, we estimated weaker quality preferences from Medicaid
residents compared to private-pay residents. This could also lead NFP providers to choose higher

quality to compete for private-pay residents.

In the first row, we present the average prices and quality of providers from the observed Nash-
Bertrand equilibrium as a baseline. In the second row, we consider the role of the NFP’s quantity-
of-care motive, by setting the NFP quantity-of-care weight parameter from the estimated $33 per
bed-day to zero. In the resulting equilibrium, prices and quality increase on average. Interpreted
oppositely, all else equal, NFP nursing homes find that to increase the quantity-of-care served, it
is best to cut quality and prices instead of raising prices and quality. This is consistent with Cheng
(2023), who finds that residents tend to undervalue quality. This means that the quantity-of-care

motive is not the reason why NFP providers choose higher quality.
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Next, we consider the role of the FP’s Medicaid cost advantage. We take away the FP’s Med-
icaid cost advantage by setting their Medicaid payer-type cost parameters to be the same as the
NEFP’s. In the resulting equilibrium, we find significant decreases in quality, while FP providers
raise their price slightly, given their now higher cost. Although FP and NFP providers both de-
crease quality, the gap in quality narrows. Given that FP providers have become less competitive
for Medicaid residents, we interpret this result as NFP providers switching from a market seg-
mentation approach where they compete for private-payers to competing for Medicaid residents,
where they only need to choose a quality that is a bit better than the FP providers’ choice. In other
words, the higher NFP quality choice is likely to be explained by the market segmentation strategy

given that FP providers are particularly competitive for Medicaid residents.

In the last row, we equalise preferences for quality to be the same across private payers and
Medicaid payers. In the resulting equilibrium we find that both types of providers choose higher
quality, which makes sense given that quality elasticities for the average resident are now larger.
The gap in quality choices between NFP versus FP providers also becomes larger under this coun-
terfactual, which may reflect that the gains from increasing quality for NFP providers increase by
more than for FP providers. Under either the observed equilibrium or in this counterfactual, NFP
providers choose considerably larger quality, thus it seems unlikely that differing preferences in
quality are the main driver for higher quality choices by NFP providers. Summarising the results
from this exercise, market segmentation driven by the strength of FP providers at serving Medicaid

payers appears to be the main reason for why NFP providers choose higher quality.
Table 11: Explaining quality choices

FP NFP
Average Average Average Average

Price Quality  Price Quality

Observed 190.6 0.88 209.3 1.19
Null NFP objective 195.3 0.96 247.7 2.83
Set FP mcaid cost

193.6 0.73 209.6 0.86

to NFP mcaid cost

Equalise mcaid quality 190.6 1.28 208.9 1.71

pref to priv. pay pref

Note: These counterfactuals use the Santa Barbara MSA in 2005, which has 3 NFP

and 4 FP nursing homes.

Now we turn to explaining patterns of access. Our motivating evidence established that NFP

providers are more prevalent in higher income markets and serve less Medicaid and more private-
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pay residents than their FP counterparts. Since nursing homes are able to serve more private payers
in higher income markets and more Medicaid residents in lower income markets, we hypothesised
that the patterns of access can be explained by FP providers finding Medicaid residents more prof-
itable and NFP providers finding private-pay residents more profitable. Since payer-type margins

are not directly observed, this was one of the motivations for the structural model.

Focusing on figure 4, the rightwards shift in the distribution of Medicaid margins for FP rel-
ative to NFP providers (and more so compared to other payer-types) is a clear indication that
FP providers find Medicaid residents particularly profitable. On the NFP side, while Medicaid
residents appear to also be the most profitable, our counterfactuals in table 11 just showed NFP
providers prefer to avoid directly competing with FP providers for Medicaid residents. Since pri-
vate payer margins seem considerably better than Medicare margins, we can interpret the NFP
pricing and quality choices as taking what they can get from the Medicaid residents that they are

able to serve and private-payers.

9 Banning for-profit providers

Finally, we use the estimated structural model to simulate the effects of counterfactual bans, allow-
ing for subsequent takeovers by NFP providers. In each of the small markets (less than 10 nursing
homes in 2005), we consider a range of scenarios, beginning with the lowest quality FP nursing

home and cumulatively adding higher quality FP nursing homes.

In the ban counterfactual, FP nursing homes leave the market. In the takeover counterfactual,
the targeted FP nursing home is taken over by a local ‘NFP’ nursing home. Since our pool of NFP
nursing homes includes government providers (around 20% of NFP providers), we could also
think of this as government directly taking over the nursing home. The takeover version of the
counterfactual allows us to account for the concern that consumer surplus will reduce simply be-
cause a product is being removed from the market. While in most papers, new entry is considered
instead of takeovers, as we discussed in the motivating evidence, new nursing home entry seems

relatively unlikely and takeover seems like a more reasonable proposition.

In terms of implementation, for the ban counterfactual, we simply remove the targeted FP
providers and solve for the new solution. In the takeover counterfactual, we change parameters
on the demand and supply side for the targeted nursing homes and then solve for the new so-
lution. On the demand side, we add the NFP "product attribute’” to targeted nursing homes, so
that residents take into account their preference for NFP providers when evaluating the nursing
homes which are taken over. On the supply side, we change all of the FP parameters with their

NFP counterparts. We replace the unobserved cost shocks with the mean of the corresponding
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NFP cost shocks.

These changes represent a counterfactual where a local NFP nursing home replaces the FP
‘product” with their own. While total nursing hours remains endogenous, the NFP taking over
the FP introduces higher unobserved quality in line with its existing product offering and incurs
the associated higher level of cost. This is a reasonable counterfactual to consider to the extent
that it seems natural that the NFP would partially extend its existing business model given the
"local” nature of the takeover. We do not explicitly model a takeover process and any transition
costs incurred. To that extent, we regard our evaluation as generous to the policy. Given the static

nature of our model and counterfactual, we also interpret the results from a long-run point of view.

We evaluate the changes relative to the observed Nash-Bertrand equilibrium. After the change,
we solve a social planner’s problem. We interpret the social planner’s solution as representing the
upper bound on the effectiveness of the policy. If consumer surplus (CS) decreases or increases by
only small amounts, then the policy is unlikely to be beneficial under any form of conduct which
could change given substantive changes in market structure. In the social planner’s problem we
solve the following problem:

max i
(p;)rw ,TN]' )j: L

Subject to capacity constraints @); < Qj, j =1,...,J and profit constraints 7; > 7;

Here CS =), Days;CS;, where C'S; is the usual logit logsum formula for consumer surplus.
When expressing consumer surplus in dollars, we assume that residents who never pay the pri-
vate price otherwise have the same price preferences as with someone who does. The capacity
constraint is needed since with large changes to total capacity, demand could exceed supply for a
given nursing home. As we discussed earlier, our model did not find evidence for changes to firm
pricing and quality as they approach capacity, thus we think it’s reasonable to model this as a hard
constraint. Note that since total capacity is calculated as the number of beds multiplied by days in
a year, a 100% capacity constraint is likely generous. In practice, stays are ‘continuous” and cannot

be split across different periods.

While the capacity constraint is enough to stop the social planner from choosing zero prices and
infinite quality, the social planner could still effectively set zero market share for a given provider
- effectively banning them. This arises because there are two types of “excess entry’ forces. First,
as there are quality fixed costs there is the classic Mankiw and Whinston (1986) excess fixed costs
force. Two nursing homes which choose the same level of quality incurs double the quality fixed
costs in the market. Second, firms are heterogeneous in costs and some nursing homes may be
particularly inefficient. Under the competitive Nash-Bertrand equilibrium, the firm may be able to
make positive profits, however, the social planner may prefer to simply allocate zero market share

to such a firm so that other firms serve more quantity at lower cost.
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To ensure that we can exogenously vary market structure in the way we intend, we impose a
profit constraint - that the firm has to make at least as much profit as they make in the observed
equilibrium 7;. This means that the social planner has to respect that the firm should receive
market share in order to earn at least as much profit in the social planner’s solution as under the

observed Nash-Bertrand equilibrium.

In the takeover counterfactual, the profit constraint implies that the NFP which takes over a FP
has to earn as much profit as the FP did in the observed equilibrium which may be inconsistent with
a NFP’s nonpecuniary motive. Accordingly, we also consider versions of counterfactuals where
we replace the profit constraint with an objective constraint - that the firm should reach at least
the same objective they do in the social planner’s solution as under the competitive Nash-Bertrand
equilibrium. The main effect of this change is to allow the social planner to substitute profit with
the firm’s nonpecuniary value for quantity-of-care. This especially applies for a social planner

considering a NFP (which have a larger quantity-of-care motive) which takes over a FP.

Table 18 presents the results of these counterfactuals. The top half presents the results of the
counterfactuals with the profit constraint, while the bottom half presents the results with the ob-
jective constraint. The change in CS due to losses in nursing homes holds fixed prices and quality
at the levels of the observed Nash-Bertand equilibrium and focuses on the change arising from the

loss of nursing homes.

Results on bans without takeovers might at first seem favourable. Across scenarios, the median
change in CS is around $1.3 million. However, around 45% of scenarios have reductions in CS.
In addition, under most scenarios, there are large losses in access to nursing home care. Many
Medicaid residents previously served by FP nursing homes, no longer have access to nursing home
care. For these reasons we regard the results of these counterfactuals as unfavourable. The reason
why CS might improve is because we compare a social planner’s solution with a competitive Nash-
Bertrand equilibrium. This can be seen by the social planner’s choice of significantly higher quality.

But even under this generous benchmark, there are too many markets with losses in CS.

When allowing for an objective constraint instead, we find the the increase in consumer sur-
plus becomes smaller and in the median market there is now a small decrease. The social planner
chooses a smaller increase in price and quality in line with the nursing home’s preference of dis-
counting prices and quality to serve more residents. This result likely arises because the NFP’s
quantity of care motive forces the social planner to choose a solution which has lower CS to satisfy

the firm’s objective constraint.

When allowing for takeovers we find a clearer negative result. Consumer surplus declines in the
average and median scenario. Under the takeover, the nursing home adopts the higher unobserved

quality and cost structure of the local NFP nursing home. In doing so however, the social planner
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has to raise prices significantly to ensure that profits are maintained. On the other hand since the
nursing home is still in operation, the losses in Medicaid residents being served is relatively small.
The losses are non-zero as with the increase in prices some residents may prefer to pick the outside

option - nursing homes not captured in our analysis.

When allowing for an objective constraint instead the results are more favourable, but still over-
all negative. The average scenario has a positive effect. This is because prices do not increase by as
much, as the social planner is able to substitute some of the profits for firm objective value which
increases with more residents being served. In summary, even under an exceptionally generous
benchmark we find that banning FP nursing homes, and allowing for takeovers is unlikely to be
successful policy. The policymaker either has to accept large losses in access to nursing home care,
or higher prices especially for residents who did not seek a higher priced, higher quality nursing

home to begin with.

Finally, we conduct one sensitivity test. In the takeover counterfactual we interpret the local
NEFP as taking over the FP nursing home and extending its business model with the correspond-
ing increase in unobserved quality. Since FP nursing homes serve more medicaid patients, a NFP
taking over the FP could instead opt to not increase quality, including dimensions of unobserved
quality, to avoid raising prices by as much. Since total nursing hours is endogenous we allow the
NFP taking over the FP to choose lower quality through less total nursing hours in the counter-
factuals considered thus far. On the other hand as we do not observe other dimensions of quality
we have to treat the costs as fixed at either the NFP level or FP level. One sensitivity test we can
do for the takeover counterfactual is to consider the same counterfactual, but only replace the FP
quantity-of-care motive with the NFP quantity-of-care motive, change the quality cost parameters
from FP to their NFP counterparts and replace unobserved cost shocks. In this counterfactual,
residents know that the NFP taking over the FP is not planning on conferring improvements in un-
observed quality and evaluates the nursing home as if it were a FP. On the supply side, the NFP still
has its quantity-of-care motive which matters when we use the objective constraint, however since
it does not provide the higher unobserved quality, its quantity cost parameters are the same as the
FP. ° We report the results of this exercise in appendix B.4. Overall our assessment remains the
same. While the results are more favourable to the policy change, the median scenario still records

a negative consumer surplus change with both the profit constraint and objective constraint.

%Since we do not have structural estimates about how much of the differences in costs are due to differences in
efficiencies versus unobserved quality, we focus on the case where we assume all of the cost differences arise from
differences in unobserved quality. This will again be a relatively favorable assessment of the policies as this assumes a

NFP cost function which is more similar to a FP cost function, than the true NFP cost function.
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Table 12: Bans under the social planner’s problem

No takeover

with profit cons.

Takeover

with profit cons.

Mean Median

Mean Median

Change in
CS ($m)

Change in CS due to losses

in nursing homes ($m)

Change in

average price
Change in

average quality
Change in
Medicaid quantity
(’000 bed-days)

1.1 1.3
-2.2 -1.6
117.6  97.0
4.0 4.5
-67.1  -58.7

-0.6 2.7
2525 266.5
0.8 0.9
-4.9 -1.7

No takeover

with objective cons.

Takeover with

objective cons.

Change in
CS ($m)

Change in CS due to losses

in nursing homes ($m)

Change in

average price
Change in

average quality
Change in
Medicaid quantity
("000 bed-days)

0.3 -0.1
-2.2 -1.6
103.2 89.6
3.6 34
-67.0 -59.4

1.0 -1.9
146.0 161.3
0.4 0.3
-2.5 -0.5

Note: All markets with at most 10 nursing homes and at least one NFP in 2005. Each

scenario corresponds to one market with one set of targeted FP providers. The sets

of targeted FP providers for a given market consist of a set with the lowest quality FP

provider, a set with the lowest quality and second lowest quality FP provider, and so

on, with the largest set being all FP providers. Changes are computed relative to the

Nash-Bertrand equilibrium with all firms in the market. Since costs are heterogeneous,

the changes need not be monotonic in the number of targeted FP providers.
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10 Conclusion

Should policymakers reduce FP provision and increase NFP provision in regulated markets such
as health and education? Overall, we argue that the balance of the model and empirical evidence
suggests that it does not. In some other settings such as hospitals, papers have argued that NFP
providers may simply be FP providers in disguise (Dranove et al., 2017). We find significant dif-
ferences between NFP and FP providers. Consistent with past work, NFP providers have non-
pecuniary motives for providing quantity of care. However, unlike in previous papers, we argue
that this motive plays a relatively small role in determining market structure. NFP providers also
choose higher quality and likely do so on more dimensions than that which we explicitly model.
However, higher quality comes at a ‘cost’. Furthermore, as Medicaid payers — who account for the
majority of bed-days — value quality less, differential costs ultimately become a first-order con-
sideration in determining market structure and nursing home choices. Viewing FP providers as
offering a product better suited and providing access to Medicaid payers, it is clear that they play
an important role in nursing home care and that banning FP nursing homes is unlikely to be a

fruitful policy solution.

A broader takeaway is that given the limited policy success in this industry, one might have
hoped that NFP provision could be a silver bullet. This is especially the case because it does not
necessarily involve the government spending substantially more money, which history demon-
strates is a difficult ask. Ultimately, these results suggest that increased NFP provision is unlikely
to be a substitute for increased government funding through measures such as paying nursing
homes more as in Hackmann (2019) or a stronger regulator, which was a key recommendation in
National Academies of Sciences, Engineering, and Medicine (2022). Finally, we began this paper
with general health and education settings in mind. We leveraged the US nursing homes indus-
try to study this question, which necessitates addressing unique institutional features. However,
similar patterns can be found in other markets such as post-secondary education (Deming et al.,
2012). Accordingly, we contend that this framework and the lessons learned may have broader

applicability beyond the US nursing homes industry.
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Appendix

A Supplemental facts

A.1 Resident individual characteristics

Table 13: Summary statistics from resident-level data

Average 10th pct 50th pct 90th pct

ADL score 12.5 7 13 17
Age (cond. >=65) 82 71 82 92
CLN score 1.3 0 1 2
Length of Stay (days) 148 7 30 410

This data is from the resident-level panel which informs our structural estimation
and covers 2000-2010 in CA.

According to table 13, residents vary significantly in their length of stay, entering age of residents,”
care needs and medical needs. Care needs can be measured by a resident’s assisted daily living
(ADL) score which measures how dependent residents are on nursing care for their daily living.
Scores can range from 4 to 18, with higher scores indicating more dependency. 4 can be thought of
as normal functioning, while 18 would be someone who is completely dependent on nursing care.
Medical needs can be summarised by a resident’s clinically complex scale (CLN) score which takes
values of 0,1,2 or 3, with 0 representing no additional medical needs and 3 representing a high level

of medical needs.

»We restrict the age of residents to those at least 65 to exclude residents who are likely to be very different from the
population of primary interest. The long-term care function means that nursing homes may also serve young people

with significant disabilities, for example.
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A.2  NFP nursing homes charge higher private prices than FP nursing homes in Cali-

fornia

Table 14: Differences in Private Prices

Difference in Means Regression

FP -17.8 -15.7
(4.92)

Note: These results use yearly facility-level data
from 2000-2010 in California. Controls include fa-
cility size (in beds), aggregate assisted daily living
score which measures how dependent the popula-
tion is on carer support for daily needs, aggregate
case mix index which measures how much medi-
cal care the population requires and proportion of
Medicaid and Medicare payers in the facility. Year
and zip fixed effects are included with standard er-

rors clustered at the facility-level.

A.3 Donations are unlikely to play a role in explaining location patterns

We argue that one reason why NFP providers are relatively more prevalent in higher income mar-
kets is because they serve a larger proportion of relatively profitable private-pay residents. Another
reason could be that it is easier to source donations when the local population is wealthier on aver-
age. In interviews with industry, we heard that donations do not play much of a role as the cause
of nursing home care is relatively unappealing. We check this claim empirically by drawing on
supplemental data from the National Center for Charitable Statistics (NCCS) who compile and
clean data from NFP annual form 990 filings. This data reports the contributions which nursing
homes receive each year along with usual financial data. Contributions includes boths donations
and government funding, but are not separately split in the NCCS data. Figure 5 is a histogram of
nursing home contribution rates as a proportion of total revenues separated by the income quartile
of the nursing home’s zip. A few nursing homes receive all of their revenue in the form of contribu-
tions. These are likely to be government-run nursing homes. On the other hand, the vast majority
receive none, and zip income quartile has very little affect on this distribution. We interpret this as

clear evidence that donations do not matter.
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Figure 5: Histogram of contribution rates by zip income quartile, all states, 2010-2018
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A.4 Validating in-sample nursing home takeovers

Motivated by papers studying acquisitions and the lack of exit and entry activity in the data, we
consider takeover activity in CA in table 5. As facility data do not readily identify ownership, and
thus takeovers, we had to hand code takeovers by cross-validating the facility-level data with online
sources. To provide some reassurance that we did successfully identify takeovers we conduct an

event-study exercise.

Specifically, we estimate the following regression equation for facility j at year ¢:

Yjt = aj + T + Z Bl k=r(jt) + €t
k#—1
where «; are facility fixed effects, 7; are year fixed effects, and r(j, t) is the relative year from when
when the facility j was taken over by another facility. Figure 6 reports the estimated coefficients /.
The sample is relatively small so our estimates are somewhat noisy. Some clear patterns emerge.
resident profit which are revenues minus expenses for resident care items increases substantially
following a takeover. The reason appears to be that nursing homes shift away from serving Medi-
caid residents towards serving other resident types while keeping average variable and total costs
in check. Since, Medicare and private pay generally pay more, if a nursing home can keep costs
fixed when shifting towards Medicare and private pay residents then their resident profitability
will increase. Notably, nursing hours and the prices themselves do not significantly change. The
result on unchanging nursing hours seems close enough to Gupta et al. (2021) whose results sug-
gest no significant change in nursing hours until much later after the takeover. They do not study
changes in prices or the payer-type composition. They also find significant increases in facility
fixed costs following a takeover, which in our view is likely attributable to the tunnelling of profits
which Gandhi and Olenski (2024) find. Our event study also suggests that fixed costs rise follow-

ing takeovers, but we do not have enough power to conclude statistical significance.
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Figure 6: Event-study coefficients: Takeover

(a) resident Profit (b) Average Total Cost (c) Average Variable Cost
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Nursing hours are hours per resident per day.
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B Supplements to structural estimation

B.1 Full demand parameter estimates
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Table 15: Full demand parameter estimates

_ Los Los Resp. Payment Payment Payment
Baseline  Age
30-100 100+ Non-self  Self Medicaid Medicare
) -0.1650 -0.0013 -0.0001 0.0018 0.0250
Distance
(0.00004) (0.00003) (0.00008) (0.00008) (0.00004)
) 0.0016 0.0000 0.0001 0.0002 -0.0004
Distance Sq
(0.00002) (0.00000) (0.00001) (0.00001) (0.00001)
Oualit 1.3341 0.0009 -0.1064 -0.4595 -0.2616 -0.2100 -0.0020
uali
y (0.0194) (0.00008) (0.00001) (0.00003) (0.00003) (0.00000)  (0.00003)
Pri -0.0395 0.0000 -0.0002 0.0002 -0.0006 -0.0025
rice
(0.0003) (0.00000) (0.00002) (0.00002) (0.00001) (0.00003)
) 5.4225
Inertia
(0.0012)
1.2705
NFP
(0.0129)
H Bachel
DRS CPS ADL CLN as Female  Non-white oo
Alz. Educated
Oualit -0.0788 -0.0440 0.0297 0.0496 -0.0531 0.0158 -0.2283 0.0733
uali
y (0.00000) (0.00015) (0.00039) (0.00004) (0.00002) (0.00002) (0.00004) (0.00000)
. 0.0006
Price
(0.00002)

Note: These results use individual-level data from 2000-2010 in California. Standard errors boostrapped using 250 iterations
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B.2 Full supply parameter estimates

Table 16: Full supply estimates

FP NFP
) ) 9.32 32.94

Quantity Motive

(5.91) (9.26)

1.09 0.59
Quality Cost

(0.45) (0.42)
Convex 0.09 0.38
Quality Cost (0.20) (0.16)
Normalised Quality 0.09 0.75
Fixed Cost (0.28) (0.53)

0.50 0.46
Total Beds

(0.07) (0.12)

-0.09 -0.08
Total Beds Sq

(0.02) (0.04)

217 0.85
Agg ADL

(0.37) (0.95)

63.59 73.75
Agg CMI

(10.42)  (27.59)

70.85 -62.98
Prop. Other

(1322)  (19.71)
9023  132.62

Private Payer
(15.07)  (41.67)

) -0.003 -0.001
Private Payer Sq
(0.0005)  (0.0008)
-25.85 44.14
Medicaid Payer
(4.72) (32.70)
-0.0006  -0.0008
Medicaid Payer Sq
(0.0003)  (0.0004)
. 80.41 278.18
Medicare Payer
(34.04) (69.24)
) 0.005 -0.016
Medicare Payer Sq
(0.002)  (0.007)
N 7460 886

Note: These results use facility-level data from 2000-
2010 in California. Standard errors do not take into

account demand parametéﬂuncertainty.



B.3 Provider Selection, Capacity Constraints and Dynamic Pricing Incentives

Identification of supply parameters relies on the inversion of first-order-conditions being correct.
Or in other words, that the supply model is correct. While we believe that the first-order economic
forces explaining quality and access patterns can be captured in a static framework, we still need to
be sure that ignoring dynamics will not bias our supply parameter estimates. Since nursing homes
are capacity-constrained and resident stays are long-lived, dynamic pricing incentives could arise
from the option-value of beds varying with occupancy. That is, as occupancy approaches capacity,
the option value of retaining a vacant spot increases, because the chance that you may have to forgo
serving a higher profitability consumer increases. These incentives have been studied in the hotels
literature (Cho et al., 2018; Farronato and Fradkin, 2022; McClure, 2023).

In this setting, dynamic considerations can also arise because residents can vary substantially
in profitability. Gandhi (2023) finds evidence that nursing homes are selective in their admissions
despite this being forbidden by regulation. In this section, we check for robustness of our supply
parameters to dynamic pricing incentives. Regarding selective admissions, modelling provider
selection or rationing in an oligopoly setting is very challenging as it would involve adding even
more endogenous provider choices. On the other hand, estimates in Gandhi (2023) suggest that
although present, the ability of a nursing home to be selective in their admissions is limited. For
example, according to his structural estimate in figure 7, a nursing home which is almost full still
admits a Medicaid-eligible resident with 70% probability. For this reason, we think it is reasonable

to abstract from provider selection.

To check for dynamic pricing incentives, we consider specifications of the cost function where
we allow for a nonlinear term reflecting that a nursing home’s perceived marginal cost can vary
with occupancy. As occupancy approaches capacity, opportunity costs increase. We follow Mc-
Clure (2023) and capture this by allowing in the cost function:

Qe+ Q) Qi+ Q50 \"
1+p YK

Here, v can be interpreted as a soft-capacity constraint, reflecting that nursing homes may have
a regular capacity below full capacity that they prefer operating at. For example, ¢ = 0.9 could
be interpreted as the nursing home preferring to operate at 90% capacity. p controls how severe
the nursing home views violating the soft-capacity constraint. A larger p increases the severity of
violating the constraint. This function is quite flexible and accommodates a large variety of ways

in which the dynamic pricing incentive could manifest.

Table 17 reports the results of our supply estimates when the capacity term is included. Al-
though the capacity term is flexible, one choice has to be made about its sign. In the hotels liter-

ature there is not much ambiguity. As the option-value of retaining a room increases the closer a
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hotel is to capacity, the sign should be positive. For nursing homes, it is conceivable that it could
be negative. If the nursing home values especially values residents who pay the private-price at
some point during their stay, one way to ensure the nursing home serves more of these residents
is to lower their private price. In this case, the perceived marginal cost of serving another bed-day
should decline the closer to capacity the facility is. We estimate specifications allowing for either,
however we find that the estimator has significant problems when a + sign is included in front of
the capacity term instead of a —, indicative of especially poor fit.°” Thus, we ignore the case with a
+ sign. Focusing on the bottom of the table, we see that the capacity parameters are odd in size and
magnitude. The soft capacity constraints far exceed 1, while the severity parameters are negative
and large. In fact, these parameters appear to be attempts by the model to shrink these effects to
0. In the last row, I compute the implied at the margin capacity effect for each firm-year and show
the largest absolute value effect. They are all null. Parameter estimates for all other parameters are
roughly the same with small deviations. We interpret these results as suggesting it is fine to ignore

dynamic pricing and quality effects that could arise due to capacity constraints.

%Specifically, the algorithm tends towards parameters which make the actual capacity effect very small, but with

extreme values which make it difficult to evaluate moment conditions and run the second step in the GMM estimator.
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Table 17: Supply Estimates with Capacity Effects

FP NFP

Capacity Specification None - None -
Quantity 932 21.07 3294 3695
Motive
Quality 1.09  0.99 059  -0.07
Cost
Convex

0.09 0.20 0.38 0.35
Quality Cost
Norm. Quality

0.09 0.0001 0.75 0.0014
Fixed Cost
Total Beds 0.50 0.25 0.46 0.52
Total Beds Sq -0.09 -0.08 -0.08 -0.09
ADL 217 2.34 0.85 1.06
CMI 63.59  72.72 73.75  85.96
Prop Other 70.85  83.29 -62.98  -47.94
Private Payer 90.23  59.00 132.62  100.73
Private Payer Sq -0.003  0.0008 -0.001  0.0004
Medicaid Payer -25.85  -19.37 4414  25.80
Medicaid Payer Sq -0.0006 0.0001 -0.0008 -0.0010
Medicare Payer 80.41 112.87 278.18  240.13
Medicare Payer Sq 0.005 0.0032 -0.016  -0.012
Soft Capacity 9 49 441
Constraint
Severity -5.71 -14.32
Largest abs.
At the Margin —2.1x107* —2.7x 10710
Capacity Effect

Note: "-" refers to the specification where capacity term enters with a minus sign in front.

Largest abs. at the margin capacity effect refers to the largest absolute value over any

nursing-home year of

(thJert)
YK

1
1+p

P
) evaluated at observed quantities. These results

use facility-level data from 2000-2010 in California. No standard errors included as the ca-

pacity parameters make the variance-covariance matrix non-invertible.
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B.4 Takeover Counterfactual Sensitivity Test

Table 18: Takeovers under the social planner’s problem with only changes in quality costs

Takeover w profit cons.
Mean Median

Change in

1.4 -1.7
CS ($m)
Change in

169.0 151.7
average price
Change in

1.8 1.0

average quality

Change in

medicaid quantity -2.7 -1.3
(“000 bed-days)

Takeover w obj. cons.

Change in

2.8 -0.7
CS ($m)
Change in

824 431
average price
Change in

0.2 0.0

average quality

Change in

medicaid quantity -1.3  -0.08
(’000 bed-days)

Note: All markets with at most 10 nursing homes and at
least one NFP in 2005. Each scenario corresponds to one
market with one set of targeted FP providers. The sets of
targeted FP providers for a given market consist of a set
with the lowest quality FP provider, a set with the lowest
quality and second lowest quality FP provider, and so on,
with the largest set being all FP providers. Changes are
computed relative to the Nash-Bertrand equilibrium with
all firms in the market. Since costs are heterogeneous, the
changes need not be monotonic in the number of targeted

FP providers.
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