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Abstract

This dissertation consists of three essays that analyze healthcare and health insur-
ance markets in relation to healthcare reform, and particularly in the context of the
Affordable Care Act (ACA). The first essay uses a nationwide datasets of plan of-
ferings, premiums, and network sizes for the ACA Health Insurance Marketplaces in
2014 to document patterns relating to the effects of competition on premiums and
plan network characteristics. The results suggest that greater competition is associ-
ated with lower premiums, and that narrow network plans do offer lower premiums.
This study also documents heterogeneity along these dimensions across types of in-
surance plans by ownership structure (not-for-profit, for-profit, and CO-OP). This
heterogeneity suggests that a market’s overall welfare may depend on the equilibrium
market shares and ownership types of the competing firms.

The second and third essays use the State of Colorado’s new All-Payer Claims
Database (APCD) to examine the welfare consequences in the state’s non-group
health insurance market, which includes the ACA Marketplace. In the second essay,
I test for adverse selection into the ACA Marketplace, and evaluate policies that
may help to ameliorate the welfare loss due to adverse selection. Specifically, I use
plausibly exogenous premium variation generated by geographic discontinuities to
provide evidence of adverse selection, whereby low-cost individuals exit the market
in response to rising premiums. Specifically, a 1% increase in premiums causes a

0.8% increase in medical expenditures of the insured population. The estimates

v



indicate that additional premium subsidies, and especially age-targeted subsidies,
would enhance welfare. These results offer the first quasi-experimental evidence of
selection in the ACA Exchanges.

In the third essay, my co-author Eli Liebman and I extend this analysis to take
into account imperfect competition in both health insurance and hospital markets.
We bring together the literatures on insurer-hospital bargaining and selection in im-
perfectly competitive insurance markets to propose a model that captures features
salient to the health insurance marketplaces. In particular, although insurance mar-
kets tend to be concentrated, the ACA aimed to foster competitive marketplaces,
highlighting the importance for understanding the interaction between imperfect
competition and selection. The degree of competition among insurance plans affects
both selection across plans and on the extensive margin, as well as simultaneously
affecting the prices negotiated with providers. We show theoretically that provider
market power and adverse selection can interact to amplify the welfare loss due to
either one of these two channels individually. We also show why ignoring adverse se-
lection will lead to biased estimates of bargaining parameters in the standard model
of hospital-insurer bargaining. Finally, we use medical claims from the State of Col-
orado, to quantify the welfare consequences for that market. These considerations
are relevant for evaluating the effects of policy interventions in the ACA’s health

insurance marketplaces that affect insurer entry/exit and premium setting.
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1

Introduction

This dissertation consists of three essays that analyze healthcare and health insur-
ance markets in relation to healthcare reform, and particularly in the context of the
Affordable Care Act (ACA). The first essay uses a nationwide datasets of plan of-
ferings, premiums, and network sizes for the ACA Health Insurance Marketplaces in
2014 to document patterns relating to the effects of competition on premiums and
plan network characteristics. In the second essay, I test for adverse selection into the
ACA Marketplace, and evaluate policies that may help to ameliorate the welfare loss
due to adverse selection. In the third essay, my co-author and I extend this analysis
to investigate the welfare consequences of imperfect competition in adversely selected
markets.

The first essay, “Competition in the ACA Health Insurance Marketplaces,” uses
nationwide datasets of plan offerings, premiums, and network sizes for the ACA
market in 2014 to document patterns relating to the effects of competition on premi-
ums and plan network characteristics. The first dataset used is the Qualified Health

Plan Individual Market Medical Landscape, accessed from Healthcare.gov, and is

a dataset of all plans offered nationwide through the healthcare.gov platform, and
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includes data on the plan premiums. The second dataset used was produced by the
Leonard Davis Institute (LDI) at the University of Pennsylvania, and includes for
a subset of the healthcare.gov plans, data on the physician networks. This data
allows for both a view of the types of networks (narrow or broad) available on the
ACA exchanges, as well as for an investigation into the relationship between network
breadth and insurance premiums.

The results suggest that greater competition is associated with lower premiums.
In addition, the narrow network plans have lower premiums. However, uncovering
this intuitive result required fixing issues in the LDI National Database of Physician
Networks. In particular, I found problems in the way the network breadth was
calculate in the public use data. This suggests that previous and future work using
the LDI physician database might be misleading if it does not take into careful
account the market definition when calculating network breadth. Finally, I document
heterogeneity along these dimensions across types of insurance plans by ownership
structure (not-for-profit, for-profit, and CO-OP). This heterogeneity suggests that a
market’s overall welfare may depend on the equilibrium market shares and ownership
types of the competing firms.

This essay contributes to the literature by investigating how insurers make the
tradeoff between premiums and network breadth in competitive markets. In addition,
there is a literature that investigates differences across types of health insurance firms
(e.g., for-profit, non-profit firms) (Dafny and Ramanarayanan, 2012). Motivated by
these findings, the present study contributes to this literature as well by investigat-
ing differences across insurer ownership in how plans trade off network breadth and
premiums. The differences found in this study suggest one possible mechanism by
which for-profit insurers might put more effort into “cream skimming” healthy pa-
tients, and thus is not only an important contribution to the literature but also an

important policy consideration.



In the second essay, “Adverse Selection in ACA Exchange Markets: Evidence
from Colorado,” T test for adverse selection into the ACA Marketplace, and evalu-
ate policies that may help to ameliorate the welfare loss due to adverse selection.
I focus on the state of Colorado in order to take advantage of a new dataset of
commercial medical claims, Colorado’s All-Payer Claims Database (APCD). I use
plausibly exogenous premium variation generated by geographic discontinuities to
test for adverse selection. In this context, a positive relationship between premiums
and medical spending of the insured population indicates adverse selection, as the
lowest cost individuals are the first to drop out of the market in response to rising
premiums.

I find evidence of adverse selection in the non-group market, where a 1% increase
in premiums leads to a 0.8% increase in the average annual medical expenditures of
the insured population. I also find a significant amount of heterogeneity across age
groups in the acuteness of adverse selection, with stronger selection in the younger
parts of the age distribution. I then estimate insurance demand using the same
geographic premium variation. The demand and cost estimates are combined in a
framework to calculate the welfare loss due to selection, as well as an evaluation of
policy interventions.

My estimates indicate that providing additional premium subsidies would en-
hance welfare in this market, and moreover, due to heterogeneity across age groups
in both demand and costs, I estimate that age-targeted premium subsidies would
be a more cost-effective use of public funds to enhance welfare. These results offer
the first quasi-experimental evidence of adverse selection in the new ACA Exchange
markets, and conclusions from the policy evaluations have implications for the future
effectiveness of this cornerstone of the ACA.

In the third essay, “Hospital-Insurer Bargaining in Selection Markets,” my co-

author Eli Liebman and I extend this analysis to take into account imperfect competi-
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tion in both health insurance and hospital markets. We bring together the literatures
on insurer-hospital bargaining and selection in imperfectly competitive insurance
markets to propose a model that captures features salient to the health insurance
marketplaces. In particular, although insurance markets tend to be concentrated,
the ACA aimed to foster competitive marketplaces, highlighting the importance for
understanding the interaction between imperfect competition and selection. The de-
gree of competition among insurance plans affects both selection across plans and on
the extensive margin, as well as simultaneously affecting the prices negotiated with
providers.

We show theoretically that provider market power and adverse selection can in-
teract to amplify the welfare loss due to either one of these two channels individually.
We also show why ignoring adverse selection will lead to biased estimates of bargain-
ing parameters in the standard model of hospital-insurer bargaining. Finally, we use
medical claims from the State of Colorado to quantify the welfare consequences for
that market. These considerations are relevant for evaluating the effects of policy in-
terventions in the ACA’s health insurance marketplaces that affect insurer entry /exit

and premium setting decisions.



2

Competition in the ACA Health Insurance
Marketplaces

2.1 Introduction

The Affordable Care Act aimed to foster competition in health insurance markets
by developing the Health Insurance Marketplaces. There remained open questions
about the degree to which private insurers would participate and compete in the
Exchanges, as well as the effects of that competition. This study first documents
the patterns of competition in states that used the Healthcare.gov platform to facil-
itate the exchange, and then describes how competition relates to outcomes of both
insurance premiums and network breadth.

This analysis uses nationwide datasets of plan offerings, premiums, and network
sizes for the ACA market in 2014 to document patterns relating to the effects of com-
petition on premiums and plan network characteristics. The first dataset called the
Qualified Health Plan Individual Market Medical Landscape, accessed from Health-
care.gov, is a dataset of all plans offered nationwide through the healthcare.gov plat-

form, and includes data on the plans premiums. The second dataset was produced



by the Leonard Davis Institute (LDI) at the University of Pennsylvania, and includes
data for a subset of the healthcare.gov plans, data on the physician networks. This
data allows for both a view of the types of networks (narrow or broad) available
on the ACA exchanges, as well as for an investigation into the relationship between
network breadth and insurance premiums.

The results suggest that greater competition is associated with lower premiums.
In addition, the narrow network plans have lower premiums. However, uncovering
this intuitive result required fixing issues in the LDI National Database of Physician
Networks. In particular, I found problems in the way the network breadth was
calculated in the public use data. Only after restricting the sample to plans in
markets for which this would not be an issue, was I able to obtain the result that
narrow plans had lower premiums. This suggests that previous and future work
using the LDI physician database might be misleading if it does not take into careful
account the market definition when calculating network breadth.

Finally, I document heterogeneity across types of insurance plans by ownership
structure: not-for-profit, for-profit, and Consumer Operated and Oriented Plans
(CO-OP’s). T find that plans do make the trade-off between network breadth and
premiums differently, with for-profit plans associating each 10 percentage point in-
crease in the share of in-network physicians with the highest premium increases,
followed by non-profits, CO-OPs, and finally the Blue Cross Blue Shield plans have
the smallest premium increase. Thus, the ultimate welfare of different insurance
markets may depend on the equilibrium market shares of the types of competing

firms.
2.2 Contribution to Literature

Previous literature has document that health insurance markets tend to be highly

concentrated, and moreover, the firms operating in concentrated markets do seem
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to be exerting market power (Dafny, 2010). Thus, there was a great deal of interest
in fostering competition in insurance markets as part of the Affordable Care Act,
and the Health Insurance Marketplaces were the primary vehicle through which this
goal was to be accomplished. However, the consequences and causes of competition
in the ACA markets are not well understood, and will have important policy and
welfare consequences for the future provision of healthcare in the U.S.

The early work investigating insurer competition specifically in the ACA markets
has been largely descriptive. Dafny et al. (2014) investigate whether ACA Market-
places with more insurers offer lower premiums to consumers. The authors estimate
that more insurer competition would lower premiums, and specifically they estimate
that if all insurers active in each state’s individual insurance market in 2011 had
participated in the Marketplaces, premiums would be 11% lower and 2014 federal
subsidies would be reduced by $1.7 billion. Other studies have investigated the char-
acteristics of plans offered in the Health Insurance Marketplaces. Polsky and Weiner
(2015) build a dataset that measures the physician network breadth for all plans
offered through the Marketplaces in 2014. They find that 41% of plans offered had
“small or extra-small” physician networks. However, there are some inconsistencies
in the data on networks, and one contribution of the present study is to address some
of those data problems.

The current study also builds on this previous literature by investigating how
insurers make the tradeoff between premiums and network breadth in competitive
markets. In addition, there is a literature that investigates differences across types of
health insurance firms (e.g., for-profit, non-profit firms). Dafny and Ramanarayanan
(2012) use the Blue Cross Blue Shield conversions from non-profit to for-profit status
to investigate this, and while they find no differences across insurer types on average
premiums or medical loss ratios, they do find differences in the effects on competitors
and conclude that the eventual market shares of insurers will have implications for

7



welfare in the ACA markets. Motivated by these findings, the present study con-
tributes to this literature as well by investigating differences across insurer ownership
in how plans trade off network breadth and premiums. The differences found in this
study suggest one possible mechanism by which for-profit insurers might put more
effort into “cream skimming” healthy patients, and thus is not only an important

contribution to the literature but also an important policy consideration.

2.3 Data and Problems with LDI Physician Network Database

The Qualified Health Plan Individual Market Medical Landscape from Healthcare.gov,
is a comprehensive dataset of all plans offered through the healthcare.gov platform.
This will therefore not include data from states that ran their own exchange, such
as California and Colorado. The dataset includes for each plan offered, which insur-
ance company offered the plan, and in which counties the plan was available. Plan
characteristics include the premiums, metal level, network type (PPO, HMO, etc),
as well as other plan characteristics including copays, deductible, and out-of-pocket
limits.

The LDI Physician Network Database was constructed by researchers at the
Leonard Davis Institute at the University of Pennsylvania with funding from the
Robert Wood Johnson Foundation. The research team identified unique networks of
plans available on the ACA Exchange in 2014, and used publicly available physician
directories to quantify the share of physicians in a market there were part of the
plan’s network. The data thus supplements the previous data with a measure of the
network breadth, as well as broken down by physician specialty.

While an extremely valuable resource, I found puzzling patterns emerging in the
network data, some of which are shown below. After looking further into the source
of these puzzles, it become clear that there were some inconsistencies in the network

data stemming from the way that markets were defined and how insurers were able
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to make entry decisions in the ACA. Specifically, many states designated rating
areas as clusters of counties. However, insurers were able to make county-level entry
decisions, and could enter only some counties of a rating area. This does not seem
to have been factored in to the LDI network database, at least in the public use files
that have been made available.

To illustrate the problem precisely, define the market as the rating area as was
defined in the LDI database. Then the number of physician located in market m
can be denoted doc,,. For each insurance network n, the network breadth can then
be measured as the number of physicians in the market that are listed as in-network
providers for that plan, denoted doc,,. The network breadth for network n in market
m can then simply be given by i(c’)—cc:l, and this is the data available in the LDI
National Physician Network Database. However, the problem is that insurers often
made county level entry decisions, and would enter only some counties of a rating
area. Thus, some insurers had very narrow network breadth in some markets, but

this was partly because they entered only one county of the rating area, but the

denominator was not reflecting that.!
2.4 Descriptive Evidence

With these datasets, one can look descriptively at some of the patterns regarding
competition, insurance premiums, and plan networks. Figure 2.1 shows the number
of insurers per market. Almost 40% of markets have only one of two insurers oper-
ating in them, though there are markets with up to ten plans competing. Over half

of the markets have less than four insurers competing. Figure 2.2 then relates the

! To illustrate with one specific example, consider Wisconsin’s rating area 14. doc,, is the same for
all insurers, this is the number of physicians in the market (rating area). But the insurer Common
Ground is operating only in Walworth county from that rating area, and not in Columbia, Green,
Jefferson, or Rock counties, which make up the rest of the rating area. So Common Ground’s
network size in that market is measured as being very narrow, though this is almost certainly not
an accurate picture of the network.



competitiveness of the market with the premium for the second lowest cost silver
(2LCS) plan in the market. The resulting pattern suggests that premiums tend to
be lower in markets with more insurers competing.

Including the network data from the LDI National Physician Network Database,
one can also investigate the share of narrow and broad networks. This is shown
across types of plans in Figure 2.3 . Share of network size by plan type. This figure
shows expected patterns for many plan types. HMO plans tend to have narrow,
exclusive networks, and this is reflected in almost 60% of HMO plans having small
or extra-small size networks.

Narrow networks are a tool that plans can use to lower healthcare costs, and thus
potentially offer lower premiums to consumers. This raises concerns about network
adequacy, and it also raises the question about how much lower premiums are for
narrow network plans. I first explore this by investigating the tradeoff between pre-
miums and network breadth. Using the full sample, however, it does not appear that
narrow network have lower premiums. The results from regressions of In(premiums)
on the % of physicians in network are shown in Table 2.1. The preferred specification
is given in Column (3), which includes a market (rating area) fixed effect such that the
identifying variation comes only from plans within the same market. However, even
this specification has a negative coefficient, implying the counter-intuitive result that
plans with broader networks have lower premiums. This is counter-intuitive from
a market competition perspective, as if narrow plans cost more, there is no reason
consumers would purchase them over broad network plans. Specifically, the coeffi-
cient implies that for each percentage point increase in the share of physicians in the
network, plan’s the premium is 49% lower.

Any reasonable model of competition would suggest that narrower network plans
should have lower premiums. In investigating the causes of these patterns, it became

clear that there were some inconsistencies in the network data as discussed above

10



that led to misleading results. I thus restrict the sample to only include plans that
were operating in rating areas that consisted of a single county. In these markets,
there is no scope for data problems regarding the entry of insurers into only some
counties of a rating area. The results from the same regressions on this limited sample
are shown in Table 2.2. Now, the preferred specification in Column (3) shows the
expected sign, indicating the larger networks also correspond to higher premiums for
the plan. This suggests that the data fix for the LDI data is important, and that
neglecting the partial rating area entry of insurers can lead to misleading results.
Previous literature has found differences across insurer types in how competition
affects market outcomes (Dafny and Ramanarayanan, 2012). Motivated by this evi-
dence, I investigate whether different types of firms market the tradeoff between pre-
miums and network breadth differently. I investigate this by interacting the measure
of network breadth with indicators for various firm types (for-profit, not-for-profit,
“Blues”, and CO-OP’s).Table 2.3 shows the results from this regression, where the
omitted category is the not-for-profit firms. The positive coefficient suggests that
broader network plans have higher premiums, as expected. There do appear to be
statistical differences in how firms make this tradeoff, however. Specifically, the
baseline coefficient of 0.182 indicates that non-profit firms offer plans where for each
10 percentage point increase in the share of in-network physicians, plan premiums
increase by 1.8%. For-profit insurers, however, associated each 10 percentage point
increase in the share of in-network physicians with premium increases of 3.1%. The

effect is 1.1% and 0.7% for CO-OP and Blue plans, respectively.
2.5 Discussion

This study found that fixing the data on physician networks was really important, as
the results were otherwise misleading. Specifically, the number of “very small” plan
networks was overstated, because some plans which appeared to have really small
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networks were simply not operating in an entire rating area. Careful attention to
market definitions and plan entry decisions revealed these inconsistencies. Moreover,
the original data was implying some quite counter-intuitive results, such as that plans
with broader networks has lower premiums, which is hard to justify in a competitive
environment. However, addressing these data issues did lead to more intuitive re-
sults, that there was a tradeoff for consumers to make between network breadth and
premiums. Fixing the network data was thus important to have a clearly description
of these markets.

The tradeoff between premiums and network breadth has significant policy impli-
cations. It suggests that narrow networks are one tool that insurers can use to offer
lower premium plans. It may allow them to negotiate lower prices with healthcare
providers, and thus able to offer lower premiums. With mounting concerns about
rapidly increasing healthcare costs, this can be a very appealing strategy. However,
this also raises concerns about network adequacy, and indeed certain policy makers
have considered network adequacy laws to insure consumers have reasonable access
to in-network healthcare providers when they seek medical care. A first step in
evaluating this tradeoff is having empirical measures of network breadth, which the
Leonard Davis Institute has out enormous effort in to. However, it is also important
to carefully consider the market definition in order to accurately represent the plan
network characteristics available to consumers.

Finally, the heterogeneity across firm ownership types have potentially very im-
portant policy implications. Much literature has investigated differences across firm
types in healthcare (Dalton and Warren, 2016), though differences can be subtle.
The motivation for funding the Consumer Operated and Oriented Plans (or CO-
OPs) was that those insurers might behave differently, and in particular they may
be better at serving the needs of their member-owners. There were theoretical rea-
sons to believe ownership could affect firm behavior and that member-owned firms
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could be welfare enhancing (Molk, 2015). However, there has been little empirical
evidence regarding whether this would actually be the case, and how they might
differ from non-profits and for-profits. The evidence presented here that different
types of insurers make tradeoff premiums and network breadth differently can thus
be important. If for-profit firms charge much higher premiums for the relatively
broad network plans, this may affect welfare both because it may represent markups
and it may also induce selection across plans. Thus, the ultimate welfare of different
insurance markets may depend on the equilibrium market shares of the competing

firms.
2.6  Conclusion

The Affordable Care Act aimed to foster competition in health insurance markets
by developing the Health Insurance Marketplaces. However, it was not clear be-
fore the implementation of the ACA how robust competition would be, and what
would be the effects of this competition. This study first documents the patterns of
competition in states in the Health Insurance Marketplaces, and then describes how
competition relates to outcomes of both insurance premiums and network breadth.
Finally, T estimate the tradeoff between physician network breadth and premiums,
and document heterogeneity in these patterns across firm ownership types.

The data suggest that greater competition is associated with lower premiums,
and that narrow network plans do offer lower premiums. This study also documents
heterogeneity along these dimensions across types of insurance plans by ownership
structure (not-for-profit, for-profit, and CO-OP). This heterogeneity suggests that a
market’s overall welfare may depend on the equilibrium market shares and ownership

types of the competing firms.
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Table 2.1: Premiums and network size

(1) (2) (3)

Ln(Premium) Ln(Premium) Ln(Premium)

% Doctors in Network — -0.0671*** -0.0333%** -0.00492
(0.0118) (0.0109) (0.0142)
State FE No Yes No
Rating Area FE No No Yes
Observations 6252 6252 6252

Standard errors in parentheses

* pi.1, ** pj.05, *** p;.01

Notes: The relationship between premiums and network breadth. The
preferred specification is given in Column (3), which includes a market
(rating area) fixed effect such that the identifying variation comes only
from plans within the same market. However, even this specification has a
negative coefficient, implying the counter-intuitive result that plans with
broader networks have lower premiums. This highlights the importance
of fixing the network data.
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Table 2.2: Premiums and network size, with fixed network data

(1) (2) (3)

Ln(Premium) Ln(Premium) Ln(Premium)

% Doctors in Network — -0.0561*** -0.0121 0.0980***
(0.0130) (0.0127) (0.0195)
State FE No Yes No
Rating Area FE No No Yes
Observations 3394 3394 3394

Standard errors in parentheses

* pi.1, ** p;.05, *** p;.01

Notes: The relationship between premiums and network breadth. In
these specifications, the sample has been restricted to rating areas that
consist of a single county, such that there are no problems stemming from
insurers entering only some counties of a rating area. Now, Column (3)
shows a positive coefficient, which is consistent with market competition
that broader network plans will have higher premiums.

Table 2.3: Heterogeneity across insurer types

(1) (2)

Ln(Premium) Ln(Premium)

% Doctors in Network 0.0980*** 0.182%**
(0.0195) (0.0276)
COOP=1 x % Doctors in Network -0.0699**
(0.0316)
BLUE=1 x % Doctors in Network -0.110***
(0.0241)
NFP=0 x % Doctors in Network 0
()
FP=1 x % Doctors in Network 0.121%**
(0.0389)
Rating Area FE Yes Yes
Observations 3394 3394

Standard errors in parentheses
* pi.1, ** p;.05, *** p;.01
Notes:
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3

Adverse Selection in ACA Exchange Markets:
Evidence from Colorado

3.1 Introduction

The new health insurance marketplaces, or “Exchanges,” established as part of the
Affordable Care Act (ACA) have seen many insurers exit or reduce their partici-
pation. UnitedHealth stated that in 2017 it will quit offering policies in 30 of 34
states in which it was operating, and more recently Aetna and Humana have stated
intentions to pull out of most state ACA Exchanges in 2017 as well.! At the same
time, some insurers that remain in the Exchanges have been steeply increasing pre-
miums each year. Consumers thus face a shrinking and increasingly expensive set of
options, and as a result many states have had to continually revise downward their
enrollment projections.?

Adverse selection may be part of the cause of this underlying instability.> As

L “Obamacare Insurers Are Suffering. That Won’t End Well,” BloombergView, November 19,
2015; “Aetna Joins Other Major Insurers In Pulling Back From Obamacare,” NPR, 16 August
2016

2 “Costs, changes led Obamacare enrollment to fall short of earlier estimates,” USA Today, 16
February 2016.

3 See Akerlof (1970); Rothschild and Stiglitz (1976) and the large literature that followed on
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required as part of the ACA, insurers are limited in their ability to adjust premiums
for risk.* The resulting more uniform pricing is what creates the possibility for
adverse selection. That is, if there is a positive relationship between consumers’
demand for insurance and individual expected costs, healthier policyholders begin
to forgo coverage, leaving insurers with an increasingly unhealthy and expensive
pool to cover. Theoretically, this dynamic leads to an under-provision of insurance
relative to the efficient level (Rothschild and Stiglitz, 1976). If selection is present,
policy responses that increase coverage towards the efficient level, such as premium
subsidies or stronger mandates, may improve welfare. However, alternative stories
could generate these patterns; for example, the explanation could simply be one of
mis-pricing by insurers in the early years of a new market and new population gaining
insurance. Knowing whether cost increases are due to adverse selection is important
for how to think about consumer welfare and the evaluation of policy interventions
in these markets.

This study investigates the extent to which adverse selection is present in the
ACA exchanges, and quantifies the consequences for consumer welfare and market
efficiency. There are two primary empirical challenges to this goal. First, it has
typically been difficult to obtain individual-level data on non-group consumers. I
focus on Colorado’s Exchange in order to take advantage of a new dataset that
provides a broader and more detailed view on costs in the non-group market than has

typically been available: Colorado’s All-Payer Claims Database (APCD).? Second,

how selection can cause instability. Cutler and Reber (1998) show a stark example when after a
pricing reform at Harvard, within 3 years adverse selection eliminated the market for more generous
insurance entirely.

4 Specifically, they are unable to price based on each individual’s health status or medical history,
as was possible before the passage of the ACA.

5 The non-group market excludes individuals with public health insurance through Medicaid or
Medicare, and individuals in the employer-sponsored (group) market. Thus, this market includes
everyone who purchases insurance directly from an insurer; these may be individuals who are self-
employed, or working part-time or for an employer who does not offer insurance.
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even with detailed cost data, there remains the empirical challenge of disentangling
the effect of adverse selection from moral hazard. Both manifest themselves as a
positive relationship between the demand for insurance and an individual’s healthcare
utilization, but each has very different policy implications. Plausibly exogenous
variation in premiums can be useful in isolating the selection effect, and in this study
I exploit geographic discontinuities in insurance premiums as a source of premium
variation. Specifically, the discontinuities occur at boundaries of the so-called rating
areas that were established in 2014 as part of the ACA. By comparing individuals
living in zip codes just on either side of the boundaries but in the same local medical
market, I test for adverse selection, indicated by a positive relationship between
insurance premiums and the average costs of the insured population. The premium
variation isolates the effect of adverse selection independently from moral hazard,
offering the first quasi-experimental evidence on selection directly related to the new
ACA Exchanges.

Finally, an economic framework is required to go beyond detecting adverse selec-
tion and evaluate welfare effects of changes in coverage. I describe a welfare frame-
work that allows for salient features of the non-group market in the context of the
ACA, and that can be used to evaluate alternative policies. This framework follows
the sufficient statistics framework of Einav et al. (2010b) (henceforth EFC), which
provides a close link between the welfare costs of adverse selection and reduced-form
effects of premium variation on costs and demand. There are two main features of the
ACA context that motivate extensions to that framework for the present study. First,
the decomposition of selection and moral hazard is typically done in a framework
where consumers face only a binary decision (e.g. low or high generosity insurance).
In the context of the ACA Exchanges, individuals face more than two options, and
selection can occur both on the extensive margin (purchasing insurance or not) and
on the intensive margin (choosing the generosity of the plan). The framework I use
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guides the empirical specifications, and shows how to isolate the effect of selection
on the extensive margin in this context. Secondly, I extend the framework to allow
for the inclusion of a social value for insurance coverage. Since one of the primary
goals of the ACA was to increase the insured rate, this is likely an important con-
sideration in this context. The source of value may come from an intrinsic value on
increasing coverage, or from an externality imposed by uninsured individuals who
forgo traditional health care until they end up incurring costlier services through an
emergency department.

The results indicate robust evidence that consumers do adversely select into the
non-group market. I find that a 1% increase in monthly premiums leads to a 0.8%
increase in the average annual medical expenditures of the insured population. The
selection effect is driven by individuals below age 55, and particularly ages 35-44.
Placebo checks on market segments where the boundary should not matter, including
the non-group market in 2013 before there were boundaries, as well as the group
(employer) and Medicaid markets, provide evidence for the validity of the research
design. To provide further evidence of adverse selection, I use the Healthcare Cost
and Utilization Project’s (HCUP) Chronic Condition Indicator (CCI) tool to measure
the prevalence of chronic conditions in the population, which serves as a proxy for
the population’s underlying risk. I find that an increase in premiums leads to an
increase in the prevalence of chronic conditions, as one would expect in an adversely
selected insurance market. These results corroborate with survey evidence that the
pool of uninsured individuals became healthier from 2013 to 2014 (Jacobs et al.,
2016).

I estimate the demand for insurance using the same source of premium varia-
tion. Combining the demand and cost estimates allows for a welfare analysis, and
I calculate that selection raises average monthly premiums by at least $47 (from
$151 to $198) above their level without selection. This corresponds to a lower bound
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estimate of welfare loss of $26 per person per month, or $312 annually. While this es-
timate is over twice as large a magnitude as found in studies in the employer market,
this is only moderately larger than the estimate of $241 annual per person welfare
loss based on Massachusetts 2006 healthcare reform investigated by Hackmann et al.
(2015).% Consequently, implementing a policy that would increase coverage, such as
a stronger individual mandate or premium subsidies that increase coverage, would
increase welfare and have a large scope to be welfare improving in this context.
The estimates show a large amount of heterogeneity across age groups, suggesting
that age-targeted premium subsidies may be more efficient at increasing coverage and
addressing selection. I explore this possibility by finding the optimal subsidy within
each age group. The most effective groups to target are those whose costs will fall
most quickly for each dollar of subsidy provided, and thus depend on both cost
and demand factors. This exercise shows that it is effective to provide additional
subsidies to the younger age groups, with the optimal policy entailing additional
$13-15 monthly subsidies to individuals in the 25-34, 35-44 and 45-54 age groups.
It is not optimal to provide additional subsidies to the 55-64 age group. These
differences are driven first by how quickly costs change. Selection is most acute for
the middle and lower age bins, making them the most effective to target to bring in
new (healthy) enrollees. On the demand side, there are differences in take-up rates,
and with particularly high take-up rates in the 55-64 age group, such that the subsidy
must pay a high fraction of infra-marginal consumers. Moreover, the 55-64 age group
is the least price sensitive, and so it takes the most amount of additional subsidy to
incentivize each additional consumer to take up insurance. In the current legislation
of the Affordable Care Act, subsidies are not conditional on age. The optimal age-

targeted subsidy policy can be compared to an alternative subsidy policy that spends

6 For example, Einav et al. (2010b) find that selection raises monthly premiums by about $16 in
their context within the employer-sponsored insurance market.
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the same amount of money on premium subsidies, but without conditioning on age
in any way. My estimates indicate that the age-targeted policy can improve welfare
by almost $2 per person per month in the market. Using a conservative estimate of
400,000 individuals in Colorado’s non-group market, this translates to an additional
net welfare gain of over $9 million annually compared to a blanket premium subsidy.

Addressing adverse selection is important for the long-term success of the Ex-
change markets and, consequently, increasing insurance coverage in the U.S. As the
vehicle through which individuals who meet income requirements could receive fed-
eral premium subsidies, the Exchanges played a key role in the overall ACA goal
of decreasing the number of uninsured individuals, and some advocates view these
markets with “managed competition” as a possible future for the delivery of health
insurance (Enthoven, 1993). Selection works against this goal, however, and will
lead to inefficiencies or, at worst, a complete unraveling of the insurance market.
Fortunately, policy measures can mitigate the effects of selection. The Centers for
Medicare and Medicaid seem to be aware of these issues, as evidenced through a June
2016 press release proposing increased outreach to uninsured young adults as a way
to strengthen the insurance marketplaces.” If individuals respond to prices, premium
subsidies may be an additional way to increase coverage among young adults, and
indeed the key policy takeaway of the present study is that age-targeted premium
subsidies will offer the highest return to ameliorating the adverse effects of selection
in the ACA Exchanges.®

The paper proceeds in six sections. Section 1 details the background of the ACA

and Colorado’s non-group market, as well as previous research. Section 2 describes

7 Centers for Medicare and Medicaid, “Strengthening the Marketplace by Covering Young Adults”,
Press Release, 21 June 2016.

8 This is also an implication of the results from Tebaldi (2016) and Orsini and Tebaldi (2016).
With data on individual level costs, the present study is able to more directly measure the selection
effect, including selection within age groups.
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Colorado’s All-Payer Claims Database (APCD) in detail, and provides descriptive
evidence of the market. Section 3 provides evidence of adverse selection, and Section
4 shows the estimates of demand and welfare implications of policy interventions.
Robustness checks and extensions are discussed in Section 5. Section 6 provides

additional discussion and concludes.
3.2 The ACA Exchanges and Literature Context

The community rating provisions of the Affordable Care Act restricted the factors
on which insurers could price policies, allowing only limited pricing based on age, lo-
cation, and smoking status, while entirely prohibiting any pricing on medical history
or health status. This created the possibility for adverse selection in the non-group
health insurance market. Using discontinuities in premiums created by the rating
area boundaries, this study provides some of the first quasi-experimental evidence

on selection related to the new ACA Exchanges.
3.2.1 Community Rating Provision of the ACA

The community rating provision both creates the possibility for adverse selection in
the insurance market and provides a source of identification for my study. Under
community rating, states were charged to set rating areas, within which any plan
offered by an insurer had to have a uniform price. States, including Colorado, typ-
ically designated these as clusters of counties. Prior to community rating, insurers
were able to price based on an individual’s health status or medical history. Uni-
form pricing eliminated that practice, essentially giving individuals inter-temporal
insurance against reclassification risk. However, this also opens the door to adverse
selection. When insurers can no longer price based on risk, uniform pricing allows
for the possibility that high-risk individuals will demand more insurance, leaving the

market adversely selected.
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The research design used in this study exploits these rating area boundaries to
estimate how behavior responds to changing premiums. In 2014, Colorado’s counties
were clustered into 11 rating areas. Within a rating area, plans could only charge
differential prices based on age and smoking status, and there were limits on ratio of
prices charged to elderly and young individuals.® Insurers made county-level entry
decisions, so although pricing was uniform across any particular rating area, plan
availability was not necessarily uniform. However, if an insurer decided to operate
in a county, it had to offer the full menu of plans, and could selectively offer some

plans only in parts of the state.
3.2.2  Health Insurance Fxchanges

The non-group health insurance market has played an increasingly important role
in the U.S. healthcare system since the passage of the Affordable Care Act. Under
the ACA, every individual 18 or older who does not have a public insurance plan
must either have health insurance or pay a fee to the federal government. To obtain
health insurance, people generally have two options: obtain it through their employer,
or purchase it themselves directly from an insurer in what is called the non-group
market. If they purchase it themselves, they can either purchase it directly from an
insurer independent of the ACA exchanges; or they can purchase it from an insurer
through their state’s exchange. Much of the “reform” part of the ACA was aimed at
this market, including the development of the Exchanges, the availability of premium
subsidies, and the standardization of plan characteristics. For these reasons, there
has been increased attention and interest in the long-term viability of these markets
and the Exchanges.

In practice, the Exchanges are organizations that facilitate the purchase of health

insurance through a website. A potential consumer is able to log on to their state’s

9 The premium for a 64 year old for any plan can be at most 3 times that faced by a 21 year old.
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website, and view options available to them based on the zip code of residence. Each
plan is listed, along with the insurer offering the plan, the monthly premium required,
and the generosity of the plan as categorized by metal level (bronze, silver, gold, and
platinum). Consumers may also enter their income information so that, if eligible
for income-based subsidies, they can view the monthly premiums they would need
to pay after the subsidy.

Many states opted to use the federal government’s Healthcare.gov site, but Col-
orado opted to run its own state-run exchange. Connect for Health Colorado, as
it is called, experienced a smooth launch and exceeded its 2014 CMS enrollment
target of 92,000. As of April 2014, Connect for Health Colorado announced that
over 129,000 people had signed up for Qualified Health Plans (QHPs) through the
exchange. Through special enrollment periods, QHP enrollment was 137,000 as of
mid-2014.

Connect for Health Colorado serves as a clearinghouse, which means it does
not actively manage (via bids or direct purchases) which insurers offer plans on
the exchange. Any company that is authorized to sell insurance in the state is
eligible to offer plans through the Exchange.l® In 2014, ten carriers offered plans
on the Exchange; all metal levels (Catastrophic, Bronze, Silver, Gold, Platinum)
were offered, but not every company offered plans of every metal level. Most of the
large insurers in Colorado participated in the Exchange, with Time Insurance as an
exception. There was also a new entrant in 2014, one of the health care CO-OPs
that received start-up loans from the ACA.

Colorado was also one of 31 states that expanded Medicaid, making individuals
who earn up to 150% of the Federal poverty level (FPL) eligible starting in 2014.

The Exchange subsidies were thus available for individuals earning from 150%-400%

10 A company must obtain a license from the state the sell insurance, and is subject to the state’s
insurance regulations including reviews of proposed premium rate increases.
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of the FPL, and individuals earning above 400% of the FPL were able to enroll
in an exchange plan but would not receive any subsidies. Nationally, only 15%
of Exchange enrollees did not receive financial assistance, while in Colorado this
number was 40% in 2014. This may also explain why compared to the national
average, Coloradans were opting most often for the lower priced bronze plans than
anything else - nationally 20% of enrollment was in bronze plans, but in Colorado

bronze plans had 40% of the enrollment.
3.2.3 Relation to the Literature

Previous research on selection in commercial insurance markets has typically used
medical claims from large self-insured employers and the commercial group (employer-
sponsored) market. There has been less of a focus on the non-group market, the site
of many of the ACA reforms. Some studies look at selection in Massachusetts, which
implemented ACA-style reforms in 2006; but this study is among the first to offer

quasi-experimental evidence on selection directly related to the new ACA Exchanges.
Adverse Selection in Insurance Markets

After the important theoretical contributions made by Akerlof (1970) and Rothschild
and Stiglitz (1976), early empirical work on adverse selection can be characterized as
testing for a relationship between the demand for insurance and indicators of health
status or utilization, in the spirit of Chiappori and Salanie (2000) who posed posi-
tive correlation tests for asymmetric information. Studies in this context generally
indicate a large quantitative importance of adverse selection in health insurance mar-
kets (Cutler and Zeckhauser, 2000). Studies that investigate the extensive margin of
selection into insurance markets include Long et al. (1988),Wrightson et al. (1987),
and Farley and Monheit (1985), which offer mixed evidence on whether health care

expenditures affect insurance purchases.
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In the decade the followed Chiappori and Salanie (2000), the literature made
enormous progress in moving from simply detecting asymmetric information, to dis-
entangling moral hazard from selection and quantifying welfare costs of adversely
selected markets by taking more structured approaches. How this is done has taken
a variety of forms (Bajari et al. (2014), Einav et al. (2010b), Handel (2013), Bun-
dorf et al. (2012), Keane and Stavrunova (2016)), and several general approaches
are reviewed and described in Einav et al. (2010a). By estimating economic models
that specified consumer preferences, this second wave of literature sought to quantify
the welfare loss of asymmetric information and choice frictions, and then evaluating
the potential impact of subsidies, mandates, and medical underwriting (Handel and
Kolstad, 2015). Interestingly, this literature has indicated that even when adverse
selection is substantial, estimated welfare losses tend not to be that large.!!

One important study in this line is Einav et al. (2010b), whose identification
strategy relies on premium variation in order to trace out the demand curve, and
data on costs from medical insurance claims to estimate the plan’s cost curve. My
approach uses exogenous variation in premiums and data on costs from medical
claims to detect and quantify the welfare effects of adverse selection. The premium
variation I use comes from a boundary discontinuity, much like is used in Cabral and
Mahoney (2014) to study the effects of Medigap premium variation on utilization in
the Medicare market.

Although the decade since 2000 also saw an expansion in the contexts investigated
which yielded important insights into selection in insurance markets, little attention

has been focused on the non-group health insurance market.!? Hendren (2013) inves-

1 Einav et al. (2010a) suggest this may be due to the literature focusing on the mis-pricing of
existing contracts, and neglecting the welfare loss from contracts that are not offered at all.

12 Recently investigated contexts include studies in employer sponsored insurance (Cardon and
Hendel, 2001; Geruso, 2013), annuities (Finkelstein and Poterba, 2004), auto insurance (Cohen,
2005), and long-term care insurance (Finkelstein and McGarry, 2006).
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tigates adverse selection in three non-group markets: long-term care, disability, and
life insurance. However, there remains little direct evidence on asymmetric informa-
tion in the commercial non-group (individual) health insurance market in the U.S.
With increased concerns about expanding coverage in the U.S. policy context, and
the key role that this market segment plays in the ACA for covering the remaining

insured populations, this paper fills an important gap in this literature.
Insurance Markets and the Healthcare Reform

Studies have investigated the 2006 Massachusetts healthcare reform to shed light
on the possible effects of various ACA reforms, and their interactions with adverse
selection (Shi, 2016). Hackmann et al. (2015) investigate how the individual man-
date interacts with adverse selection, by comparing coverage, premiums, and claim
expenditure before and after reform in Massachusetts to other states. The authors
find that the insurance market in Massachusetts was adversely selected prior to re-
form, and the mandate reduced adverse selection leading to a welfare gain of $335
dollars per person. Shepard (2014) finds that in the Massachusetts Health Insurance
Exchange, insurers were responding to adverse selection by limiting network breadth
and excluding star hospitals from their networks. Other studies that use the Mas-
sachusetts reform to offer insights into the ACA include effects of reform on hospital
and preventative care (Kolstad and Kowalski, 2010), the labor market (Kolstad and
Kowalski, 2012), and the effects of pricing regulations on consumer surplus (Ericson
and Starc, 2015b).

There has simultaneously been increasing interest in modeling insurance Ex-
changes in light of the ACA. Using data from the employer market to calibrate their
model, Handel et al. (2015) study equilibria in Health Exchanges and estimate that
community rating leads to substantial adverse selection, but pricing health status

can lead to lower welfare in some cases because of the inter-temporal uncertainty of
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risk reclassification. Scheuer and Smetters (2014) explore the potential consequences
of acute adverse selection in an initial period, and applying their model to the initial
open enrollment period of the Exchanges, suggest that initial adverse selection could
cause the market to get stuck in a Pareto-inferior “bad” equilibrium. Tebaldi (2016)
uses enrollment data from the first year of California’s ACA exchange to develop and
estimate model of insurance demand and imperfect competition.

Other studies use research designs from other settings to infer the effects of the
ACA (Moriya and Simon, 2016). One study that does use a quasi-experimental
design to investigate the ACA is Knepper and Niedzwiecki (2014), which looks at
selection and other effects of the 2014 Medicaid expansion. But at this point, direct
evidence on the ACA Exchange markets has largely been descriptive. This study
builds on the previous literature on healthcare reforms in the U.S. and their inter-
action with adverse selection by introducing the first quasi-experimental evidence
on selection in the ACA Exchange markets. Moreover, the framework allows for a
quantification of the welfare consequences due to selection and the welfare gains from

potential policy interventions.
3.3 Data and Descriptive Evidence of Selection

Using Colorado’s newly available All-Payer Claims Database (APCD), I am able to
study outcomes with a broad view of the non-group health insurance market that
includes all insurers operating in the state. This is important for the research design
for three reasons. First, the medical claims provide data on healthcare utilization
and spending, which are the indicators of selection in insurance markets. Second,
with data from all insurers in the state, there is sufficiently robust coverage across
the state including areas where any single insurer might not have a large enrollment,
or where a dataset of only one insurer might not capture individuals substituting to

a similar product offered by another insurer. Finally, the claims database includes
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the subscriber’s zip code of residence, which allows me to identify the individuals

who live near the boundary of a rating area and their local medical market.
3.8.1 Colorado’s APCD

The primary source of data consist of medical claims submitted from insurance com-
panies in the state of Colorado over the full 2014 calendar year, as well as the
coverage eligibility lists for these insurance companies; thus, insured individuals are
in the dataset even if they do not use healthcare. The medical claims provide, for
each individual’s encounter with the healthcare system, the medical diagnosis and
procedure provided, the amount paid by the insurance company, and the amount
paid by the patient. The data contain some limited demographic characteristics of
the individuals: age, gender, and importantly the five-digit zip code, which will be
used to identify individuals who live just one either side of rating area boundaries,
and thus serve as comparison groups of similar populations living in the same medical
market, but facing different insurance premiums.

The market segment of primary interest in this study is the non-group (individual)
market. That market segment does not include individuals with public insurance
coverage such as Medicaid or Medicare, and it also does not include individuals
with employer-sponsored health insurance. Several variables were used to isolate the
non-group market segment, because there were some inconsistencies across payers in
how the market segment was indicated. Data Appendix A.3 describes in detail the
construction of the sample and creating pairs of neighboring Zip codes that lie across

rating area boundaries.
3.3.2  Descriptive Fvidence
This section provides a descriptive overview of Colorado’s insurance market segments

in 2014. The stability of the insurance Exchanges in terms of premiums and insurer

32



entry and exit depends on the health utilization of the individuals enrolling in the
non-group market, and in particular those newly enrolled in 2014 in ACA-compliant
health plans. I use the medical claims to document the patterns of healthcare uti-
lization and expenditures of individuals across market segments, allowing for com-
parisons of the non-group market to the employer-sponsored group market.

The ACA aimed to reduce the uninsured rate in the U.S.; and heading into 2014
there was a lot of uncertainty about the healthcare utilization patterns of the newly
insured. Were the newly insured healthy individuals, previously uninsured because
they were simply not using the healthcare system? Or were they unhealthy peo-
ple, who previously could not afford insurance due to medical underwriting or a
pre-existing condition? New enrollees may have benefitted from community rating
and guaranteed issue, which prohibits discrimination from insurers based on any
pre-existing conditions and underwriting based on health history. There were also
provisions aimed to expand coverage to otherwise uninsured individuals, including
tax penalties for remaining uninsured and federal premium subsidies that made in-
surance more affordable. Data from Colorado Health Institute suggest that 60% of
enrollees in 2014 received some financial assistance. Because there were many reasons
that individuals were becoming newly insured, there was a great deal of uncertainty
about who these individuals were, and what their health status was like.

Descriptive evidence shows that newly insured individuals were using a great
deal of healthcare services. Table A1 shows the inpatient admission rates for newly
insured individuals in 2014, those who were in the non-group market but were also
insured in 2013, and those insured through employer-sponsored coverage. Inpatient
admission rates are highest for the newly insured in the non-group market, and
about 20% higher than the rate in employer sponsored plans. However, previously
enrolled individuals in the non-group market had the lowest rates, suggesting that

those previously able to obtain and afford insurance in that market were particularly
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healthy.

Table A1l also shows the same rates for outpatient visits for healthcare, which
typically involve an individual receiving healthcare but without staying overnight
at a hospital. A similar pattern emerges: newly enrolled individuals use outpatient
services at the highest rate, and it is close to 15% higher than the employer market,
but the lowest rate is for individuals previously enrolled in the non-group market.
This same pattern holds when looking at the number of claims filed for professional
medical services.

The medical claims also show that actual medical spending follows similar pat-
terns to healthcare utilization. I use the “allowed amount” on the claim, which is the
total reimbursement due to the provider including payments from both the insurer
and the patient. This allows for a more even comparison across individuals in plans
with different generosity. Figure 3.1 shows the average annual medical expenditure
for an individual, and broken down by each type of service (Inpatient, Outpatient,
Professional, or Pharmacy claim). Consistent with the utilization patterns, newly
enrolled individuals are spending a great deal more on healthcare per year. Using
a regression framework, these difference can be measured while controlling for the
different location and age distributions across the market segments. These results
are shown in Table A2, and suggest that even when controlling for age and location,
newly enrolled individuals are spending between $800-$900 more per year than those
who were previously insured and those in the group market. This gap may simply
reflect pent-up demand from newly insured individuals, and it could possibly dissi-
pate over time. The differences across market segments also suggest that medical
underwriting was an important factor in why some individuals remained uninsured
before 2014.

These patterns raise the question of to what extent the high costs of the new

market are due to adverse selection. It could be the case that this new insurance
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market is simply a different, higher-utilizing population, with corresponding higher
healthcare expenditures. Or, it could be the case that the high levels of spending
reflect that only the relatively high cost individuals entered the market and thus
show up in the claims data, that is, that the market is adversely selection. In this
case, there could be healthy individuals potentially in the insurance pool, and if they
were to enter the market, the spending levels could be more in line with the numbers
from other market segments. Importantly, there is a large scope for selection. Table
3.1 shows the take up rates for individuals in the non-group market in Colorado in
2014. Overall, only 57% of individuals potentially in the non-group insurance market
are insured, and these rates are particularly low for the younger population, with
only 36% of 25-34 year olds insured. Thus the descriptive evidence shows that there
is scope for adverse selection, and the utilization patterns are consistent with such a
story. Alternatively, this newly insured population may simply be different in terms
of utilization than individuals in other market segments. Detecting selection requires
going beyond the descriptive evidence.

A first step beyond descriptives is to conduct a positive correlation test for asym-
metric information. Table A3 shows the average annual medical expenditures for
individuals in the non-group market in 2014, by metal level. This positive correla-
tion between plan generosity and spending is in the spirit of Chiappori and Salanie
(2000)’s test for asymmetric information. These patterns, however, cannot disen-
tangle moral hazard from adverse selection. For the purpose of welfare analysis and
policy interventions, it is necessary to be able to isolate the underlying cause of the
positive correlation between demand for insurance and expected costs, and it is for
that reason that I use a research design that allows for estimation of the isolated

effect of selection from moral hazard.
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3.4 Main Results: Are the Exchanges Adversely Selected?

Adverse selection implies that annual medical expenditures of the insured population
increase in response to rising premiums, as relatively healthy individuals drop out
of the market first when premiums rise. However, there are two primary challenges
to empirically detecting adverse selection. The first is the classic problem of dis-
entangling moral hazard from adverse selection, as both produce the same types of
patterns in data. Secondly, there is a broader endogeneity problem due to insurers
setting an area’s premiums to reflect the local population; as a consequence, naively
looking at the relationship between costs and premiums in the cross section would
yield a biased estimate of the selection effect.'® In particular, insurers set premiums
in response to an area’s prices for healthcare services, treatment intensity by local
physicians and hospitals, and the health status of the population. To isolate the ef-
fect of selection from moral hazard and address these broader endogeneity concerns,
a source of exogenous premium variation is necessary.

I use geographic boundary discontinuities as a source of plausibly exogenous pre-
mium variation, and compare individuals living in zip codes just on either side of
boundaries of rating areas established as part of the ACA beginning in 2014. The
key assumption is that the populations on either side of the boundary are compara-
ble except for the different premiums they face. Specifically, unobserved drivers of
cost should be uncorrelated with the premium variation for the assumption to hold.
Because I compare only individuals in neighboring zip codes that are also within the
same local medical market, I argue and present evidence that the populations in my

sample are comparable across the boundary. The reason that similar populations

13 T present results from such a regression in Appendix Table A4, which shows a positive cor-
relation between the premiums in an area and the medical spending of the insured population.
However, these estimates will not reflect solely selection because insurers are able to endogenously
set premiums in response to costs. Thus this regression does not serve as good evidence of adverse
selection.
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face different premiums is because of the rating area designation, and because zip
codes are small relative to the entire rating area, the comparison populations face
premiums that were largely determined by the rest of the rating area. Consequently,
the premium level can be thought of as exogenous to the individuals in each bound-
ary zip code. As an additional check, I instrument for premiums using a calculated
“leave-out cost” instrument to use only the portion of premiums determined by the
rating area when excluding each zip code of interest.!* I show in Appendix A.5 for-
mally how using this identification strategy yields an estimate of adverse selection on
the extensive margin, free from a moral hazard effect, and additionally how sorting
across plans on the intensive margin will lead to an underestimate of the selection

effect.
3.4.1 Boundary Discontinuity

The designation of rating areas in Colorado for 2014 are shown in Figure 3.2 at
the zip code level.’® Individuals living in zip codes along the rating area boundary,
despite living only a short distance away from each other and facing the same health-
care provider markets, can face potentially very different premiums. To exploit this
discontinuity, for each zip code on a rating area boundary, all of the neighboring zip
codes that were in a different rating area were identified. Zip codes were then paired
with a neighboring zip code if one was found the met the following criteria: (i) was
in a different rating area, (ii) but the same local medical market, and (iii) the two

zip codes mutually shared the longest border with each other.

14 A “leave-out cost” instrument is also used in Cabral and Mahoney (2014), who use Medigap
premium discontinuities in local medical markets that span state boundaries to investigate the
Medigap enrollment decision. Their research design, which investigates the effects of supplemental
insurance on traditional Medicare spending, is however an estimate of a moral hazard effect.

15 The rating areas were defined based on counties. In the claims dataset, however, I only observe
zip codes, and there are some zip codes that cross county boundaries. For the main analysis, I assign
these ambiguous zip codes to the county with the largest fraction of the zip code’s population, and
this is what is displayed in the map. As a robustness check, I repeat the analysis dropping these
ambiguous zip codes and generally find similar patterns.
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In the main specifications, I use hospital referral regions (HHR's) as the definition
of the medical market. This definition comes from the Dartmouth Atlas, and Figure
3.2 shows a map of the zip codes in Colorado assigned to HRRs. With this definition,
the zip code pairing algorithm yields 32 pairs of zip codes. For robustness, I also
consider other market definitions, such as hospital service areas (HSA’s), which are
depicted in Figure 3.3. Because HSA’s are smaller areas, this leaves less candidate
zip codes for the boundary, as made clear through the figure.

Within each pair, individuals who resided across the boundary would face differ-
ent premiums because of the way the community rating was designed. However, the
difference varies across groups. Figure 3.4 shows the change in monthly premium
that a 30 year old non-smoker would face for a standard silver plan from HMO Col-
orado (Blue Cross Blue Shield). In some zip code groups, the difference amounts to
around a 1% increase in monthly premiums, while in others it can mean an increase
of over 40%. The median difference is a 15% increase in monthly premiums across
the boundary.

Beginning in 2014, as a consequence of the community rating provisions of the
ACA, insurers submit rate tables with age and area factors that will determine an
individual’s monthly premium. These factors are multiplied by a plan’s base rate
to determine the final premium. For example, a standard silver plan from HMO
Colorado has a base rate of $262.13 as the monthly premium. The monthly premium
an individual 7 residing in zip code k£ would have to pay for the plan depends on the

insurer’s area factor ARF Ay and age factor AGFE;, by the following formula:
premy, = 262.13 x ARE A, x AGFE;

Denote by ¢g(k) the zip code pair to which zip code k has been assigned, and ¢;
the annual medical spending of individual 7 in 2014. Then the estimating equation

to detect adverse selection is:
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premg, — prem;
log(l+¢)=~v+9 ( premk k) + Ggy + I (3.1)

where prem; is the premium that individual ¢ residing in zip code k faces for insur-
ance, and prem’ is the premium faced by that individual when residing in the less
expensive side of the zip code pair.'® The ¢, denotes a fixed effect for each group
of zip codes that have been matched, such that the identifying variation comes only
from individuals within matched zip codes. A positive estimate of § suggests that
as the relative premiums across the boundaries increase, the relative costs for those
individuals on the high premium side increase. This indicates adverse selection.

Due to the complexity in accounting for consumer’s choice sets, which involve
many plans of different generosities, premiums, and contract structures (in terms of
copays, co-insurance, deductibles), I collapse the choice set available in each zip code
down to a single index of how expensive insurance is for individuals residing in that
zip code. For robustness, I estimate Equation 3.1 using several different methods of
constructing the insurance premium index, including the average silver plan available,
the lowest cost silver plan, as well as using specific plans available statewide (e.g.
BlueCross BlueShield’s Silver Plan) as the index. The results are similar across
these various measures of the index for how expensive insurance premiums are in a
zip code.

The key identification assumption is that the populations residing in paired zip
codes on either side of the boundary are comparable. The distributions of both ob-

served and unobserved variables should be the same for populations living on either

16 Tn this formulation, the term on the & coefficient equals zero for individuals in the less expensive
zip code. A more standard way to run this regression would be to simply include the log(premium)
for each 7 in the regression. However, because log differences approximate % changes best for small
% changes, and the % increases across some of the boundaries are ;,20%, and up to a 50% increase,
the interpretation of the log specification deviates compared to using the mathematical definition
of the % change.
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side of the rating area boundary, such that they are otherwise identical individuals
facing different premiums only because they are part of different rating areas. More-
over, because zip codes are small relative to entire rating areas, the premium in a
zip code is determined mostly by the individuals living in other parts of the rating
area, and thus there is a component to the premium that is exogenous to individuals
living in the zip code. In practice, one can test the extent to which the observables
are balanced in populations across the rating areas.

More concretely for this context, comparability of the cross-boundary populations
requires that the distribution of health status, risk factors, and preferences do not
change discretely at the boundary. In practice, observable risk factors such as age can
be conditioned on, requiring then that the distribution of health status is the same
after conditioning on observables. Similarly, the populations living in the neighboring
zip codes are assumed to have the same preferences in terms of demand for insurance
and risk aversion given observables. Finally, the identification requires that the
populations be in similar healthcare markets. This means that the providers that
individuals in each population see for care should make similar types of treatment
decisions, and the prices for healthcare services should be similar. Otherwise, higher
cost individuals may not be sicker, but might just be in an expensive healthcare
service market, or see doctors who always choose more aggressive and expensive
treatment options. I require paired comparison zip codes to be in the same local
medical market in order to control for these healthcare market considerations. I
provide evidence in Appendix Table A5 that many individuals face offerings from
the same insurers across the boundary. Importantly, individuals always have options
from at least four insurers, and thus have an offering of many of the same provider
networks.

There remains one final potential concern, that because a rating area’s rates are

determined to some extent by all zip codes it encompasses, part of any zip code’s
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premiums can reflect that zip code’s population. Because any particular zip code
is only a small fraction of a rating area, this effect is likely to be small, but to
address any remaining mechanical correlation between a zip code and the premiums
in its rating area I use a “leave-out cost” instrument.!” Define the instrument as the

average spending in all of zip code k’s rating area, excluding zip code k itself:
Leave-out costy, = E[c; |i € I, ]

where I, ., denotes the set of individuals in rating area r and zip code z. The leave-
out cost can then be used to instrument for the premiums in a zip code. In practice,
I find that using the instrument makes little difference for the main results, which
would be expected if each zip code had little or no effect on the rating area’s overall
premium level. However, this remains a useful check of the assumptions from the
research design.

Although it is not possible to check for balance in unobserved variables, I can
check whether leave-out costs and premiums are uncorrelated with observable de-
mographic characteristics of the populations in the zip codes. To investigate this, I

regress tract level demographic variables w; ; on the zip code leave-out costs:
we = a + 3 - Leave-out costy + @gar) + Lk

where ¢4 are zip code pair fixed effects. The results of this regression are given
in Table 3.2. While the instrument is not correlated with most of the demographic
characteristics, it does appear to be correlated to age distributions, and the propor-
tion of the hispanic population in an area. Because I control flexibly for age in the
regressions by either including age fixed effects or by using each individual’s residual
costs after controlling for age and gender, the age distribution is not too concern-

ing. To address the relationship with the % Hispanic, I run regressions with these

17 As also used in Cabral and Mahoney (2014).
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and other demographic variables included as controls. I find that in the regressions,
these demographic variables have very little explanatory power and do not change
the results in a meaningful way:.

One concern with this approach is the external validity of the results, given that
the estimates are from a population living only along the boundaries of rating areas.
Table 3.3 compares the boundary population used for estimation in the preferred
specifications to the statewide sample. Though the boundary sample is not dras-
tically different, it does reflect more rural population characteristics. This is to be
expected, as the rating areas were designed so as to not cut through the center of
metropolitan areas. There is thus the usual caveat of external validity, with the ad-
dition that the results may be particularly relevant for many areas in the U.S. that

are relatively more rural.
3.4.2  Boundary Discontinuity Results

I estimate the main specification given in equation (1) using various measures of
change in premiums across the pair of zip codes. In the preferred specification, I
compare the change in the premium for the average silver plan in each zip code. I
also estimate the regression using the change in premium for the second lowest cost
silver (2LCS), as well as the change in premium for the silver plans offered by three
statewide insurers, BlueCross BlueShield, Rocky Mountain Health Plans (RMHP),
and New Health Ventures (Colorado Access). The estimates from these regressions
using the boundary discontinuity are given in the top row of Table 3.4. The positive
and statistically significant coefficients on the premium increase terms show evidence
of adverse selection in the non-group insurance market. In the preferred specification
using the premium of the average silver plans, the estimate implies that a 1% increase
in the premium of the average silver plan in an area leads to a 0.8% increase in

the average medical expenditures of the insured population. This suggests adverse
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selection, because as premiums rise, relatively healthy individuals dropping out of
the insurance market will lead to an increase in the average costs of the insured.

The second row of Table 3.4 shows the estimates of the regression using the leave-
out cost instrument for premiums. The results are similar to the OLS results, and
with less variation across the different premium measures, again with the estimates
suggesting that a 1% increase in premiums led to an approximately 0.8% increase in
the average costs of the insured population.

As a placebo test, I estimate the exact same regression, but now using only
individuals insured in the non-group market in 2013. Since there were no rating area
boundaries in 2013, there should not be an effect of crossing the boundary for the
insured person in 2013. Crossing a rating area boundary in 2013 should not cause a
person to change their behavior. The results are given in Table 3.5, and indeed the
coefficients are small in magnitude and statistically swamped by the standard errors.
As additional placebo checks, I run the same regression also on individuals in the
employer-sponsored group market in 2014, as well as the 2013 Medicaid population,
neither group of which should be affected by the boundaries. Columns (3)-(4) of
Table 3.5 show the results for the group market, where there is no effect as expected,
and Columns (5)-(6) show the Medicaid results. These placebo tests give confidence
to the validity of the research design.

These is also heterogeneity in the acuteness of selection across different age seg-
ments of the market. Differences in take-up rates suggest this may be the case, with
60% of 55-64 year olds purchasing insurance, and only 36% of 25-34 year olds. To
detect differences in acuteness of selection across age groups, I interact the % pre-
mium increase with age. However, when breaking down the sample by age group,
the estimation becomes much less precise, and thus the preferred specification I use
to identify heterogeneity in selection is a median regression which is more robust to

outliers. I allow the coefficient of interest to interact with a polynomial of the indi-
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vidual’s age, the regression results of which are shown in Table 3.6 with a quadratic
term. The age margins for the effect of a % increase in premiums are plotted in
Figure 3.5. Adding a cubic term did not affect the results much. The results suggest
that individuals in the middle age groups are the ones with the most acute selection,
particularly individuals in the 35-44 age range. Young individuals ages 25-34 have
less, and this may be due to the fact that they tend to use little healthcare, thus
leaving less scope for selection. The 55-64 age group is the one with the least selec-
tion, and at the older end of that age group, there appears to be almost no adverse

selection.
3.4.83 Chronic Conditions

In order to provide further evidence that adverse selection is at work, I investigate
whether, in addition to increased spending in the insured pool, the underlying risk
of the insured pool also increases with premiums. A higher prevalence of chronic
conditions in the insured population in locations with higher premiums would suggest
a higher-risk pool, which would coincide with an adversely selected market, and help
to assuage concerns about the effects being only driven by pent up demand.

To do this, I use the Healthcare Cost and Utilization Project’s (HCUP) Chronic
Condition Indicator (CCI) tool, which categorizes ICD-9 diagnosis codes as indicators
of chronic or non-chronic conditions. The tool also categorizes the ICD-9 diagnosis
codes into one of 18 body system indicators, which are listed in Appendix A.4. Table
A6 shows the prevalence of these conditions in the non-group market. I then re-run
the exact same specifications as before, but rather than using an individual’s annual
medical expenditures as the dependent variable, I use an indicator of whether the
individual at any point during the year generated a diagnosis code that indicated a
chronic condition.

The results of these regressions suggest that higher premiums are associated with
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a higher prevalence of chronic conditions in the non-group market. In particular,
the coefficient on the premium of the average silver of 0.105 shown in Table 3.7
implies that for each 10% increase in the monthly premium, the probability that
an insured individual has a chronic condition increases by 1.05 percentage points.
Statewide, the probability that an individual in the non-group market in 2014 had
at least one chronic condition was .385; thus, a 10 % increase in monthly premiums
would increase this probability to about 0.395. Analogous placebo regressions on the
2013 market show no effect, displayed in Table 3.7. These results provide further
evidence of an adversely selected insurance market, rather than something else such
as a temporary effect due to pent up demand.

As a robustness check, I estimate the same regressions but rather than simply
using an indicator for a chronic condition as the dependent variable, I use an ordered
logit model with the outcome given as a count of the number of chronic conditions.
These results are presented in the Appendix Tables, and show similar patterns to
the previous analysis when using counts of 0, 1, or 2+ chronic conditions (Table A7)

or creating an additional bin of 3+ chronic conditions (Table AS).
3.5 Demand Estimation and Welfare Implications

The cost curve alone can indicate the presence of adverse selection, but it is only
when combined with the demand curve that the estimates can be used to evaluate
efficiency loss due to selection. After estimating demand, I use such an economic
framework to evaluate welfare consequences in the market. The framework can also
be used to evaluate policy interventions. I find that additional premium subsidies,
and especially age-targeted premium subsidies, can be welfare improving in the sense
that the benefit to consumers outweighs the costs of providing the subsidies. Finally,

I extend the model to additionally take into account a social value of coverage.
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3.5.1 Demand Estimation

Because the premium variation available through this research design comes from
differences in premiums for all plans, I focus on the binary decision of whether
to enroll in a plan or remain uninsured (extensive margin) as the entire choice set
becomes more expensive. I use the same premium variation that was used for the cost
estimation to estimate demand to be insured as health insurance premiums change.
To do so, I use zip code-level survey data from the Colorado Health Institute to
approximate the share of uninsured individuals in each zip code. I then estimate the

zip code-level regression:

L
premy, — premg,

loggr =+ - ( ) + Do) T ik (3.2)

L
premy

where ¢ is the share of the non-group market that is insured. A downward sloping
demand curve would yield a negative coefficient for 8, which can be interpreted as
the extensive margin elasticity - how does enrollment change as all plans become
more expensive.

Although the survey data directly provides an estimate of the uninsured rate at
the zip code level, this number is the share of the entire population that is uninsured,
while the quantity of interest is the share of individuals eligible for non-group coverage
who obtain it. Since the relevant market is only the non-group market segment, the
overall uninsured rate needs to be translated into the share of only the non-group
market that is uninsured. To do so, I calculate a factor 7 which is equal to the inverse
of the share of the entire statewide population that is part of the non-group market.
Denote by r* the zip code-level share of the entire population that is uninsured.

k k

I then calculate s*, as s* = r* . 7. the non-group uninsured rate in zip code.!'® 1

18 k _ #uninsuredy ~ #uninsuredy .
In  other WOI‘dS, 8 - F#uninsuredy +#insured in non-group market ~ Total pop of zip code k
k
Total pop of state _ Tk T
#uninsured+#insured in non-group market
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then can use estimated zip code level non-group insured rate, ¢ = (1 — s*), as the
dependent variable in the demand regressions.

The results from this regression are shown in Table 3.8, and the estimated elas-
ticities do indicate the expected sign. The estimated demand elasticities are larger
than what has been estimated for the employer-sponsored insurance market, but
previous literature does indicate that the non-group market is more demand elas-
tic. Column (1) shows the population-wide elasticity of -2.5. Gruber and Poterba
(1994) use quasi-experimental variation to estimate the demand elasticity for health
insurance among self-employed, and find estimates within the range of -1 to -2, with
the preferred specification showing -1.8. Thus although my estimated elasticity is
large for an insurance demand elasticity, it is only moderately larger than previous
estimates for the non-group context.

Finally, I test for heterogeneity across age groups in demand. I do this estimat-
ing the same regression equation with an interaction for age, the results of which
are shown in Column (2) of Table 3.8. The estimated margins across age groups are
shown in the bottom panel of Table 3.8. Because the survey data only includes age
data available in age bins, I present the results for four age bins (25-34, 35-44, 45-54,
55-64). The coefficients indicate that young consumers are most price sensitive to
health insurance premiums, with the 25-34 age group having an elasticity of -4.01,
while those above age 55 having more inelastic demand for insurance of -1.13. This
pattern of decreasing elasticity across age groups is also found in Tebaldi (2016)
looking at California’s ACA Exchange. Moreover, the estimates are of similar mag-
nitudes. Tebaldi (2016) estimates semi-elasticities, finding that among subsidized
populations, when all prices increase by $100, 20-29 year old enrollment falls by
12.8% while 45-64 enrollment falls by 3.8%. Given that the average annual premium
in California is about $3,000, Tebaldi (2016)’s esimates imply elasticities of -4.3 for
the 20-29 year olds, and -1.3 for 45-64 year olds, very much in line with my estimates.

47



It is important to note, however, that my estimated demand elasticities are im-
precise. Although the 25-34 group has a high elasticity of -4.01, and it is significantly
different from zero, the 95% confidence interval includes values from [-6.2, -1.7]. Thus
rather than focus only on the point estimate, an important takeaway is the pattern
that younger people are more price-sensitive than older individuals. Given the im-
precise elasticity estimates, I use a range of elasticities for the welfare exercises,
including those from the literature, to test for sensitivity of the policy conclusions to

these parameters.
3.5.2  Welfare Estimates and Policy Evaluation

The demand estimates can now be combined with the estimates of selection to eval-
uate welfare consequences in the market. I then evaluate a policy of additional
premium subsidies aimed to decrease the welfare loss due to selection. I compare
age-targeted subsidies to a blanket subsidy where subsidies are not conditioned on

age in any way.
Welfare Estimates

To calculate the welfare effects of selection, I combine the estimates from the cost
and demand regressions. I first impose that there exists a competitive equilibrium
point (Peq, geq) at the observed share of the non-group population that is insured,
such that insurers break-even by earning enough premiums to offset their incurred
costs. This implies that the market demand and average cost curves will intersect at
this point. I then assume linear demand and cost curves (later I also relax this), and
derive the equations for the curves using my estimates from the demand and cost
regressions and linearizing around the equilibrium point. With linear forms for the

demand and cost equations, it then also becomes straightforward to derive a simple
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form of the marginal cost curve as well:

D=a+f(-q
AC=~v+4d-¢q
jal .
pe = QW _AACW) 0) _ 0 sy oo,
oq q 0q

These three curves based on the estimates are plotted in Figure 3.6. The com-
petitive equilibrium, where the average cost and demand curves intersect, is the
break-even pricing for insurers. The efficient allocation occurs where the marginal
cost and demand curves intersect. At this point all individuals whose valuation
for insurance is higher than their costs are insured. With the linear form for the
curves, the efficient allocation give given by ge = 75=5 and pe = o + Sge. Given
my estimates, however, the demand and marginal cost curves do not intersect over
the range of the share insured € [0, 1], and because demand is always higher than
marginal costs, this suggests that the efficient allocation is full insurance.

With this framework it is simple to calculate various welfare quantities of interest.
The amount of welfare loss to the marginal consumer is D(geq) — MC(geq). The
welfare loss due to selection is the area above the marginal cost curve but below the
demand curve, between geq and geg. Selection raises average premiums for silver plans
from peg to peq- The estimated quantities when assuming linear curves are shown on
Figure 3.6. The average welfare loss due to selection is $44 per person, which can be
more easily interpreted as adverse selection raising monthly premiums by $78 (from
$120 to $198). This corresponds to an estimate of welfare loss of $44 per person per
month. The linear specification is an upper bound on the welfare loss, particularly
given the divergence between the demand and marginal cost curves, which leads to
large welfare implications as the share insured approaches 1. For this reason, my

preferred specification assumes a non-linear functional form. Specifically, because
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the parameter estimates from the research design can be interpreted as elasticities, I
repeat the analysis assuming constant elasticity functional forms, and directly plug
in my parameter estimates for both the average cost and demand curves. The results
are shown in Figure 3.7, and show smaller magnitudes for the welfare loss due to
selection compared to the linear case. Monthly per person welfare loss is $26, or
$312 annually, and selection increases monthly premiums by $47. Thus, I take the
constant elasticity numbers to be a lower bound, and also the preferred specification.

While this welfare estimate is over twice as large a magnitude as found in studies
in the employer market, this is only moderately larger than the estimate of $241
annual per person welfare loss based on Massachusetts 2006 healthcare reform inves-
tigated by Hackmann et al. (2015). My preferred estimates indicate that welfare loss
from selection to the marginal consumer is $64 (EFC find $138 in their context).

To obtain standard errors on the welfare estimates, I use the bounds on the
95% confidence interval for the cost estimates and compute the welfare quantities.
Because the demand estimates are imprecise, relying on a zip-code level analysis, [
use demand elasticities from the literature as the “true” values, and use only the
estimated standard errors from the cost regressions. A sensitivity analysis suggests
that the welfare estimates do not vary much given “true” demand estimates from a
reasonable range. In the preferred CES specification, the estimated monthly welfare
loss of $25.70 has a 95% confidence interval from $0.70 to $51.30. For the linear case,
the estimated welfare loss was $43.80, with the 95% confidence interval ranging from
$0.80 to $93.80.

The efficient allocation, in this case because it equals full coverage, could be
achieved by an individual mandate or premium subsidies that were high enough to
induce full coverage. My estimates suggest that such a policy would reduce average
monthly premiums by about $47 in the CES case, because the new enrollees would

be lower cost, and thus average costs of the insured pool would fall, supporting lower
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premiums.
Premium Subsidy

One tool that can be used to increase coverage and address adverse selection is
to subsidize consumer premiums. Funding the premium subsidies is not costless,
however. Implementing subsidies to achieve the efficient level of coverage should
only be undertaken if the welfare gains outweigh the costs of funding the subsidies.
Indeed, EFC find that in their context of the employer-sponsored insurance market,
the cost of a subsidy was too high to justify implementing subsidies. In this context,
with more acute adverse selection, the subsidies do appear to lead to a net welfare
improvement. To illustrate the evaluation of a subsidy policy, suppose the linear

functional form for the cost and demand curves:
pp=a+3-q
AC =~v+9d-¢q

The equilibrium in a competitive market is given by the break-even condition:

pp = AC

at+f-g=7+0-q

a =7y
Qeq:(s_ﬁ

Peg = 0+ B+ Geq
Adverse selection causes under-insurance relative to an efficient level (geq < geft)-
To evaluate the welfare effects of the policy, now suppose a subsidy of $s per
person is provided to consumers for the purchase of health insurance. Thus, when
insurers post some price pg, consumers effectively face the price pp = ps — s. The

equilibrium with a subsidy in a competitive market will be a quantity ¢g such that:

pp(gs) +s = AC(qs)
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This is the point at which the total revenue to insurers will be equal to the total
costs incurred.
Solving for qg:
a+fB-q+s=7+0d-¢q
atsy=(0-8)q
a+s—
5= 55

pPs =a+0-qs

Thus for any given subsidy amount s, these equations yield new equilibrium prices
and quantities (gs,ps). The change in welfare resulting from the subsidy policy is

then the increase in consumer surplus minus the cost of the policy:

AW =CB-C

=f7D@»—MC@»@—qys

qeq

Benefits from subsidies exist if the value of coverage exceeds marginal cost for con-
sumers between geq and gs. The evidence of adverse selection suggests that this is the
indeed the case in Colorado. However, this benefit needs to be weighed against the
cost of the subsidy, ¢s-s, which is provided to all consumers (including infra-marginal
consumers). In the next section, I use this approach to evaluate both an age-targeted
premium subsidy, and a blanket subsidy provided to everyone without conditioning

on age in any way.
3.5.8 Age-targeted Premium Subsidies

Heterogeneity across age groups raises the possibility that additional age-targeted
subsidies could achieve welfare improvements more effectively than simply additional
blanket subsidies. I use the framework from the previous section to compare a blanket

subsidy for everyone to a subsidy that is targeted to age groups in order to maximize
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the effectiveness of the subsidy policy. This would be particularly germane when the
public funds available would be limited, as the government could target dollars to
their highest return.

The heterogeneity across age groups in both cost and demand factors leads to
large estimated implications for age-targeted premium subsidies. On the cost side,
age groups differ in how acutely they are selected; that is, as new individuals enter the
market, there are differences in how quickly the average costs of that age group fall.
On the demand side, different age groups have different levels of price responsiveness,
which will affect by how much individuals respond to additional subsidies by entering
the market. In addition, a large amount of the cost of a subsidy is the payment
to infra-marginal individuals who would have purchased insurance anyway, and the
take-up rates vary widely across age groups. By targeting the subsidies to age groups
that had lower take-up rates to begin with and are more price responsive, as well
as the most acutely selected, policymakers can minimize costs while achieving larger
benefits.

To take into account the age heterogeneity, I proceed as before but deriving

separate curves by age:

D = aace + Bace - ¢
AC = yagE + 0acE - ¢
MC = yage + 20acE - ¢

The same welfare quantities can then be computed as before, and each weighted by
the share of the non-group market in each age bin. This approach allows for costs
to reflect a changing age distribution of the insured pool, as allowed for in Tebaldi
(2016), as well as to reflect selection within any age group.

One important consideration when looking at age heterogeneity is the restriction

on pricing dictated by the Affordable Care Act, that any plan can charge a 64 year
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old at most three times the price charged to a 21 year old for the same plan in
the same location. This 3:1 pricing ratio essential creates a subsidy from younger
to older individuals.’® I consider two cases for the policy evaluation regarding the
age restrictions. First, I suppose that once the age-targeted premium subsidies are
implemented, insurers can price to reflect the new cost structure regardless of the 3:1
restriction. For example, a subsidy targeted at the 25-34 age group would bring in
new healthy enrollees to that age group, and I suppose insurers price to break even
within each age group. In the second case, I require that insurers maintain the 3:1
ratio after the premium subsidies, which creates spillovers across the age groups. For
example, now subsidizing 25-34 year-olds would still lower costs, but insurers would
not be able to pass the lower costs on only to those in that age group. By keeping
the distribution of premiums across the age groups fixed in the 3:1 ratio, premiums
for all age groups would be lowered to some extent because the market-wide average
costs have decreased. This lowering of all premiums would increase coverage for all
age groups, even those that did not directly receive a subsidy, which is the source of
the spillover of the policy. In this second case, insurers break even overall, but this
may reflect profiting from some age groups while incurring losses in others.

The welfare effects of additional subsidies can be computed using the age-specific
demand, average cost, and marginal cost curves, averaging across age bins weighted
by the population share for each bin. Specifically, suppose there is an $s premium
subsidy targeted at the 25-34 age group. In a competitive market, the equilibrium
price will move to a point where insurers are breaking even taking into account the
subsidy. This implies that insurers could lose up to $s per person, and still break
even. In the first case I consider where insurers break even by each age group, the new
equilibrium quantity supported is given by the quantity ¢s that solves: ACaqr(gs) —

Dacr(gs) = s and must hold for all age groups. With linear curves that intersect

19 During the debates around the ACA legislation, insurers argued for a ratio of 5:1 or even T7:1.
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at most once, this subsidy equilibrium quantity ¢, will be unique for any given s.
The equilibrium price that achieves g, will be ps = Dacr(gs) +s. The cost of such a
subsidy is g, x s, and the benefit will be the area between goq and g5 that lies above
the marginal cost curve but below the demand curve.

The results from this exercise are shown in the top panel of Table 3.9, and show
that it is optimal to provide additional subsidies to every group except the 55-64
age group, with both the 25-34 and 35-44 groups receiving high enough subsidies to
attain essentially full coverage within those two age groups. The first column of the
table shows the optimal additional monthly subsidy amount across age groups, and
it indicates that those below age 55 optimally would receive an additional $13-15
per month. The second column shows the share of each age group that is covered
after the subsidy, and only the 25-34 and 35-44 age groups reach nearly full coverage
under the optimal subsidy. The table also reports the per person welfare benefits
and costs from the subsidy. For the 25-34 age group, a benefit of $5.17 indicates that
the optimal subsidy to this age groups recovers over $5 per person in the market of
the welfare loss due to adverse selection, while the cost of the policy is $3.33 per
person in the market. Overall, the subsidy to this age group yields a net welfare
gain of $1.83 per person of the welfare that was lost due to selection. The optimal
policies together yield a net benefit of over $5.50 per person in the market.

The final column in the table shows the ratio of the benefits over costs. Certainly
a policy should only be undertaken if this ratio is at least 1, indicating that the
benefits of the policy outweigh the costs. However, evaluating the policy should also
take into account the cost of raising public funds. A value of 1.3 has been used
in the literature, indicating a cost of about $1.30 for every dollar of revenue that
is raised through taxation.?’ Using this number, additional subsidies should only

be implemented if the benefit/cost ratio is above 1.3. Given my estimates, this is

20 See Ballard et al. (1985) and Poterba (1996).
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the case for all age groups except the 55-64 group. The overall benefit/cost ratio of
almost 1.6 suggests that the benefits of additional premium subsidies outweigh the
costs of providing the subsidies, even taking into account the cost of public funds.

The age-targeted policy can be compared to a policy of premium subsidies that
spends the same amount of public funds, but does not use any age targeting. As
shown in the bottom panel of Table 3.9, this policy will lead to a lower net welfare
gain and lower levels of coverage compared to spending the same amount of money on
age-targeted subsidies. The overall benefit/cost ratio of 1.4 suggests, however, that
such a policy would still have benefits that outweigh the costs, and so additional
premium subsidies would be welfare enhancing even without age targeting. The best
use of public funds, however, would entail age targeting.

When pricing on age is not flexible, but restricted as required by the ACA, the
gains from using age-targeted premiums will be mitigated, but still present and will
create spillovers as discussed above, so that even age groups that do not receive
subsidies can benefit. Rather than decreasing the premium for only the subsidized
age group as the average cost of that age group fall, insurers would need to decrease
the premiums for all age groups to maintain the 3:1 pricing distribution. This induces
spillovers to non-targeted age groups. The results that take this into account are
shown in Table A9, and the spillovers show up clearly in the non-targeted groups.
For example, the 55-64 age group receives essentially no direct subsidy in the optimal
case, while the 35-44 and 25-34 age groups are heavily subsidized. However, the
unsubsidized 55-64 age group still experiences a net benefit. This is because although
they receive no subsidy, as healthy individuals in the subsidized age groups enter the
market, the marketwide average costs fall and thus insurers lower premiums. Keeping
the ACA age pricing ratio means that the premiums will fall for all groups, and thus
even those that are not subsidized receive a benefit. Overall, the benefit/cost ratio
for the age-targeted subsidies with the ACA pricing restrictions are 1.1, suggesting
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that the benefits are greater than the costs. But when taking into account a cost
of public funds of 1.3, this policy is no longer clearly cost effective. Under a pricing
ratio of 5:1 or 7:1, however, the subsidies would have effects closer to the first case,
and perhaps be cost effective.

Alternatively, the equilibrium can be derived using demand and average cost
curves that are non-linear. In particular, since I estimate parameters that can be
interpreted as elasticities, I can assume that the demand and cost curves exhibit an

isoelastic functional form. Specifically the curves have the form:
D(p) = aage - p*°"

AC(p) = vage - pP4°”

Here, Biqr and d4gg are quantities estimated directly from regressions using the
research design, with the demand coefficient Ssgr coming from a log — log specifi-
cation regressing share insured on premiums. aagg and yagp are, as before, pinned
down by imposing a break-even equilibrium. The same logic as the linear case applies
to calculate the welfare quantities of interest, the only difference being that numer-
ical integration is used in some calculations (for example, finding the area below
the demand curve and above the marginal cost curve). Otherwise the same welfare
exercises can be carried out using these new functional forms.

I find very similar patterns to the linear case when using the constant elasticity
forms, but with smaller magnitudes of optimal subsidy amounts. The patterns are
similar in that the optimal age-targeted subsidy gives no subsidy to the 55-64 age bin,
and there are welfare gains made by the policy. The blanket subsidy now suggests
a slightly lower $7.88 per person per month, and again is near the cost of public
funds threshold with a benefit/cost ratio of 1.36. The full set of results are shown in
Tables A10 and A11. Interestingly, when maintaining the ACA price restriction, the
CES functional form specifications show a higher benefit /cost ratio of 1.25, suggesting
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that such a policy would be close to conferring benefits to consumers equal to the
cost of the policy. These results are shown in Table A12. If there is a social value to
expanding coverage, as I discuss in the next section, this policy could very well have
benefits that outweigh the costs even when maintaining a 3:1 pricing ratio.

These estimates and policy recommendations coincide with survey results from
the Commonwealth Fund, which cite affordability as one of the primary reasons that
individuals remain uninsured, even under the existing subsidy schedule.?! However,
this analysis has been focused entirely on the loss to (private) consumer welfare due
to selection. If there is a social value of increasing insurance coverage, either because
of an instrinsic value to society or the externality costs to society in the form of
charity care when uninsured individuals use emergency department services, then
the current estimates would under-state the value of premium subsidies. This social
value of increasing coverage can be embedded into this framework and may better

reflect the total value of additional premium subsidies.
3.5.4  The Social Value of Coverage

This framework can be extended to include a social value to increasing insurance
coverage in the welfare evaluation. Indeed, the first goal of the Affordable Care
Act was to decreased the nationwide uninsured rate. There are a variety of poten-
tial sources of this social value. Society may place an intrinsic value on insuring
those who may not be able to afford insurance, as has been part of the motivation
for other publicly funded insurance programs in the U.S. Alternatively, society may
value increasing coverage because of the externality from uninsured individuals for-
going care until they utilize more expensive emergency department services. The

Emergency Medical Treatment and Active Labor Act (EMTALA) requires hospi-

21 “Of uninsured adults who are aware of the marketplaces or who have tried to enroll for coverage,
the majority point to affordability concerns as a reason for not signing up” (Collins et al., 2016).
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tal emergency departments that accept Medicare payments to provide medical care
to anyone seeking treatment, regardless of their ability to pay. This care provided
to uninsured individuals is typically uncompensated care, imposing an externality
on the insured population which can result in a social value of coverage above the
individual’s willingness to pay for insurance.

Now, suppose that society has a social value of $r per person to having them
insured. One can simply add this social benefit to the change in welfare equation
from before. The change in welfare resulting from a subsidy of $s per person is now
the consumer benefit minus the cost of the policy as before, but with the additional

social benefit of $r for each additional person covered by the policy:

AW =CB-C+SB

= Jqs (D(q) — MC(Q))dq — Qs S+ (QS - QeQ) T

Geq

A social value of insurance of r = 0, the lower bound, results in the cases investigated
above. For r > 0, this would make the subsidies more beneficial relatively to the
previous results. For the constant elasticity case, my estimates suggest that any
value of r > $78, i.e. a value to society of at least $78 per month of insuring an
individual, would lead to an efficient outcome where subsidies are used to obtain full
coverage for the entire population. When only a blanket subsidy is available (i.e. no
age-targeted subsidies available), the threshold is 7 > $205 to obtain full coverage
as the efficient policy target. Assuming the linear functional forms, these thresholds
for r are $121 and $354, respectively.

Although I do not estimate r in this paper, previous literature and policy dis-
cussions can give a sense of what values might be plausible. For example, the ACA
individual mandate penalty is one example of a number that aimed to reflect the cost
to society of remaining uninsured. For 2016, the penalty for failing to obtain insur-
ance coverage was $695 per adult, or about $58 per month. Although this number is
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still below the $78 per month required to justify subsidies that attain full coverage
for the entire population given my estimates, it suggests that the subsidies in my
baseline cases that exclude the social value of insurance do offer only a lower bound

on the socially optimal subsidy.
3.6 Robustness and Extensions

This section checks for robustness across different definitions of medical market (using
Hospital Service Areas rather than Hospital Referral Regions), and then investigates
what drives the results through extensions. Breaking the medical spending into
whether it is ER or non-ER spending reveals that the selection is primarily driven
by changes in non-ER spending across the boundaries. Had the results been driving
by differences in ER spending, one might worry that moral hazard could have been
at play, in that the insured population began to engage in more risky activities. The
fact that the differences driven entirely by the non-ER spending providers further
support that individuals have private (or at least non-priced) information about their

health status, and use this information to make their insurance decisions.
3.6.1 Robustness

One difficulty in using zip codes in this context is that the rating areas are defined by
groups of counties, and zip codes can cross county boundaries. In particular, there are
several zip codes in Colorado that cross county boundaries of two counties that are
in different rating areas. In the preceding analysis, I assigned each of these zip codes
to the county which contained the largest proportion of the zip code’s population.
For robustness, here I present results from analysis that completely drops all of these

“ambiguous” zip codes.?? The results for the OLS are shown in Table A13, and the

22 T drop these zip codes before running the matching algorithm, so compared to the previous
analysis, it is possible now for zip codes to be arranged in different pairs.
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results for the IV are shown in Table A14. For these specifications, the sample size
has decreased due to there being fewer boundary zip codes available, but the results
are quite similar and thus fairly robust to dropping these zip codes.

I also estimate the same regressions, but when constructing the pairs of zip codes,
use HSA as the definition of the medical market, rather than the HRR. Because HSAs
are much smaller than HRRs, there are fewer candidate boundary zip codes in this
case, and thus fewer pairs of zip codes and smaller sample sizes. In particular, the
number of zip code pairs falls from 32 to 19. The OLS results from using the HSA
criteria are shown in Table A15, and though there is more variation across premium
measures, and less statistical significance, the point estimates are not very different
from before. Using the leave-out cost instrumenting strategy yields more statistical
significance and less variation across premium measures, as shown in Table A16.
Using the instrument thus matches quite closely to the previous results from using
HRRs.

Finally, rather than restricting zip codes to be matched into pairs, I allow for
groups of more than two zip codes to be matched together. This yields a larger
sample size. However, here the coefficients are smaller than before, and are much less
statistically significant, as shown in Table A17. Using the leave-out cost instrument,
no premium measure remains statistically significant, and the coefficients have fallen
to around 0.4.

I have additionally considered quantile regressions for the boundary equation.
Because many individuals have no healthcare spending, there are many zeros in the
data for the dependent variable, annual medical spending. In some zip codes, almost
half of the insured individuals in the boundary sample have no healthcare spending
in 2014. I therefore run quantile regressions, and at the 75th percentile, the measured
adverse selection is similar to the mean regressions. Using low percentiles (median or
lower) does not yield meaningful results because in those ranges, many individuals
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have little or no medical spending and so there is no variation to be explained.
3.0.2 Extensions

In order to look at what types of spending might be driving the selection, I run
all of the previous specifications, breaking down the medical spending paid by the
plan into whether the expenses were incurred as part of emergency room care or
not.?> These results are shown in Table 3.10. Table 3.10 uses the % increase for
BlueCross BlueShield’s Silver plan, and columns (1)-(3) show that with the zip code
group fixed effect, emergency room spending does not change much as one moves
across the rating area boundary. Columns (4)-(6) show clearly that the adverse
selection detected previously is driven by changes in spending in non-emergency
room spending. The zip code group fixed effect causes the premium coefficient for
ER spending to drop to 0.07, while for non-ER spending, the coefficient increases
to 0.89, similar to the magnitude found in the main results. This suggests that the
selection is due to difference in non-emergency spending as one moves across the
rating area boundary. The results are very similar when the % increase in premiums
is measured using products from other insurers, or whether it is measured as the

change in the premium of the average silver plan available.
3.6.3 Sorting Across Metal Levels and Moral Hazard

The preceding analysis has focused on the extensive margin and the overall costs of
the entire insured pool, due to the nature of the premium variation offered by the
rating areas. However, individuals are able to respond to higher premiums not only
by leaving the insurance market, but also by sorting into a perhaps less generous plan
(e.g. Bronze rather than Silver plan). Thus, there may be adverse selection across

metal levels as well. However, if an individual’s behavior depends on the metal level

23 In the sample, emergency spending is about 11% of the total medical spending
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in which they are enrolled, i.e. if there is moral hazard, this may lead one to overstate
the estimated selection effect.

To make concepts precise, [ will use the term “extensive moral hazard” to refer
to an individual changing their behavior with respect to healthcare utilization when
they are insured vs. uninsured, and I will refer to “intensive moral hazard” as
an individual changing behavior depending on the metal level in which he or she
is enrolled. Because I have estimated the changing utilization based on only the
insured sample, extensive moral hazard will not effect the estimates presented here.
The estimates can be thought of as, given a certain level of extensive moral hazard,
representing the selection effect.

Intensive moral hazard, however, may bias the selection effect. However, in the
typical case, if higher premiums lead an individual to sort into a less generous plan
(e.g. Silver to Bronze), and then moral hazard leads individuals in less generous
plans to use less healthcare, that would leave the previous estimates to understate
the true selection effect. If on the other hand, one could assume that healthcare uti-
lization decisions did not depend on the metal level, then the previous estimates have
identified exactly the selection effect. In other words, if we assume away intensive
moral hazard, the estimates presented thus far are the selection effect. With inten-
sive moral hazard, theory suggests these estimates would be an underestimate of the
selection effect. All of these concepts are precisely defined, and the reasoning why
moral hazard would cause the estimated effect to be an underestimate of selection,
in an explicit framework in Appendix A.5.

In order to try to estimate the intensive moral hazard itself, I investigate sorting
across plan metal levels. There are, however, two complications. First, the rating
areas do not offer exogenous premium variation across metal levels. That is, for each
insurer, the prices of are all adjusted depending on the rating area by multiplying
the premium by the same rating area factor. Secondly, this is not a particularly
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large market segment, and there is variation across insurers on how well the plan
metal level of each individual can be identified in the data. Moreover, the sample of
individuals on the boundary is small, and therefore for some metal levels, very few
individuals could be identified in boundary zip codes. For example, I am only able
to identify a small number of individuals from the boundary sample who are in Gold
or Platinum plans.

I therefore focus here on Bronze and Silver plans, and present results analogous
to before, but for individuals only in each of these plan metal levels. Table A19
shows the same regression, but now using only the subsample of individuals which
have been identified to have enrolled in a Bronze plan. The results show strong,
positive coefficients, indicating that the average costs of the Bronze enrollee pool
increases with premiums. This can be driven by two effects: (1) the relatively healthy
individuals from Bronze plans drop out of the market as premiums increase, and (2)
some less healthy individuals who were previously in more generous plans may sort
into Bronze plans. The results for Silver plans, shown in Table A20, are also positive,
but not statistically significant.

The intensive moral hazard, or how individuals respond in healthcare utilization
when moving from Bronze to Silver, can then be estimated. This is done by deriv-
ing, for each metal level, the marginal cost curve from the demand and average cost
curves, as was done for the entire sample in Figure 3.6. Then, the point by point
difference between the estimated MC curves for Silver vs. Bronze plans give an esti-
mate of moral hazard. This is because this difference would indicate the differences
in healthcare expenditures for the marginal individuals as they move from Silver to
Bronze. If the two marginal cost curves are identical, that would indicate that in-
dividuals do not change the amount of healthcare services they use during the year
because of being moved from a Bronze to a Silver plan. In practice, however, this

is imprecise because the boundary research design requires eliminating much of the
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available data, leaving only a small sample of boundary residents. Moreover because
each insurer’s rating factor is applied to all plans offered, there is not directly ex-
ogenous premium variation across metal levels. Thus, in this context, it has proven
difficult to estimate directly and confidently the magnitude of the intensive margin

moral hazard.
3.7 Discussion and Conclusion

This study has presented robust evidence of adverse selection in Colorado’s non-group
health insurance market, including the state’s ACA Health Insurance Exchange. Wel-
fare analysis suggests that selection leads to fairly large welfare losses in this market,
leaving room for policy interventions that increase coverage to potentially improve
market efficiency. The heterogeneity across age groups in both the estimated selec-
tion effect and demand side price responsiveness implies that age-targeted policies
can be particularly effective. Indeed, I find that while an additional blanket subsidy
would be a cost effective improvement to welfare, age-targeted subsidies would be a
more effective use of public funds.

There are several limitations to this study. First, because the identification of
selection relies on differences across the rating area boundaries, the analysis must
be restricted to a small subset of all individuals in the dataset. Moreover, these
individuals tend to reside in more rural areas of the state, as the rating areas are
designated so as to not cut through metro areas.

A second limitation is the threat to identification stemming from the fact that in-
dividuals purchasing insurance through the state-run insurance exchange are eligible
for premium subsidies, and in 2014 about 60% of individuals purchasing through the
exchange in Colorado received some financial assistance. Data on individual incomes

and premium subsidies are not available in the APCD.?* In terms of the estimates

24 The premium subsidies are available to individuals making below 400% of the Federal Poverty
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presented in this paper, I argue that the premium subsidies will lead to an underes-
timation of the selection effect, and therefore they should be interpreted as a lower
bound on adverse selection.

This study has provided the first quasi-experimental evidence of adverse selec-
tion using cost data directly from the ACA Exchange markets. However, it will be
important to take into account further research on these markets, including evidence
from other states, datasets, and research designs. Because only the first year of data
was available for this study, there remain many important questions relating to the
dynamics of the markets and the outcomes once the markets have begun to stabilize.
As data becomes available for more years and contexts, there will be an increasingly
greater scope to understand the effects of selection and competition in healthcare

and insurance markets.

Line (FPL), and they work by capping the % of income that an individual pays for health insurance.
For example, someone at 200% FPL would have to pay no more than 6.3% of their income in order
to purchase the second-lowest cost silver plan in their area.

66



o
o
S |
i -
» 8
> S
2~
©
§_O 1835
o
hS -
R Cowms
=}
g
o
<8 1067 1305
(=]
fUN
s
g
Z8
S |
—

Newly Insured Previously Enrolled Employer-Based Group

I (npatient I Outpatient
Professional Services [ Pharmacy

FIGURE 3.1: 2014 Annual Medical Spending

FIGURE 3.2: 2014 Rating Areas in Colorado. 5—digi Zip codes are shown grouped
into Rating Areas based on color. The outlines designate the grouping of Zip codes
into medical markets, here defined as the Hospital Referral Region (HRR).
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FiGURE 3.3: 2014 Rating Areas in Colorado. 5-digi Zip codes are shown grouped
into Rating Areas based on color. The outlines designate the grouping of Zip codes
into medical markets, here defined as the Hospital Service Areas (HSA).
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FiGURE 3.4: Change in BlueCross BlueShield Silver Premium Across Rating Area
Boundary. There are 32 pairs of neighboring zip codes that cross a rating area while
remaining in the same HRR. This graph shows the change in monthly premium for
BlueCross BlueShield’s Silver plan across each of the 32 pairs of zip codes
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F1cURE 3.5: Cost Heterogeneity Across Age. This shows graphically the marginal
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costs, this suggests the efficient allocation is full coverage. The calculated welfare
loss due to selection is $22 per person per month. I take the linear functional form

as an upper bound for welfare estimates.
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71



Table 3.1: Non-group Take Up Rates in Colorado, 2014
Direct Purchase 2014 Uninsured 2014 Take-up Rate, %

All Ages 800 603 57.0
<18 143 105 57.6
18-24 58 113 33.9
25-34 68 120 36.2
35-44 71 94 43.0
45-54 126 83 60.3
55-64 118 78 60.2

Numbers in thousands. Source: CPS ASEC Supplement, 2015. Data
can be obtained via the CPS Table Creator available at www.census.gov.
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Table 3.2: Balance in Demographic Characteristics

Leaveout Cost  Premium
Age 18-34, % 0.607*** 0.611%**
(0.000) (0.001)
Median Age -0.427#%* -0.500%**
(0.001) (0.000)
Less than H.S., % 0.337* 0.251
(0.059) (0.149)
Bachelor’s, % 0.033 0.151
(0.856) (0.443)
Labor Force Participation Rate -0.335 -0.107
(0.163) (0.590)
Unemployment, % 0.000793 -0.000582
(0.489) (0.529)
Per Capita Income -164.4 -56.62
(0.235) (0.698)
Median Household Income -124.3 -109.0
(0.685) (0.722)
Native Born, % -0.419%** -0.510%**
(0.000) (0.000)
Hispanic, % 0.00803*** 0.009277#**
(0.001) (0.000)
2013 % Uninsured 35-64 0.000075 -0.00105
(0.969) (0.678)

Notes: Results of regression of leaveout cost instrument on tract-
level demographic characteristics, including the zip code pair
fixed effect. Each row represents a regression, with the first col-
umn listing the dependent variable and the second column the
coefficient on leave-out costs. p-values are given in parentheses.
Each tract is weighted by the % of the total population of the

zip code represented by the tract.
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Table 3.3: External Validity of Boundary Sample
Full Sample Boundary Sample

Female, % 0.53 0.51
(0.50) (0.50)
Avg Age 35.61 36.42
(18.88) (19.18)
Population 18-34, % 23.47 20.45
(8.83) (5.58)
Population 35-64, % 41.63 43.63
(5.74) (5.95)
Median Age 38.25 40.28
(5.50) (5.86)
Less than H.S., % 6.77 10.69
(6.16) (6.64)
Bachelor’s, % 27.81 22.54
(9.53) (10.43)
Labor Force Participation 69.89 67.17
(6.62) (10.59)
Per Capita Income 36308.30 30785.89
(10212.73) (9948.30)
Native Born Pop, % 91.89 91.24
(5.04) (5.49)
N 248273 15710

Notes: Comparison of boundary sample to entire population
insured in non-group market. The age and gender variables are
from the medical claims database. Other variables are Zip code
level demographics from the 5-year ACS (2010-2014).
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Table 3.4: Evidence of Selection: IV

(1) (2) (3) (4) (5)
Premium Measure: AvgSilver BCBS RMHP NHV 2LCS

OLS:
Premium % Increase 0.683* 0.881***  (0.695** (.989** (.612***
(0.347)  (0.201)  (0.338) (0.422)  (0.173)

IV:
Premium % Increase  0.747** 0.811**  0.732** 1.102** 0(0.618***
(0.346) (0.333)  (0.366) (0.440)  (0.226)

Zip Pair FE Yes Yes Yes Yes Yes

Observations 9735 9735 9735 9735 9735

Standard errors in parentheses

* i1, ** pi.05, ¥ pi.0l
Notes: Results from regression of log residualized annual medical expendi-
tures on % increase in premiums. The second row uses leave-out costs as an
instrument for premiums. The columns represent different measures of chang-
ing premiums when stepping across the boundary. Column (1) is the change
in the premium for the average silver plan. Columns (2)-(4) use the change
in premium for the exact same silver plan offered by three statewide insurers
(BlueCross BlueShield, Rocky Mountain Health Plan, New Health Ventures).
Column (5) uses the change in premium for the second lowest cost silver plan
(2LCS). The results generally imply that a 1% increase in the insurance pre-
miums in an area increases the annual medical expenditures of the insured

population by about 0.8%. Standard errors are clustered at the zip code pair
level.
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Table 3.5: Placebo IV Regressions

2013 Non-group 2014 Group 2014 Medicaid
Premium Measure: AvgSilver BCBS AvgSilver BCBS AvgSilver BCBS
Premium % Increase 0.274 0.289 -0.0301  -0.0347 -0.189 -0.220

(0.367) (0.387) (0.214) (0.248) (0.239) (0.289)
Zip Pair FE Yes Yes Yes Yes Yes Yes
Observations 10429 10429 38516 38516 68007 68007

Standard errors corrected for clustering at zip-pair level in parentheses

* pi-1, ** pj.05, *** pi.01

Notes: Results from placebo test of regression of log annual medical expenditures on % increase
in premiums, using leave-out costs as an instrument for premiums. The placebo test runs the
same regression using the 2014 Medicaid enrollees, whose behavior should not be affected by
rating area boundaries. Standard errors are clustered at the zip code pair level.

Table 3.6: Breakdown by Age

(1)

Premium % Increase -0.0534
(0.395)
Premium % Increase x Age in 2014 0.0447**
(0.0213)
Premium % Increase x Age in 2014 x Age in 2014 - 0.000618***
(0.000296)
Zip Pair FE Yes
Observations 9730

Standard errors in parentheses

* pi.1, ** pj.05, *** pi.01

Notes: Results from median regression of log annual medical expen-
ditures on % increase in Average Silver premiums, broken down by
age. Adverse selection appears to be driven primarily by individuals
below age 55, and particularly for those ages 35-44. Standard errors
are clustered at the zip code pair level.
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Table 3.7: Indicator for Chronic Condition

2014 Non-group 2013 Non-group (Placebo)
AvgSilver  BCBS AvgSilver BCBS
Premium % Increase  0.105%**  0.0779** -0.0104 -0.00209
(0.0315)  (0.0362) (0.0408) (0.0455)
Zip Pair FE Yes Yes Yes Yes
Observations 9736 9736 10430 10430

Standard errors corrected for clustering at zip-pair level in parentheses

* pi.1, ** pi.05, *** pi.01

Notes: This table shows the results using an indicator for the presence of
chronic conditions as the dependent variables, as well as placebo regressions.

The coefficient of 0.105 in the first column indicates that for each 10% increase
in the monthly premium, the probability that an insured individual has a
chronic condition increases by 1.05 percentage points.
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Table 3.8: Demand elasticity estimates

(1)

(2)

Premium % Increase -2.572%** -4.973%**
(0.839) (1.557)
Premium % Increase x Agebin 0.960*
(0.526)
Group FE Yes Yes
Observations 172 172
Margins
Age 25-34 _4.013%%*
[-6.280,-1.745]
Age 35-44 -3.052%%*
[-4.778,-1.327]
Age 45-54 -2.092%*
[-3.818,-0.367]
Age 55-64 -1.132
[-3.400,1.135]

Standard errors in parentheses
* pi.1, ** pj.05, *** p;.01

Notes: Results from a zip code-level regression of the log of
each zip code’s estimated insured rate on the premium mea-
sures. The negative coefficient indicates the expected down-
ward sloping demand curve, that is, there is a relatively higher
share of uninsured individuals when the premium is higher.
The pattern across age groups indicates that the younger con-

sumers are more price sensitive.
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Table 3.9: Optimal subsidy policy by age, no restrictions on age pricing

Subsidy, $ Share Benefit Cost Net Ratio (Benefit/Cost)
Optimal Subsidy
25-34 13.89 0.97 5.17 3.33 1.83 1.55
35-44 15.06 0.99 5.89 3.25  2.64 1.81
45-54 13.16 0.84 4.11 3.04 1.06 1.35
55-64 0.00 0.60 0.00 0.00 0.00 -
Total 9.63 0.84 15.16 9.63  5.53 1.57
Blanket Subsidy
25-34 11.99 0.88 4.25 2.63 1.62 1.61
35-44 11.99 0.88 4.40 2.29 211 1.92
45-54 11.99 0.82 3.72 2.70 1.01 1.38
55-64 11.99 0.65 1.23 2.01 -0.78 0.61
Total 9.63 0.80 13.59 9.63 3.96 1.41

Notes: This table shows the effects of age-targeted premium subsidies.

The top

panel shows the results of the optimal subsidy for each age group. The bottom panel
shows the effects of a policy of spending the same amount of money as the age-
targeted subsidy policy, but only using a blanket subsidy. The first column shows the
monthly per person subsidy amount. Share indicates the share of the age group that
is covered under the optimal subsidy amount. The benefit, cost, and net amounts
indicate the per person welfare quantities resulting from the subsidy. A ratio greater
than one indicates that the benefits are greater than the costs. These numbers based
on allowing flexibility in age pricing. The key takeaway is that spending the same
amount of money but without age targeting leads to lower welfare gains and lower
coverage levels.
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Table 3.10: ER vs. Non-ER spending
0. @ @ 0 ©)
ER ER ER Non-ER Non-ER Non-ER
Premium % Increase -0.405*** 0.0535 0.0724  -0.327*  0.765** (.898***
(0.140)  (0.276) (0.267)  (0.166)  (0.295)  (0.305)

Female -0.0250 0.897***
(0.0508) (0.0533)
Age FE No No Yes No No Yes
Zip Pair FE No Yes Yes No Yes Yes
Observations 9736 9736 9735 9736 9736 9735

Standard errors in parentheses

* pi.1, ** p;j.05, *** pi.01

Notes: Results from regression of log annual medical expenditures on % increase in
BCBS premiums, broken down by whether spending occurred due to an emergency room
visit. Columns (1)-(3) show that with the zip code group fixed effect, emergency room
spending does not change as one moves across the rating area boundary. Columns (4)-(6)
show that the adverse selection detected previously is driven by changes in spending in
non-emergency room spending. Standard errors are clustered at the zip code pair level.
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4

Hospital-Insurer Bargaining in Selection Markets

4.1 Introduction

There is an emerging literature exploring imperfect competition in selection markets
(Starc, 2014; Lustig, 2010; Mahoney and Weyl, 2014; Shepard, 2016; Tebaldi, 2016).
With the introduction of the Affordable Care Act health insurance exchanges, which
aim to foster competition in health insurance markets, understanding the interac-
tion between imperfect competition and adverse selection has become particularly
important. This paper highlights that different dimensions need to be taken into ac-
count; first, selection into the insurance market on the extensive margin will depend
on insurance premiums (the focus of Panhans (2017)), but with competing plans,
there will also be selection on the intensive margin across insurers. This margin
will depend both on differences in plan characteristics (see Shepard 2016) as well as
differences in premiums across insurers. There is evidence that in any given loca-
tion in the State of Colorado, the insurer who set the lowest premium in the area
attracted a relatively healthier pool of enrollees. This has implications for how in-

surers set premiums, make entry/exit decisions, and for the prices they are able to
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negotiation with physicians and hospitals, all issues with can be heterogeneous across
different market structures. Thus, this interaction between selection and imperfect
competition can potentially be important for understanding why some insurers have
experienced losses and exited exchange markets while others remain, how to think
about the dynamic effects competition in the insurance markets changing over time.

In order to investigate the effects of market structure on prices and its interaction
with adverse selection, this project will focus on insurance plans offered on Colorado’s
Exchange for coverage during 2014. Colorado is an ideal state to investigate this ques-
tion, as the Colorado All-payer Claims Database (APCD) has processed claims back
to 2010, and will include claims for plans sold through the exchange which started
in 2014. First, I need to measure the amount and type of selection of people en-
rolling on and off the exchange for 2014. Individuals enrolling in the exchange might
have been previously uninsured, covered by an off-exchange non-group plan, or in an
employer-sponsored plan. The claims data will allow us to observe the utilization of
newly insured individuals, who may have been previously uninsured either because
they were healthy and did not need healthcare, or they may have been unhealthy
people excluded because of a pre-existing condition. In addition, individuals who
experienced a separation from an employer may have enrolled in an exchange plan
with higher cost sharing, and I will be able to observe how their utilization changes in
response to the plan generosity. These measures will be important for the bargaining
model, as markets across the state may face different amounts of adverse selection,
with implications for insurer entry and premium-setting.

Particularly in more concentrated provider markets, a hospital might be able to
achieve higher markups when facing a competitive insurer environment as compared
to when facing a single insurer. However, a dominant insurer might not have an
incentive to pass the lower prices on to the consumers if there is no insurer com-

petition, leaving an overall ambiguous effect of insurer concentration on consumer
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premiums. Thus, understanding how the market structure affects insurer-hospital
bargaining can potentially go a long way in explaining geographic variation in prices
and offer insights on how to contain healthcare costs. Some empirical literature has
offered evidence on the magnitudes of these effects of market structure, generally
using cross-sectional data to correlate hospital or concentration with prices (or hos-
pital quality, see Gowrisankaran and Town (2003)). One paper that takes advantage
of panel data is Town et al. (2006, The Welfare Consequences of Hospital Mergers)
which examines the effects of the wave of hospital consolidations in the 1990s on
premiums. The authors use regression analysis to find that the effect of hospital
consolidation is a function of the concentration of the downstream market; hospital
consolidation in a concentrated insurer market simply had the effect of transferring
surplus from the insurer to the hospital, while more competitive insurer markets ex-
perienced increases in premiums. The authors also provide a theoretical model that
formalizes the roles that upstream and downstream market structures can have on
consumer welfare.

Additionally, this literature has not generally incorporated adverse selection (with
Handel (2013) and Shepard (2014) as exceptions), while in this study the selection
onto the new health exchanges could potentially play an important role in explain-
ing some of the premium variation across geography. This selection could even affect
Exchange stability and viability. For example, one new insurer funded by the ACA,
which operated on the Iowa and Nebraska Exchanges, has found itself in a finan-
cial crisis because the enrollees were much higher utilizers than expected. As a
result, consumers in many parts of lowa are left again with only one choice of in-
surer. The difference in risk between on- and off- exchange enrollees could explain
higher on-exchange premiums, opening the door for policy such as a risk-adjustment

mechanism.
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4.2 Literature Review

This paper brings together three strands of literature. The first is the literature
on adverse selection in insurance markets. Theory has long posited that selection in
insurance markets could lead to inefficient outcomes, and this theory motivated early
empirical investigations such as the work by Chiappori & Salanie (2000, 2003), which
derived from theory positive correlation tests for asymmetric information (either via
adverse selection or moral hazard). The idea was to test for a correlation between
individuals’ healthcare utilization and level of coverage, a positive result suggesting
the existence of asymmetric information.

This early literature, however, was limited in its ability to evaluate the welfare
effects of selection, motivating a more structured empirical approach (see Einav,
Finkelstein, Levin (2010) for a review). By estimating economic models that spec-
ified consumer preferences, this second wave of literature sought to quantify the
welfare loss of asymmetric information, and evaluate the potential impact of sub-
sidies, mandates, and medical underwriting. One such paper is Einav, Finkelstein,
and Cullen (2010), which develops an approach for estimating welfare in insurance
markets using a straightforward empirical strategy derived from consumer and pro-
ducer theory. Their identification strategy relies on price variation in order to trace
out the demand curve, and data on costs (which are available on medical claims).
The authors show how to derive regressions from their theoretical model, and how
the estimated parameters from the regressions can be used to test for asymmetric
information and quantify welfare effects. They demonstrate the method with an
application using medical claims data from Alcoa, Inc.

One limitation of Einav, Finkelstein, and Cullen (2010) and the many other
papers that use microlevel data sets to study selection, is that the data generally come

from a single insurer or from a single firm that offers a menu of insurance plans to
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employees. State-wide claims data provide a broader view of the insurance markets,
allowing for an investigation into how selection interacts with market competition
among insurers (for example, how insurers take into account selection into their
pricing and entry decisions depending on the level of competition).

A second strand of related literature focuses on competition in health markets
and network formation. The implementation of the Affordable Care Act insurance
Exchanges came with the hope that encouraging insurer entry and competition might
put downward pressure on premiums that consumers face. However, both theoretical
and empirical evidence suggest that insurer competition could also lead to higher

! The methods used in studying

prices by giving providers greater market power.
these questions often involve estimation a structural model of hospital and insurance
demand to understand network formation (Ho (2006), Ho (2009), Shepard (2015)).
For example, Ho (2009) estimates how the network formation between managed care
organizations (MCO’s) and hospitals affects the downstream choice of MCO.

My paper builds most closely off of Ho and Lee (2013), who develop a formal
bargaining model and use it to guide regression specifications. The authors use claims
data from two large insurers in California in 2004 to show that the effect of insurer
competition on negotiated prices can be substantial. The importance of claims data
in this context is that it allows the authors to observe actual prices paid from insurers
to hospitals. The limitation in their context, however, is that with only two insurers
they are unable to model insurer competition and premium-setting. According to
Einav, Finkelstein, and Levin (2010), there has not yet been a paper that studies the

price setting by insurance providers?. State-wide claims data would allow for one

to explicitly model insurer premium-setting for plans offered on the ACA Exchange,

1 See Town, Wholey, Feldman, and Burns (2006)

2 “Although we are unaware of empirical papers that attempt even the basic type of pricing
analysis for insurance providers, Einav et al. (2008) develop and apply a related approach to study
pricing of credit contracts.” (“Contract pricing in consumer credit markets”)
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and thus are able to explore the pass-through from the hospital-insurer negotiations
to consumers.

The third strand of relevant literature investigates bilateral bargaining, a process
which arises to set prices in many markets where no auction occurs. Horn and
Wolinsky (1988) developed a framework for modeling bilateral bargaining which has
been further developed and applied in numerous contexts. In the healthcare context,
this is useful to understand the process by which hospitals and insurers determine
the prices that will be paid for health care procedures®. Grennan (2013) uses a
similar technique to study the prices set in the bargaining between hospitals and stent
manufacturers. The paper most relevant to the present context is Gowrisankaran,
Nevo, and Town (2015), which models the bargaining between hospitals and managed
care organizations (MCOs), who bargain on behalf of employers. The authors are
particularly interested in understanding the effects of a proposed hospital merger in
Northern Virginia that was challenged by the FTC and ultimately abandoned. They
estimate the parameters of a bargaining model, and use the results to investigate
the influence of hospital bargaining power on prices and to simulate the effects on
prices of hospital mergers. Their paper is novel in that it models consumer cost-
sharing through coinsurance. It also does not require data on the downstream market
(insurers competing to enroll consumers).

Particularly in more concentrated provider markets, a hospital might be able to
achieve higher markups when facing a competitive insurer environment as compared
to when facing a single insurer. However, a dominant insurer might not have an
incentive to pass the lower prices on to the consumers if there is no insurer com-
petition, leaving an overall ambiguous effect of insurer concentration on consumer

premiums. Thus, understanding how the market structure affects insurer-hospital

3 Dranove and Satterthwaite (2000) and Gaynor and Vogt (2000) provide good reviews of the
literature on the impact of buyer and seller concentration in health care markets.
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bargaining can potentially go a long way in explaining geographic variation in prices
and offer insights into how to contain healthcare costs. Some empirical literature has
offered evidence on the magnitudes of these effects of market structure, generally us-
ing cross-sectional data to correlate hospital or concentration with prices (or hospital
quality, see Gowrisankaran and Town (2003)). One paper that takes advantage of
panel data is Town et al. (2006) which examines the effects of the wave of hospital
consolidations in the 1990s on premiums. The authors use regression analysis and
find that the effect of hospital consolidation is a function of the concentration of the
downstream market; hospital consolidation in a concentrated insurer market simply
had the effect of transferring surplus from the insurer to the hospital, while more
competitive insurer markets experienced increases in premiums. The authors also
provide a theoretical model that formalizes the roles that upstream and downstream

market structures can have on consumer welfare.
4.3 Stylized Model

To illustrate the importance of considering the effects of insurer bargaining in a
selection market, this section provides a simple stylized model. We start with a
graphical analysis that builds directly off of the graphical analysis described in Einav
et al. (2010b). However, the graphical depiction is most amenable to considering
a case with two plans. Because an important part of bargaining comes through
plan differentiation, we extend the framework to allow for more than two plans,
and explore the properties of that simple model without the use of the graphical

exposition.
4.3.1  Graphical Example

We reproduce the graph from Einav et al. (2010b) in Figure 4.1. Individuals make

a binary choice between a plan with full insurance or no insurance. The downward
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sloping marginal cost and average cost curves indicate adverse selection (i.e. those
with the highest demand for insurance are also the costliest to insure). The compet-
itive equilibrium occurs where demand intersects average costs, while the efficient
allocation is the point where demand intersects marginal costs, yielding the classic
result that adverse selection leads to an under-provision of insurance. The shaded
triangle indicates the welfare loss due to selection. Call this Case 1, which assumes
that both insurance and healthcare markets are perfectly competitive.

Consider alternatively a situation where healthcare providers have some amount
of market power, such that they are able to charge a markup pu for services provided.
The marginal expenditure for individual ¢ is now the marginal cost plus the markup,
ME; = MC; + p. In order to break even, the insurance plan now sets premiums
such that demand is equal to its average expenditures. The competitive equilibrium
quantity in Case 2 is now lower than it was in the first case, geq2 < geq,1- Thus, the
welfare loss due to adverse selection is amplified when providers have market power
vis-a-vis insurers. This situation is depicted in Figure 4.2.

Consumer surplus is thus lower in Case 2. Partly this is due to providers cap-
turing some of the surplus that previously went to consumers. However, there is an
additional welfare loss due to provider markups in a selection market, above what
is transferred from consumers to providers. To illustrate, we quantify the welfare
magnitudes from the graphical framework. In Case 1 depicted in Figure 4.1, the
consumer surplus is $56.8 and the welfare loss due to selection is $18.3. In Case
2, we calculate the provider surplus (PS), consumer surplus (CS), and welfare loss

(WL) from Figure 4.2 as follows:

deq,2
PS = ME(q) — MC(q)dg
0

deq,2
CS = D(q) — ME(q)dq
0
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WL = f“ D(q) — MC(q)dq

deq,2
Note that:
W L2 - WLL  +  (CS1—(CS2+ PS2))
S~—— S~—— N ~ ~
Welfare loss in Case 2 Welfare loss in Case 1

Welfare loss due to provider market power

If all consumer surplus was simply transferred to providers, this last term would
be zero. However, in this framework, market power in the provider market has an
additional welfare cost in a selection market. Specifically in the graphs we have
presented, we find that C'S1 — (CS2 + PS2) = 56.8 — (32.4 + 14.1) = $10.4. The
total welfare loss in Case 2 is this amount in addition to the welfare loss in Case 1:
WL2=WL1+ (CS1—(CS2+ PS2)) =183+ 10.4 = 28.6.

Even in the absence of selection, there of course is a deadweight loss from in-
troducing market power alone. In this example, a market without any selection but
with the same amount of market power leads to a deadweight loss of only $1.53.
Table 4.1 shows the deadweight loss using the parameters from this example, under
four scenarios with and without both market power and selection. Adverse selection
clearly interacts with market power to exacerbate the welfare loss, beyond simply

the summation of the deadweight loss due to market power and adverse selection

independently.
Table 4.1: Deadweight loss in various settings
‘ No Market Power With Market Power
No Selection 0.00 18.30
With Selection 1.53 28.66

Notes: Welfare loss with and without both selection and market
power. Adding market power means that providers receive a markup

@ = $50 per individual. The demand and cost curves used for this
example are the ones shown in Figure 4.1.

The reason that the total deadweight loss exceeds the summation of the dead-
weight loss due to market power and adverse selection can be shown graphically.
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Figure 4.3 shows the deadweight loss with these linear curves. Because of the way
the markup enters here on a per-person basis, the marginal expenditures (marginal
cost+markup) is an upward shift in the marginal costs. In the efficient case given
markups, insurers would set premiums such that demand matched marginal expen-
ditures. Thus, the pink region shows the deadweight loss due to market power alone,
compared to the efficient allocation without markups. On the other hand, even
without any market power, selection in a competitive market leads to average cost
pricing, such that the efficient allocation is given where average costs and demand
intersection. The deadweight loss in the case is the pink+grey area, and is the same
as shown previously in EFC. Finally, combining adverse selection and market power,
leads insurers to price where average expenditures (average costs + average markups)
intersect demand. The total deadweight loss is then given by the blue+grey+pink
shaded areas, and in this case the total deadweight loss will be larger than the dead-
weight loss due to either selection or market power alone.

Figure 4.4 shows the results of the same analysis for constant elasticity demand
and average cost curves, in order to address the concern that this result is due to
the particular linear function form assumption. In the case, the same pattern holds
where total deadweight loss with market power and selection exceeds the deadweight
loss due to either channel alone. However, it is important to mention that this result
holds given the way that market power enters this model. There are alternative ways
of introducing market power, and thus how markups enter the healthcare markets,
that could give different comparative statics. Moreover, there are different ways to
model adverse selection, which can also affect how the interaction with market power

in these exercises.
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4.83.2  Analytic Example

To illustrate the importance of including bargaining in a selection market, consider
the following simple stylized model. Each individual ¢ has a private draw of health
status 0; ~ F'(6;). There are two insurance plans available in the market, denoted by
A and B. Each plan j is defined by a level of premiums and a negotiated price for
healthcare services, denoted by (¢;,p;) respectively. An individual can choose one
of the available plans or to remain uninsured, so that the each individual can choose
exactly one alternative from the choice set, denoted {N, A, B}.

Each individual i chooses how much healthcare to consume, m;(6;, 7). This allows
for moral hazard, in that the choice of healthcare consumption can depend on the plan
in which an individual is enrolled. For now, we assume no moral hazard, so that m(6;)
depends only on health status, and not on the plan in which an individual is enrolled.
For simplicity we assume that both plans fully cover all healthcare expenditures, so
that the cost to each insurer for enrolling individual ¢ is c(pj, m(6;)) = p; - m(6;). It
depends on both ¢’s choice of amount of healthcare, and the price which the insurer
was able to negotiate with healthcare providers.

Let the individual health status be drawn from a uniform distribution over the
unit interval, §; ~ U|0, 1], and suppose it perfectly determines health utilization, so
that m;(#;) = 6,. Each i has a valuation for plan j of v;;, and chooses the plan to
maximize utility. Let

1

’Uij:(sj"m

—ad; —B-¢j+ey

where 0, is the mean value of the insurance plan relative to no insurance (so oy = 0).
We impose plan differentiation by setting 64 > dp > 0. Heterogeneity in 6; implies
selection, here through interaction with the value of insurance. This specification

allows sicker individuals (with a higher 6;) to place more value on insurance than
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healthier individuals.
Suppose that plans follow break-even pricing, so that they set premiums to equal
average costs.? Denoting by I; the set of individuals who choose plan j, then each

plan sets ¢; such that:

¢; = El[p; -m(6;) | i € 1]
Case 1: Competitive Insurance and Provider Markets

Consider first a benchmark case where both insurance and provider markets are
perfectly competitive. Denote by ¢, the cost of providing healthcare services. In a
perfectly competitive provider market, insurers are able to negotiate prices such that
providers earn zero profits, so p4 = pg = ¢,. Because of the consumer preferences,
there will be selection in this case, and for many parameters values this will lead to a
separating equilibrium. That is, there will be some cutoff values (6, §) such that all
i with §; > 0 chose plan A, those with 6; € [0, §] chose plan B, and those with 6; < §
chose no insurance. Because healthcare providers are always paid at the marginal
cost of providing healthcare services, there is no producer surplus.

The efficient allocation involves insuring each individual in the plan they value
most, if and only if their value for insurance is higher than the cost of insurance
them. The competitive equilibrium in this framework includes welfare loss due to

selection, analogous to that calculated in Einav et al. (2010b).
Case 2: Imperfectly Competitive Provider Market

Suppose now a case where the provider market is imperfectly competitive, and
providers can attain a markup from insurers. In particular, let p4 > pp = ¢,

that is, plan B has for whatever reason been able to negotiate lower prices with

4 This is the pricing behavior expected in a perfectly competitive insurance market. Similar
behavior can also result from regulations in insurance markets, such as the Medical Loss Ratios
(MLRs) that were implemented as part of the Affordable Care Act.
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healthcare providers. This can be because B is a narrow network plan that was able
to exclude high-cost providers. However, the implications of the model hold for any
reason that leads to different negotiated prices, including simply heterogeneity in
bargaining abilities across insurers.

Because p4 > pp, the equilibrium premium for plan A will be higher, because
even when covering the exact same individuals, A’s costs will be higher due to facing
higher prices. But because of selection, relatively healthy individuals are more price
sensitive, and consequently more likely to move from A to B. This further drives
up the average costs for plan A, resulting in even higher premiums. Conversely,
plan B gains an inflow of individuals from A, who are healthy among plan A’s pool,
but less healthy than plan B’s pool. This increases average costs in plan B, and
thus premiums rise. In this case, there is a welfare loss for individuals who would
have chosen plan A when there was no selection, but were unwilling to pay the
higher premiums resulting from selection. At the same time, individuals who were
previously in plan B face higher premiums than before, since they are now in a pool
with less healthy individuals, and the welfare for this segment of the market would
fall. Moreover, some individuals who were previously in plan B may drop out of
the market. Thus, the many welfare implications lead to overall welfare effects that
raise the importance of distributional considerations across different types of agents.?
Our simulations of this model show that giving providers market power decreases
consumer welfare, but less than half of that decrease is surplus being transferred
from consumers to providers. Most is additional welfare loss due to adverse selection
that is exacerbated by the higher prices for healthcare services, analogous to the

effect demonstrated in the graphical analysis.

5 Note that the effects on plan B here are a result of the stark sorting across plans in this framework.
Using a random utility approach, plan B might experience an inflow of individuals from plan A
who were quite healthy, but had an idiosyncratic shock that had them in the most generous plan.
In general, the exact substitution patterns and welfare consequences are theoretically ambiguous.
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4.4 Relevant Empirical Patterns

This section shows descriptive patterns that motivate the modeling priorities. In
particular, the following three empirical patterns are taken as motivating evidence

for our approach:

e Lower prices plans (or narrow network plans?) attract healthier enrollees
e Narrow network plans have lower negotiated prices and offer lower premiums
e Negotiated prices depend on market structure

Regarding the first point, Table 4.2 shows the results from an individual level
regression of annual medical expenditures on the premium of the individual’s plan.
The positive coefficient indicates that for each extra dollar of monthly premium paid,
the individual’s annual medical expenditure was $30 higher. The pattern holds even
when controlling for the metal level of the plan and the location. What this means is
that given a certain plan generosity and a location, the plan with the lower premium
was able to attract relatively healthier individuals than competing plans of the same
generosity in the same location.

At the same time, there is evidence that market structure is important for de-
termining healthcare prices, but in sometimes surprising ways. Proponents of the
ACA talk about its goal of increasing insurer competition, as if it were obvious that
more competition would be beneficial. However, a competitive insurance market
can give providers leverage to negotiate higher prices for healthcare services (Ho
and Lee, 2017). Indeed there is evidence of this in Colorado. Table 4.3 shows a
regression where the dependent variable is the price of an inpatient admission. The
explanatory variables of interest are measures of insurance and hospital market con-
centration, given by HHI. The results suggest that markets with a more concentrated

insurance market have lower prices, and markets with a more concentrated hospital
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market have higher prices for inpatient admissions, as would be expected in the (Ho
and Lee, 2017) model. Table 4.4 takes this a step further an interacts the insurance
market HHI with a indicator for whether the market, defined here as Hospital Service
Area (HSA). Again, a similar pattern emerges where HSA’s with one or two hospitals
have higher prices compared to those with three (the excluded group). Moreover, the
interaction terms suggest that prices fall given a number of hospitals as the insurance
market becomes more concentrated. Note that in these results, the Denver metro
area has been dropped. This is because while in the rest of the state, each HSA has
at most 3 hospitals, the Denver area has over 10, making it a much different market
and with academic hospitals that make comparisons difficult with the rest of the

state.
4.5 Structural Model

A model that incorporates welfare in this market needs to consider how consumers
value hospitals, plans and premiums. Likewise, it is useful to understand how in-
surers set premiums and negotiations for how they may respond in a counterfactual.
This section presents a five-stage model which describes how consumers make these
choices, how the insurers set their premiums, and how prices and the network are
negotiated.

Stage 1: Prices and the network are negotiated between insurers and hospitals.

Stage 2: Insurers set their premiums.

Stage 3: Consumers choose which health plan to join.

Stage 4: Nature determines which consumers get sick.

Stage 5: Consumers who got sick choose which hospital to attend.
The framework in this section is standard in the literature, but it differs in how we
incorporate selection. As a preview of the estimation of the empirical model, the
following table lists each part of the model and which data are used in estimation.
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Model Step Input Output Method

Hospital Demand Admissions from | Hospital demand | MNL Logit
claims data;

Hospital ~ Char-
acterstics from
AHA

Network Utility Hospital demand | Expected Utility | Follows  Capps,
parameters of Hospital Net- | Dranove, Satter-

work waite (2003)

Health Plan Demand | Network utilities; | Plan demand MNL Logit

Market shares
from  eligibility

lists

Bargaining Model Plan demand; | Bargaining Follow Ho and
prices from | weights Lee (2017
claims data;

hospital costs

4.5.1 Individual Demand for Hospitals

Consumer 7, who lives in market m, is enrolled in health plan j, and gets sick with
condition [/, has to choose a hospital from their health plan’s network. To simplify
the model, assume consumers cannot go out of network, while in practice many do
but have to pay higher copays or coinsurance. Conditional on being sick enough to
go to a hospital, the utility of hospital h for the consumer is given by:

Ul = 6p + 2n v B7 + dui B+ el (4.1)

7

6 denotes the mean value of hospital h to a patient with condition /. The mean
value can include out-of-pocket prices the consumer would have to pay for that hos-
pitalization, hospital quality, patient preferences, etc. dj; is the distance from the
patient residence to hospital h. The distance coefficient is identified by variation
in hospital choice probabilities across counties.® 2, are observable hospital charac-

teristics such as location, number of beds, and indicator for national rankings, and

6 To compute the distance measure, I take the centroid of the patient’s zip code to the centroid of
the hospital’s zip code, then take an average weighted by the number of patients in each zip code
to get the mean distance at the county level.
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ownership status, and vy are consumer characteristics including diagnosis, location,
and demographics. e . is an idiosyncratic taste for hospital ~ and is i.i.d Type 1
extreme value. The outside option is using a hospital that is outside the rating area.
We normalize the mean value of the outside option to zero, Ui = €2 .

Because in this step of the model, consumers make a decision of hospital condi-

tional on becoming sick, adverse selection does not enter. Thus, this step is exactly

the same as in other models of hospital choice.
4.5.2  Network Willingness-to-Pay Calculation

To allow for selection, we allow consumers to have private information about their
health status, denoted 6;, which will affect their valuation for hospital networks. Note
that 6; may include information that can be observed by the insurance company, but
not priced on, such as past health history under ACA regulations. Consumers do not
have perfect foresight about their health history, so we assume they may have some
error in their forecasts about their future spending, denoted v;. v; has a log-normal
distribution v; ~ InN(0,06%). Then individual i’s choice of healthcare services m is

given by:

m(@z) = ‘91 + v;

where 0; corresponds to a consumer’s unobserved private health status and v; which
correspond to health shocks which the consumer may face without prior knowledge.
Patients in higher value plans may be sicker if they have a high draw of 6; or v;, but
only 6; would lead to selection. We estimate 6; and v; using the sample of patients
for which we observe their previous years spending. We estimate a transition matrix
from their previous years health status to their current years, where the estimate
of their current years health status is ; and the distribution around that mean

transition is used to calculate o?”.
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The probability of getting sick varies by age, gender, and health status type,
0;. Let the probability of an individual of (age-gender) type k requiring hospital
services be given by 7., and the probability of receiving a diagnosis of [ conditional
on requiring hospital services be ;. We allow adverse selection to enter the model
by allowing the probability of getting sick to vary with the private health status, so
that v, (6;). We calculate this by using the observed probability that an enrollee has
a hospital visit. We compute the number of enrollees in 12 groups, (six age categories
times gender) and health status type discretized over ... groups.”

Consumer ¢ residing in market m is then willing to pay for plan j’s network,

denoted Gj,,, an amount given by:

WTPZ]’VTL( ]m|‘9 = r}/ka 7 Z/yk:l IOg Z exp(éllj + Zn Vi ﬁz + dhi 6d) (42)
lel heGjm

where the incorporation of 4, as a function of health status is where this model

differs from the previous literature. Here, individuals with unobserved health status

are able to have heterogenous values for insurance plans.
4.5.8  Individual Demand for Insurance Plans

We specify the demand for insurance plans following Town and Vistnes (2001) and
Capps et al. (2003), where utility depends on the value of premiums, the expected

value of the network, and other plan characteristics:

UJ Oélj premij + OéQ(Hi) WTP”m(Gjm’QZ) + fmj + €;Ijm (43)

ijm

prem;; is the premium that consumer ¢ would face, which is, by law, constant across
counties within a rating area, except by age. &,,; is other unobserved plan character-

istics which can vary by county. %m represents idiosyncratic consumer preferences

" Age categories are: 0-18, 19-25, 26-35, 36-45, 46-55, 56-65
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over plan characteristics that are assumed to be i.i.d Type 1 extreme value. oy, is a
health plan specific premium-sensitivity parameter. W1 P,;,,,(Gj,|0;) is the expected
utility of the providers in health plan j’s network.® Health status enters this term
as discussed in the previous section. We also allow the value for a given network to
vary by health status.

Prager (2015), Ericson and Starc (2015a), and Ho and Lee (2017) use variation
in premiums offered for individual versus family plans to account for the endogeneity
of premiums. Our data does not have information on which enrollees are in which
families. Furthermore, many enrollees receive unobserved subsidies for premiums,
which creates measurement error in the observed premium that is paid by an enrollee.
To handle these concerns, rather than estimating «,. directly, we back out ay, using
first-order conditions implied by optimal premium setting.” This similar to how
Rosse (1970) or Berry (1994) use optimal pricing to back out marginal costs. First,
estimate as separately by defining (5;7jm = oy premium; + &y,; as the mean value of
the plan, net of the value of the network in each county. Then rewrite the utility
function as:

Ul = a2(0:) WT Py (Giml6:) + 655y + €5

There are two places where unobserved health status affects plan choice decisions.
First, patients who have private information about their health status may also be
more likely to get sick (affecting WT'P,;,,(G;i|0i)) but they also may have different
relative valuations for the network, affecting oo (6;). That WT' P,;,,, (G |0;) is already
parameterized aids in the separate identification of these parameters. That is as(6;)

picks up whether people with private information about their poor health status are

8 This varies from the rest of the literature; because I do not estimate the copay sensitivity, I do
not rescale the WTP term. Therefore, it is measured in units of utils, rather than dollars.

9 The supply-side premium elasticity is more relevant because the main purpose of this stage is
to understand how insurers update premiums. This also avoids the measurement concern due to
subsidies. While I have not computed welfare results, I will need to account for consumers facing
different premiums.
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more likely to choose a broad-network plan net of their actual elevated probability
of getting sick (and any preferences for those hospitals).

There are two sources of identifying variation from (5gjjm: consumer demographics
and geographic variation. Each demographic group values the network differently, so
if those who value networks more (typically older patients) choose broader networks,
one would expect a positive ay. Likewise, plans vary in terms of the location of their
in-network hospitals. as will be positive if consumers are more likely to choose plans
which include nearby hospitals. The outside option is being uninsured. I use the
estimates from Panhans (2017), who calculates the insurance take-up rate by age in

Colorado. The uninsured rate varies from 30 percent to 60 percent, mostly declining

by age.!?
4.5.4  Insurer Premium Setting and Hospital-Insurer Bargaining

In order to model insurer-hospital negotiations in a Nash bargaining framework, the
payoff structures need to be specified. We start by specifying the payoffs to an
insurer. Denote the probability that consumer i, in county m, signs up for plan j as
Sijm(prem, G, 60;). G represents the set of all observed networks. The functional form

J .

is due to the distributional assumption on €7, :

So(prem. G, 6;) = exp (aqj prem;; + az(6;) WT Pij(Giml0i) + &)

W P 1+ > esexp (e premi + az(0;) WT P (Grm|0i) + &)
Because the market shares take into account premiums and networks from each
insurer in the market, we can omit the j subscript on prem and G. This equation
defines how cross-insurer competition is accounted for in the model; plans engage in

Nash-Bertrand competition over premiums, after the networks and prices are set.

10 Under the ACA regulations, there is an “individual mandate” that requires all individuals eligible
for the exchanges to have insurance. In 2014, those who do not purchase insurance and were not
exempt were liable for a “shared responsibility payment” of $95 or one percent of household income,
whichever was greater for an individual.
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Insurer j’s expected profits consist of the premiums it receives, minus the expected
amount it must reimburse the hospitals in its network. The expected amount it must
pay for consumer ¢ is the probability of the consumer being sick with condition [ times
the expected value of the payments times the probability that the consumer chooses

that health plan:

(G, p, prem) = > | premi;(G,pin) — Yea(0:) Y i Y 2in(G. 1) - Gimu(G;)

7 lel JEG;

— other costs;(0;) | x Sijm(prem(G,p), G,0;) (4.4)

We also include other costs; that account for each consumer’s expected costs for the
insurer in other settings, such as inpatient hospitals and physician visits. To back
out plan-specific premium sensitivities, «aq,, I take the derivative of Equation 4.4
with respect to premiums. I solve for it «ay,, since all other terms in this equation
are observed or estimated. I use the estimated market share values, since the model
suggests that plans set premiums based on expected costs not observed costs. The
difference between this model and (Ho and Lee, 2017) or (Liebman, 2016) is that the
consumer’s type enters the insurers surplus function.

Hospital profits are given by:

11;/(G, p, prem) = Z ”Yka(ei)Z”Ykl Z pin(G. 1}, K) - 0imju(G;) — cni

i lel j€G;

X Sijm(prem(g7p)v gael) (45)

We make the strong assumption that each contract is negotiated independently of
other contracts. Having specified objective functions, the Nash bargaining problem
between insurer j and hospital A then gives the resulting negotiated prices as the
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solution to:

1—7p

pon = argmax,, (I1(G, prem) — T (G\jh, p_sn, prem))
(HhH(g7p7pT€m) - HhH(g\jh7p—jhapT€m))Th (46)

With the model parameters estimated, we can simulate the effects on the health-
care and health insurance markets of changes in the balance of bargaining power
between insurers and hospitals. This might occur for various reasons, for example
loose anti-trust enforcement could lead to an increasingly consolidated hospital in-
dustry, as occurred during the 1990s with the waves of hospital mergers across the
U.S., giving hospitals better bargaining positions with insurance companies. Alter-
natively, a policy of all payer rate setting would give all insurers the opportunity to
bargain collectively with hospitals, setting a uniform price across all payers for any
given procedure.

Our full model allows for changes in bargaining positions to have two effects.
First, changing market power will lead to different prices negotiated in the upstream
market between hospitals and insurers. Secondly, as the distribution of surplus
changes, this can effect prices in the downstream market. By capturing the pass-
through to consumers in the downstream market, this model allows for the evaluation
of consumer welfare under different upstream market structures.

These channels are important specifically to the evaluation of hospital mergers,
which is a large share of the work conducted by the Federal Trade Commission’s
anti-trust division. In a typical hospital merger analysis, the primary concern is
that merging hospitals will have increased leverage and be able to negotiate higher
prices for healthcare services, leading to increased insurance premiums and lower
consumer welfare. Our analysis incorporates adverse selection, which is important
in some contexts, as those higher premiums will drive out the healthy individuals
in an adversely selected market. By incorporating this aspect of adverse selection
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into the merger analysis, one can capture a more complete picture of the welfare

consequences of the hospital merger.
4.6 Simulation Results

This section provides the results of a simulation of a simplified version of the model
described above, in order to demonstrate the potential relevance of adverse selec-
tion for empirical estimates of hospital-insurer bargaining. The simulation makes
several simplifying assumptions, that one would want to accommodate when taking
the model to actual data. This simulation considers only one “market” for both
healthcare services and for insurance plan choices, while in reality these will vary
across any geography. In addition, there is only one “healthcare service” provided
by hospitals, and each insurer-hospital pair negotiations over only a single price of
this service.

I simulate a market with N = 12000 individuals, J = 4 competing insurance
plans, and H = 8 hospitals which patients can choose among when receiving health-
care services. | assume that the hospital bargaining parameters in the benchmark
case are 7, = 0.5V h € H, implying that hospitals and insurers will negotiate prices
which lead them to evenly split the surplus over which they are bargaining.

In order to incorporate adverse selection, each individual ¢ will be assigned a type.
In the benchmark case (no selection), all individuals will have the same type (set
to 1). To incorporate adverse selection, I allow individual types to be distributed
around 1, where types (> 1) will have a higher value for plan attributes (for example,
high type individuals may put more weight on plan generosity, or they may place
a higher value on a plan with a broad network), while low types (< 1) will place
relatively less value on these plan attributes. Adverse selection implies a positive
relationship between type a health status, so that high types not only place more

value on these plan characteristics, but they will also have a higher expected use of
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healthcare services.

The particular dimension which induces adverse selection is not relevant for the
underlying interaction to hold. For example, it may be that high-cost (sick) pa-
tients prefer plans that include broad provider networks, include star hospitals or
particular specialists, cover particular services, simply have a high actuarial value,
or cover particular specialty drugs. Regardless the reason that induces the sorting,
the sorting based on health status across plans can interact with market power. In
this simulation, I will model the selection as due to differences across plans in the
breadth of the provider network, and when I discuss different plans, will refer to
them as “broad” or “narrow” networks. But this is only for illustration, and the
point of selection interacting with market power is a more general one beyond only
network size.

[ assume all hospitals are identical in the value they provide to patients (though
each patient will still have an idiosyncratic component of preferences over hospitals
in any network). Plans differ only in their network size measured by # of hospitals,
and the premium they offer for access to their plan (and thus their hospital network).
Thus, the value of a plan j to individual i is simply v;; = bypremium; +byWT P; + ¢,
where premium; denotes the plan premium and WT'P; denotes the willingness-to-
pay for plan j’s hospital network, which reflects the # of hospitals in the network.
In equilibrium, I impose that plans follow the ACA medical loss ratio (MLR) re-
quirement, which states that at least 80% of premium revenue must be paid out in
medical claims. Insurers in this model thus all earn a profit, but at a regulated level.
[ set the plan choice equation parameters as (b, bs) = (—1.95, 1.7) to reflect plausible
premium elasticities and equilibrium market shares.

For the simulation exercise, I evaluate the equilibrium under a benchmark case
which simply has all of the hospital bargaining parameters set to 7, = 0.5, both

with and without selection. And then I allow for an increase in market power,
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increasing all the 75, until the average negotiated price increases by 10%. This allows
me to compare the affect of an increase in negotiated price in both the world with
and without adverse selection. Although I model this “increase in provider market
power” as simply an increase in the hospital bargaining parameter, the idea is what
this would reflect the price pressure of a variety of changes in market structure. For
example, a major concern of antitrust authorities in the U.S. is hospital mergers,
where the primary concern is an increase in negotiated prices that could result from
hospital mergers. The simulation aims to evaluate any kind of situation where the
bargaining leverage of the hospitals might increase.

When there is no provider or plan heterogeneity at all, adding or removing se-
lection does not make any difference. When all plan characteristics, networks, and
hospitals are identical, insurer markets shares are always equal, they set the same
premiums and negotiate identical prices, and then consumers sort randomly. Even
with heterogeneity in health status, there is no relevant dimension on which con-
sumers can sort across plans, and thus adverse selection has no effect. It is only
when some heterogeneity exists that adverse selection is relevant, and here as men-
tioned previously, I allow plans to have different network sizes. Specifically, I assume
that one plan has a network that includes all available hospitals, while the other
plans include only 5 of the 8 hospitals in their networks.

The results of this exercise are shown in Table 4.5. The first row reports the
annual premiums for a plan that is considered ”high value,” which in this example is
a broad network insurance plan that includes all possible hospitals in the network.
The first column considers the benchmark (no selection in model), and the second
column compares this to the model with selection. The key result is in the second
row, which shows the effect on the premium of an increase in negotiated prices (due
to, for example, an increase in provider market power for whatever reason). Without
selection, the premiums for this plan increase by 15% as a result of a 10% increase in
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average negotiated prices. However, with selection, this increase is much greater at a
25% increase. The reason that incorporating adverse selection leads to such a larger
effect on this “broad network” plan is that, when prices increase, some individuals
switch to other plans. However, with adverse selection, the switchers are a higher
proportion of “healthy” low-cost individuals, because high-cost individuals place a

higher value on the network breadth and are more likely to remain in the plan.

4.7 Conclusion

This study has presented a theoretical framework showing how adverse selection and
imperfect competition can interact, and how this interaction can lead to amplified
welfare loss beyond that caused by either of those two channels alone. Then, cal-
ibrated using previous literature and data on negotiated prices from the State of
Colorado, we provide evidence that this is of potentially large consequence to wel-
fare analysis. This is especially important for the analysis of hospital mergers, where
typically the primary concern is that merging hospitals will be able to negotiate
higher prices for healthcare services, leading to increased insurance premiums and
lower consumer welfare. Our model captures that those higher premiums will drive
out the healthy individuals in an adversely selected market. By incorporating this
aspect of adverse selection into the merger analysis, one can capture a more complete

picture of the welfare consequences of the hospital merger.
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Table 4.2: Cheaper Plans Attract Healthier Enrollees

Premium 26.81**%*  2(G.52%** 39 RQ¥*k* 39 fykik
(1.084)  (1.247)  (1.867)  (1.879)

Metal Level FE No Yes Yes Yes
Rating Area FE No No Yes No
County FE No No No Yes
Observations 54661 54661 54661 54661

Standard errors in parentheses

* pi.1, ** p;.05, *** p;.01

Notes: Regressions of average annual medical spending on
monthly premium.
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Table 4.3: Market Structure and Prices, Excluding Denver

0 ) ®) @
VARIABLES In(price)  In(price) In(price) In(price)
Insurer HHI -0.562%FF*  _0.816***  -0.423*%**  _(.458%**
(0.135)  (0.285)  (0.151)  (0.128)
Hospital HHI 0.462%*** 0.242%* 0.258%**  (.370%**
(0.147)  (0.117)  (0.088)  (0.103)
ownership = 2, Not-for-profit 0.073 0.092 0.192%**  (.208%**
(0.071)  (0.066)  (0.067)  (0.063)
ownership = 3, For-profit -0.972 -1.210%*  -0.739*%*  -0.584*
(0.660)  (0.525)  (0.350)  (0.309)
Med school affl 0.260***  (0.198%*  (0.153***  (.178***
(0.069)  (0.075)  (0.048)  (0.045)
# Staffed beds 0.000%* 0.001** 0.000%* 0.0017%**
(0.000)  (0.000)  (0.000)  (0.000)
# Personnel 0.000%**  0.000%**  0.000***  0.000%**
(0.000)  (0.000)  (0.000)  (0.000)
Constant 7.260%FF  7.016%**  9.097FF*  9.162%**
(0.231)  (0.217)  (0.186)  (0.212)
Observations 50,162 50,162 50,162 50,162
R-squared 0.256 0.276 0.623 0.672
Year FE YES YES YES YES
Market FE NO YES YES Yes
DRG FE NO NO YES YES
Insurer FE NO NO NO YES

Robust standard errors in parentheses
R p<0.01, ** p<0.05, * p<0.1

Notes: Regressions of prices for inpatient admissions on insurer and hospital
market HHI
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Table 4.4: Market Structure and Prices, Excluding Denver

o @ 0 @) )
VARIABLES In(price) In(price) In(price) In(price) In(price)
Insurer HHI -0.122  -0.303** -0.044 0.511***
(0.137)  (0.132)  (0.142)  (0.040)
monopoly 0.099* 0.105%*  0.472%**  (.705%**
(0.049) (0.050) (0.086) (0.079)
duopoly -0.068 -0.071 0.015 0.364***
(0.062) (0.061)  (0.102)  (0.083)
monopolyXhhi -1.444%%%  _1.816%**
(0.390)  (0.362)
duopolyXhhi -0.635%  -1.459%**
(0.321)  (0.236)
ownership = 2, Not-for-profit  0.225***  (0.236*** 0.220*%**  0.159** 0.081
(0.074)  (0.066)  (0.074)  (0.076)  (0.063)
ownership = 3, For-profit -0.718%*  -0.710*  -0.694* -0.687* -0.582
(0.347)  (0.360)  (0.354)  (0.352)  (0.440)
Med school affl 0.097* 0.076 0.112* 0.072 0.176***
(0.057)  (0.061)  (0.057)  (0.058)  (0.056)
# Staffed beds 0.000**  0.000*%**  0.000%**  0.001%** 0.000
(0.000)  (0.000)  (0.000)  (0.000)  (0.000)
# Personnel 0.000***  0.000%**  0.000***  0.001***  0.000***
(0.000)  (0.000)  (0.000)  (0.000)  (0.000)
system_hosp -0.056 -0.083 -0.053 -0.097* 0.011
(0.053) (0.054) (0.054) (0.053) (0.035)
Constant 9.206%**  9.253%**  9.290%**  9.332%F*  9.240%**
(0.189) (0.139) (0.185) (0.177) (0.169)
Observations 28,096 28,096 28,096 28,096 28,096
R-squared 0.618 0.616 0.618 0.619 0.606
Year FE YES YES YES YES YES
Market FE YES YES YES YES NO
DRG FE YES YES YES YES YES

Robust standard errors in parentheses
Rk p<0.01, ** p<0.05, * p<0.1

Notes: Regressions of prices for inpatient admissions on insurer and hospital market HHI.
These set of specifications interact insurer HHI with measures of hospital concentration.

113



Table 4.5: Simulation Results
No Selection With Selection

Benchmark Broad Network Plan, Annual Premium $1,840 $ 2,025
Broad Network Plan % Premium Increase 15.6 % 25.0%
Benchmark Average Negotiated Price 1.47 1.39
Benchmark Equilibrium HHI 2797 2971
HHI After Price Increase 2875 .3145

Notes: Results of simulation to evaluate the equilibrium consequence of increases in
provider market power, comparing with and without adverse selection. The benchmark
cases simply has all of the hospital bargaining parameters set to 7, = 0.5. Then the
effects are measured of increasing all the 7, bargaining parameters until the average
negotiated price increases by 10%. This allows for a comparison of the affect of an
increase in negotiated price in both the world with and without adverse selection. The
first row reports the annual premiums for a plan that is a “broad network” insurance
plan. The first column considers the benchmark (no selection in model), and the second
column compares this to the model with selection. The key result is in the second row,
which shows that adverse selection causes larger effects of market power on broad
network plans compared to the case without adverse selection.

Table 4.6: Broad Network Plan % Premium Increase, at Various
Parameter Values, With and Without Selection

No Selection With Selection

Benchmark: (b = —1.95,bo = 1.7) 15.6 % 25.0%
(by = —1.95,by = 1.2) 8.6 -10.7
(b = —1.95,by = 1.5) 5.6 8.9
(by = —1.95,by = 2.0) 42.8 61.4
(by = —1.00,by = 1.7) 15.9 21.1
(by = —1.50, by = 1.7) 17.1 24.8

(by = —2.50,by = 1.7) 19.3 29.1
Notes: This table considers the results from the simulation exercise
under various parameter values. The first row shows again the result
from the original exercise, the impact on premiums of a 10% increase
in negotiated prices. The next three rows consider changes in indi-
vidual’s values for the plan network breadth. The final three rows
show the results for different premium valuations (reflecting changing
premium elasticities). The results show that adverse selection always
causes the increase in negotiated prices to cause higher increases in
premiums for the broad network plan than would be the case without
adverse selection. Some of the parameter values lead to changes that
are implausible, however.
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Appendix A

Appendix

The first two sections of this Appendix provide further details of the ACA, including
the Essential Health Benefits (EHB) required for insurance plans, and an explanation
of how the premium tax credits work. Section C is the data appendix describing the
steps used to determine the sample for estimation. Section D provides the details of
the Chronic Condition Indicator tool. Section E includes the theoretical model which
guides the empirical specifications and in particular shows why the main specification
provides a lower bound of the effect of selection on the extensive margin. Finally,

Section F includes the Appendix Tables.

A.1 Essential Health Benefits

The Affordable Care Act’s the Essential Health Benefits! are:
1. Ambulatory patient services (Outpatient care)

2. Emergency Services (Trips to the emergency room)

1 See “ObamaCare Essential Health Benefits,” http://obamacarefacts.com/essential-health-
benefits/.
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3. Hospitalization (Treatment in the hospital for inpatient care)

4. Maternity and newborn care

5. Mental health services and addiction treatment

6. Prescription drugs

7. Rehabilitative services and devices

8. Laboratory services

9. Preventive services, wellness services, and chronic disease treatment
10. Pediatric services

All qualified health plans (QHPs) sold in the individual and small group must
cover these ten essential benefits beginning January 1st, 2014. However, the exact
scope of services offered can vary. Grandfathered plans are not required to meet
these requirements, though they will generally meet some of them.

QHPs must also cover at least 60% of out-of-pocket expenses on average, and
must have reasonable annual out-of-pocket maximums. Most common services such
as preventative services and wellness visits have no cost sharing. In addition, there

are no annual or lifetime limits on Essential Health Benefits.
A.2 How do premium tax credits work?

The premium tax credits give premium assistance to those earning below 400% of
the federal poverty line (FPL) by capping the share of income that an individual or
family would have to pay for health insurance. For example, a family of four earning
200% FPL makes $3,925 per month. In the 200% FPL bracket, the ACA requires

that the family should spend no more than 6.3% of income on health insurance, or
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$247 per month. If in this rating area, the second lowest cost silver plan was $400
per month, the family would be eligible for a monthly subsidy of $400-$247 = $153.

This $153 could be applied to any plan available in the location.
A.3 Data Appendix

The sample used in estimation includes all individual in Colorado’s non-group market
in 2014, as well as 2013 for the placebo checks. This data appendix provides a step-
by-step description of how the dataset used for estimation is constructed.

I begin by importing all individuals in the insurers’” member eligibility files, ex-
cluding those on Medicaid, Medicare, or Medigap coverage or those who have have
indicated “No” to whether it is the individual’s primary insurance coverage. Dental
plans are also dropped. In order to isolate individuals in the non-group market in
2013 and 2014, several variables are used because although there is a variable for
“market category”, there is some inconsistency across payers in how this variable
is coded. For some payers, the market category code clearly distinguishes the large
group, small group, and non-group markets. For other payers, a combination of
the “group policy number” and “coverage type” variables seemed to give a fairly
good indication of whether individuals were participating in the non-group market.
Having isolated those insured in the non-group market in 2013 and 2014, these in-
dividual are then linked to their medical claims for profession, outpatient, inpatient,
and pharmacy claims generated during the years 2013 and 2014.

Each individual’s location in this sample is identified by a 5-digit zip code of
residence. In order to construct pairs of neighboring 5-digit zip codes that could be
used as comparison groups, I started with a shapefile of all zip codes in the state, and
constructed a matching of each zip with all of its neighboring zip codes. I then kept
only matched zip code pairs that were neighbors and also (1) belonged to different

rating areas while (2) belonging to the same local medical market. Pairs that shared
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a border of less than .1 of a mile, or were only neighbors based on a common node
(i.e. shared a border length of 0, but intersected at a corner) were excluded. For the
primary estimation, zip codes A and B were paired into a “zip code group” if zip A’s
closest neighbor (in terms of sharing the largest border) was B, and vice versa.

The sample used for estimation includes all individuals determined to be in the
non-group market, and who also live in a zip code that was paired with another zip
code that belonged to another rating area in 2014. The sample was also restricted
to include only individuals below age 65, and only individuals who were insured for
at least 9 months of 2014.

For the welfare exercises, I need to calculate an estimate of the distribution of
ages in the entire non-group market, including both individuals who are uninsured
as well as those who are uninsured. I do this by combining the observed numbers of
uninsured individuals in the sample of boundary zip codes with statewide estimates
of take-up rates from the Colorado Health Access Survey (CHAS). For example,
suppose each individual has been grouped into one of four age bins denoted by 1.
For each age bin, the observed number of insured individuals is denoted obs;. The
survey data provides an estimate of the take-up rate for bin i, denoted takeup;.
Supposing that the total number of individuals in the market from age bin ¢ is
total; - takeup; = obs;, then the unobserved total number of individuals can be solved

for using the two observed quantities by:

obs;

total; =
' takeup;

A.4 Chronic Conditions Indictor tool

The chronic condition regressions use the Healthcare Cost and Utilization Project’s
(HCUP) Chronic Condition Indicator (CCI) tool, which categorizes ICD-9 diagnosis

codes as indicators of chronic or non-chronic conditions.
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The tool also categorizes the ICD-9 diagnosis codes into one of 18 body system

indicators, which are as follows:

1:

10:
11:
12:
13:
14:
15:
16:
17:
18:

A5

A.5.1

Infectious and parasitic disease

Neoplasms
Endocrine, nutritional, and metabolic diseases and immunity disorders
Diseases of blood and blood-forming organs

Mental disorders
Diseases of the nervous system and sense organs
Diseases of the circulatory system
Diseases of the respiratory system
Diseases of the digestive system
Diseases of the genitourinary system
Complications of pregnancy, childbirth, and the puerperium
Diseases of the skin and subcutaneous tissue
Diseases of the musculoskeletal system
Congenital anomalies
Certain conditions originating in the perinatal period
Symptoms, signs, and ill-defined conditions
Injury and poisoning

Factors influencing health status and contact with health services

Theoretical Underpinning of Empirical Analysis

Model Setup

This section details the theoretical model underpinning the empirical estimation, an

exercise which allows for a precise decomposition of the various margins over which

individuals are able to adjust to premiums increasing, which effects are captured in
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the current analysis, and the direction of the biases caused by effects not explicitly
captured in the analysis.

To do so, I first begin by introducing the relevant notation. Each individual
receives a draw of private information from a distribution, denoted 6; ~ F(f). An
insurance contract j is a defined by a pair (¢;, p;), the plan generosity and monthly
premium, respectively. For this example, let j € {N, B, S}, that is the choice set
consists of choosing no insurance, a bronze plan, or a silver plan.

Each ¢ has a valuation v;; for plan j. For example,
vy = 0i; — pj + €5

The heterogeneity in 6; implies selection. A higher §; means an individual has
a higher value for plan generosity. If 6; is an individual’s risk, then this model
implies adverse selection. However, if 8; were something like risk preference, such as
a measure of risk aversion, then the selection would be advantageous.

Each i chooses how much healthcare to seek, m;(6;, ¢;), which is a function of
both the individual’s private information and their level of coverage. If there is no
moral hazard, that means that the healthcare sought does not depend on coverage,
and so m(6;). Moral hazard means that the behavior can change with the level of
coverage.

The cost to the insurer from offering the policy to i is denoted c(¢;, m(6;, ¢;)).
In the case without moral hazard, costs are denoted as c(¢;,m(6;)), which is an

increasing function of both arguments. Then the nature of selection depends on

om(0:,9;)

55, where if this term is > 0 implying adverse selection, while < 0 implies

advantageous selection.
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A.5.2 Use of Premium Variation

To illustrate the usefulness of premium variation, consider a simpler case where there
are only two options, NV, no insurance, or B, insurance with a bronze plan. We allow
for the choice of healthcare expenditures to depend on the coverage level of the plan,
so that m(0;, on) # m(0;, ¢p). Let I(j) denote the population that chose option j.
With medical claims from individuals making both choices, one could compare
the average expenditures from each choice, in the spirit of testing for a positive

correlation between demand for insurance and expenditures:
Eg[m(0;, ¢p)|i € I(B)] > Ey[m(0;, dn)|i € I(N)]

However, finding this positive relationship could be due to either moral hazard
even with random sorting (i.e. m(60;, ) > m(6;, ¢n)¥i), or it could be due to
selection even if there is no moral hazard (i.e. m(60;,¢5) = m(0;, ¢n) Vi, but if
0, >0, < vip > uvin, = m(b;,¢5) > m(b;,¢p)). It could also be due to a
combination of both effects.

Suppose exogenous premium variation is available which provides two populations
with an identical distribution of 6; ~ F'| but facing different premiums for choice B.
Denote these populations as I and I* for those facing higher and lower premiums,
respectively. The difference in the two populations will be how marginal individuals
respond to the different premiums. If the first individuals to drop out of the insurance
market (switch from B to N) are relatively healthy, and thus the market is adversely
selected, that means a low § = low m. An empirical implication of this pattern

is that:

Eo[m(0;, o5)|i € I" (B)] > Eo[m(0;, ¢p)li € I*(B)]

Thus the average costs of the insured populations can be compared as a test for
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the existence of adverse selection. This is exactly the logic developed in Einav et al.

(2010b).
A.5.83 Market with More Than Two Choices

This logic is slightly complicated by the existence of more than two choices, where
there is a menu of plan generosity available. In addition, there is a general problem
that medical claims datasets will typically not include information on the uninsured.
In my particular context, there is an additional problem that the exact plan details
are not always available, so that information such as whether the insured individual
is in a bronze or silver plan is known only for a subsample of the observations.

Recall that the premium variation provides two populations, I and I*. To
match my empirical context, assume here that the high premium side means that all
insurance plans (all metal levels) are more expensive for the I population than for
the I population, relative to remaining uninsured (denoted choice N). If the choice
of an individual’s metal level is not known, one could start by simply comparing the
costs to the insurer in each insured population, which would be equivalent to running
the test of whether:

I"(S)

Eole(9s, m(6: 09)li € ()] Frrrey T

" (B)

+Eole0m(0:,08))li € 1" (B)] - Trrgy g

I%(S)
IL(S) + IX(B)

> Eg[c(ps, m(0i, ¢s))|i € IL(S)]

1*(B)
IL(S) + IX(B)

+ E@[C(QZSB’ m(@h ¢B))|Z € IL<B)]

However, there are three effects that can cause this inequality to hold:

e (i) Selection on Extensive Margin (main effect of interest)
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e (iia) Selection on Intensive Margin
e (iib) Moral Hazard on Intensive Margin

Note that by making this comparison only on the insured sample, moral hazard on
the extensive margin, that is, individual behavior changes when uninsured compared
to being insured, are controlled for. There may exist such an effect, but the estimated
effects from the other channels are estimated taking moral hazard on the extensive
margin as given.

The effect (iia) occurs because even without moral hazard or adverse selection,
plan generosity changes. That is, even for the same level of healthcare utilized m;,
c(¢pp, m;) < c(ps, m;) because the silver plan is more generous than the bronze plan,
and this will incur higher claims for the insurer. Even without moral hazard, this
(iia) effect will lead to an underestimation of the selection effect when comparing
expenditures across the H and L populations.

Rather than estimating the difference in average costs incurred by the plan, using
the total medical expenditure m(6;) will address the effect of (iia) by controlling for
plan generosity. Indeed, even in the presence of adverse selection, estimating the
average costs incurred by the plan can lead to no effect because of the countering
effect of changing plan generosity. For example, this can occur if the average costs
to the plan of both the silver and bronze plans increase, but as a greater share
of individuals are in the bronze plan, the average cost to the plan of the entire
population can be flat or even decrease.

Thus, in my empirical estimation, I use the total annual medical expenditure of
an individual, which corresponds to m(¢;,#;) in this model, because it controls for

plan generosity and thus addresses the effect (iia). This corresponds then to testing
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for the following relationship:

1"(9)
TH(S) + I7(B)

1"(B)
TH(S) + I7(B)

Eg[m(6;, ¢5)|i € I7(9)] +Eg[m(6;, ¢5)|i € I (B)]

I*(S)
TE(S) + IE(B)

I*(B)

> Eg[m(6;, ¢s)]i € I*(9)] I5(S) + IX(B)

+Eo[m(0;, ¢5)|i € I"(B)]

Though this test controls for moral hazard on the extensive margin and selection
on the intensive margin, there remains the effect of selection on the extensive margin
(the effect of interest), but this could be biased by the effect of moral hazard on the
intensive margin (effect (iib)).

However, theory predicts that moral hazard is not symmetric, but rather the
logic of moral hazard implies that utilization should not increase as plan generosity
decreases. That is, m(6;, o) < m(0;, ¢s) Vi. This allows for a sign to be placed on
the bias from moral hazard on the intensive margin, and it can be shown that this
will lead to an underestimate of the selection effect (i).

If there were exogenous premium variation available across each plan available,
one could estimate the costs of the switchers between each level of plan generosity,
and quantify the relative effects of (i) and (iib). However, the premium variation I
have available in this context makes all plans more expensive relative to the outside
option of remaining uninsured, N. Thus, my analysis focuses on this extensive
margin. The point of this section is that although this premium variation from rating
area boundaries does not lend itself to quantifying the effects of moral hazard on the
intensive margin, to the extent that it exists, it should only lead to an underestimate

of the main effect of interest: selection on the extensive margin.
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A.6 Appendix Tables

Table Al: Healthcare Utilization in 2014 by Market Segment
Newly Insured 2014 Previously Enrolled Employer-Based

Inpatient Admissions 51 25 41
Outpatient Visit Rates 624 545 560
Professional Medical Services 7807 5103 7282
Pharmacy 9352 5349 9036

All numbers given in claims per 1,000 insured individuals.

Table A2: Healthcare Expenditures of New Enrollees
(1) (2) (3)
Previously Enrolled -1077.4%%%  _807.6%F*  -829.3***
(84.83) (83.59)  (83.12)

Employer-Based Group -1241.5%%% _919.5%**  _87(0.3***
(89.80)  (85.13)  (79.32)

Female 64.72%*¥*  66.33F**
(24.88) (24.80)
Constant 3521.4%**  6093.7*** 5952.6%**
(91.87) (256.0) (251.4)
Age FE No Yes Yes
Zip3 FE No No Yes
Observations 1377072 1377034 1377034

Standard errors in parentheses

* pi.1, ** pj.05, *** p;.01

This table compares the total annual medical expenditures in
2014 of new enrollees in the non-group market (omitted cate-
gory) to those who were previously insured and those insured in
the employer-sponsored group market. The results show that,
even when controlling for age and geography, newly insured indi-
viduals spent on average $830 more compared to those who were
previously insured in the non-group market, and $870 more than
individuals in the group market.
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Table A3: Average annual spending, by plan generosity

mean sd p25 p50 P75
Platinum 15386.94 68386.93 415.37 1819.54 8588.33
Gold 5998.29 29711.6 350.06 978.13 2970.14
Silver 4852.28 23305.12 306.61 811.64 2410.25
Bronze 3225.78 16245.04 210.63 557.46 1475.1
Total 4716.4 24664.98 273.27 726.05 2164.83

This table shows the average annual medical expenditures for individuals in the non-group
market in 2014, by metal level. This positive correlation between plan generosity and spending
is in the spirit of Chiappori and Salanié’s test for asymmetric information. These patterns,
however, cannot disentangle moral hazard from adverse selection.

Table A4: Naive regression of costs on premiums
(1) (2) 3) (4)
Ln(Premium) 0.245  1.511*** (.589%* (.511%**
(0.195) (0.0481) (0.221)  (0.187)

County FE No Yes No No
HRR FE No No Yes No
HSA FE No No No Yes
Age FE Yes Yes Yes Yes
Female FE Yes Yes Yes Yes
Metal Level FE Yes Yes Yes Yes

Observations 36668 36668 36668 36668

Standard errors in parentheses

* pi.1, ** p;.05, *** p;.01

This table shows the cross sectional regression of log annual
spending on premiums, without any research design. Due

to the endogenous setting of premiums by insurers, these es-

timates should not be taken as evidence of selection. The
sample includes all individuals insured for at least 9 months

in 2014, and for which the plan metal level could be identi-
fied.

126



Table A5: Balance in Choice Set Across Boundary
Diff. # metal levels # Zip pairs Diff. # insurers # Zip pairs

available available
0 16 0 8
1 16 1 20
2 0 2 4
Total 32 32

This table shows the difference in the choice set within the 32 across-
boundary pairs of zip codes matched using the HRR criteria for local medical

market. The number of metal levels change across some boundaries because
although Bronze, Silver, and Gold plans are available statewide, there are
some areas in which no Platinum level plan is available. This is unlikely
to affect selection on the extensive margin, however. Also, because insurers
make county level entry decisions, there are some cases where the number
of insurers offering plans changes across the rating area boundary. However,
everywhere has at least 4 insurers operating with a fairly large menu of plans.

127



Table A6: Descriptives of Chronic conditions

1) CINE)
VARIABLES N mean sd
Infectious diseases 372,699 0.00273  0.0522
Neoplasms 372,699  0.0122 0.110
Endocrine and immunity disorders 372,699 0.109 0.312
Diseases of blood 372,699 0.00483 0.0693
Mental disorders 372,699  0.0598 0.237
Diseases of the nervous system 372,699  0.0640 0.245
Diseases of the circulatory system 372,699  0.0499 0.218
Diseases of the respiratory system 372,699  0.0559 0.230
Diseases of the digestive system 372,699  0.0222 0.147
Diseases of the genitourinary system 372,699  0.0492 0.216
Complications of pregnancy 372,699 0.000875 0.0296
Diseases of the skin 372,699  0.0113 0.106
Diseases of the musculoskeletal system 372,699  0.0540 0.226
Congenital anomalies 372,699 0.00795  0.0888
Ill-defined conditions 372,699 0.00491 0.0699
Injury and poisoning 372,699 0.000445 0.0211
Factors influencing health 372,699  0.00479  0.0691

Table A7: Dep var: 0, 1, or 24 Chronic Conditions
(1) (2) (3) (4) (5)
AvgSilver  BCBS RMHP NHV 2LCS
chron_2more

Premium % Increase  0.434***  (.337** 0.293* 0.299  0.259%**

(0.162) (0.169) (0.167) (0.246)  (0.0963)

Female 0.271%%%  0.271%%  0.272%F 027> (0.271%**

(0.0339)  (0.0339) (0.0340) (0.0340) (0.0338)

Age FE Yes Yes Yes Yes Yes

Zip Pair FE Yes Yes Yes Yes Yes

Observations 9735 9735 9735 9735 9735

Standard errors in parentheses
* pi.1, ** pi.05, *** p;.01
Notes: Ordered logit of 0, 1, or 24+ chronic conditions
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Table A8: Dep var: 0, 1, 2, or 3+ Chronic Conditions

(1) (2) (3) (4) (5)
AvgSilver  BCBS RMHP NHV 2LCS
chron_3more
Premium % Increase  0.403** 0.310* 0.276* 0.252  0.241%**
(0.160) (0.161) (0.159) (0.244)  (0.0929)
Female 0.272%FF  0.272%*%  (0.273%**  (0.272%*F (. 272%F*
(0.0339)  (0.0339) (0.0339) (0.0340) (0.0339)
Age FE Yes Yes Yes Yes Yes
Zip Pair FE Yes Yes Yes Yes Yes
Observations 9735 9735 9735 9735 9735

Standard errors in parentheses
* pi.1, ** pi.05, *** p;.01
Notes: Ordered logit of 0, 1, 2, or 3+ chronic conditions

Table A9: Welfare by age, maintaining ACA restrictions on age pricing

S Amt Share Benefit Cost Net Ratio (Benefit/Cost)
25-34 | 27.50 0.97 5.16 6.60 -1.44 0.78
35-44 | 27.82 0.95 5.35 5.77  -0.42 0.93
45-54 | 21.90 0.99 7.06 5.99 1.08 1.18
55-64 | 1.80 0.74 3.40 0.34  3.05 9.88
Total 18.69 0.91 20.97 18.69  2.27 1.12

Notes: This table shows the results of the optimal subsidy for each age group,
when requiring ACA age pricing. The pricing restriction blunts the effective-
ness of age-targeted subsidies, while also creating spillovers across age groups.
This is why the older age groups have very high benefits/costs, as they are re-
ceiving almost no subsidy and thus have very small costs. However, due to the
spillovers from healthy individuals entering the market in other age groups, they
still experience a benefit as market-wide costs (and thus premiums) fall.
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Table A10: Welfare by age, no restrictions on age pricing, CES form

S Amt Share Benefit Cost Net Ratio (Benefit/Cost)
25-34 | 13.89 0.97 0.17 3.33  1.83 1.55
35-44 | 15.06 0.99 5.89 3.25 264 1.81
45-54 | 13.16 0.84 4.11 3.04 1.06 1.35
55-64 0.00 0.60 0.00 0.00 0.00 -
Total 9.63 0.84 15.16 9.63 5.53 1.57

Notes: This table shows the results of the optimal subsidy for each age group,
using the CES functional form. The first column shows the optimal monthly
per person subsidy amount across age groups. Share indicates the share of the
age group that is covered under the optimal subsidy amount. The benefit, cost,
and net amounts indicate the per person welfare quantities resulting from the
subsidy. A ratio greater than one indicates that the benefits are greater than
the costs. These numbers based on allowing flexibility in age pricing.

Table A11: Welfare by age, no restrictions on age pricing, CES form

S Amt Share Benefit Cost Net Ratio (Benefit/Cost)
25-34 | 11.99 0.88 4.25 2.63 1.62 1.61
35-44 | 11.99 0.88 4.40 229 211 1.92
45-54 | 11.99 0.82 3.72 2.70 1.01 1.38
55-64 | 11.99 0.65 1.23 2.01 -0.78 0.61
Total 9.63 0.80 13.59 9.63 3.96 1.41

Notes: This table shows the results of spending the same amount of money
as the age-targeted subsidy policy, but only using a blanket subsidy, using the
CES functional form. The first column shows the monthly per person subsidy
amount. Share indicates the share of the age group that is covered under the
optimal subsidy amount. The benefit, cost, and net amounts indicate the per
person welfare quantities resulting from the subsidy. A ratio greater than one
indicates that the benefits are greater than the costs. These numbers based on
allowing flexibility in age pricing. The key takeaway is that spending the same
amount of money but without age targeting leads to lower welfare gains and lower
coverage levels.
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Table A12: Welfare by age, maintaining ACA restrictions on age pricing

S Amt Share Benefit Cost Net Ratio (Benefit/Cost)
25-34 9.05 0.80 1.88 1.79  0.09 1.05
35-44 | 18.66 1.00 3.14 4.06 -0.93 0.77
45-54 | 10.64 0.87 3.58 255 1.03 1.41
55-64 0.00 0.68 1.88 0.00 1.88 -
Total 8.40 0.83 10.48 8.40  2.08 1.25

Notes: This table shows the results of the optimal subsidy for each age group,
when requiring ACA age pricing, using the CES functional form. The pricing
restriction blunts the effectiveness of age-targeted subsidies, while also creating
spillovers across age groups. This is why the older age groups have very high
benefits/costs, as they are receiving almost no subsidy and thus have very small
costs. However, due to the spillovers from healthy individuals entering the market
in other age groups, they still experience a benefit as market-wide costs (and thus
premiums) fall.

131



Table A13: Robustness to Dropping Ambiguous Zip Codes: OLS
) ) ) @ ©)
AvgSilver BCBS RMHP NHV 2LCS
Premium % Increase 0.764** 0.959***  (.811%** 1.090**  (0.593***
(0.342)  (0.284)  (0.338)  (0.415)  (0.182)

Female 0.913%%%  0.913%F%  0.913%%%  (.913%FF  (.912%%*
(0.0729)  (0.0730)  (0.0729) (0.0729)  (0.0729)

Age FE Yes Yes Yes Yes Yes
Zip Pair FE Yes Yes Yes Yes Yes
Observations 6922 6922 6922 6922 6922

Standard errors in parentheses
* pi-1, ** pi.05, *** p;.01
Notes: Robustness to analysis run after dropping all zip codes that span counties

that are part of different rating areas. Standard errors are clustered at the zip
code pair level.
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Table A14: Robustness to Dropping Ambiguous Zip Codes: IV
M @) ® @ )
AvgSilver BCBS RMHP NHV 2LCS
Premium % Increase  0.802**  (0.880***  (.793**  1.182*** ().591***
(0.336)  (0.319)  (0.358)  (0.416)  (0.209)

Female 0.913%%%  0.913***  0.913*** 0.913*** (.912%**
(0.0712)  (0.0712) (0.0712) (0.0712) (0.0710)
Age FE Yes Yes Yes Yes Yes
Zip Pair FE Yes Yes Yes Yes Yes
Observations 6922 6922 6922 6922 6922

Standard errors in parentheses
* pi.1, ** pi.05, *** p;.01
Notes: Robustness to analysis run after dropping all zip codes that span counties

that are part of different rating areas. Standard errors are clustered at the zip
code pair level.

Table A15: Robustness to Using HSA Definition: OLS
) ) ®) @ ©)
AvgSilver BCBS RMHP NHV 2LCS
Premium % Increase 0.598 0.762* 0.513 0.990**  0.525**
(0.508)  (0.379)  (0.567)  (0.443)  (0.240)

Female 0.765***  0.766™**  0.766™*** 0.765%** 0.764***
(0.0643)  (0.0644) (0.0643) (0.0645) (0.0651)
Age FE Yes Yes Yes Yes Yes
Zip Pair FE Yes Yes Yes Yes Yes
Observations 6342 6342 6342 6342 6342

Standard errors in parentheses

* pi-1, ** pi.05, *** pi.01

Notes: Robustness to using Hospital Service Areas as medical market definition.
Standard errors are clustered at the zip code pair level.
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Table A16: Robustness to Using HSA Definition: IV

(1) (2) (3) (4) (5)
AvgSilver BCBS RMHP  NHV  2LCS
Premium % Increase  0.775%  0.784%%  0.817%  0.953%%  0.602%*

(0.416)  (0.366)  (0.493)  (0.450)  (0.252)

Female 0.765%%%  0.766***  0.766*** 0.765*** 0.763***
(0.0620)  (0.0622) (0.0618) (0.0623) (0.0628)
Age FE Yes Yes Yes Yes Yes
Zip Pair FE Yes Yes Yes Yes Yes
Observations 6342 6342 6342 6342 6342

Standard errors in parentheses

* pi.1, ** pi.05, *** p;.01

Notes: Robustness to using Hospital Service Areas as medical market definition.
Standard errors are clustered at the zip code pair level.

Table A17: Zip Code Groups: OLS
(1) (2) (3) (4) (5)
AvgSilver BCBS RMHP NHV 2LCS
Premium % Increase 0.480 0.638%* 0.640* 0.665 0.470**
(0.358)  (0.343)  (0.317)  (0.482)  (0.213)

Female 0.786%*F*F  0.786***  0.786***  0.786*** (0.785%**
(0.0449)  (0.0449) (0.0448) (0.0449) (0.0451)
Age FE Yes Yes Yes Yes Yes
Zip Pair FE Yes Yes Yes Yes Yes
Observations 16818 16818 16818 16818 16818

Standard errors in parentheses

* pi.1, ** pi.05, *** pi.01

Notes: In these specifications, rather than restricting zip codes to be matched
into pairs, I allow for groups of more than two zip codes to be matched together.
This yields a larger sample size. However, here the coefficients are smaller than

before, and are much less statistically significant. Standard errors are clustered
at the zip code pair level.
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Table A18: Zip Code Groups: IV

(1) (2) (3) (4) (5)
AvgSilver  BCBS RMHP NHV 2LCS
Premium % Increase 0.424 0.476 0.441 0.673 0.351
(0.369) (0.395) (0.381) (0.522) (0.276)
Female 0.786%*F*  0.786***  0.786*** 0.786*** (.785%**
(0.0440)  (0.0441)  (0.0440) (0.0441) (0.0443)
Age FE Yes Yes Yes Yes Yes
Zip Pair FE Yes Yes Yes Yes Yes
Observations 16818 16818 16818 16818 16818

Standard errors in parentheses

* pi.1, ** pi.05, *** p;.01

Notes: In these specifications, rather than restricting zip codes to be matched
into pairs, I allow for groups of more than two zip codes to be matched together.
This yields a larger sample size. However, here the coefficients are smaller than

before, and are much less statistically significant. Standard errors are clustered
at the zip code pair level.

Table A19: Results for Bronze Plans
(1) (2) (3) (4) (5)
AvgSilver  BCBS RMHP NHV 2LCS
Premium % Increase  3.454%**  3.453%¥** 3.316%** 4. 752%*k* 2 D54%**
(0.803)  (0.887)  (1.060)  (1.027)  (0.558)

Female 0.476***%  0.460**  0.474%**  0.468%*F  0.472%*
(0.172) (0.172) (0.171) (0.172) (0.175)
Age FE Yes Yes Yes Yes Yes
Zip Pair FE Yes Yes Yes Yes Yes
Observations 721 721 721 721 721

Standard errors in parentheses
* pi.1, ** pj.05, *** p;.01
Notes: Results from regression of log annual medical expenditures on % increase

in premiums, but only for individuals in Bronze metal level plans. Standard
errors are clustered at the zip code pair level.
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Table A20: Results for Silver Plans
O & ©® @ 0
AvgSilver BCBS RMHP NHV 2LCS
Premium % Increase 0.570 0.830 1.181**  0.754 0.604
(0.668)  (0.849) (0.567) (0.953)  (0.435)

Female 0.524**  0.525%*  0.528%* (.522*%* (.525%*
(0.207) (0.208)  (0.209) (0.208)  (0.209)
Age FE Yes Yes Yes Yes Yes
Zip Pair FE Yes Yes Yes Yes Yes
Observations 732 732 732 732 732

Standard errors in parentheses
* pi.1, ¥* pj.05, ¥** p;.01
Notes: Results from regression of log annual medical expenditures on %

increase in premiums, but only for individuals in Silver metal level plans.
Standard errors are clustered at the zip code pair level.

Table A21: Zip Pairs with HRR criteria: OLS

(1) (2) (3) (4) (5)
AvgSilver BCBS RMHP NHV  2LCS

Premium % Increase 0.606* 0.775*%*¥*  0.650* 0.893** (.579***
(0.328)  (0.282)  (0.320) (0.402)  (0.156)

Zip Pair FE Yes Yes Yes Yes Yes

Observations 9736 9736 9736 9736 9736

Standard errors in parentheses
* pi-1, ** pi.05, *¥** p;.01
Notes: Clustered standard errors.

Table A22: Zip Pairs with HRR criteria: IV
0 & 6 @ 0
AvgSilver BCBS RMHP NHV 2LL.CS
Premium % Increase  0.634*  0.689** 0.621* 0.936** (.524**
(0.333)  (0.327) (0.345) (0.436)  (0.220)

Zip Pair FE Yes Yes Yes Yes Yes
Observations 9736 9736 9736 9736 9736
Standard errors in parentheses

* pi.1, ** pi.05, *** p;.01

Notes: Clustered standard errors.
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