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Abstract

We document that states that experienced website glitches in the ACA’s first year
faced higher average costs that persisted into future years. These dynamics are in-
consistent with the standard strategic-pricing model, which requires non-localized
common knowledge about market conditions, but are consistent with price-taking.
Initial conditions can have a permanent effect—including convergence to a Pareto-
dominated, stable equilibrium—under conditions that we show are plausible in this
setting. Changing the fine from a fixed amount to a fraction of equilibrium prices
increases the likelihood of reaching a Pareto-efficient equilibrium without increasing
the equilibrium fine collected.
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1 Introduction

The Patient Protection and Affordable Care Act (ACA) limits the degree to which insurers
can price discriminate based on age and preexisting conditions, while fining people who
do not obtain health coverage. Enrolling healthier people is, therefore, widely regarded
as important for avoiding high premiums. However, several of the ACA’s “initial con-
ditions” might not have been sufficient to encourage healthy individuals to enroll. The
initial condition that received the lion’s share of attention—and the one that is most plau-
sibly exogenous—was the failure of the websites that managed the enrollment process.!

As The Economist (November 23, 2013) put it:

Insurers have set their premiums on the assumption that lots of young, healthy
people would be compelled to buy their policies. But if it takes dozens of at-
tempts to sign up, the people who do so will be disproportionately the sick
and desperate. Insurers could be stuck with a far more expensive pool of cus-
tomers than they were expecting, and could have no choice but to raise prices
next year. That would make Obamacare even less attractive to the young “in-
vincibles” it needs to stay afloat. (p. 15)

In the United States, insurance is regulated at the state level, where enrollment also
occurs. The ACA permits individual states to set up their own compliant websites for
enrollment, or states could elect to use the federal website. Besides the well-documented
problems with the federal website, some states that established their own websites also
suffered from website failures. We, therefore, can distinguish between three types of en-
rollment experiences: (i) “Glitch” states that established their own ACA exchanges but

suffered severe technological glitches during the 2013 open enrollment season, immedi-

IThere were several other initial conditions that likely played a role in reducing enrollment by healthier
households. First, the ACA fine (the “shared responsibility penalty”) was quite small in 2014, equal to the
greater of $95 or 1% of income, growing modestly in the following years. Moreover, these fines can only be
levied against positive tax refunds. Second, around half of non-compliant households are exempted from
paying the fine, including due to financial hardship (Pauly (2017)). Third, because some households on the
individual health insurance market lost their coverage, the government announced on November 14, 2013
that it was allowing individual state insurance commissioners to extend canceled policies by one year, a
move widely denounced by insurers as potentially creating adverse selection. Fourth, many young shop-
pers with new employers also have to separately submit payroll stubs, re-confirm their health exchange
status at a later time, and then contact the insurer to make a payment. A potential counterbalancing effect
is the fact that, if the initial enrollment deadline is missed, subsequent enrollment is delayed until the next
open enrollment season. However, this effect was weakened during the initial year of the ACA implemen-
tation since open enrollment occurred twice in 2014, roughly six months apart, in order to make its timing
consistent with Medicare’s open enrollment season in the following years. Moreover, as shown in Section
2, broad exemptions where provided for “exceptional” cases, which, in practice, allowed for considerable
enrollment outside of open enrollment.



ately before ACA coverage became available in 2014; (ii) “No Glitch” states that estab-
lished their own exchanges and had no major technological glitches; and, (iii) “Federal”
states that used the federal website, which also had numerous glitches. This classification
follows the website review by Dash and Thomas (2014) and was subsequently used by
Kowalski (2014).

Using data from the National Association of Insurance Commissioners, we show in
Section 2 that “Glitch” and “Federal” states, indeed, suffered from much larger increases
in average costs in 2014, the first year of ACA implementation. Remarkably, this pat-
tern then persisted into 2015 and 2016, suggesting that poor initial conditions might have
permanent effects. In essence, “Glitch” and “Federal” states appear to have converged,
over time, to a “bad” permanent equilibrium, whereas the “No Glitch” states have settled
into a better equilibrium. Absent other systematic differences between these states, this
outcome requires the existence of multiple equilibria.

The textbook theory of insurance unraveling, however, is not specified in terms of ini-
tial conditions but as the equilibrium of a static system of insurance cost and demand
equations across risk types (Akerlof (1970), Wilson (1977, 1980)). The main strand of lit-
erature has implicitly focused on price-taking with linear demand and cost curves (see,
e.g., Cutler and Reber (1998), Einav and Finkelstein (2011), and Hackmann et al. (2015)).
Linear curves produce a unique equilibrium that emits a degree of risk sharing ranging
from full pooling to no pooling (“unraveling”), or something in between. For example,
Handel et al. (2015) analyze a model of the ACA health exchanges with a unique equilib-
rium and conclude that it may eventually involve limited degrees of risk pooling.? But
there is no role for initial conditions in choosing that outcome. We present simulation
evidence (Section 5) that demonstrates a strong case for nonlinear curves in the context of
health insurance.

Another and more recent strand of literature has considered strategic insurers in this
setting, potentially with nonlinear cost and demand curves (Einav et al. (2010a)). In Sec-
tion 3, however, we evoke the well-known result that a model of strategic insurers also
cannot produce multiple equilibria, even with nonlinear demand and cost curves. A prof-
itable deviation would always exist at a low level of coverage. As Mas-Colell et al. (1995)
emphasize in the setting of labor markets with adverse selection, the strategic model as-
sumes that firms have common knowledge about all market fundamentals, including
the global shape of the demand and cost curves. We illustrate that this assumption is

very strong in our setting. When it fails, insurers will likely resort to less risky, adap-

2See also Mahoney and Weyl (2017) who consider the interaction between market power and selection
in a model with a unique equilibrium.



tive premium setting that effectively turns them into price-takers, and we provide further
statutory reasons that might compel this type of behavior.

In fact, in the numerous media articles discussing the importance of the initial health
mix for future prices, we could not find evidence that suggested that an insufficient mix of
younger enrollees might actually lead insurers to reduce premiums, in order to improve
the risk pool, compatible with strategic pricing. Consistently, Cutler and Reber (1998),
Monbheit et al. (2004), and Clemens (2015) provide evidence of repeated marginal price
changes that suggest that insurers do not a priori know the entire shape of the demand
and cost curves in the market and locally adjust premiums in response to profits or losses
they experience.

In Sections 4 and 5, we present a model, which does not constrain the shape of the cost
and demand curves, to demonstrate that initial conditions only become relevant when
tirms are (i) price-takers, and (ii) face at least one nonlinear demand or cost curve. While
receiving less attention in the insurance literature, price-taking with nonlinear curves has
been a textbook model in the study of adverse selection in labor markets, including Mas-
Colell et al. (1995). However, that literature has not emphasized the distinction between
stable and unstable equilibria. Only stable equilibria matter for public policy purposes,
and with two equilibria, only one of them can be stable. Instead, embedding the nonlinear
price-taking model within an inter-temporal framework leads to the intuitive condition
that there must be at least three equilibria for the effect of initial conditions to persist
over time, one of which must be unstable. While satisfying this condition might seem
like a tall order, using data from the Medical Expenditure Survey, we argue that in the
context of health insurance there is sufficient nonlinearity to make this outcome a genuine
possibility, if not the likely outcome, at realistic levels of risk aversion.

Our baseline analysis does not consider two key policy features of the ACA, the levy
of fines on those who do not purchase insurance, and subsidies for many households that
do. Fines and subsidies play fairly uninteresting roles from a welfare perspective in the
textbook models outlined above. While a fine, for example, can force a higher insurance
take-up rate, it is generally not Pareto improving. However, these mechanisms play a
more important role in our three-equilibria model, where the “bad” equilibrium with
lower coverage is Pareto inefficient. Section 6 shows that fines and subsidies expand the
likelihood of arriving at the “good” equilibrium with relatively higher coverage from a
given initial condition. The “good” equilibrium is also Pareto efficient.

Our empirical evidence presented in Section 2, however, suggests that the existing
fines and subsidies might not have been sufficient in moving the “Glitch” and “Federal”
states to the “good” equilibrium. One seemingly obvious fix would be to increase the



fine value. However, this approach may be both inefficient and politically challenging.
Instead, Section 6 shows that simply changing the form of the fine—from an absolute
amount to a relative amount expressed as a percentage of market premiums, as previously
taken in Massachusetts—can move these states to the “good” equilibrium.?> Moreover,
this change can be constructed in a way that does not cost non-insured consumers any-
thing more in the good equilibrium than the current absolute fine. A shift from the cur-
rent structure, which is absolute for most of the population, to a relative one can thereby
achieve a Pareto improvement.*

Section 7 concludes. Proofs are provided in Appendix A. Model extensions are pro-

vided in Appendix B.

2 Empirical Patterns

Our model, presented later, adds dynamics to the standard adverse selection model, and
demonstrates how adverse selection in the first period after a policy change can com-
petitively persist into future periods. As empirical motivation, this section examines the
recent experience of the ACA, which has now been operating for several years. The evi-

dence supports the role of initial conditions predicted by our model.

2.1 The Data

We follow the general data strategy in Kowalski (2014), who examined the initial impact
of the ACA at the state level. We extend her analysis to included the full 2014 year and
years 2015 and 2016.

State-level data comes from the National Association of Insurance Commissioners
(NAIC), as collected by SNL Financial. NAIC collects insurer data on a quarterly basis
for enrollment, coverage, premiums, and costs. As with Kowalski (2014), we dropped

Massachusetts due to data issues associated with its cross-over from its own individual

3The ACA'’s current penalty is calculated in two different ways—as a percentage of household income
or as a dollar amount per household member—with the ultimate fine given by the higher of the two. More-
over, the fine is capped by the national average premium of a bronze plan sold through the marketplace,
which effectively introduces some limited degree of premium dependence for high-income individuals.
Our results imply that specifying the fine more broadly as a function of market premiums for the entire
population would be highly desirable.

“Hackmann et al. (2015), for example, compute the optimal absolute level of the fine in a model cali-
brated to the Massachusetts health exchanges. Consistent with the previous literature, their model is static
and assumes linear demand and cost curves, thus excluding the possibility of multiple equilibria and any
difference between absolute and relative fines.



market exchange system to the ACA. Some health insurers, though, operate across mul-
tiple states, and NAIC quarterly data is at the firm level, aggregated across states. For
multi-state insurers, therefore, we allocate the insurer-quarter data at the state level using
the insurer’s annual filings data, which is disaggregated at the state level for regulatory
purposes.’ In some rare cases, the annual filing for a particular state and year was not cap-
tured by NAIC. In those cases, we use the multi-state insurer’s Schedule T form, which is
filed in each state on a quarterly basis. Relative to annual filings, Schedule T filings have
the advantage of being quarterly and distinguishing by state. The disadvantage is that
Schedule T filings aggregate the insurer’s individual health insurance with its other lines
of business, and only include information about premiums (not enrollment, coverage,
and costs). Schedule T filings, therefore, are used only as a last resort.

Following Dash and Thomas (2014) and Kowalski (2014), states are divided into three
types: (i) “Glitch” states that established their own ACA exchanges but suffered severe
technological glitches during the 2013 open enrollment season, immediately before ACA
coverage became available in 2014; (ii) “No Glitch” states that established their own ex-
changes and had no major technological glitches; and, (iii) “Federal” states that used the
federal exchange and website, which, as well documented in the national press, suffered

from moderate-to-severe glitches during the 2013 open enrollment season.®

2.2 Average Costs

Figure 1 shows the weighted average of average costs for individual health plans across
“Glitch,” “No Glitch,” and “Federal” states on a quarterly basis, between March 31, 2014
and June 30, 2016, the last quarter with a stable data release. For each of the three years,
bold tick marks highlight the quarter ending in March 31, as the open season for enroll-
ment and new premium rates are set in the previous quarter. March 31, 2014, therefore,
represents the first quarter of data impacted by the ACA. March 31, 2015 represents the
tirst quarter of data in the ACA’s second year. Similarly, March 31, 2016 represents the
tirst quarter of data in the ACA’s third year.

Average costs are computed as total costs in a given state divided by “member months”
of coverage provided in that quarter. Because states might differ in average costs for rea-
sons other than technology, the ACA cost experience in each state is normalized relative to

its average cost as December 31, 2013, one quarter before ACA-impacted data shows up in

5For 2016, we use the percentages from the 2015 annual filings, since 2016 annual filings are not yet
available.

6No Glitch” states included CA, CO, CT, DC, KY, RI, VT, and WA. “Glitch” states include HI, MA, MD,
MN, NV, and OR. The remainder of the states are “Federal.”



Figure 1: Average Costs Per Member Month
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Figure 2: Average Costs Per Member Month

Relative to 1 at 2013-03-31
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our data set. The weights for computing the weighted average of the average costs within
each of the three state categories are fixed at the relative number of member months in

each state as of December 31, 2013.7

7 Alternatively, updating weights quarter by quarter, instead of fixing them at their values before the
reform, would include the effects of adverse selection from the ACA reform and, therefore, artificially
decrease the weights placed on states experiencing adverse selection after the passage of the ACA.



Figure 2 shows the weighted average of average costs for each of the three state cat-
egories relative to March 31, 2013, one year before the impact of the ACA. Notice that
changes in average costs across the three state categories did not vary that much before
December 31, 2013, suggesting that technological glitches occurring in the fall 2013 where
fairly randomly distributed. Moreover, the subsequent average cost trend lines shown in
Figures 1 and 2 are similar, suggesting that the exact comparison date is not a big driver
of the analysis. So, in the discussion below, we take the quarter ending on December 31,
2013 as our “base quarter” of comparison, as shown in Figure 1.

Three basic time trends stand out in Figure 1. First, average costs tend to increase in
the last quarter of each calendar year and then drop in the first quarter of ACA coverage,
ending in March 31. This dynamic is consistent with members rushing to obtain treatment
before their current policy expires.

Second, first-year average costs increased substantially more in “Glitch” and “Fed-
eral” states relative to “No Glitch” states. By March 31, 2014, average costs were actually
lower in all three types of states, by 20% in “No Glitch” states, by 6% in “Glitch” states
and by 14% in “Federal” states. The overall reduction is expected since, as just noted,
the first quarter tends to have lower costs than the last quarter, and our base quarter is
the last quarter of 2013. However, the differential suggests the potential for adverse se-
lection. More importantly, notice that even larger differences begin to emerge during the
2014 calendar year. By December 31, 2014, average costs grew by 51% relative to the base
quarter in both “Glitch” and “Federal” states, while remaining unchanged in “No Glitch”
states. Intuitively, as noted in quote from The Economist in Section 1, a larger hurdle to
enroll screens for the sickest members.

Third, Figure 1 shows that the “bad initial condition” in “Glitch” and “Federal” states
persisted beyond 2014, carrying into 2015 and then 2016. Relative to the base quarter, by
June 30, 2016, average costs rose 73% in “Glitch” states and by 105% in “Federal” states.
In contrast, average costs rose by only 10% in “No Glitch” states.

2.3 Average Premiums and Coverage

Figure 3 shows the change of average premiums. Average premiums are calculated sym-
metrically to average costs, that is, by dividing total premiums collected by member
months served. For the quarter ending on March 31, 2014, premiums collected per mem-
ber were 19% higher in “Glitch” states, 24% higher in “Federal” states and 17% higher
in “No Glitch” states. These premiums, which were collected under the ACA, are not

directly comparable to premiums collected in the base quarter, prior to the ACA, as many






