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Abstract

This paper investigates the impact of hospital competition (or lack thereof) on in-
surer participation in the ACA’s individual market. Using public data from CMS, and
private data from the American Hospital Association (AHA), I construct the Herfind-
ahl-Hirschman Index (HHI) for hospital and insurer markets at the county-level in 34
of the 36 states using federally facilitated marketplaces, across 2015 and 2016 (hospital
HHI is lagged by one year). I fit a linear model on 2063 counties across two years in
these states, controlling for county-level covariates and fixed effects for year-“rating
area” (a geographic designation created by the ACA, which typically amounts to a
collection of counties). I estimate my parameters using OLS. I find higher hospital
HHI levels are associated with higher insurer HHI levels at a coefficient of .033, log lin-
earized. I lay the groundwork for further analysis once more years of data are available,
contributing to the existing literature by focusing on insurer competition rather than
premium price as my primary outcome, leveraging “rating areas” for better model
specification, and outlining a novel approach to hospital market HHI construction

using hospital “radii” rather than pre-existing geographic bounds.
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Introduction

Since the Affordable Care Act (ACA) came into effect in 2014, the state of its exchanges
(regulated markets that allow individuals to buy coverage separate from their employer)
has been closely studied as an indicator of the law’s success. Though these exchanges
represent only a fraction of the insured population (roughly 4 percent, or 9 million
individuals nationwide), they’ve adopted outsized political significance. In the past few
years, diminishing competition on exchanges nationwide has sparked panic about these
markets’ sustainability (Cox et al., 2015).

Qualitative studies have pointed to competition among healthcare providers as “essen-
tial to a robust and competitive insurer market” (Morrisey et al., 2017). Most quantitative
work, however, has either ignored provider competition when looking at diminishing
insurer choice, or focused on how provider competition relates to insurer premiums, rather
than participation, in ACA exchanges.

This paper seeks to fill this hole and lay a groundwork for future analysis once more
years of data are generated. It is a “first go” at answering two questions: 1) How is compe-
tition between short term general hospitals related to competition on ACA exchanges, and
2) How robust is this relationship to regional variation and model specification? It adds to
the literature by documenting a novel method of constructing hospital market HHI at the
county-level and by illustrating how rating areas, a unique feature of ACA markets, allow
for some control of intra-state geographic fixed effects, even with limited data.

It is organized as follows: Section 1 reviews the relevant research on market dynamics
in the ACA, and explains how my work fits into this existing literature; Section 2 goes
over my data construction; Section 3 explains my model; Section 4 reviews my results;
Section 5 explains the limitations of my model; Sections 6 and 7 discuss my results and

their policy implications; and Section 8 outlines potential directions for future work.

1 Background

By 2016, the third year of ACA exchanges’ operation, it was clear that maintaining a

healthy level of competition in these markets posed a greater challenge than anticipated.



Between 2015 and 2016, the percent of enrollees in the individual market with three
or more insurers to choose from fell from 91 percent to 85 percent, and the average
“benchmark” premium (the premium of the second lowest cost “silver” plan in a rating
area) rose by 4.4 percent (Cox et al., 2015).

In response to these concerning trends, the Brookings Institution’s Center for Health
Policy commissioned a field study across multiple state exchanges in 2016 (Morrisey
et al., 2017). Researchers interviewed stakeholders in California, Michigan, Florida, North
Carolina, and Texas, and came to four major conclusions: (1) health insurance markets are
local, meaning the success or failure of insurers, even national ones, are determined by
local factors; (2) higher than expected claims cost were the source of much of the early
turmoil in insurance markets; (3) there has been a substantial shift towards narrower
networks of healthcare providers, as a way of forcing hospitals to compete for enrollees by
reducing reimbursement rates; and (4) hospital and physician competition is “essential”
for a robust and competitive insurer market.

These conclusions were prescient, and confirmed by quantitative work in the years
following, which found that local factors (rurality, demographics, health spending, and
state policy environment) had a significant impact on the number of insurers participating
in a given rating area, and that insurance plans offered on ACA exchanges had “narrow
networks”, i.e. insurers offered a less broad network of healthcare providers to consumers
in ACA exchanges than they did in their employer plans (Griffith et al., 2018) (Haeder
et al., 2015) . The shift to narrow networks was predictable given ACA regulations,
which prevented insurers from “competing” over enrollees as they had pre-2014, through
practices like denial of coverage and medical underwriting. Instead, insurers on ACA
exchanges competed over providers; they narrowed their networks, and forced hospitals
and doctors to offer cheaper reimbursement rates to have their enrollees as patients. In
practice, this approach produced promising results: Dafny et al. (2017) found that narrow
network plans were 16 percent cheaper than their broad network counterparts, and that
such plans reduced medical costs.

While these characteristics of ACA exchanges imply a link between provider com-

petition and insurer competition, this relationship has only just begun to be examined.



Scheffler et al. (2018) looked at the impact provider consolidation had on premiums in
California’s state run ACA exchange. They regressed the Herfindahl-Hirschman Index
(HHI) of short term general hospitals, measuring horizontal consolidation, the percent
of physicians contracting with hospitals, measuring vertical consolidation, and the HHI
of insurers in a given marketplace on the benchmark premium across California’s 19
rating areas, over 3 years (all independent variables were lagged by one year). They found
that a 10 percent increase in hospital HHI was associated with a 1.8 percent increase in
marketplace premiums, while a 10 percent increase in insurer HHI was associated with a
2 percent increase in premiums.

Boozary et al. (2019) expanded the work of Scheffler et al. (2018) to a nationwide
sample, producing similar results: rating areas with the highest levels of hospital market
concentration had annual premiums that were, on average, 5 percent higher than those
in the least concentrated areas. They concluded that the “likely explanation for higher
premiums being found in areas of greater hospital concentration (and, indeed, the one
consistent with prior literature) is related to market power and the ability to negotiate
higher prices from insurers and other payers in these areas.” (Boozary et al., 2019).

Both papers provide compelling evidence that concentrated hospital markets result in
higher negotiated rates for insurers, which are then passed off to consumers in the form of
higher premiums. However, they are limited in two respects: 1) their models are specified
at the “rating-area” level, and 2) premiums may not be the best reflection of consumer
experience in ACA exchanges.

In regards to (1), geographic “rating-areas” are intra-state regions (typically collections
of counties) within which insurers must set premiums uniformly on ACA exchanges.
However, insurers are allowed to pick and choose which counties within a rating area
they want to offer their plans. As Fang and Ko (2020) observed, it is quite common for
insurers to selectively enter counties within a rating area.

While county-level variation isn’t particularly important when looking at premiums
as a primary outcome (especially benchmark premiums, as both Scheffler et al. (2018) and
Boozary et al. (2019) did), when looking at insurer participation it is essential. Moreover,

variation in insurer participation across rating areas provides a powerful tool for model



specification; even in cross-sectional analysis, rating areas can be used to control for
intra-state geographic fixed effects, mitigating the risk of omitted-variable bias.

In regards to (2), while prices are obviously a primary indicator of consumer experi-
ence, they are not the only metric to measure market health. This is especially true for
ACA exchanges, a heavily subsidized market where the vast majority of consumers pay for
their plans as a percent of income, and are therefore shielded from price hikes. Choice
and competition (i.e. HHI) are thus equally worthwhile metrics to consider as outcomes.
In addition, insurer competition can also influence premium prices, as found by Scheffler
et al. (2018). Thus, if hospital competition influences insurer participation, it can have a
two-fold impact on premium prices: first raising premiums due to higher reimbursement

rates, then raising premiums due to reduced insurer competition.

2 Data Construction

To measure insurer HHI, I pulled issuer-level enrollment data from the Center for
Medicare and Medicaid Services (CMS). This enrollment data is for all federally facilitated
marketplaces (FFMs), i.e. ACA exchanges run by the federal government. It includes 36
states. I removed Alaska and Nebraska from my analysis, as their rating areas are not
based on county borders. The enrollment data also withholds information on counties with
10 or less enrollees in a given plan, due to privacy concerns. Moreover, 147 counties are in
single county rating-areas, and are thus excluded from my main model which controls
for rating-area fixed effects (they are included in alternative specifications). In total, we
are left with 4128 county-year combinations (see Figure A.5 in the Appendix for a map of
counties covered, color-coded by region).

My enrollment data is for 2015 and 2016; these years provide the most stable market
conditions, as insurers already had a year of experience in ACA exchanges (2014) and
former President Trump was not yet elected (2017-2018). I constructed my HHI measure-
ment by calculating market share for each insurer in a given county as a percent of total
enrollees, and summing the results. A histogram summarizing the resulting distribution
can be seen in Figure 1.

The rest of my variables are lagged by one year, since insurers decide on participating
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Figure 1: Insurer HHI Distribution
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in a given county before November of the previous year. To measure provider competition,
I used data from the American Hospital Association (AHA) Annual Survey on short term
general care hospitals in 2014 and 2015. I use short term general care hospitals as this
is the most common type of hospital nationwide, and the most relevant for insurers
building provider networks on ACA exchanges (long term care facilities are usually used
by Medicare or Medicaid enrollees). This is in line with the approach of Scheffler et al.
(2018).

While Scheffler et al. (2018) and Boozary et al. (2019) constructed hospital HHI
measurements using “rating-area” boundaries, I had to specify a county measure that
allowed for intra-rating area variation. I chose not to use county boundaries, since they
vary a great deal and can be too restrictive (many counties did not have a short-term
hospital within their boundaries). Instead, I used the work of Gresenz et al. (2004), who
found the “75 percent radii” for urban and rural hospitals, i.e. the boundary within which

75 percent of a hospital’s admitted patients lived. I draw radii around each of my hospitals



Figure 2: Hospital HHI Distribution
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based on their results (27.4 miles for hospitals in metro counties, 43.6 miles for hospitals in
non-metro counties), and if the radius includes the centroid of a given county, I consider it
part of that county’s hospital market (a more extensive description of this approach, along
with robustness checks for radii, can be found in the Appendix). From their, I construct
hospital HHI in the typical fashion, using annual admissions as a measure of market share.
There are 109 counties with no hospitals in their market; I assign these counties an HHI of
10000 and include a dummy variable for these “empty counties” as a control in my model.
The distribution of the resulting HHIs can be seen in Figure 2.

I control for all variables found to be significant in Griffith et al. (2018), and add
a few controls of my own for good measure (see Table 1). My main model controls for
rating area-year fixed effects, and therefore does not include any state-level covariates. At
the county level, I control for population demographics, poverty rate, and mortality rate
using data from the Census Bureau’s American Community Survey. I control for rurality

using the 2013 Rural-Urban Continuum Codes (RUCC) assigned by the US Department of



Agriculture Economic Research Service. I control for Medicare spending per capita using
data from CMS. I specify an additional model with no place-based fixed effects, and in
this model I control for state policy environment using data from the National Bureau of
State Legislatures (NBSL), Medicaid expansion status using data from the Kaiser Family
Foundation (KFF), and average Medical Loss Ratio (MLR) rebate per capita using data
from CMS (these are rebates paid by insurers when their medical claims cost is too low). A
list of my variables and their source can be seen in Table 1, and summary statistics can be

seen in Table 2.

Table 1: Control variables

Variables Geographic Level Source
State Policy Environment  State NBSL
Medicaid Expansion Status State KFF
Average MLR Rebate State CMS
Insurer HHI County CMS
Hospital HHI County AHA
Population Demographics ~ County Census
Rurality County DOA
Medicare Spending County CMS




Table 2: Summary Statistics

Year Rurality Region
Variable Overall 2015 2016 RUCC codes 1-3 RUCC codes 4-6  RUCC codes 7-9  Northeast = North Central South West
Number of Observations 4128 2065 2063 1386 1260 1482 228 1729 1803 368
Insurer HHI 5939.794 6184.083 5695.267 5212.473 5961.104 6601.882 5146.401 5149.277 6912.196 5381.25
[2359.088]  [2442.054] [2247.153] [2225.781] [2366.917] [2275.705] [1549.223] [2073.401] [2355.398]  [2307.157]
Hospital HHI 4734.51 4722.359 4746.673 3555.38 4508.93 6029.047 2940.513 4659.111 4284.685 8404.155
[2748.011] [2751.891] [2744.735] [2057.077] [2421.215] [3013.504] [2018.227]  [2640.162] [2341.177] [2478.642]
Number of Insurers 3.483 3.559 3.406 4.283 3.433 2.777 5.145 4.002 2.713 3.783
[1.823] [1.866] [1.775] [2.123] [1.716] [1.199] [1.487] [1.906] [1.399] [1.81]
Number of ind. Hospitals 6.261 6.284 6.238 10.254 5.207 3.422 19.654 5.652 6.106 1.582
[8.688] [8.846] [8.528] [13.569] [2.938] [2.627] [29.163] [4.293] [4.441] [1.967]
Number of Hospitals 7.562 7.544 7.579 13.079 5.879 3.832 24.539 6.796 7.301 1.913
[11.474] [11.548] [11.403] [17.998] [3.42] [3.032] [38.313] [6.043] [6.015] [2.967]
No Hospitals 0.05 0.049 0.05 0.015 0.025 0.103 0 0.031 0.027 0.28
[0.217] [0.217] [0.218] [0.122] [0.155] [0.304] [0] [0.174] [0.161] [0.45]
Poverty rate 16.493 16.563 16.424 14.66 18.157 16.793 12.687 14.444 19.04 16.002
[6.358] [6.324] [6.393] [5.608] [5.961] (6.888] [3.728] [5.383] (6.592] [5.938]
Median age 41.014 40.948 41.079 39.282 40.231 43.298 42.522 41.633 40.145 41.425
[5.135] [5.104] [5.165] [4.36] [4.51] [5.463] [3.438] [4.989] [4.877] [6.934]
Percent white 0.85 0.851 0.849 0.831 0.852 0.866 0.888 0.919 0.774 0.876
[0.156] [0.155] [0.156] [0.143] [0.155] [0.166] [0.12] [0.1] [0.174] [0.131]
Percent Black 0.083 0.083 0.083 0.101 0.083 0.065 0.051 0.026 0.156 0.008
[0.138] [0.138] [0.138] [0.127] [0.14] [0.143] [0.073] [0.046] [0.176] [0.012]
Percent Native 0.033 0.033 0.033 0.033 0.033 0.031 0.029 0.033 0.033 0.033
[0.007] [0.007] [0.007] [0.006] [0.006] [0.009] [0.004] [0.006] [0.007] [0.01]
Medicare costs per-capita 9071.836 8933.924 9209.881 9217.105 9078.77 8930.08 9627.558 8858.319 9442.501 7914.648
[1305.533] [1292.173] [1304.557] [1157.74] [1153.951] [1524.535] [1230.387]  [1122.542]  [1322.306] [1134.67]
Counties per rating area 29.614 29.646 29.583 11.293 37.098 40.386 10.456 13.918 49.405 18.269
[46.345] [46.396] [46.306] [19.094] [55.57] [50.412] [5.742] [10.639] [63.828] [12.406]
Insurer “selective entry” rate 0.429 0.457 0.4 0.356 0.497 0.438 0.346 0.387 0.519 0.231
[0.495] [0.498] [0.49] [0.479] [0.5] [0.496] [0.477] [0.487) [0.5] [0.422]
Expanded Medicaid 0.372 0.356 0.388 0.374 0.388 0.357 0.566 0.592 0.063 0.734
[0.483] [0.479] [0.487] [0.484] [0.488] [0.479] [0.497] [0.492] [0.243] [0.443]
MLR rebate 164.418 136.488 192.376 160.416 174.31 159.752 86.004 97.307 255.769 80.747
[179.749] [144.16) [205.673] [173.055] [186.62] [179.728] [64.616] [111.67] [209.818]  [113.212]
Republican state govt. 0.688 0.687 0.688 0.685 0.7 0.679 0.588 0.637 0.835 0.266
[0.464] [0.464] [0.463] [0.465] [0.458] [0.467] [0.493] [0.481] [0.372] [0.443]

Notes: Table reports variable means and standard deviations. Each observation is a county-year combination (i.e. Cook County in 2015). Counties in single-county rating

areas are excluded.



3 Model

Though I have data on counties over time, because I am limited to two years of data I
do not do a straightforward panel regression. Instead, my approach is better described as a
cross-sectional analysis, pooling two years of data to enlarge sample size, while controlling
for the fixed effects of each rating area/year combination. I see this analysis as a “first-go”
at assessing the relationship between hospital and insurer competition on ACA exchanges,
laying the groundwork for an eventual panel regression once there are enough years of
data.

I estimate the following linear model using ordinary least squares, with one

observation per county-year combination (i.e. Cook County in 2015).

Equation 1: Main model
Yii =Bo+p1tHospHHI; 1+ AX; i1+ Vya ¢+ €i

Y; ; is insurer HHI (logged) in county i in year t. HospHH]I,; ;_; is hospital HHI (logged)
in county i in year f — 1 (as mentioned before, I lag my variable of interest and county
controls by one year). X;;_; is a vector of controls for county i at time f—1 (this vector
includes a binary for if the county has no hospitals in its market, which, as mentioned
above, only occurs in 4.7 percent of counties). y,,, ; represent rating area-year fixed effects,
i.e. controls for each rating area/year combination. Thus, f; represents the percent
increase in insurer HHI associated with a 1 percent increase in hospital HHI, controlling
for county level covariates, empty hospital markets, and rating area-year fixed effects.

I also specify two variations of my main model: one in line with the findings of
Boozary et al. (2019), and one in line with the findings of Griffith et al. (2018). In the
former, I replace my rating area-year fixed effects (y,,, () with state-year fixed effects (. ;).
This is similar to the model used in Boozary et al. (2019), the difference being how I define

my dependent variable (insurer HHI) and my variable of interest (hospital HHI).

Equation 2: Boozary et al. (2019)
Yii=Po+p1HospHHI; ;1 + AX; i1+ Vst, 1 +€ip



In the latter, I drop my place-based fixed effects altogether and instead add a vector of
state level covariates in line with Griffith et al. (2018) (Z; ;_;). I also add time fixed effects
(74), i.e. a control for year (this effect is absorbed by our rating area-year/state-year fixed

effects in the other two models).

Equation 3: Griffith et al. (2018)
Yip=pBo+prHospHHI; 1 + AXj 1 +CZjy g + T+ €y

These models offer more variation for OLS to exploit (we can now make comparisons
across rating areas, rather than just within them). It also allows us to incorporate the
aforementioned 147 counties in single county rating areas. On the other hand, the risk of
omitted variable bias is higher.

I cluster my standard errors at the county level, since my pooled two years of data are

over the same set of counties (Abadie et al., 2017).

4 Results

I fit all three models on my overall dataset in Table 3, and fit my main model on subsets
of the data by region and rurality in Table 4 and Table 5 respectively. All coefficients of
interest are the result of a log to log comparison, so they can be interpreted as a percent to
percent relationship.

My overall coefficient of interest in my main model is .033; in other words, a 10
percent increase in hospital HHI is associated with a .33 percent increase in insurer HHI.
In my alternative models (Boozary et al. (2019) and Griffith et al. (2018)) my coefficients
are .045 and .054, respectively. My coefficient of interest is significant at p <.01 in all
models, and the coefficient increases as I relax my fixed effects (i.e. allow for more variation
to be used in my coefficient estimate, with a higher risk of endogeneity). Going forward I
will only consider my main model, as I believe it is best specified (it has the most rigorous
controls, and therefore the lowest likelihood of omitted variable bias).

While my coefficients are small, the narrow distribution of insurer HHI (see Figure

1) implies humble coefficients across the board: there simply isn’t much variation to be
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explained, especially when controlling for time and place-based fixed effects (95 percent of
logged insurer HHI is between [8.20, 9.02]; to put that another way, 61 percent of counties
across my two years of data had 3 or less insurers in their market). This trend carries over
to my control variables: all county level covariates are insignificant in my main model
except poverty rate, with a coefficient of .0017, and rurality (measured by RUCC) with a
coefficient of .013.

Table 3: Main results

Dependent variable:

Insurer HHI (logged)

Main model Boozary et al. (2019) Griffith et al. (2018)
(1) (2) (3)

Hospital HHI (logged) 0.033* 0.045" 0.054*

(0.008) (0.009) (0.011)
No hospitals in market 0.018 0.035 0.039

(0.015) (0.021) (0.028)
Rurality (RUCC code) 0.013** 0.033*** 0.040**

(0.002) (0.002) (0.002)
Year —-0.074**

(0.011)

Observations 4,128 4,410 4,410
R? 0.825 0.581 0.214
Adjusted R? 0.803 0.574 0.211
Residual Std. Error 0.182 (df = 3665) 0.266 (df = 4339) 0.362 (df = 4395)
F Statistic 37.354** (df = 462; 3665) 85.784** (df = 70; 4339) 85.267** (df = 14; 4395)
Note: *p<0.1; *p<0.05; **p<0.01

Controlling for rating area-year fixed effects in (1) and state-year fixed effects in (2).
Controlling for county/state covariates where appropriate.

Exponentiating my coefficients, we see that a 1-point increase in the 9-point RUCC
scale is associated with only a 1.3 percent increase in logged insurer HHI; thus, according
to our model, a 1 point increase in RUCC and a 39.4 percent increase in hospital HHI
are associated with the same (OLS estimated) level of impact on insurer HHI. While such
extreme increases in HHI might seem unrealistic in most market settings, my constructed
county hospital markets are so sparse that these sorts of increases are pretty conceivable.
56 percent of counties across my two years of data have five or fewer hospitals in their
market, and between 2014 and 2015, 31 counties saw an 39.4 percent or greater increase

in hospital HHI.

11



Table 4: Results by rurality (main model)

Dependent variable:

Insurer HHI (logged)

RUCC 1-3 RUCC 4-6 RUCC 7-9
1 (3)

Hospital HHI (logged) 0.040™* 0.014 0.016

(0.015) (0.015) (0.014)
No hospitals in market 0.055 —-0.007 0.016

(0.053) (0.043) (0.018)
Rurality (RUCC code) —0.043" 0.003 0.036™*

(0.013) (0.008) (0.006)
Observations 1,386 1,260 1,482
R? 0.893 0.856 0.797
Adjusted R? 0.849 0.805 0.759

Residual Std. Error

0.163 (df = 981)

F Statistic

20.316™* (df = 404; 981)

0.181 (df = 931)

16.885"* (df = 328; 931)

0.176 (df = 1243)

20.555" (df = 238; 1243)

Note:

*p<0.1; *p<0.05; **p<0.01
Also controlling for rating area-year fixed effects and county covariates.

Table 5: Results by region (main model)

Dependent variable:

Insurer HHI (logged)

South West North Central Northeast
1) (2) (3) (4)

Hospital HHI (logged) 0.026™ 0.046 0.032* 0.010

(0.012) (0.033) (0.012) (0.028)
No hospitals in market 0.036 0.030 —-0.032

(0.031) (0.023) (0.027)
Rurality (RUCC code) 0.016™* 0.040** 0.004* 0.010

(0.003) (0.007) (0.003) (0.008)
Observations 1,803 368 1,729 228
R2 0.758 0.835 0.842 0.805
Adjusted R? 0.731 0.807 0.820 0.768

Residual Std. Error
F Statistic

0.193 (df = 1622)
28.195** (df = 180; 1622)

0.173 (df = 315)
30.560** (df = 52; 315)

0.169 (df = 1512)
37.376"* (df = 216; 1512)

0.146 (df = 190)
21.263"** (df = 37; 190)

Note:

“p<0.1; *p<0.05; **p<0.01

Also controlling for rating area-year fixed effects and county covariates.
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To see if the association between insurer and hospital HHI varies by region or rurality,
I fit my main model on subsets of the data by both categories (see Table 4 and Table 5).
My OLS estimates of my coefficient of interest lose significance in many cases, which
is to be expected given the limited sample size of the subsetted data. But all estimates
are clustered between [.014, .04] (the exception being the Northeast region, which is our
smallest sample). While my standard errors are too wide to draw any hard conclusions,
it doesn’t seem that my main effect is being driven by any subset of counties by region
or rurality (further confirmation of this can be found in Appendix Table A.4, where
interaction terms are added for each of the subsetted categories; all coefficient estimates

lack significance).

5 Limitations

I am limited to two years of ACA market data (2015 and 2016) and 34 states. The 34
states I studied are primarily rural and southern; most urban coastal states (i.e. New York,
California, etc...) run their own exchanges. They were also mostly Republican led in 2014
and 2015.

My dataset is also limited by time. I chose 2015 and 2016 because I perceive decreasing
provider competition to be an existential threat to ACA markets (i.e. not the result of
the current instability around the law). My goal was to measure the impact of provider
competition in a “stable” ACA market. As a result of these limits on my dataset, the
coefficients I observe may not match current dynamics on ACA exchanges.

Moreover, my hospital HHI measurement doesn’t account for vertical consolidation.
In the past decade, the percent of primary care physicians working for a hospital system
has skyrocketed. This type of market power almost certainly effects contract negotiations
between insurers and hospitals, and is not accounted for in my work.

Beyond setting issues, the limitations of my work are those typical of OLS estimates.
My main model’s residuals fail the Shapiro-Wilk’s test of normality, which, though it
doesn’t undermine the estimate itself, calls into question my standard errors. To remedy
this concern I “bootstrap” my model, re-fitting it over 5000 samples with replacement, to

construct an empirical distribution of my coefficient of interest (this approach is taken
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from Fox and Weisberg (2017)). The resulting 99 percent confidence interval for g; is (.01,
.06); in other words I still reject the null hypothesis at p <.01.

Most importantly, there is the possibility of endogeneity due to either omitted variable
bias or simultaneity. In regards to omitted variable bias, this concern is lessened by my
identification strategy (exploiting variation within rating area-year, i.e. controlling for the
fixed effects of these collections of counties in a given year). That said, while within-rating
area comparisons are safer than between-rating area comparisons, there is still the risk of
endogeneity. In regards to simultaneity, the relationship between marketplace insurers
and hospitals implies this shouldn’t be a major concern: as mentioned above, marketplace
insurers only make up 4 percent of insured individuals nationwide, and enrollees produce
a minuscule amount of hospital revenue (especially compared to the high-cost patients
usually covered by Medicare). However, some marketplace insurers also participate in
the employer sponsored market, and enrollees in this market do make up a significant
amount of hospital revenue. Thus, there could be simultaneity if insurers that offer plans
on ACA exchanges also offer plans in the employer sponsored market, and make decisions
about regional market entry jointly (though lagging helps alleviate this concern).

Besides these aforementioned concerns, my model is fairly rigorous. Cluster-robust
standard errors prevent heteroskedasticity/serial correlation concerns (I cluster at the
county level). My variance inflation factors are non-concerning for my main effect (f;),
ruling out multicollinearity. While my residuals fail normality tests, bootstrapping my
coefficient of interest supports my analytic p-values. And the nature of the relationship
between hospitals and insurers implies that the effect we see in the data is causal: our
hospital HHI is lagged by one year, and since ACA exchanges make up only a small share
of the overall population, it is unlikely hospital competition is influenced by competition
on the ACA exchange. The reverse however has already been found in aforementioned

qualitative work (Morrisey et al., 2017).

6 Discussion

The results of my regressions, in combination with the findings of Morrisey et al.

(2017), are early indications that hospital and physician competition are essential to
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the success of ACA exchanges. The immediate implications of this are two-fold: first,
decreasing hospital competition may threaten consumer choice in ACA markets, and
second, its impact on ACA premiums has likely been underestimated.

While the first point is self-evident (rising hospital HHI results in higher insurer HHI,
which corresponds to less competitive markets and therefore less firms for consumers to
choose from), the second is more complicated. Returning to Scheffler et al. (2018), we
see that their work concluded that hospital HHI was related to premium price with an
elasticity of .182, i.e. a 10 percent increase in hospital HHI resulted in a 1.82 percent
increase in premium price the following year. Scheffler also included insurer HHI in his
regressions; he found that insurer HHI was related to premium price with an elasticity of
.204.

While Scheffler et al. (2018) work captures the impact hospital consolidation has on
premium prices in the short term, i.e. the effect a hospital merger has on premium prices
the following year due to higher, it fails to capture the long-term impact of rising hospital
HHI on premium prices through insurer HHI.

To demonstrate, let us consider a hypothetical (AHA data guidelines prevent me from
using a specific county). The average monthly benchmark premium in 2015 was $276
(Cox et al., 2015), and the average insurer HHI was 6184. Suppose in a given county with
this average premium price and average insurer HHI, a hospital merger occurred, which
raised hospital HHI by 10 percent. By Scheffler’s results, this merger would raise monthly
premiums by 1.8 percent, or $4.96. By my results, this merger would raise insurer HHI
by .33 percent, or 26 points. This increase in insurer HHI, by Scheffler’s results, would
correspond to another rise in premiums the following year (i.e. 2017), of .076 percent, 21
cents monthly or $2.53 annually.

Obviously these numbers aren’t precise, and shouldn’t be taken as such. Scheffler et al.
(2018) focused solely on California’s state run exchanges, while my work encompasses 34
primarily rural and southern states with federally facilitated marketplaces; moreover their
work used rating area-year combinations as their observation unit, while I use county-
year combinations. The purpose of this exercise though, is to demonstrate that by not

accounting for the relationship between competition on ACA exchanges and competition
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between healthcare providers, researchers may underestimate the impact of declining
provider competition on premiums.

Moreover, as alluded to in Section 1, it is not clear that premium prices ought to be
the focus of research related to the ACA exchanges. Despite some notable exceptions (i.e.
the “subsidy cliff”), government subsidies largely shield individuals in the ACA market
from premium price hikes. What they do not protect against is the lack of choice most
consumers face in their county’s exchange. As such, even if premiums aren’t greatly
impacted by the relationship between hospital and insurer competition, that relationship
is important in its own right, as it has a more direct impact on the experience of most

consumers on ACA exchanges than premiums themselves.

7 Policy Implications

Some of the best policy work addressing ACA market failures and hospital consolida-
tion can be found in Berenson (2015), Gaynor and Ginsburg (2017), and Fiedler (2020). In
this section I draw suggestions from all three. These suggestion can be divided into three
categories: (1) regulation reduction, (2) regulation addition, and (3) direct government
intervention.

Starting with (1), Gaynor and Ginsburg (2017) recommend states remove any willing
provider (AWP) laws. These laws require insurers to include any provider in their network
who so desires. They have a particularly nasty effect on insurers’ ability to compete in the
individual market; as mentioned in Section 1, the new regulations brought about by the
ACA pushed insurers to narrow their provider networks. This approach forces healthcare
providers to compete with one another to be included in a given insurer’s network, cutting
healthcare costs in the process. AWP laws completely undermine this process. While
network adequacy legislation is essential to ensure insurers aren’t burdening enrollees
with non-existent provider networks, AWP laws are far from necessary to achieve this goal.
Rather, their primary effect is to undercut insurers’ ability to compete in ACA exchanges,
and to magnify the effect of limited provider competition on the individual market.

On (2), the obvious answer is addressing monopoly power in the healthcare provider

market through the Federal Trade Commission (FTC), which in practice would mean legis-
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lation allowing the FTC to enforce all anti-trust laws with respect to nonprofit healthcare
firms. Under the Federal Trade Commission Act, Section 4, the FTC is not allowed to
enforce many of its laws due to these firms’ nonprofit status. Resolving this is essential in
addressing the horizontal consolidation observed in this paper, as roughly 60 percent of
short term general care hospitals are non-profits.

However, as Berenson (2015) notes, this approach would do nothing to address the
exercise of unreasonable market power by existing monopolies. With this in mind, some
form of rate setting in counties with highly concentrated healthcare provider markets may
be needed. One approach was implemented statewide in Maryland in 2014, when the state
set standard reimbursement costs for medical procedures for all payers (i.e. “all-payer
rate setting”). Preliminary results are mixed, but some researchers point to it as a great
success, as costs were contained and quality of care improved in many areas (Rajkumar
et al., 2014). Berenson (2015) recommends a more relaxed version of rate-setting, in which
price ceilings are placed on the rates negotiated between insurers and providers, set as a
percentage above the Medicare yardstick.

On (3), in the many rural counties where concentrated healthcare provider markets
are not the result of consolidation but scarcity, expanding Medicaid (if their state has
not already done so, as many across the South haven’t) would be a huge support. As
shown in Blavin and Ramos (2021), hospitals in states with the Medicaid expansion have
significantly higher Medicaid payment rates and significantly lower uncompensated care
costs, and are at much lower risk of closure as a result.

Beyond this though, it is high time to consider direct government intervention in ACA
exchanges through a public option. As Fiedler (2020) observes, a public option would
both reduce provider prices and address lack of choice/competition in ACA exchanges
(assuming it sets reimbursement rates at some percentage of the prices Medicare pays
providers). While it is less flexible than other tools targeted at reducing provider prices
(i.e. the downward pressure on provider prices resulting from a public option would be
universal, not targeted at specific high-cost services) this dual impact makes it uniquely
qualified to address the problems laid out in this paper. Public option reimbursement

rates would reduce provider leverage during negotiations with insurers: since private
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plans will have to compete with the public option, they will not be willing to accept
reimbursement rates significantly higher than those set by the public option, and providers
would recognize that if an insurer walked away from the bargaining table their potential
enrollees would likely be captured by the public option, meaning the provider would
have to accept the public option reimbursement rates regardless. This reduced leverage
should make ACA exchanges in counties with highly concentrated healthcare provider
markets more attractive to insurers. Moreover, the very existence of the public option
gives consumers on ACA exchanges an additional choice for insurance.

While direct government entry to ACA exchanges may seem like an extreme step, it’s
worth reflecting on how dependent these exchanges already are on the federal government.
Not only are most exchanges managed by the Department of Health and Human Services
(HHS), all exchanges are dependent on cost-sharing subsidies; in other words, the individ-
ual market is already propped up by federal dollars. With this in mind, preventing federal
entry to exchanges through a public option on the grounds of government over-step seems

inane.

8 Directions for Future Work

The most obvious extension of this work, alluded to in previous sections, is a panel
regression controlling for all time-invariant differences between counties, i.e. a standard
fixed effects regression on panel data. Alternatively, one could abandon HHI scores and
instead look directly at the “treatment effect” of the loss of an independent hospital (either
due to its closure or a health system merger) using difference in differences, matching
counties within rating areas. Unfortunately it will take several more years before there is
enough data for these approaches to be viable.

Two other extensions, which researchers wouldn’t have to wait a decade for, would
be (1) to retest my main model with a more general measure of healthcare competition
(one that would have to account for horizontal and vertical consolidation, as in Scheffler
et al. (2018)), and (2) to consider the relationship between provider competition and
competition in the Medicaid Managed Care market. Managed Care Organizations (MCOs)

are private companies which contract with states to deliver Medicaid benefits. Currently 39
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states (and DC) use MCOs to administer Medicaid benefits. Only 30 states publicly share
enrollment data, but in those 30 alone there are 48 million enrollees, three times as many
as are in the entire individual market. Thus, investigating whether falling competition
between healthcare providers poses the same risk to the Medicaid MCO market as it does

to ACA exchanges would be a worthwhile endeavor.

Conclusion

As outlined in the introduction, the motivation for this paper was to examine the
conclusions drawn by earlier field research (Morrisey et al., 2017), that competition among
healthcare providers is essential for robust and competitive ACA exchanges. In doing
so, I contribute to the existing literature with my findings and by (1) illustrating how
rating areas offer researchers a powerful tool for model specification when studying
ACA exchanges, and (2) outlining a novel approach to hospital market HHI construction
using hospital “radii”, instead of generalizing results across counties using rating area
boundaries as past work has done.

In closing, it is worth reflecting on the importance of ACA exchanges. As mentioned
in my introduction, these markets cover only a small fraction of health insurance enrollees
nationwide. And while the market conditions faced by 9 million consumers every year
are certainly worth studying in their own right, it would be foolish to ignore that the
significance of competition and premiums on ACA exchanges are often exaggerated for
political purposes.

That said, some of the out-sized importance attached to ACA exchanges is deserved.
Regardless of their characterization, ACA exchanges are a market based solution to health-
care in the United States. Their goal is to provide consumers with low cost choices for
health insurance, without the unscrupulous practices notorious in the pre-ACA individual
market. Whether ACA exchanges are able to achieve this goal, and what role the federal
government ends up playing in their administration, may be indicative of the coming

reformation of the public private partnership in US healthcare.
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A Appendix

A.1 Herfindahl-Hirschman index (HHI) calculations

Insurer HHI was calculated using the issuer-level enrollment data publicly available
from the Center for Medicare and Medicaid Services. The data included enrollment counts
by county and issuer. I calculated market share for each issuer in each county, and then
squared and summed the result.

I used a similar process for hospital HHI, using data on short-term general hospi-
tal admissions from the American Hospital Association (AHA). Instead of using county
boundaries to determine market boundaries, I constructed radii around each of my hospi-
tals in line with the findings of Gresenz et al. (2004). Their work measured the “75 percent
boundary” for a large sample of rural and urban hospitals, i.e. the boundary within which
75 percent of a hospitals admitted patients lived (rural vs. urban distinction is based
on whether the county is in a Metropolitan Statistical Area, i.e. a MSA). They find the
mean value of this statistic is 10.4 miles for urban hospitals, with a standard deviation
of 8.5 miles, versus 14.2 for rural hospitals, with a standard deviation of 14.6. These
estimates are made using a sample that includes non-short term general hospitals (i.e.
teaching hospitals etc...). Gresenz et al. (2004) additionally estimate radii for short-term
general hospitals only, but don’t differentiate between urban and rural, presumably due to
limited sample size. As such, I prefer their overall estimates in my main results. Results
using their universal radii for short term general hospitals can be found in Table A.3; the
coefficient estimate is virtually identical (.035 vs .033 in my main results).

The AHA data allows me to determine whether or not a hospital is in a MSA, and
therefore I am able to match it to the corresponding mean and standard deviation from
Gresenz et al. (2004). I use x + 2s, for the radii of the hospital HHI used in the paper (i.e.
27.4 miles for urban hospitals, 43.4 miles for rural hospitals), and count a hospital as part
of a county’s market if its circle overlaps the centroid of the county. I counted hospitals
under the same health system as one firm. I geocoded the AHA data using Kahle and
Wickham (2013), and found the centroid of the counties in my data using Bivand et al.
(2020).
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Figure A.1: Insurer HHI Heat Map, 2015
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Figure A.3: Hospital HHI Heat Map, 2014
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Figure A.4: Hospital HHI Heat Map, 2015
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Figure A.5: Regions Map
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A.2 Alternative specifications

As a robustness check, I fit several alternative specifications of my main model. I refit
my main model using radii one standard deviation higher and lower than the values used
in the paper (see Tables A.1 and A.2), and using radii estimated using only short-term
general hospitals (see Table A.3). I add interaction terms for rurality and region to my
main model (see Table A.4). I also modify my main model to use number of firms instead
of logged HHI (see Table A.5; as in my HHI calculations, hospitals under the same health
system are considered one firm). Tables summarizing these results, along with figures
representing the bivariate relationship between logged insurer HHI and logged hospital

HHI, can be found below.

Table A.1: Main results (hospital market radius one SD lower)

Dependent variable:
Insurer HHI (logged)

Main model Boozary et al. (2019) Griffith et al. (2018)
(1) (2) (3)

Hospital HHI (logged) 0.020* 0.047 0.070*

(0.008) (0.010) (0.012)
No hospitals in market 0.010 0.015 0.010

(0.010) (0.013) (0.017)
Rurality (RUCC code) 0.013* 0.033*** 0.040**

(0.002) (0.002) (0.002)
Year —-0.073**

(0.011)

Observations 4,128 4,410 4,410
R? 0.824 0.580 0.214
Adjusted R? 0.802 0.574 0.212
Residual Std. Error 0.182 (df = 3665) 0.266 (df = 4339) 0.362 (df = 4395)
F Statistic 37.200"* (df = 462; 3665) 85.766™ (df = 70; 4339) 85.686™" (df = 14; 4395)
Note: *p<0.1; *p<0.05; **p<0.01

Controlling for rating area-year fixed effects in (1) and state-year fixed effects in (2).
Controlling for county/state covariates where appropriate.
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Table A.2: Main results (hospital market radius one SD higher)

Dependent variable:

Insurer HHI (logged)

Main model Boozary et al. (2019)

Griffith et al. (2018)

(1) (2)

A3)

Hospital HHI (logged) 0.027* 0.023* 0.034"
(0.008) (0.009) (0.010)
No hospitals in market 0.016 0.022 0.014
(0.022) (0.031) (0.041)
Rurality (RUCC code) 0.013™ 0.035" 0.042**
(0.002) (0.002) (0.002)
Year —0.073***
(0.011)
Observations 4,128 4,410 4,410
R? 0.824 0.578 0.210
Adjusted R? 0.802 0.572 0.207

Residual Std. Error
F Statistic

0.182 (df = 3665)
37.245%* (df = 462; 3665)

0.267 (df = 4339)
85.034"* (df = 70; 4339)

0.363 (df = 4395)
83.353%* (df = 14; 4395)

Note:

*p<0.1; *p<0.05; **p<0.01
Controlling for rating area-year fixed effects in (1) and state-year fixed effects in (2).
Controlling for county/state covariates where appropriate.

Table A.3: Main results (short-term general hospital market radius)

Dependent variable:

Insurer HHI (logged)

Main model Boozary et al. (2019)

Griffith et al. (2018)

1)

2)

(3)

Hospital HHI (logged) 0.035™* 0.063" 0.090"*
(0.008) (0.010) (0.012)
No hospitals in market 0.014 0.013 -0.004
(0.010) (0.013) (0.016)
Rurality (RUCC code) 0.012* 0.031*** 0.037**
(0.002) (0.002) (0.003)
Year —-0.074"
(0.011)
Observations 4,128 4,410 4,410
R? 0.825 0.582 0.218
Adjusted R? 0.803 0.575 0.215

Residual Std. Error
F Statistic

0.182 (df = 3665)
37.379%* (df = 462; 3665)

0.266 (df = 4339)
86.382"* (df = 70; 4339)

0.361 (df = 4395)

87.452** (df = 14; 4395)

Note:

*p<0.1; *p<0.05; **p<0.01
Controlling for rating area-year fixed effects in (1) and state-year fixed effects in (2).
Controlling for county/state covariates where appropriate.
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Table A.4: Main results (with interaction terms)

Dependent variable:

Insurer HHI (logged)

Rurality (RUCC code) interaction Region interaction
(1) (2)
Hospital HHI (logged) 0.034™ 0.027*
(0.008) (0.013)
No hospitals in market 0.015 0.017
(0.015) (0.016)
Hospital HHI (logged) * RUCC code 4-6 -0.003
(0.002)
Hospital HHI (logged) * RUCC code 7-9 —-0.001
(0.003)
Hospital HHI (logged) * South 0.011
(0.031)
Hospital HHI (logged) * North Central 0.009
(0.017)
Hospital HHI (logged) * West 0.020
(0.035)
Observations 4,128 4,128
R2 0.825 0.825
Adjusted R? 0.803 0.803
Residual Std. Error 0.182 (df = 3663) 0.182 (df = 3662)
F Statistic 37.262" (df = 464; 3663) 37.088" (df = 465; 3662)

Note:

*p<0.1; *p<0.05; *p<0.01
Also controlling for rating area-year fixed effects, and county covariates.
Coefficient for Hospital HHI (logged) centered at RUCC codes 1-3 in (1), and Northeast region in (2)
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Table A.5: Main results (number of firms)

Dependent variable:

Number of insurers

Main model Boozary et al. (2019) Griffith et al. (2018)
1 (2) (3)
Number of hospitals 0.019* 0.028™ 0.025"
(0.002) (0.003) (0.003)
No hospitals in market -0.035 -0.096 —-0.383"
(0.058) (0.083) (0.109)
Rurality (RUCC code) -0.066" —0.152** -0.221"
(0.007) (0.008) (0.010)
Year ~0.234™
(0.045)
Observations 4,128 4,410 4,410
R? 0.872 0.675 0.335
Adjusted R2 0.855 0.670 0.333
Residual Std. Error 0.693 (df = 3665) 1.040 (df = 4339) 1.479 (df = 4395)

F Statistic

53.824™ (df = 462; 3665) 128.810™" (df = 70; 4339) 158.066™" (df = 14; 4395)

Note:

*p<0.1; *p<0.05; **p<0.01
Also controlling for rating area-year fixed effects and county covariates.
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Figure A.6: Logged insurer HHI vs. hospital HHI, scatterplot

Insurer HHI vs. Hospital HHI, by year
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Figure A.7: Logged insurer HHI vs. hospital HHI, binned scatterplot

Insurer HHI vs. Hospital HHI, by year
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A.3 Non-normality of model residuals

My main model’s residuals fail the Shapiro-Wilk’s test of normality, due seemingly to
outlier values at the tails of my dependent variable distribution. This doesn’t undermine
the properties of my coefficient of interest estimate (i.e. OLS remains BLUE), but it
does call into question my standard errors and p-values. Because I already log-linearize
my dependent variable for interpretation purposes, winsorizing is an ineffective option.
Instead, I bootstrap my regression, following the procedure outlined by Fox and Weisberg
(2017). The 99 percent confidence interval around my empirical distribution for my
coefficient of interest is (.01, .06), which is about in line with what one would expect from
my cluster-robust standard errors (i.e. I again reject the null hypothesis at significance
p <.01). Graphs of my model residuals, as well as my bootstrapped coefficient distribution,

can be found below.

Figure A.8: Histogram of residuals (main model)
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Figure A.9: Q-Q plot of residuals (main model)
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Figure A.10: Histogram of bootstrapped coefficient (main model)

Bootstrapped distribution of coefficient of interest (main model)
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