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Abstract

How does population aging affect the prices of nursing homes? We answer this question by
exploiting regional variation in the dynamics of elderly population growth rates generated by
the demographic composition in the distant past combined with novel data on the prices of
private and semi-private rooms in nursing homes. We estimate an elasticity of prices to the
number of people aged over 75 of 0.49. We argue that this cross-sectional estimate is robust to
the presence of heterogeneous treatment effects and is a lower bound for the national estimate;
thus, the demand increase generated by population aging explains at least 40% of the last
decade’s real increase in nursing home prices, and it will further increase them between 18%
and 25% during the next decade, depending on the type of room. We study the mechanism
behind our results and find evidence that regulation (CON laws), not the inelastic supply of

nurses, drives most of the price response to demand increase.
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1 Introduction

The pressure to finance long-term care for the old (henceforth, LTC) in the wake of
population aging is one of the main challenges economies worldwide will face. In the US,
the median price of a room in a nursing home is more than double the median income of
the elderly; therefore, it is not surprising that more than 60% Americans name the ability to
afford LTC as one of their three main long-term concerns (OECD, 2021). Nursing homes are
particularly important, representing 36% of Medicaid expenditures in 2020. This pressure
will get worse because the group over 75 years of age represents 60% of the demand for nursing
homes and this group will more than double in size by 2050 (United Nations, Department
of Economic and Social Affairs, Population Division, 2024; Lendon et al., 2023). Thus, the
effect of population aging on nursing home prices is a pressing input for public policy and
household decisions.

However, estimating this effect empirically is challenging. First, it is necessary to find a
compelling exogenous variation in population aging to isolate its effects on the LTC market.
Second, although there is extensive administrative information on U.S. nursing homes; out-of-
pocket prices charged by them are missing. We break new ground in this crucial estimation
by overcoming these two issues. To deal with endogeneity, we use demographic variation
from the distant past at the regional level as an instrument for variations in the current
elderly population. To overcome the lack of price data, we obtained out-of-pocket price data
from Genworth, an LTC insurance company, at the regional level for 2015 to 2020, which we
combined with the rich available administrative data on nursing homes.

We find that the increase in demand generated by population aging has a large and
significant effect on prices. From the 16% to 18% increase in the real prices of beds between
2010-2020, at least 40% of it can be attributed to the increase in demand generated by
population aging. Overall, our results indicate that the response of prices to population aging
is about twice as large as the demand response. Hence, the price response is responsible for
about two-thirds of the increase in the expenditures on nursing homes caused by population
aging. Furthermore, we find strong evidence that regulation— in the form of Certificate of

Need laws—, not the inelastic supply of nurses, drives most of the price response to aging.



The data on nursing homes is obtained from three distinct sources. First, LTCFocus
provides data on CMS-certified nursing homes, which includes details such as the number of
beds, occupancy rates, nurse type and quantity, and patient severity, among other variables,
at the facility and county levels. Second, employment and wage data pertaining to Nursing
Care Facilities (NACIS 6231), both at county and MSA levels, comes from the County
Business Patterns data. Finally, as mentioned above, Genworth’s Cost of Care Survey,
which surveyed over 12,000 nursing homes annually from 2015-2020, provides median room
price data at the MSA level. To the best of our knowledge, these data on prices have not
been used in previous work related to the nursing home and long-term care industry.

To estimate the effect of population aging on the Nursing Homes market and prices, we
use the heterogeneous variation in the size elderly population in different geographic zones
in the U.S. We leverage the population accounting equation to instrument the yearly changes
in the elderly population size of each area by the change in the demographic composition
of that area in the distant past. More specifically, we instrument the yearly changes in the
number of people aged over 75 by the yearly changes in the number of people between 35
and 55 years old who lived in the same geographic unit (county or MSA) forty years ago.
The identifying assumption is that changes in the number of people aged between 35 and 55
years old in a region does not affect the changes of the nursing home industry forty years
after, other than through their effect on the change in the number of eledery people. The
relevance condition for our instrument is satisfied; the instrument is strong and robust to
geographic definition and controls.

We also provide evidence supporting the exclusion restriction of our instrument. Using
data from censuses, births, and death certificates at the county level, we show that births,
migration, and deaths 50 years ago of the relevant age group — those aged between 25
and 45 in 1970 and between 35 and 55 in 1980 — do not affect the nursing home industry
other than through the current population above 75 years old. We also perform a placebo
analysis and find that the response of other health industries to population aging is in line
with how relevant elderly demand is for that industry. Thus, we discard that specific health
industry dynamics drive our estimates. Similarly, our estimates are robust to the geographic

definition, population health controls (years of potential life lost and share of local population



reporting being in bad health), and socioeconomic controls at the geographic level in 2000
interacted with year dummies, namely share of male individuals, shares of the population
identifying as black, white, and Hispanic, the share of people with high school, the share
of people with a bachelor degree, the share of elderly in poverty, share of population in
poverty, unemployment rate, median household income, and medium value of rent. Finally,
we discard the possibility that migration dynamics are driving our results by performing
an autocorrelation analysis of net migration and finding that the autocorrelation disappears
after two decades.

Implementing our empirical strategy, we find that the price of beds in nursing homes
is rising in response to the increase in demand generated by local increases in the elderly
population. For an increase of 10% in the population aged over 75, the number of occupied
nursing home beds increases by 2.4%, the number of nurse hours in the industry by 4.4%, and
the prices of private rooms by 4.9%. This effect has significant economic consequences. The
growth in the elderly population can explain at least 40% of the increase in nursing home
prices between 2010 and 2020 (41% for semi-private rooms and 48% for private rooms),
and our estimates imply that population aging alone will increase prices by an additional
18.6% and 25% for semi-private and private room, respectively, from 2020 to 2030'. This
increase in price, which is much harder to estimate, is significantly more important than
the increase in quantity demanded in this market. Based on our preferred estimates, the
response of expenses to population aging without taking price responses into account would
be approximately one-third of the full response. For example, Wharton’s Budget Model
Projection for Medicaid’s Long-Term Care Expenditures does not incorporate this price
increase Penn Wharton Budget Model (2022). Thus, our estimation of the price response
compounding the effect of aging on the expenditures on long-term care is a key element for
public health policy and policymakers.

We also study the mechanism behind this price increase and find evidence that it is not

IThese calculations were made based on data from the World Bank DataBank Population estimates and
projections. These data indicate that the population aged 75 years old or more grew about 18% between
2010 and 2020 and will grow 50%. Data from the Genworth Cost of Care survey report from 2010 and 2020
indicate the price of private and semi-private rooms increased, in real terms, by 16% and 18.6%, respectively,
taking the cumulative inflation in the period as 18.7%. We then use our preferred estimates of the effect of
population aging on these prices to do our back-of-the-envelope calculations.



driven by an increase in costs. We find that population aging has no effect on nurses’ wages,
which represent more than 80% of the total cost for the average nursing home. This aligns
with previous studies showing that nursing staff employment at nursing homes and their
wages are unresponsive to each other (Matsudaira, 2014; Shields, 2004). Thus, nurses, and
their wages, are not the bottleneck driving the price response to the increases in demand.
In contrast, we find that CON laws effectively constrain the elasticity of bed supply, driving
most of the price response of nursing home rooms to population aging.

The main contribution of our paper is to connect two important branches of the literature.
On the one hand, a large amount of literature estimates the demand for long-term care and
its relationship with age (De Meijer et al., 2011; Balia and Brau, 2014). On the other hand,
the demography literature documents that the population is aging at an increasing pace
in virtually every country, a phenomenon called “the Third Demographic Transition” (Lee,
2002; Galor, 2012; World Health Organization, 2015). Both strands of the literature identify
the rising long-term cost caused by population aging as a crucial topic. The gap between
these branches of the literature is partially covered by studies that provide projections of
long-term care expenses (Karlsson et al., 2006; de la Maisonneuve and Martins, 2015; Penn
Wharton Budget Model, 2022). However, despite being very informative, the relationships
between aging and costs estimated in these studies are not causal, and they omit the effect
of demand on prices— one of the crucial outcome variables. Hence, the information these
projections can provide for the design of policies tackling rising long-term care costs is
severely limited. Our paper overcomes this limitation by providing a (and, to the best of
our knowledge, the first) causal estimate of the effect of population aging on long-term care
industry prices for patients.

This paper also relates to other strands of the literature. First, there is a rich literature
on the macroeconomic effects of population aging. Previous studies have assessed the impact
of an aging population on economic growth and productivity (Acemoglu and Restrepo, 2017;
Maestas et al., 2023; Eggertsson et al., 2019; Aksoy et al., 2019), aspects related to taxation
and public finance in general (Razin et al., 2002; Elmendorf and Sheiner, 2017; Ferraro and
Fiori, 2020; Butler and Yi, 2022), among other macroeconomic variables or trends of interest

(Lee, 2014; Cravino et al., 2022). This paper adds to this literature by providing estimates



of the effects of aging on one of the industries most affected by it, the nursing home industry,
which is also a relevant part of healthcare spending in many countries and, consequently, of
overall fiscal spending. Regarding the empirical strategy, we are particularly close to Maestas
et al. (2023). However, in our case, we use population data from further back in time, which
strengthens the argument in favor of the instrument’s exogeneity, and we provide strong
evidence supporting the exogeneity condition in our specific analysis.

Finally, our paper relates to both the economic and public health branches of the litera-
ture that analyze the effects of changes in the supply of long-term care on different outcomes.
In both cases, the studies disproportionately focus on the effect that different policy instru-
ments and certain characteristics of nursing homes have on the quality of the service provided
at such facilities, both in isolation from one another or considering their interactions. Ex-
amples include the effect of changes in Medicaid reimbursement rates (Hackmann, 2019;
Grabowski, 2001), Certificate of Need and pass-through laws (Ching et al., 2015; Foster and
Lee, 2015), nurse staffing (Lin, 2015; Matsudaira, 2014; Foster and Lee, 2015), and ownership
status (Chou, 2002; Braun et al., 2020, 2021; Comondore et al., 2009; Grabowski and Hirth,
2003; Grabowski et al., 2013). Even though the quality of care is a fundamental aspect of the
service provided by nursing homes, another crucial variable are prices. Our paper adds to
this literature by studying how prices and the supply of beds are affected in equilibrium by
changes in demand driven by aging and how supply-side variables and policies can mediate
this effect.

The rest of the paper is structured as follows. Section 2 describes the data. Section 3
shows the empirical strategy and introduces the population accounting equation. Section 4
presents the main results and discusses their implications for the national increase in nursing
home prices. Section 5 studies the mechanism behind the increase in prices. Section 6

concludes.

2 Data

We combine data from several sources. First, we use data from the Census Bureau’s

Population Estimates Program (PEP) as estimates of the population for five-year age groups



at the county and metropolitan levels. This data is available through the Surveillance,
Epidemiology, and End Results Program (SEER) for 1969-2020 (National Cancer Institute,
DCCPS, Surveillance Research Program, 2022). This is the data that we use to build our
independent variable of interest, the number of elderly people, and instrument, demographic
composition 40 years in the past. Related to this data, we use data on migration, deaths,
and births at the county level from the Applied Population Laboratory of the University of
Wisconsin-Madison for the period 1950-2020.

Second, we use data on nursing home facilities from Certification And Survey Provider
Enhanced Reporting (CASPER), Minimum Data Set (MDS), and Residential History File
(RHF) on the number of beds and occupancy rate at the facility level. We also use data
on the average total nurse hours per facility. These data are provided by LTCfocus for the
years between 2000 and 2020, with some variation depending on the variable considered
(LTCFocus, 2023).

Third, we use data from the Occupational Employment and Wage Statistics by the Bu-
reau of Labor Statistics (Bureau of Labor Statistics, U.S. Department of Labor, 2023). Aside
from information on employment, these data provide statistics of the wage distribution (e.g.,
median and average) for different occupation categories, defined by the Office of Management
and Budget’s 2018 Standard Occupational Classification (SOC) system, at the Metropolitan
Statistical Areas level. We use data from 1996 to 2020.

Fourth, we use data on long-term care prices from Genworth’s Cost of Care Survey,
obtained through web scraping. This survey is conducted annually by reaching out to
LTC providers and asking for their prices. For example, the 2021 survey contacted 67,742
providers by phone to complete 14,698 surveys of nursing homes, assisted living facilities,
adult day health facilities, and home care providers, asking them about their prices for six
services: private room, semi-private room, assisted living facility, adult day health care,
home health aide, and homemaker services. The responses are aggregated at the regional
level, with regions defined largely based on MSAs.? For simplicity, we will refer to these

regions as MSAs. We have access to these data for the period between 2015 and 2021° and

2The main difference is that, for each state, some MSAs are aggregated in a single unit called “Rest of
State,” which we do not use in our analysis.
3For our back-of-the-envelope calculations, we could access the 2010 report and use aggregated data.



focus on the prices of private rooms and semi-private rooms, which are more directly related
to nursing homes. To match the rest of our data, we use data from 2015 to 2020.

Fifth, to build socioeconomic controls at each geographic level, we use data from the
Applied Population Laboratory of the University of Wisconsin from the project called Net
Migration Patterns for US Counties (Egan-Robertson et al., 2023). This database provides
not only population data but also socioeconomic variables at the county and MSA levels.
We select our controls using data from 2000 to be sure that these variables are not affected
by the variation in population aging that we are using in our estimations.

Finally, we complement our controls with local health data from the University of Wis-
consin Population Health Institute’s County Health Rankings & Roadmaps (CHR&R) from
2010 to 2020 (University of Wisconsin Population Health Institute, 2024). Specifically, we
use this dataset information on the share of each county surveyed population reporting poor
health and the years of potential life lost (YPLL). For our MSA-level results, we aggregate
the share of the local population reporting poor health using the SEER population data as
weights?.

Regarding sample selection, we discard the five states that currently receive the largest
number of elderly people: Florida, Arizona, Texas, North Carolina, and South Carolina.
In these cases, there is a substantial variation in the elderly population that should not be
correlated with our instrument but may generate variation in outcomes in which we are
interested. Therefore, excluding these states should, in principle, give us more statistical

power”.

Unfortunately, we do not have access to the data disaggregated by region for years before 2015.

4When using the county-level data, we need to combine some counties to match the SEER data. However,
we do not have local population data for the 2010 to 2020 period matching the county division the CHR&R
data uses. We then aggregate the share of the population reporting poor health in these combined counties
using the data we have for 2000. Although this might generate some errors, these should be minimal
considering the number of counties for which this is relevant is low. Notice also that this is not an issue for
YPLL, since this measure is a sum, not an average.

5In practice, all our main results remain if we do not exclude these states.



3 Empirical Strategy

The goal is to understand how outcomes of the nursing home industry are affected when
the local elderly population grows — in other words, how the nursing home industry responds
to an increase in demand. Hence, our main independent variable is the number of people
75 years old or above each year at the relevant geographic unit, county, or MSA. Naturally,
variations in the elderly population in a given area tend to be correlated with a variety of
economic forces that also affect the nursing home industry. Therefore, we rely on an instru-
mental variable strategy to estimate the causal effect of increases in the elderly population
over nursing home industry outcomes. Namely, our instrument is constructed based on the
demographic composition of that geographic unit in the distant past, 40 years prior. We
compute the number of people between 35 and 54 years old who lived in that geographic
unit 40 years ago. We argue that this instrument variable is relevant and exogenous to our
dependent variables.®

The relevance of our instrument comes from the population accounting identity. This
identity states that the number of elderly people who live today in a geographic unit is given
by the number of people in the relevant age group who lived in the same area in the past
minus the net out-migration and minus the number of deaths over time of that age group.
In other words, and to make the point clearer with an example, the identity states that the
number of people who are at least 75 years old in a given location is equal to the number
of people who were living in the same area 40 years prior and were at least 35 years old,
minus the net migration out of the region over the last 40 years of people who were at least
35 years old at that point in time, minus the deaths of residents in the same area and in
the same age group that occurred during the prior 40 years. We find that our first stage is
strong and robust to different specifications.

We also need to assume that our instrument is exogenous — i.e., it should not affect
nursing home industry outcomes in the present through channels other than the current
elderly population. We argue this is true because of a combination of two reasons. First, the

number of young people who lived in a given area in the past is affected by the location’s

6We use an age upper bound for the instrument to guarantee that this variation is not being driven by
older people who are retiring and could have considered using long-term care.



socioeconomic characteristics. However, to affect the current state of the nursing home
industry, these effects would have to be strongly persistent over time to affect outcomes
some 40 years later. The second point is that if any of these characteristics are persistent
enough to survive such a long time, they are likely akin to fixed characteristics and, hence,
absorbed by fixed effects. In any case, we later explain our instrument in more detail and
provide some suggestive evidence that the exogeneity assumption is valid.

We then use two-stages least squares combined with fixed effects to estimate the effects
of an increase in the elderly population over local nursing home industry outcomes. Since

we are using the demographic composition 40 years prior as an instrument, the first stage is:
ln(75;) = C~Yg + dt + dlln([35755]g(t,40)) S €gt (1)

Here, 75; is the number of people 75 years old or more in geography unit g at year t;
[35-54]4(t—a0) is the number of people between 35 and 54 years old in geographic unit g 40
years before year t; o, and «; are geographic unit and year fixed effects, respectively.

The second stage is:

—

In(yg) = ou + g+ ¥In(755,) + e (2)

In the equation above, y, is the dependent variable (beds, occupancy, prices, nurses’
wages, and employment), and l@) is the log number of elderly people in the region g at
year t predicted by the first stage. We also control for geographic unit and year fixed effects,
respectively o, and oy, and epsilong, and €, are the errors.

We also consider long-difference specifications using the first and last years available, in
which we can include our socioeconomic controls at the local level for 2000. In this case, the

first stage is

Aln(75}) = FAIN([35-55]4) + BX, + (3)

Here, X,; are socioeconomic controls from 2000, and Aln([35-55],) is the difference of
the logarithm of the local population in the relevant age range 40 years ago. We also
include as controls two health measures, measured contemporaneously: years of potential

life lost (YPLL) and the share of the population reporting poor health. We include these
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two measures to account for the possibility that our instrument is correlated with groups of
local elderly populations who are healthier or sicker than the average’.

The second stage is given by
Aln(yy) = nAln(757) + Xg + ¢4 (4)

3.1 Population Dynamics

At the core of our identification is the evolution of the age distribution in a geographic
zone. In this section, we formalize the age composition evolution of the population in a given
area and show how we can provide suggestive evidence that the exogeneity assumption is
satisfied.

Following the population accounting equation, the number N4, of people of age A who

live in a certain area® in year t is defined by:

t t
Nap=bat Y Mot Y drgoiys (5)

T=t—A T=t—A
where b is the number of births in year s, m, s is net out-migration of people aged a at
year s, and d, s is the number of deaths at year s of people of age a. We can rewrite the

right-hand side of the equation (5) as follows, for any k:

NAt*btA—i_anT tA,T+ZdT (t— A)T+ Z mer— tA,T+ Z dT—tA)T

T=t—A T=t—A T=t—k+1 T=t—k+1
-~ 7
=Na—k,t—k
t t
NA,t = NA*k,tfk + E Mr—(t—A),r =+ § dT—(t—A),T (6)
r=t—k+1 r=t—k+1

In other words, we rewrote N4, as a function of the number of people who, k years in the

past, were aged A — k, plus the out-migration and death dynamics since ¢t — k. In the context

"We experimented with a set of controls excluding these health measures in previous versions of the paper
and the point estimates remain remarkably similar.
8We suppress the geographic unit index for ease of exposition.
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of our empirical strategy, Na_j;—i is the instrument we use. Our preferred choice of k is
k = 40, which is as far back as we can go with the SEER population data. With equation
(6), we can better understand our instrument. The relevance condition holds if the migration
and deaths of the relevant age groups in the last 40 years are not large enough relative to the
number of people of that age group 40 years ago. Empirically, the relevance condition holds
and our instrument is strong. Figure shows, at the county and MSA level, the relationship
between the percent change in the population 35-55 years old between 1960-1970 and that of
the population 75-95 years old between 2010-2020. The relationship is strong, as indicated
by the Kleibergen-Paap rk Wald F statistic.

Equation (6) also sheds light on the plausibility of the exogeneity condition. First, it is
important to notice that our instrument is exogenous to the last 40 years of migration and
deaths at the local level. Second, our instrument is defined by the number of births between
75 and 95 years ago plus the accumulated migration and deaths of the relevant age groups
between 95 and 40 years ago. Therefore, our identifying assumption is that the dynamics of
births, migration, and death in the distant past do not affect the dynamics of the nursing
home industry today through channels other than the elderly population today. We can test
this assumption.

We have limited data on the births, migration, and deaths at the local level in the
distant past. However, in the data from the Applied Population Laboratory of the University
of Wisconsin (Egan-Robertson et al., 2023), we observe these variables 50 years ago at the
county level. Since these migration rates are calculated for each decade (and are not annual),
we focus on long differences”. We use these data to test that our identifying assumption holds
for what happened 50 years ago. Then, under the assumption that the effect of migration,
deaths, and births on variables today gets weaker as we move further back — e.g. the
dynamics of migration 60 years ago are less relevant for today than those of 50 years ago —,
the exogeneity assumption holds for our instrument defined using k& = 40 years ago.

In Tables A.3, A.1, and A.2, we show the effect that the dynamics of migration, deaths,

and births 50 years prior have on the current dynamics of the number of beds, occupancy

9For migration, we assign the net migration in the 2000-2010 period to 2010 and the net migration in
2010-2020 to 2020.
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rate, and nursing hours in the nursing home industry. We can see that the dynamics of
migration, deaths, and births 50 years ago barely affect the dynamics of key nursing home
industry outcomes, and in the rare cases where they do, it happens through the current
elderly population. This rules out that these variables may affect the nursing home industry
through channels independent of the current elderly population, lending more credibility to
the exogeneity assumption.

To strengthen our point, we also explore in more detail the dynamics of migration, which,
among the determinants of population dynamics, is the one that is more responsive to
socioeconomic conditions. Specifically, we use past migration data to see the correlation
between present and past migration. Figure 2 shows the serial correlation of net migration
at the county level for the 30-60 and 65-75 age groups. We can see that migration is serially
correlated, but this correlation vanishes after two decades. This pattern is the same across
age groups — 30-60 and 65-75 years old — and time —— the 2010s, 2000s, and 1990s decades.
Thus, the dynamics of migration are not driving our results.

With these pieces of evidence supporting our instrument, we estimate the effect of pop-

ulation aging on the nursing home industry in the next section.

4 Results

4.1 Main Results

In this section, we show the paper’s main results, namely, the effect of population aging
on the demand for nursing homes and its consequences on nursing home bed prices. We rely
on our IV approach as specified in equations (3) and (4), estimating them using two-stage
least squares. The first stages are reported in Table 1'.

In Tables 2 and 3, we show the estimated effects of population aging on the number of
beds and occupancy rates of nursing facilities, respectively. We present the second stage

results using counties and MSAs for the whole period of analysis, 2010 to 2020, both with

1°Duye to some missing data, the number of observations for different outcomes and specifications may vary
conditional on the geographical unit used. Since none of these impact in the first stage in any meaningful
way, we report only two specifications for each geographical unit, with and without controls. We report the
Kleinbergen-Paap F statistic relative to each result in the tables with the main results.
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and without controls. All our F statistics indicate that our instrument is strong. Also,
our results are robust regarding the geographic definition. In our preferred specification,
controlling for several socioeconomic characteristics at the MSA level, we get an elasticity of
the number of beds to the elderly population of 0.240. We do not observe any meaningful
effect on occupancy rates, which indicates that the management of excess capacity is not
affected significantly.

As the demand for beds increases with the growth of the elderly population, it is reason-
able to expect that facilities also hire more nurses in response to the same growth. Table 4
shows the estimated effect of population aging on the average total number of nurse hours
per facility, where nurse hours include registered nurses and licensed and practical voca-
tional nurses. We find that the number of nurse hours increases when the elderly population
grows. In our preferred specification (column 4), the elasticity of the number of nurses to
the number of elderly people at the MSA level equals 0.442. Our results so far are expected.
Increases in the elderly population cause increases in the demand for long-term care. Hence,
facilities increase their number of beds (and occupied beds) and hire more nurses to be able
to provide services to more people.

Having established that the quantity of nursing home care increases when the elderly
population increases, the next step of our analysis is to assess what happens with prices.
Table 5 shows the effect that increases in the elderly population have on the prices of private
and semi-private rooms in nursing home facilities. We find positive and significant elasticities
for both types of rooms in all of our specifications, though our results are somewhat noisier
since we have less data for prices. However, given the standard errors, the point estimates
are reasonably stable across specifications. Our preferred specifications (columns 2 and 4)
indicate that the elasticities of private and semi-private rooms to the size of the elderly
population are, respectively, 0.493 and 0.367.

To provide further evidence that our instrument is capturing the effect of population
aging on the nursing home industry, we estimate the impact that variations in the elderly
population have on employment in other health industries. Figure 3 shows the point esti-
mates for employment in nine health industries defined at the four-digit NAICS code. As

expected, the estimates are larger for industries where the elderly demand is more relevant
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as a share of the whole demand. For example, we find that the elderly population does not
affect the child-care industry, has a small effect on hospitals, and has a large effect on nursing

homes and social services for the elderly.

4.2 The Missing Intercept: Cross-sectional and National Esti-

mates

The estimation of the effect that population aging has on the price comes from cross-
sectional variation. Thus, its interpretation of the consequences of the population aging at
the national level is affected by the missing intercept problem. We argue that our findings
are a lower bound for the national effects of population aging, and this lower bound has
significant economic consequences.

To understand why the micro elasticity (cross-sectional) is a lower bound for the macro
elasticity (national), we must consider factor mobility. Let us suppose that there are two
identical regions, ¢ and 7, that the elderly population increased a lot in the region ¢ while it
stayed constant in the region j, and that the number of nurses is the only input factor and
its national supply is fixed. There are two polar cases: (i) nurses can move between regions
with no cost (perfect mobility) and (ii) nurses cannot move (immobility).

In the case of perfect mobility, the increase in the demand for nursing homes in region
1 will prompt nurses to move from region j to ¢. Since there are no switching costs, this
migration of nurses will keep the wages and nursing home prices the same in both regions,
although the overall level of both wages and prices is now higher. Therefore, the increase
in the elderly population increases prices overall, but an estimation that relies on a cross-
sectional comparison between these two regions would give us zero price elasticity.

In the case of perfect immobility, the increase in the demand for nursing homes in the
region ¢ will have no effect on the price of nursing homes of the region 5 and will be completely
absorbed by the price of the region 7. Thus, a cross-sectional estimation would find a positive
price elasticity.

The real world is likely in between these two polar cases. There is some mobility of

production factors (nurses and capital), but probably not perfect. A similar analysis can be
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done with the mobility across regions of elderly people. If the price of nursing homes goes
up in region ¢, some elderlies will move to region j thus increasing the demand and price
of nursing homes in that region. Both, the demand and supply spillovers, go in the same
direction of decreasing the effect that local age variation has on prices. Thus, the missing
intercept is positive and the cross-sectional estimate is smaller than the national estimate,
providing a lower bound for the effect that population aging has on the price of long-term
care. This is, because the Stable Unit of Treatment Assumption (SUTVA) provides a lower
bound for the effect that population aging has on prices.

Note that the same analysis can not be done for the number of nurses and beds, where
the demand and supply spillovers go in opposite directions, and the missing intercept sign
is ambiguous. Hence, we cannot claim that our cross-sectional estimates are lower or upper

bounds for the national estimates.

4.3 Two-Way Fixed Effects and Difference-in-Differences with Het-

erogeneous Treatment Effects

Our estimator can be interpreted as a difference-in-differences estimator with continuous
treatment values, where the treatment is the (exogenous part of the) variation of the elderly
population. As pointed out by De Chaisemartin and D’Haultfoeuille (2020), when we use a
two-way fixed effects estimator in this setting as we do, heterogeneous treatment effects may
threaten the identification of our coefficients of interest if we are unwilling to make some
strong assumptions about their homogeneity and stability.

We conduct tests with a slightly modified version of our instrument to assess how hetero-
geneous effects might affect our estimates, focusing on the reduced form. For the results on
the number of beds and occupancy rates, we focus on the specification at the county level and
estimate the model using our instrument as a continuous treatment. For the results at the
MSA and regional level, we do not have enough observations to estimate the specification us-
ing a continuous treatment. Therefore, we discretize our instrument to generate a treatment
as follows. We first calculate, for every unit and year, the difference between the current value

of the instrument (the logarithm of the population in the relevant age range 40 years prior)
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and the value at the baseline year, 2010 (except for prices, since these data start in 2015).
Let o denote the overall standard deviation of this calculated difference. Then, we define our
discretized instrument in the following way: (i) equal to 0 if |instr; —instr; 2010] < 0.10; (ii)
equal to 1 if instr; —instr; 2010 > 0.107; (iii) and -1 if instry —instr; 5010 < —0.10. We report
results using our specification (TWFE) and the heterogeneous effects estimator proposed by
De Chaisemartin and D’Haultfeeuille (2020). For the heterogeneous difference-in-differences
estimator, we show the average cumulative effect per unit, estimating the effects until ten
years after treatment, also reporting the average number of periods for which effects are
accumulated.

Results are shown in Tables 6 and 7. Overall, the estimates using the two-way fixed
effects and the heterogeneous difference-in-differences estimators are very similar. This in-
dicates that our main estimates are not significantly affected by the so-called “forbidden
comparisons.” It is also important to notice that, although the results using the discretized
instrument lack significance, we do not put much weight on this; the discretization procedure
naturally reduces the statistical power, and hence we focus on the comparison between the

point estimates.

4.4 Economic Interpretation of the Results

We now turn to the economic interpretation of our results. First, the effect of population
aging on nursing home bed prices is economically relevant. Moreover, our results show
that the supply of beds is far from being perfectly elastic, leaning towards being inelastic
depending on the specification considered. !

As discussed above, our estimate for the elasticity of prices to the population aged 75
years and more is a lower bound. Thus, using our preferred coefficient of 0.493 in a back-of-
the-envelope calculation, we get that, depending on which type of room we consider, 41% or

48% of the increase in nursing home prices of the last decade can be explained by the change

LA back-of-the-envelope calculation of the price elasticity of supply would be as follows. Let @ be the

number of occupied beds, p the price of a bed, and N the elderly population. Then, ¢, = dlog p

dlog Q
;llsg " illogN . Using our estimates for number of beds at the MSA level, for the price of private rooms, and
g ogQ

1
that S8 — (HEQ) &) = 0.493/0.240 = 2.054.
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in the population’s age distribution. Extrapolating for the next decade, population aging
alone can further increase real prices of beds by 25% (private) and 18.6% (semi-private).

A last interesting point to notice regards the difference between short- versus long-term
responses. In principle, our results look at the contemporaneous effects of increases in the
elderly population on our outcomes of interest. Therefore, one can be tempted to interpret
our estimates as pure short-term responses. This would be relevant if we consider that it
should be easier to change prices than increase capacity and, thus, the response of prices
should be lower in the medium- and long-run. However, the variation of the elderly pop-
ulation we use to estimate the effects is based on past population changes, which should
be easily predictable by nursing homes. Therefore, inasmuch as managers are sophisticated
enough to use this past demographic information in their decisions, our estimates should

reflect more long-run effects than short-term, transitory effects.

5 Mechanisms

In this section, we explore the mechanism behind the price increase driven by increases in
the elderly population. We explore how costs and regulation affect the response of outcomes
to population aging. Our findings support that regulation, and not increases in costs, is the
main driver of price increases in the nursing home industry in response to the increases in

demand.

5.1 Costs: Nurses Wages

To assess the role of costs in explaining price increases, we focus on wages paid by the
nursing home industry. The rationale for this is that payroll is the most relevant cost for
nursing homes, representing more than 85% of the average facility’s total cost (Dalal, 2023).
We study the effect that the increase in demand driven by population aging had on the
wages at nursing home facilities, using data from the US Census Bureau’s County Business
Patterns. It is important to notice that nurses’ wages represent more than 90% of nursing
homes’ total payroll cost. We use the same two-stage estimation strategy defined in section 3

to estimate the effect of population aging on the wages of nursing home facilities and nurses.
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Table 8 shows the results at the industry and occupation level. We find that neither the
average wage in nursing facilities nor nurses’ wages increase when the local elderly population
grows. One potential interpretation of this result is that nurses are mobile; therefore, the
cross-section estimation would be zero even with the national estimation being positive.
However, this interpretation is not consistent with the data since the national average wage
of the nursing home industry has decreased in real terms during the last decade, while the
number of people aged 75 and more increased by 15%.

Another explanation for the unresponsiveness of wages to the increase in demand is that
this industry is regulated through Medicaid’s reimbursement conditions. We test this by
checking the effects’ heterogeneity based on pass-through laws’ existence. These laws are
adopted at the state level, allowing nursing facilities to reimburse nurse wage increases. Fig-
ure 4 shows which states and when they adopted this law. To incorporate this in the analysis,
we run a modified version of equations (3) and (4), adding pass-through and interaction-
independent variables that change over time and across states. The results number of beds,
prices of private rooms, and wages and employment at the industry level are in Table 9%
Based on our results, the presence of pass-through laws did not make average wages more
responsive to the increase in the elderly population, nor did it affect the effect of population
aging on employment or prices. The laws do appear to make the number of beds more re-
sponsive to population aging, but this effect is not quantitatively meaningful. These results
suggest that nursing shortages due to low wages in the sector cannot explain the increases

in prices in response to population aging.

5.2 Regulation: Certificate of Need Laws

Several states have Certificate of Need (CON) laws, which are designed to ensure a
minimum level of quality of care but, in turn, restrict the entry and expansion of nursing
homes. These laws were implemented between 1972 and 1990 to limit increases in demand for
long-term care that could be deemed unnecessary and thus curb the spending on Medicaid

reimbursements that would be considered wasteful (National Conference of State Legislatures

12We also present a version of the regression with pass-through laws and the other mechanism we explore
at the same time. None of the results change in these specifications.
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(2023))'. Figure 5 shows a map identifying states with and without CON laws. We leverage
the fact that these laws were implemented decades before the time frame we study and use
this variation on the existence of CON laws at the state level to assess heterogeneity in the
effects we find based on the existence or absence of CON laws. The rationale is that CON
laws should restrict supply, making it more inelastic. Therefore, we should expect to see the
number of beds (quantities) being less responsive to variations in the local elderly population
in states with CON laws. In contrast, prices should be more responsive in these states.

In Table 9, we also report the effects of CON laws on the supply of beds and prices. We
can see that the bed supply is significantly less responsive in states with CON laws. At the
same time, prices are significantly more responsive to variations in the elderly population
in states with CON laws — in fact, our estimates suggest that states with these laws drive
our results on prices. Interestingly, CON laws do not seem to affect employment or average
wages in the nursing home industry. In sum, our results suggest that restrictions on supply
expansion are a key source of the large elasticity of nursing home prices to an increase in the

demand driven by population aging.

6 Conclusion

Population aging is a widespread phenomenon affecting almost every country in the world.
Despite the many advances we have seen in medicine, it is still true that the demand for
healthcare increases with age. Therefore, the increase in the share of the elderly population
entails a significant increase in the demand for healthcare. Since the healthcare needs of
the elderly population are not homogenous across different types of care, some areas tend
to be more affected than others. One of the most important and affected of these areas is
long-term care and nursing homes in particular. Thus, a natural question is to understand

how this industry is affected by the increase in the elderly population.

13 “A primary objective of state CON laws is to control health care costs by avoiding unnecessary expansion
or duplicative services within an area. Proponents of CON laws contend that if excess healthcare service
capacity exists, price inflation may occur to compensate for new, underused healthcare services or empty
beds. Some states also require CON approval for health facility mergers, acquisitions or changes in ownership,
which many researchers say contributes to higher health care costs and prices.” (National Conference of State
Legislatures (2023), p. 1)
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In this paper, we investigate the effects of population aging on the US nursing home
industry. Our results show that increases in the elderly population significantly affect the
long-term care industry. Although this increase in demand does induce facilities to expand
their capacity, we also find a significant increase in prices for private and semi-private beds in
long-term care facilities, which indicates a supply far from perfect elasticity. We also study
what can explain this effect on prices. Contrary to some arguments made in the public
debate, we do not find cost pressure coming from nurse salary increases, which puts into
question the effectiveness of pass-through laws to some extent. Instead, we find that a lack
of competition and consequent concentration of market power on incumbents is a key driver
of prices, particularly in states with CON laws.

Our results show the importance of understanding the market structure and the role of
market power in understanding the recent trends in this market and how it is likely to evolve
in the near future. If policymakers want to control the increases in prices and expenses that
are likely to occur with the increase in the elderly population share, it is paramount to study
market design and policies that can curb market power in the nursing home industry. This
is a challenging but promising avenue for future research since there are other aspects that
we do not study in this paper but are of substantial importance to the market, like quality

of care and its interaction with market power.
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Figure 1: Relationship between population 40 years ago and pop-
ulation today

Note: This Figure shows the scatter and linear fit between the percentual change in the 35-55 year-old age
group during the 1970s and the percentual change in the 75 and older age group size during the 2010s. The
scatter size is defined by the elderly population size.
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Figure 2: Autocorrelation of the net migration rate

Note: This figure shows the coefficient of regressing the 30-60-year-old net migration rate at the county level
with its lags. The available data goes back to the migration during the 1960s decade for the 30-60-year-old
age group and until the 1970s for the 65-75-year-old age group. Confidence intervals at 95% confidence with
standard errors clustered at the state level.

29



1.5

Home Health Care Services (6216) —}
Child and Youth Services (62411) —
Child Care Services (6244) —

Skilled Nurse Facilities (6231)
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Figure 3: Population Aging and Employment in the Health Indus-
try

Note: This figure shows the point estimate of v of equation (4) using the long difference estimation instead
of the fixed effects. The dependent variable is the log of employment for each industry in the health sector.
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Coverage & Year of Latest Legislation
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through provisions. Data as of September 30,2020. | Community-based only
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Source: The Institute for Healing Justice and Equity, | Il Nursing home & community-based
Wage Pass-Through Law Final Report (2020). " No Wage Pass-Through Legislation

Figure 4: Pass-through regulations
Note: This figure comes from Yearby et al. (2020).
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Figure 5: States with and without CON laws

Note: This figure comes from National Conference of State Legislatures (2023).
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Tables

Table 1: IV, 1 Stage

(1) (2) (3) (4) () (6)

log(pop35 — 55i_g0)  0.601%F%  0.492%¥F%  (525%6F () 48G¥FF  0.491%FF  (.476%F*
(0.016)  (0.015)  (0.036)  (0.035)  (0.032)  (0.031)

N 28,666 27,747 3,398 3,398 1,722 1,716
Geographic Unit County County MSA MSA Region Region
Years 2010-2020 2010-2020 2010-2020 2010-2020 2010-2020 2010-2020
Unit FE Yes Yes Yes Yes - -
Year FE Yes Yes Yes Yes - -
Controls No Yes No Yes No Yes

Notes: Standard errors clustered at the unit level in parenthesis: *** p<0.01, ** p<0.05, *
p<0.1. The following socioeconomic characteristics in 2000 are interacted with year dummies
and used as controls: share of male individuals, shares of population identifying as black, white,
and hispanic, share of people with high school, share of people with bachelor degree, share of
elderly in poverty, share of population in poverty, unemployment rate, median household income,
and medium value of rent. We also control for years of potential life list (YPLL) and the share
of people who report having poor health.
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Table 2: Results on Log Number of Beds - IV, 2nd
Stage

(1) (2) (3) (4)

log(pop75+) 0.377%%* 0.410%**  0.251%**  0.240**
(0.043) (0.055) (0.093) (0.103)
N 26,691 26,234 3,398 3,398
Number of Units 2,450 2,450 313 313
Geographic Unit  County County MSA MSA
Years 2010-2020 2010-2020 2010-2020 2010-2020
Unit FE Yes Yes Yes Yes
Year FE Yes Yes Yes Yes
Controls No Yes No Yes
F Statistic 1729.40 1144.44 213.72 194.04

Notes: Standard errors clustered at the unit level in parenthesis:
¥ p<0.01, ** p<0.05, * p<0.1. The F statistic reported is the
Kleibergen-Paap rk Wald F statistic. The following socioeconomic
characteristics in 2000 are interacted with year dummies and used
as controls: share of male individuals, shares of population identify-
ing as black, white, and hispanic, share of people with high school,
share of people with bachelor degree, share of elderly in poverty,
share of population in poverty, unemployment rate, median house-
hold income, and medium value of rent. We also control for years of
potential life list (YPLL) and the share of people who report having
poor health.
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Table 3: Results on Occupancy Rate - IV, 2nd
Stage

(1) (2) (3) (4)

log(pop75+) 0.006 -0.067* 0.053 -0.099
(0.030) (0.040) (0.229) (0.227)
N 26,691 26,234 3,398 3,398
Number of Units 2,450 2,450 313 313
Geographic Unit  County County MSA MSA
Years 2010-2020 2010-2020 2010-2020 2010-2020
Unit FE Yes Yes Yes Yes
Year FE Yes Yes Yes Yes
Controls No Yes No Yes
F Statistic 1729.40 1144.44 213.72 194.04

Notes: Standard errors clustered at the unit level in parenthesis:
¥ p<0.01, ** p<0.05, * p<0.1. The F statistic reported is the
Kleibergen-Paap rk Wald F statistic. The following socioeconomic
characteristics in 2000 are interacted with year dummies and used
as controls: share of male individuals, shares of population identify-
ing as black, white, and hispanic, share of people with high school,
share of people with bachelor degree, share of elderly in poverty,
share of population in poverty, unemployment rate, median house-
hold income, and medium value of rent. We also control for years of
potential life list (YPLL) and the share of people who report having
poor health.
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Table 4: Results on Log Number of Total Nurse
Hours - IV, 2nd Stage

(1) (2) (3) (4)

log(pop75+) 0.465%**  0.606***  0.489%**  (.442%*
(0.060) (0.080) (0.153) (0.181)
N 25,716 25,716 3,389 3,389
Geographic Unit  County County MSA MSA
Years 2010-2020 2010-2020 2010-2020 2010-2020
Unit FE Yes Yes Yes Yes
Year FE Yes Yes Yes Yes
Controls No Yes No Yes
F Statistic 1719.38 1151.76 207.93 200.00

Notes: Standard errors clustered at the unit level in parenthesis:
¥ p<0.01, ** p<0.05, * p<0.1. The F statistic reported is the
Kleibergen-Paap rk Wald F statistic. The following socioeconomic
characteristics in 2000 are interacted with year dummies and used
as controls: share of male individuals, shares of population identify-
ing as black, white, and hispanic, share of people with high school,
share of people with bachelor degree, share of elderly in poverty,
share of population in poverty, unemployment rate, median house-
hold income, and medium value of rent. We also control for years of
potential life list (YPLL) and the share of people who report having
poor health.
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Table 5: Results on Log Prices - IV, 2nd Stage

Private Room Semi-private Room

(1) (2) (3) (4)
log(pop75+) 0.636%** 0.493** 0.519%** 0.367**

(0.177) (0.201) (0.168) (0.170)

N 1,512 1,506 1,512 1,506
Number of Units 331 331 331 331
Geographic Unit Region Region Region Region
Years 2015-2020 2015-2020 2015-2020 2015-2020
Unit FE Yes Yes Yes Yes
Year FE Yes Yes Yes Yes
Controls No Yes No Yes
F Statistic 188.71 161.34 188.71 161.34

Notes: Standard errors clustered at the unit level in parenthesis: ***
p<0.01, ** p<0.05, * p<0.1. The F statistic reported is the Kleibergen-
Paap rk Wald F statistic. The following socioeconomic characteristics
in 2000 are interacted with year dummies and used as controls: share of
male individuals, shares of population identifying as black, white, and
hispanic, share of people with high school, share of people with bach-
elor degree, share of elderly in poverty, share of population in poverty,
unemployment rate, median household income, and medium value of
rent. We also control for years of potential life list (YPLL) and the
share of people who report having poor health. In this table, regions
are the regions reported by Genworth’s Cost of Care Survey. These
regions are defined largely based on MSAs (and thus we always refer
to them as MSAs), but a number of them for each state are aggregated
and reported as “Rest of State.” We do not use these aggregations in
our estimates.
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Table 6: Results on Log Number of Beds and Oc-
cupancy Rate - Reduced Form

Log(beds) Occupancy Rate
TWFE Het. DiD TWFE Het. DiD

Avg Effect 0.232%4* 0.248%* 0.004 0.018
(0.027) (0.094) (0.019) (0.115)
N 26,691 2,440 26,691 2,440
Geographic Unit  County County County County
Years 2010-2020 2010-2020 2010-2020 2010-2020
Unit FE Yes Yes Yes Yes
Year FE Yes Yes Yes Yes

Notes: Standard errors in parenthesis clustered at the unit level: ***

p<0.01, ** p<0.05, * p<0.1. The table reports reduced form results
for the TWFE estimator and heterogeneous difference-in-differences
estimator from De Chaisemartin and D’Haultfceuille (2020). For the
heterogeneous difference-in-differences estimator, we report the nor-
malized effect to make the comparison with the TWFE estimator
easier. The reported specifications do not include controls aside from
the fixed effects.

Table 7: Heterogeneous DiD - Reduced Form Results - Discretized Instrument

Log(Nurse Hrs) Log(Avg Wages) Log(Prov Price) Log(Semi-priv Price)
TWFE  Het. DID TWFE  Het. DiD TWFE  Het. DiD TWFE  Het. DiD

Avg Effect 0.175 0.220 0.085 0.025 0.142%* 0.169 0.106* 0.133
(0.119) (0.165) (0.064) (0.073) (0.066) (0.110) (0.061) (0.095)
N 3,389 2,929 2,829 2,204 1,512 1,245 1,512 1,245
Geographic Unit MSA MSA MSA MSA Region Region Region Region
Years 2010-2020 2010-2020 2010-2020 2010-2020 2015-2020 2015-2020 2015-2020 2015-2020
Unit FE Yes Yes Yes Yes Yes Yes Yes Yes
Year FE Yes Yes Yes Yes Yes Yes Yes Yes
Avg Num Accum Periods - 2.67 - 2.63 - 2.13 - 2.13

Notes: Standard errors in parenthesis clustered at the unit level: *** p<0.01, ** p<0.05, * p<0.1. The table reports
reduced form results for the TWFE estimator and heterogeneous difference-in-differences estimator from De Chaisemartin and
D’Haultfeeuille (2020) using a discretized version of our instrument. To construct this discretized version, we calculate the
changes in our instrument (log number of people in the relevant age range 40 years prior) with respect to the first period and
we normalize it by the overall standard deviation in the period considered, o. Then, we assume the treatment can take one
of three values: (i) 0 if |instry — instr; o010] < 0.10; (i) 1 if instry — instr; o010 > 0.107; (iii) -1 if instry — instr; 2010 < —0.10.
For the heterogeneous difference-in-differences estimator, we consider up to 5 periods for the effects and report the average
cumulative effect per unit. We also report the average number of periods over which the effects are accumulated.
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Table 8: Results on Log Average Wages - IV, 2nd Stage

Nursing Home Industry Registered Nurses Licensed Nurses
(1) (2) (3) (4) (5) (6)
log(pop75+) 0.097 0.099 0.001 -0.140 0.063 0.066
(0.074) (0.091) (0.065) (0.089) (0.060) (0.081)
N 2,829 2,829 2,797 2,797 2,966 2,966
Geographic Unit MSA MSA MSA MSA MSA MSA
Years 2010-2020  2010-2020 2010-2020 2010-2020 2010-2020 2010-2020
Unit FE Yes Yes Yes Yes Yes Yes
Year FE Yes Yes Yes Yes Yes Yes
Controls No Yes No Yes No Yes
F Statistic 231.07 152.60 174.33 119.92 179.84 130.1

Notes: Standard errors clustered at the unit level in parenthesis: *** p<0.01, ** p<0.05, * p<0.1.
The F statistic reported is the Kleibergen-Paap rk Wald F statistic. The following socioeconomic
characteristics in 2000 are interacted with year dummies and used as controls: share of male indi-
viduals, shares of population identifying as black, white, and hispanic, share of people with high
school, share of people with bachelor degree, share of elderly in poverty, share of population in
poverty, unemployment rate, median household income, and medium value of rent. We also control
for years of potential life list (YPLL) and the share of people who report having poor health.
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Table 9: Mechanisms - IV, 2nd Stage

Panel A
Log(Beds) Log(Price Private Room)
(1) (2) (3) (4) (5) (6)
log(pop75+) 0.599%FF  0.417***  (.597HH* -0.012 0.431** -0.117
(0.082) (0.057) (0.083) (0.287) (0.215) (0.290)
log(pop75+) x CON -0.343*** -0.340*** 0.692** 0.749%*
(0.093) (0.097) (0.341) (0.346)
log(popT5-+)x Pass-through 0.015%%%  0.011%* 0.012 0.012
(0.004) (0.005) (0.011) (0.013)
N 26,234 26,234 26,234 1,506 1,506 1,506
Geographic Unit County County County Region Region Region
Number of Units 2,446 2,446 2,446 259 259 259
Years 2010-2020 2010-2020 2010-2020 2015-2020 2015-2020 2015-2020
Unit FE Yes Yes Yes Yes Yes Yes
Year FE Yes Yes Yes Yes Yes Yes
Controls Yes Yes Yes Yes Yes Yes
F Statistic 434.82 539.39 250.14 29.36 76.40 21.91
Panel B
Log(Nurse Hours) Log(Average Wages)
(1) (2) (3) (4) (5) (6)
log(pop75+) 0.328 0.463** 0.312 0.116 0.087 0.098
(0.220) (0.190) (0.220) (0.134) (0.093) (0.137)
log(pop75+) x CON 0.204 0.241 -0.020 -0.007
(0.277) (0.280) (0.148) (0.148)
log(pop75+) x Pass-through 0.052%**  0.052%** 0.016* 0.017**
(0.014) (0.014) (0.008) (0.008)
N 3,389 3,389 3,389 2,829 2,829 2,829
Geographic Unit MSA MSA MSA MSA MSA MSA
Number of Units 313 313 313 268 268 268
Years 2010-2020 2010-2020 2010-2020 2010-2020 2010-2020 2010-2020
Unit FE Yes Yes Yes Yes Yes Yes
Year FE Yes Yes Yes Yes Yes Yes
Controls Yes Yes Yes Yes Yes Yes
F Statistic 105.60 95.76 68.13 74.39 78.26 52.79

Notes: Robust standard errors in parenthesis: *** p<0.01, ** p<0.05, * p<0.1. F statistic reported is the
Kleibergen-Paap rk Wald F statistic. CON is an indicator of whether the unit is in an state with a CON
law, which is constant over time. Lagged for-profit share is the share of beds in for-profit facilities one year
prior. Since the facility data is not reported for some small facilities, we lose some data in some of these
regressions. Regressions using CON laws control for differential time trends in states with and without
these laws. Pass-through regressions control for differential time trends depending on the existence or not
of pass-through laws at the beginning of the sample. Regressions with lagged for-profit share allows the
initial (2009) share to have different linear effects depending on the year (i.e., we interact the initial share
with year dummies). None of these controls affect our estimates in our main specifications.
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Appendices

A Supporting Evidence for Instrument

Table A.1: Log Number of Beds

(1) (2) (3) (4) () (6)

1Og(death81960,1970) -0.009 -0.012
(0.020) (0.018)
log(migration;ggps—_1970s) 0.001 0.000
(0.001) (0.001)
log(birth51960_1970) 0.109%** 0.064
(0.034) (0.039)
log(population75+) 0.322%** 0.297#**
(0.070) (0.072)
log(population50 — 59) 0.232%**
(0.077)
Observations 672 672 668 668 672 672
Years 2010 & 2020 2010 & 2020 2010 & 2020 2010 & 2020 2010 & 2020 2010 & 2020
Unit MSA MSA MSA MSA MSA MSA

Notes: The dependent variable is the log of beds. Robust standard errors in parenthesis: *** p<0.01, ** p<0.05,
* p<0.1. Here, we test how the outcome is affected by past population variables and whether deaths, migration,
or births are significantly correlated with the outcome when we control for the relevant age range of the current
population.
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Table A.2: Occupancy Rate

1) (2) (3) (4) (5) (6)

lOg(deathSlgﬁo_lg'm) -0.006 -0.007
(0.004) (0.004)
log(migration; gso,_1970s) -0.020 -0.015
(0.017) (0.017)
lOg(biI‘thSlgf;O,lgﬂ)) -0.034 0.047
(0.367) (0.417)
log(population75+) -0.664* -0.625%*
(0.354) (0.335)
log(population50 — 60) -0.414
(0.470)
Observations 672 672 668 668 672 672
Years 2010 & 2020 2010 & 2020 2010 & 2020 2010 & 2020 2010 & 2020 2010 & 2020
Unit MSA MSA MSA MSA MSA MSA

Notes: The dependent variable is the average occupancy rate of facilities in each area. Robust standard errors
in parenthesis: *** p<0.01, ** p<0.05, * p<0.1. Here, we test how our outcome is affected by past population
variables and whether deaths, migration, or births are significantly correlated with the outcome when we control for
the relevant age range of the current population.

Table A.3: Number of Log Average Nursing Hours

(1) (2) (3) (4) (5) (6)

lOg(deathSlgg(),lgn)) -0.011 -0.011
(0.034) (0.034)
log(migration;geps_1970s) 0.000 0.000
(0.002) (0.002)
10g(birth81960,1970) -0.116 -0.105
(0.102) (0.116)
log(population75+) -0.067 -0.142
(0.160) (0.132)
log(population50 — 60) -0.055
(0.204)
Observations 660 660 656 656 660 660
Years 2010 & 2020 2010 & 2020 2010 & 2020 2010 & 2020 2010 & 2020 2010 & 2020
Unit MSA MSA MSA MSA MSA MSA

Notes: The dependent variable is the log of average total nurse hours per facility. Robust standard errors in
parenthesis: *** p<0.01, ** p<0.05, * p<0.1. We test how our outcome is affected by past population variables and
whether deaths, migration, or births are significantly correlated with the outcome when we control for the relevant
age range of the current population.
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