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Explaining spatial accessibility to high-quality nursing home care

in the US using machine learning

Abstract

In this study we measure and map the system-wide spatial accessibility to good quality nursing
home care for all counties in the contiguous United States, and use an ‘imputed post-lasso’
machine learning technique to systematically examine this accessibility measure’s associations
with a broad range of county-level socio-demographic variables. Both steps were carried out
using publicly available datasets. Analyses found clear evidence of spatial patterning in
accessibility, particularly by population density, state and the populations of specific racial
minorities. This has implications for outcomes that extend beyond the care homes and we
highlight a number of policy measures that may help to address these shortcomings. The ‘out-
of-sample’ predictive performance of the machine learning approach highlights the method’s

usefulness in identifying systematic differences in accessibility to services.
Keywords

accessibility; data science; equity; health economics; machine learning; nursing homes

1. Introduction
Understanding the social determinants of health is crucial to understanding disparities in health
outcomes (Marmot 2005). A substantial literature has demonstrated the relationships between

health and economic disadvantage, minority status and geographic isolation (Edward and
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Biddle 2017, Marmot and Bell 2012), and subsequently how these influence access (Joseph

and Phillips 1984, Millman 1993) which in turn affects healthcare utilisation (Haynes et al.

1999, Jones et al. 2008) and hence health outcomes (Astell-Burt et al. 2011, Kirby et al. 2017,

Yang et al. 2006). In examining such relationships, several authors have employed a simplified

dichotomous approach (‘financial vs other’ (Joseph and Phillips 1984, Millman 1993) or

‘spatial vs aspatial” (Khan 1992)). While parsimonious, these fail to capture the complex inter-

relationship between determinants. These relationships, alongside the impracticalities of

performing experimental approaches in such circumstances (Petticrew et al. 2005), can make

it difficult to isolate the underlying causal mechanisms by which they influence health. As a

result, advances typically rest upon the gradual accumulation of further evidence from natural

experiments and subsequently require careful interpretation (Kelly et al. 2010). As large

datasets for analysis become increasingly available, it can be more and more difficult to identify

which variables should be investigated as predictive (if not causative) of health outcomes.

Machine learning allows a principled and systematic approach to such variable selection.

Spatial accessibility is of particular importance for nursing homes as location is the most

frequently cited factor in the choice of home by residents (Shugarman and Brown 2006).

Mcintyre et al. (2009) group determinants into three broad categories of accessibility:

availability (whether appropriate services are available where and when they are needed),

affordability (the ability to pay and consideration of the opportunity costs of doing so) and

acceptability (cultural perspectives/conditions that empower patients to use services and to ‘fit’
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with provider attitudes). These categories can interact with and through each other, better

capturing complex endogenous relationships and permitting a fuller picture of the connections

between disadvantage, access and outcomes to be constructed.

Previous studies have shown that overall care quality has measurable impacts on nursing home

(NH) residents’ health (Cornell et al. 2019, Unroe et al. 2012). Nursing homes located in areas

with high levels of poverty (Park and Martin 2018) or in rural areas (Bowblis et al. 2013, Yuan

et al. 2018) appear to provide statistically worse care, as do NHs that have a high composition

of Medicaid-funded patients (Mor et al. 2004), due to increased fiscal stress (Park and Martin

2018). Patients simultaneously eligible for both Medicare and Medicaid are discharged from

hospital to NHs with poorer care quality than those eligible for Medicare alone (Rahman et al.

2014). Minorities receive statistically worse care (Allsworth et al. 2005, Bliss et al. 2015), in

homes which are often highly segregated by race (Mor, Zinn, Angelelli, Teno and Miller 2004).

In fact, residents seem to seek out homes with a majority of their own race, even at the cost of

proximity and care quality (Rahman and Foster 2015). Residents of socioeconomically

disadvantaged counties (Yuan, Louis, Cabral, Schneider, Ryan and Kazis 2018) and poor

neighbourhoods (Tamara Konetzka et al. 2015) have greater difficulties in accessing high-

quality nursing homes.

We sought to identify counties that displayed poorer spatial accessibility to good quality

nursing home care, and to seek to understand the characteristics of these counties in order to

identify potential equity concerns. This spatial accessibility broadly corresponds to the
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Mclntyre’s “availability” category. It is known that certain racial groups have significantly
worse health states (particularly Native Americans (Davis 2005)) when they enter nursing
home facilities; we hypothesised that spatial barriers to accessing nursing home care (similarly
to other health services) for certain groups could lead to underutilisation by these groups, and
could therefore partially explain such differences in functional impairment. Such issues are not
necessarily confined to populations of racial groups alone, and we sought to consider a broad
range of further socio-demographic data. Quantifying spatial accessibility at a county level had
the advantage of allowing the incorporation of a large number of variables from the American
Community Survey (ACS) into our analyses, and furthermore facilitated the mapping of
results. Because there are over 3000 counties and over 15000 homes, we did not wish to assume
that simple accessibility measures (such as each county’s ratio of elderly residents to NHs)
would suffice, so we used a more sensitive “gravity potential” model to do so. We thereafter
created a predictive model that would help to identify socio-demographic factors that might
explain the distribution of spatial accessibility around the country and, partially because of the
sheer quantity of ACS variables, applied a machine learning approach to identify which
variables had greater statistical power. This paper builds upon the prior literature through its

two objectives:

1. to measure and map US county-level nationwide spatial accessibility to high quality

nursing home care, and
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2. to discover the most relevant socio-demographic variables associated with these
accessibility levels.
2. Methods
2.1 Data
The US Centers for Medicare and Medicaid Services (CMS) publish “Nursing Home

Compare” (NHC) star ratings for all Medicare/Medicaid certified nursing homes in the US,
alongside all underlying data used to construct these ratings. NHs are given a score of one (low)
to five (high) stars based on their inspection records, staffing levels and quality measures; these
are also thereafter combined into a single star rating of overall performance. We defined ‘high-
quality’ NHs as those given an overall rating of 4 or 5 stars, as in the literature (e.g., Lutfiyya
et al. (2013)), and data were obtained for Q3 of 2016. The address for each NH was geocoded
(i.e. converted to a latitude-longitude coordinate) in R using the geocode package, and where
this failed, using the googleway package. The counties in which nursing homes were located
(which were rarely included in NH addresses) were then derived from this geolocation,
alongside the associated Federal Information Processing Standard (FIPS) code, allowing
further data linkage. Ignoring the small number of NHs where ratings are not yet available,

addresses that could not be geocoded or are apparent duplicate records, 6,904 (45%) out of



98 15,215 NHswere classified as high-quality in 2016.Figurel shows the locations of all geocoded

99  homes and, separately, those that were classified as high quality.

100



101 Figure 1 — Geolocations of all 15,215 NHs identifiable in 2016 NHC data (top) and. 4 and 5-star (‘high quality’) NHs (bottom)
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County-level estimates of socio-demographic data were available from the American
Community Survey (ACS) (US Census Bureau) over a five-year window (2012-2016). The
datasets included were “Comparative economic characteristics” (cp03), “ACS demographic

and housing estimates” (dp05), “Age and sex” (s0101) and “Households and families” (s1101).

Aside from the ACS and NHC data, a small number of further variables were incorporated or
derived for use in analyses: the counties’ population density, which we calculated based upon
each county’s total population and county land area (obtained from the US Census gazetteer
files (US Census Bureau 2018)); dummy variables representing which state the county is in;
and counties’ Rural-Urban Continuum Codes (RUCC), as published by the US Department of
Agriculture (2013). These describes how metropolitan a county is as one of nine categories; a
binary urban/rural variable was also included that we derived based upon it (as in Yuan et al.

(2018)).

2.2 Accessibility measures

For each county i, we calculated the population-weighted system-wide spatial accessibility to
high-quality nursing home care based upon a “gravity potential” model (Talen and Anselin
1998). Such gravity models have been shown to be the most sensitive techniques for explaining
population access to services (Song 1996). This accessibility measure took into account nearby

NHs located across county boundaries, while ensuring that far away home NHs are given
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negligible weight. The model was similar to that used by Kalogirou and Foley (2006), whereby

the spatial accessibility of each county i is calculated by

SAi=Y,[(n/(®))(1/max (d2,1) )]

Where:

e njis the number of beds in each ‘high-quality’ nursing home j;

e piis the population over 65 in county i (taken from the ACS “DP05” dataset); and
e dj is the distance in kilometres between the centroid of county i to nursing home j.
Distances less than 1km were set to this level to avoid attaching disproportionate weight

to NHs close to the county centroid (resulting from calculating 1/d;?).

Greater values for SA indicate greater spatial access. For instance, a county i with a population
over 65 of 100, in a country with only two high quality NHs, located 10km and 20km from

county i respectively and containing 50 and 60 beds respectively, the spatial accessibility for

50 0 _ _ 0.0065.

_|_
100102 =~ 100%202

county i would be given by SA; =

Accessibility measures were calculated for all counties in the contiguous US except Ogala

County, South Dakota, for which all ACS data was missing.

2.3  Descriptive analyses

An exploratory model was developed to identify the associations between measures of

disadvantage and access to good quality care. Variables relating to the total/male/female
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population over 65 were excluded from the model, as the total had been used in the calculation

of the accessibility measure. Some datasets included “margin of error” variables as well as

point estimates (e.g. the estimated male population for Autauga County, Alabama was 26877,

and the margin of error (recorded as a separate variable) was 120) — only point estimates were

included in the model as it was felt that making predictions based on the latter would be difficult

to interpret and would lack face validity. Variables present in multiple datasets (such as total

population and population by race) were only included once, and variables that were extremely

correlated (~0.99) with total population were excluded. In total, 472 variables across 3074

counties were included in the analysis. The full list of included and excluded variables is

available in Appendix 1. Given the large number of variables, many of which were further

correlated with each other; it was left to the machine learning approach to choose the most

appropriate variables from the available list. Data was generally complete (ignoring Ogala

County), except for the CPO3 dataset which lacked data for several hundred counties, which

were geographically clustered in the Rocky Mountains. The accessibility score was highly

skewed, as were most of the independent variables. A log transformation was applied to all

variables, which reduced this skewness. For the accessibility measure, In(SA) was used; for all

other variables a In(SA+1) transformation was used due to the prevalence of zeroes in some

ACS data. Results were not sensitive to the use of the inverse hyperbolic sine function in place

of the log transformation. The results of a predictive model using such data is reported in

Appendix 2 and is broadly similar to that reported later in Table 2.

10
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Our aim was to develop a simple, easy to interpret model that would systematically identify

variables that were associated with county-level spatial accessibility. The first iteration of the

model used an ordinary least squares approach, using a subset of the variables available that

we knew from prior literature and our own judgement were likely to be significant. A random

forest approach employed as part of sensitivity analyses, identified the most important variables

as generally relating to Native American populations. We had not included any Native

American variables in our baseline OLS model and decided a more systematic approach that

cast a wide net in variable selection would be merited after all. We therefore sought to identify

an appropriate machine learning approach. This allowed all variables to be to be incorporated

into the analysis, rather than a subset, with penalisation used to select the most relevant

variables.

An approach was used whereby Random Forest approaches (Breiman 2001) were used to

impute data which was missing for the included variables (specifically for the cp03 dataset),

and a Least Absolute Shrinkage and Selection Operator (lasso) approach subsequently used for

variable selection; such an approach is called the “imputed lasso” (Lu and Petkova 2014). Lasso

is a penalized regression approach that seeks to improve the prediction accuracy and

interpretability of regression models by altering the model fitting process so that only a subset

of the provided covariates are included in the final model (Tibshirani 1996). The imputed lasso

allows for a more parsimonious and transparent model than a standalone random forest

approach and overcomes potential biases, particularly around patterns in missing data (Lu and

11
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Petkova 2014) — which may have otherwise been an issue for our analyses given the non-
randomly distributed missing economic data in our data. For this reason, we used the imputed
lasso approach, which had the added advantage of creating a relatively simple explanatory
model to understand in broad terms of the relevant underlying processes and associations. The

imputation and lasso were carried out using the missForest and hdm packages in R respectively.

Potential predictors in lasso are typically centred and scaled — normalised with reference to the
variable’s mean and standard deviation, making them essentially z-scores. This was carried out
for all variables, including the accessibility measure. The target variable was therefore finally
defined as scale(In(SA)), which indicated each county’s accessibility compared to the national
average. Data for 2,281 randomly chosen counties (75% of the data) were used for estimation
(the ‘training’ data) and data for the remaining 25% of counties were used to validate the
predictive models’ out of sample performance (the ‘test’ data). Analyses were carried out using
the post-lasso approach in the hdm R package (selecting the “double selection” method in
hdm’s associated rlassoEffect function). This approach uses a data driven, non-arbitrary penalty
function (Bach et al. 2018) and creates a more easily interpretable model both by further
reducing the number of variables present and by allowing for the inference of post-selection
confidence interval, providing further interpretability. Without the post-lasso approach,
confidence intervals cannot be reliably estimated due to the introduced bias from variable

exclusion (Bach, Chernozhukov and Spindler 2018). Using imputed lasso and post-lasso

12
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together should in principle therefore reduce the potential for bias in a number of ways, and to

our knowledge, this is the first time such an “imputed post-lasso” has been used.

3. Results

3.1  Geographical accessibility

Figure 2 shows that accessibility to high-quality nursing home care is generally highest in a
band from the eastern Rockies through the Midwest. Counties west of the Rockies generally
have poorer access, particularly in the southwest and along the Pacific coast. Predicted

accessibility derived from the lasso model is also shown.

Figure 2 — County level accessibility (top) and lasso predictions (bottom). All results are reported in standard deviations from
the mean.
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3.2  Predictive analyses

Table 1 provides an overview of the characteristics of counties according to quartile of high-
quality nursing home accessibility, from Quartile 1 (low) to Quartile 4 (high). Counties with
lower accessibilities tend to have higher populations; most likely because these counties tend
to also have high absolute populations of elderly people, which is included in the calculation
of the accessibility measure directly. It is interesting that median age and old-age dependency
ratio rise with accessibility; it may be related to the fact that urban populations can be expected

to be younger.

It is also initially counter-intuitive that income seems to be negatively associated with
accessibility; this however may relate again to higher salaries in urban areas, which display a
negative univariate relationship with spatial accessibility. It may also be that new homes do not
choose to locate in disproportionately young areas, or where land values are most expensive
(i.e. city centres). Mirroring the findings of the previously cited studies, counties that have the
highest proportion of white people have the best access. This may at least partially be related

to clustering of minority groups in cities.

15



232 Table 1- Median county levels of selected variables before transformation, for 4 equal quartiles split by accessibility (Q1 is
233 lowest accessibility, Q4 is highest). “NA" is non applicable.

234
ACS Description Data Code Quartile1 Quartile2 Quartile3 Quartile 4
set
Total population- total- estimate s0101 HCO1_EST V(o1 80955 33508 16262 11752
Population density NA popDensity 32.6 22.8 133 11.1
Income and benefits (in 2016 inflation- cp03 HCO1_VC85 49356 44474 45471 45427
adjusted dollars) - total households -
median household income (dollars) *
Summary indicators - sex ratio (males s0101 HCO1_EST_VC36 98.0 97.9 98.6 98.7
per 100 females)-total- estimate
Race - one race - White-percent dp05 HC03_VC49 85.5 89 92.3 94.2
Race - one race - Black or African dp05 HC03_VC50 2.8 35 1.8 1.3
American-percent
Race - one race - Asian-percent dp05 HC03_VC56 11 0.6 0.4 0.4
Race - one race - American Indian and dp05 HCO03 VC51 0.6 0.3 0.3 0.2
Alaska native-percent
Race - one race - Native Hawaiian and dp05 HCO03_VC64 0 0 0 0
Other Pacific Islander-percent
Hispanic or Latino and race - total dp05 HCO03_V(C88 7.9 3.6 2.9 2.7
population - Hispanic or Latino (of any
race)-percent
Sex and age - median age (years)- dp05 HCO1 V(23 38.8 40.7 41.7 42.2
estimate
Sex and age - 65 years and over-estimate  dp05 HCO1 VC29 13428 5915 3003 2129
Summary indicators - age dependency s0101 HCO1_EST VC38 25.4 28.3 30 30.9
ratio - old-age dependency ratio-total-
estimate
Average household size-Total- Estimate s1101 HCO1_EST_VCO03 2.55 2.50 2.48 2.46
Commute time — Mean travel time — cp03 HCO1_VC36 22.2 23.6 24.1 24.2
minutes
Accessibility (after scaling) NA NA -1.05 -0.28 0.29 1.02
235

236  The coefficients associated with the exploratory predictive model reported in Figure 2 are
237 shown in Table 2. Where possible, these are grouped by general headings, such as the

238  percentage of the civilian population over 16 employed in a given industry, sex/age and race.

16



239  Because the variables were scaled, coefficients that are larger in absolute terms can be said to

240  have a larger effect.
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Table 2 — Variables selected by post-lasso algorithm (using ’'rlassoEffects” in the *hdm’ R package) for models that estimate
spatial accessibility for 2016. Excluded variables (those given a weight of zero) are not shown.

Estimate  Std. tvalue Pr(>|t]) Data Code
Error set

Commute time — Mean travel time — minutes 0.034 0.019 1.839 0.07 cp03 HCO1_VC36
Households living in mobile/other structures — -0.089 0.017 -5.092 <0.001 *** 1101 HCO5_EST_VC29
non-family — %
Population density 0.675 0.041 16.493 <0.001 *** NA popDensity
Industry of civilian employment
Arts, entertainment, accommodation and -0.061 0.016 -3.822 <0.001 *** cp03 HCO01_VC60
food — %
Manufacturing — % 0.102 0.018 5.746 <0.001 ***  cp03 HCO01_V(C52
Retail — % -0.042 0.014 -3.1 0.002 **  cp03 HCO1_VC54
Race
American Indian and Alaska Native — 0.054 0.014 3.942 <0.001 *** dp05 HC03_V(C52
Cherokee — %
American Indian and Alaska Native — Navajo — 0.001 0.008 0.172 0.86 dp05 HC03_V(C54
%
American Indian and Alaska Native/white -0.03 0.024 -1.26 0.21 dp05 HCO01_VC72
mixed race — pop
American Indian/Alaska Native alone — pop -0.075 0.023 -3.32 0.001 ***  dp05 HC01_VC96
Ethnic Mexican — pop -0.063 0.027 -2.328 0.020 *  dp05 HCO1_VC89
Native Hawaiian and Other Pacific Islander -0.044 0.021 -2.069 0.039 *  dp05 HCO1_V(C98
alone —pop
Not Hispanic or Latino — % 0.109 0.018 5.886  <0.001 *** dp05 HC03_V(C93
Sex and/or age group
60 to 64 years — pop -0.437 0.11 -3.976 <0.001 *** dp05 HCO1_VvC17
65 to 74 years — pop -0.486 0.142  -3.409 0.001 ***  dp05 HCO01_VvC18
75 to 84 years — pop -0.048  0.102 -0.468 0.64 dp05  HCO1_VC19
65 years and over — % of population that is 0.005 0.014 0.338 0.74 dp05 HCO03_V(C38
Male
State dummy variables
Arizona -0.171 0.119 -1.441 0.15 State StateAZ
Idaho -0.668 0.093 -7.162 <0.001 *** State StatelD
Indiana 0.458 0.104 4401 <0.001 *** State StatelN
Louisiana -0.402 0.066 -6.119 <0.001 *** State StatelA
Maine -0.397 0.073 -5.458 <0.001 *** State StateME
Missouri 0.375 0.098 3.811 <0.001 *** State StateMO
Montana -0.382 0.099 -3.848 <0.001 *** State StateMT
New Jersey 0.652 0.141 4605 <0.001 *** State StateNJ
New Mexico -0.097 0.115 -0.85 0.40 State StateNM
Oregon -0.542 0.09 -6.048 <0.001 *** State StateOR
Washington -0.49 0.113 -4.336 <0.001 *** State StateWA

The lasso was successful in generating a relatively parsimonious model that substantially

reduced the number of variables included. 28 of the 472 possible variables were selected, of

18
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which 11 were state dummies; other states were considered close enough to the average to not

merit inclusion in their own right. The model appears to correspond reasonably well to the

actual data, as seen in Figure 2. Its adjusted r-square for the test dataset was 0.613 (for the

training set it was 0.597) and the corresponding mean absolute error for the test dataset was

0.451 (0.444 for the training set). Estimation of confidence intervals around the coefficients

are shown in both Table 2 and Figure 4. Except for state dummy variables, confidence intervals

are generally narrow.
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Figure 3 — Variables’ coefficient valuation estimates and associated 95% confidence intervals.
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Population density can be seen to have a noticeable and large positive effect; perhaps a
surprising finding given that it had a negative association with accessibility at a univariate level
(shown in Table 1). Otherwise state dummies often have large effect sizes and demonstrate
some geographic clustering — e.g. Oregon and Washington state exhibiting inferior access.
Independent of state effects, counties with a large number of residents in mobile homes,
counties with a relatively large elderly population or high numbers of ethnic Mexican, Native
American or Pacific Islander residents appear to experience poorer access, while those in
industrialised counties and those in more densely populated counties would appear to enjoy
superior access, other things being controlled for. Median commute time is marginally positive,
implying that the most accessible areas may be the hinterlands surrounding urban areas (as

with Reddy (2020)).

While the total, male and female populations for above 65 were not included in the prediction
model, other age-related variables — which clearly correlate with these figures — have been

selected by the lasso model and show a large negative effect, as might be expected.

The Midwest’s high level is accessibility is evident in the model, both in terms of the
coefficients associated with the state dummy variables, as well as through other factors, such
as their historic association with the manufacturing industry. For counties in Indiana with a

high level of workers in manufacturing, for example, the effects are assumed to be additive.

The results for a corresponding analysis of accessibility in 2011, including a predictive analysis

using the same imputed post-lasso approach (using ACS data from 2007-2011), were largely
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consistent with the 2016 findings reported in this paper. An overview of these results is shown

in Appendix 3.

4. Discussion

The results make clear that geographic inequalities in access to high-quality NH care exist, and

that these do not take the form of “unpatterned inequality” (Talen 1997). Rather, the variation

in accessibility follows a clear pattern: population age distribution, ethnicity, population

density and populations living in mobile homes appear to dominate these models, alongside

state effects. The fact that NH locations were geocoded based upon NHC central datasets may

contribute to the model’s ability to discern such socio-economic patterns reliably (McLafferty

etal. 2012).

That population density is strongly positively associated with accessibility to high-quality NHs

may reflect simple economics — where demand is high because the population is concentrated,

so too will be supply of NHs in general (including good quality NHs). Nonetheless, since high-

quality nursing homes tend to cluster in wealthy areas (Tamara Konetzka, Grabowski,

Perraillon and Werner 2015), this picture may be more nuanced. It may also reflect previous

findings that homes in urban counties have higher star ratings (Lutfiyya, Gessert and Lipsky

2013), and hence counties with a high population density might be expected to be closer to
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high quality homes. Table 1 showed that county population densities are in fact negatively

associated with accessibility on a univariate level.

Regardless of methodology used, access is particularly poor for counties with high numbers of
ethnic Mexicans, Native American and Pacific Island populations. These groups are clustered
in the western half of the country (visible in Figure 4), where spatial accessibility is lowest
anyway; for counties with high populations of such groups, accessibility is even worse, given
they were found to be significant independent of state effects. The one unequivocally positive
coefficient relating to race is the proportion of non-Hispanic residents. While race has a
complicated relationship with income in the US historically, it is noteworthy that various
measures of income, poverty and SNAP payments included, race still comes through as
significantly correlated with access. The coefficient for Cherokee populations is positive, but
does not counteract the negative coefficient of Native American status; as a result, areas with
high Cherokee populations can be considered to have less bad accessibility than other areas

with high proportions of Native Americans, but still worse than would otherwise be expected.
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Figure 4 - 2016 spatial distribution of transformed data, by standard deviations from their respective means, for variables
selected for both 2011 and 2016 predictive models. For more information on the 2011 model, see Appendix 3
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While measures of average income were not selected by the model, it is notable that wealth-
related indicators such as the numbers living in mobile homes was a significant determinant of
access (especially since no variables included in the model directly related to wealth). In our
dataset, non-family mobile home residency was highly negatively correlated (<-0.6) with mean
family income and the proportion of women employed in the labour force, and similarly
positively associated with the proportion of families below the poverty level and proportions
of the population not in employment. It may therefore be included by the model as a composite
proxy for several wealth and income related factors. While wealth and income are obviously
related, privately-funded residents of NHs (which are strongly related to nursing home quality

(Grabowski 2001, Park and Martin 2018)) are likely to rely on previously accumulated wealth
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rather than current earnings. That areas where there has been little accumulation of real estate

equity and relatively high levels of poverty are less likely to present attractive areas for care

homes to invest is unsurprising.

It may seem surprising that counties with high populations of African Americans who have

consistently (on an individual level) been shown to experience barriers to access health services

generally (Marmot 2005, Millman 1993) — including nursing homes (C. Reed and Andes 2001,

Tamara Konetzka, Grabowski, Perraillon and Werner 2015, Yuan, Louis, Cabral, Schneider,

Ryan and Kazis 2018) — generally do not appear to face spatial barriers. It may be that the

physical distances involved between more affluent white and less affluent African American

communities are much less than those experienced by more physically isolated groups such as

Native Americans and Hispanic groups. Thus, it is worth remembering that physical proximity

in terms of the measures used here is a necessary but not sufficient condition for access to good

quality care in an environment close to one’s friends and family. That whites are more likely

to live in mobile homes (Johnson et al. 2018), is also worth noting in this context given its

relationship with spatial access.

Spatial accessibility is not the only form of accessibility, however, and only part of McIntyre’s

(2009) ““availability”. It is possible that areas with high accessibility by our measure may have

yet have low levels of accessibility depending on other factors (Ngui and Vanasse 2012), and

the results further highlight the interconnectedness between availability, affordability and

accessibility.
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In terms of affordability, Medicare’s low reimbursement rates (Grabowski 2001) inevitably
influence the distribution of NHs. Increasing this rate in general —or in a targeted way focussing
on areas with the lowest level of spatial accessibility — may go some way to addressing this,
given the clear predictions found between economically deprived counties (and relatively poor
ethno-cultural groups) and spatial accessibility. Expanding Medicare/Medicaid to allow
payments for complementary/substitute services such as home care (which is not currently
covered) may also improve equity. Though there are practical challenges in doing so in sparsely
populated rural areas — alongside the cultural challenges previously described — both issues
could potentially be ameliorated by paying for care to provided locally from ‘within’ these

communities.

Racial groups are not homogenously distributed around the country and it is clear that certain
groups (by coincidence or otherwise) happen to be clustered in its most poorly served regions.
Even if spatial accessibility were improved in such areas, levels of overall accessibility may
remain poor if practical cultural barriers (such as being able to talk to a doctor in your language,
or a provider who ‘gets’ your culture’s norms) are not addressed appropriately. For historic and
cultural reasons, Native Americans in particular may face barriers to leaving their communities
and homelands — but at the same time it appears that such sparsely populated and relatively

poor areas cannot attract high-quality care homes given current market incentives.
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4.1  Limitations

Lasso has been criticised for the fact that in situations where there are multiple highly correlated
variables (as was the case in our dataset) which are competing for model inclusion, typically
only one such variable will be chosen in the final model. Elastic nets are an alternative
technique that tends to include all such correlated variables (at reduced relative weighting)
rather than choosing between these, but naturally does so at the cost of including more variables
in the final model. Given that we consciously intended to create a simplified and parsimonious
model, “the advantage of choosing several correlated items together versus only one item from
a group of correlated items is not clear” (Lu and Petkova 2014). Furthermore, it is not currently
possible to derive meaningful confidence intervals for elastic net models (at least using
packages available in R), which would have further undermined the interpretability of findings.
Nonetheless, any future studies using the approach outlined in this paper should carefully
consider the robustness of findings to the choice of variables for inclusion in LASSO, if they
are to be used to inform practice. This may be particularly important where the variables act as
proxies for an underlying unobserved variables, as was the case for mobile home residency

here.

County-level data estimates being available only over a 5-year window means that there is no
perfect way to match a given year of nursing home data with ACS data. Furthermore, Ogala
County has a predominantly Native American population which has been excluded from our

analyses.
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This study used several simplifying assumptions, especially due to the computational
intensiveness of several stages. The accessibility measure implicitly assumes equal underlying
‘need’ for nursing home care for all people over 65, regardless of income, cultural group, family
situation and so on. It also assumes all high-quality nursing homes are effectively
interchangeable, and so does not consider locational interdependence of services or

agglomeration effects (White 1979).

The fact that county centroids were used to represent the county’s location may introduce bias
if there are recurring national patterns about the groups who happen to live closer or further
away from centroids. We used Haversine distance from county geographical centroid to care
homes, rather than road distance, which arguably could have led to more accurate results in
terms of time/barriers to access (Houston 2005) — although there are challenges with measuring
these also (Delamater et al. 2012). The study also did not consider access to public transport
facilities, or the likelihood of subgroups of local populations to rely on these — which may

further impact on accessibility (Arcury et al. 2005, Syed et al. 2013) and equity more generally.

This accessibility measure used the total number of beds in each NH, rather than total number
of free beds. This was because occupancy rates may be expected to fluctuate more over time,
leading to unstable and less meaningful results; however, this means that any consistent
patterns or variation in accessibility related to occupancy has not been captured in the model,

which may lead to bias (Houston 2005).
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4.2 Suggestions for further research

Given the large quantity of variables under investigation, the extent to which individual

coefficients may vary regionally has not been investigated using geographically weighted

regression, though it would be interesting to see if such variation exists.

It may be interesting to apply the analytical approaches employed in this paper against the star

ratings for staffing levels, quality measures and inspections, further building upon the work of

Yuan et al. (2018).

It may also be interesting to investigate the impacts of accessibility on both competition and

care quality. Zhao (2016) previously showed that competition (measured by the Herfindahl-

Hirschman index) and quality have a mixed relationship (though they found that easy-to-

understand information is useful in driving up quality). Spatial accessibility may be an

interesting alternative measure for competition, worthy of further investigation—and one which

may lead to better patient information given reputational impacts of nearby NHs.

5. Conclusions and implications

This is the first paper to our knowledge that addresses county-level spatial accessibility to high-

quality nursing home care. We provide a formal definition of accessibility and calculated this

metric for each county in the contiguous USA. We thereafter investigated racial, socio-
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demographic and economic factors’ associations with accessibility, using an innovative
application of machine learning techniques. The paper illustrates that such a machine learning
approach can be used to cast a wide net and select the most important such variables, while
creating a parsimonious model that describes spatial accessibility. This approach could thereby
help identify heretofore unknown areas for targeted follow-up analyses, such as better

understanding whether specific barriers to access exist for Pacific Island populations.

Spatial accessibility was found to be particularly high in the Midwest and low in the southwest
and along the Pacific coast. This analysis found there to be several issues — alongside
geographic location — that are tied up with access to high-quality nursing home care, including:
the size of the county’s elderly, ethnic its population density, proportions living in mobile
homes, patterns in local employment, and Hispanic, Native American and Pacific Islander
populations. It is noteworthy that despite the inclusion of hundreds of variables, some of the
best predictors of accessibility to NH care related to local populations of specific minority
racial groups. The model’s out of sample predictions were relatively accurate given that the
independent variables used only socio-demographic data and excluded the seemingly more

relevant Nursing Home Compare datasets.

Tests of equity of access determine whether there are “systematic differences in use and
outcomes among groups in U.S. society” (Millman 1993) arising from barriers to care. This
paper provides clear evidence that there are systematic differences between racial and

economically disadvantaged groups in terms of their geographical access to nursing homes.
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This may also go some way to explaining the differences in use of nursing homes between
these groups (Davis 2005, Edward and Biddle 2017, Thomeer et al. 2014). We do not claim

that this is causal, but believe that the clear associations found merits further study.

The results of our analyses are consistent with the inverse care law, that “the availability of
good medical care tends to vary inversely with the need of the population served” (Hart 1971),
which tends to arise where a free market decides where such facilities are to be located.
Amelioration of this process requires increased government intervention and redistribution
efforts, and it behoves decision makers to consider whether action is required to address the

spatial inequities that this paper has demonstrated.
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