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A B S T R A C T

Health plans for the poor increasingly limit access to specialty hospitals. We investigate the role
of adverse selection in generating this equilibrium among private plans in Medicaid. Studying
a network change, we find that covering a top cancer hospital causes severe adverse selection,
increasing demand for a plan by 50% among enrollees with cancer versus no impact for others.
Medicaid’s fixed insurer payments make offsetting this selection, and the contract distortions
it induces, challenging, requiring either infeasibly high payment rates or near-perfect risk
adjustment. By contrast, a small explicit bonus for covering the hospital is sufficient to make
coverage profitable.

. Introduction

Adverse selection, the tendency of high-cost consumers to demand more generous insurance, is a common concern in insurance
arkets. It is well-established that selection can, and does, distort prices and cause consumers to sort inefficiently between insured

nd uninsured states or between more or less generous coverage (Einav et al., 2010; Handel et al., 2015). In the extreme, selection
an completely unravel markets (Akerlof, 1970; Hendren, 2013). However, selection can affect more than prices and market stability.
t can also incentivize insurers to distort contracts to ‘‘cream-skim’’ low-risk consumers and avoid high-risk consumers (Rothschild
nd Stiglitz, 1976; Veiga and Weyl, 2016). While price distortions affect who enrolls in insurance, contract distortions can reduce the
uality of insurance contracts for all who enroll, including restricting access to the benefits most needed by the sickest consumers.
ence, such contract distortions may be a first-order concern for consumer welfare.

In this paper, we provide new evidence on the role of adverse selection in shaping the design of hospital networks by health
nsurers. We study these incentives in Medicaid managed care, the largest individual health insurance market in the U.S., covering
ver 55 million people and accounting for over $300 billion in annual payments to private health plans (Kaiser Family Foundation,
022). Because Medicaid covers some of the nation’s most vulnerable populations, understanding the incentives that shape access
o specialty hospitals — a longstanding concern in this market (Marks et al., 2022) — is potentially important for understanding

✩ We are grateful to Amanda Starc, Joel Segel, Emilie Jackson, and participants at the Conference of the American Society of Health Economists and the
ational Tax Association conference for their helpful comments and suggestions. We gratefully acknowledge funding from the Laura and John Arnold Foundation,

he Agency for Healthcare Research and Quality (K01-HS25786-01), the National Institute of Mental Health (T32-MH019733), and the National Institute on Aging
T32-AG000186, P01AG032952). The content is solely the responsibility of the authors and does not necessarily represent the official policy or position of the
ational Institutes of Health or the New York State Department of Health.
∗ Corresponding author.

E-mail addresses: akreid@wharton.upenn.edu (A.R. Kreider), layton@hcp.med.harvard.edu (T.J. Layton), Mark_Shepard@hks.harvard.edu (M. Shepard),
acob.wallace@yale.edu (J. Wallace).
vailable online 6 June 2024
167-6296/© 2024 Elsevier B.V. All rights are reserved, including those for text and data mining, AI training, and similar technologies.

ttps://doi.org/10.1016/j.jhealeco.2024.102901
eceived 28 June 2023; Received in revised form 2 May 2024; Accepted 28 May 2024

https://www.elsevier.com/locate/jhe
https://www.elsevier.com/locate/jhe
mailto:akreid@wharton.upenn.edu
mailto:layton@hcp.med.harvard.edu
mailto:Mark_Shepard@hks.harvard.edu
mailto:jacob.wallace@yale.edu
https://doi.org/10.1016/j.jhealeco.2024.102901
http://crossmark.crossref.org/dialog/?doi=10.1016/j.jhealeco.2024.102901&domain=pdf
https://doi.org/10.1016/j.jhealeco.2024.102901


Journal of Health Economics 97 (2024) 102901A.R. Kreider et al.

2

m
i

the drivers of widely-documented health and healthcare disparities. Despite the importance of Medicaid, there is little work on the
role of selection in this market.1

The Medicaid program represents a novel and interesting context in which to study the consequences of adverse selection, as
Medicaid markets differ in two key ways from more oft-studied markets. First, Medicaid fully subsidizes premiums, so enrollees pay
$0 for all plans. Second, insurer payments in Medicaid are typically set administratively, not through competition (Layton et al.,
2017). Price competition is a core aspect of selection models going back to Rothschild and Stiglitz (1976), with cream-skimming
incentives arising from insurers’ ability to enter with low-quality and low-price plans. Whether and to what extent cream-skimming
arises in markets like Medicaid, with administered prices and fully-subsidized consumer premiums, is not known. In simple models
of vertical competition, 100% premium subsidies eliminate problems associated with selection, since consumers have no reason to
choose lower-quality plans (e.g., Cutler and Reber (1998) and Einav et al. (2010)). However, insurers’ inability to adjust prices in
response to selection may limit their ability to increase plan generosity, potentially worsening selection-related contract distortions.

Using data from New York’s Medicaid program, we present visually transparent evidence of adverse selection in response to a
health plan’s coverage of a top specialty cancer hospital. In 2005, a large, private Medicaid plan added this cancer hospital to its
provider network, becoming the only private plan in Medicaid to cover the hospital. Consistent with adverse selection, demand
among enrollees with cancer responded differentially to this change in coverage: the plan’s market share rose by 50% among
enrollees with cancer, while remaining constant among non-cancer enrollees. One year after adding the cancer hospital, the plan
reversed course and dropped the hospital from its network, leading to a symmetric outflow of enrollees with cancer.

We explore heterogeneity in, and pathways for, these demand responses to coverage of the specialty cancer hospital. We find
that people with more severe and costly cancers (e.g., metastatic cancers) were more likely to shift to the plan. This exacerbates
adverse selection and is consistent with a model where demand for specialty hospital coverage rises with disease severity. Both the
initial 2005 inflow and subsequent 2006 outflow of cancer enrollees were driven mainly by enrollees switching plans, rather than
shifts in new Medicaid enrollee choices, indicating that demand for this hospital was strong enough to overcome the high levels of
inertia in plan choice typically observed in this market (Geruso et al., 2020). Finally, there was little change in use of the cancer
hospital by the plan’s existing enrollees, suggesting that adverse selection, rather than a change in utilization among inframarginal
enrollees, was the driving factor behind the insurer’s decision to subsequently drop the cancer hospital from its network.

While there is clear evidence of adverse selection, the enrollees driving this selection constitute a small group. Only 2% of
Medicaid enrollees in our setting have cancer. Hence, the prevalence of cancer among the plan’s enrollees only rose from 2.2%
to 3.2% following its decision to cover the hospital, leading to small changes in the plan’s average cost. Despite this, the plan
responded by immediately dropping the specialty hospital. In the subsequent 8 years, no other Medicaid plan covered that hospital.
This presents a puzzle: Why did a small shift in plan cost lead to a substantial change in network design?

In the paper’s final section, we address this puzzle by analyzing a simple model of insurer incentives to cover a specialty hospital
in markets with fixed (administered) plan prices. We show that the overall incentive depends on changes in costs/revenues for the
plan’s existing (inframarginal) enrollees, plus a ‘‘selection incentive’’ determined by the profitability of marginal enrollees who select
the plan because of its specialty cancer hospital coverage. Importantly, given Medicaid’s fixed plan prices, the insurer cannot earn
additional revenue on existing enrollees. Therefore, unless specialty hospital coverage is cost-reducing for inframarginals, the insurer
will lose money by covering it unless the selection incentive is strictly positive—that is if the marginal enrollees are profitable. For
a specialty hospital whose coverage is differentially appealing (and salient) to the sickest enrollees with cancer, we show that this
is unlikely to hold absent strong corrective policies.

We also discuss the welfare implications of an adverse selection incentive that discourages specialty hospital coverage. If the
specialty hospital is expensive — either because it gets paid high prices or delivers intensive care — then covering it will increase
costs for a plan’s existing enrollees. In other words, specialty hospital coverage may involve a real cost-quality tradeoff. But
importantly, adverse selection and Medicaid’s fixed-premium rule tend to push insurers towards being too eager to exclude a specialty
hospital. While the insurer internalizes any extra costs of a hospital’s expensive care, it also experiences an extra penalty from adverse
selection (which is really a transfer, as high-cost enrollees switch to it from other plans) and does not internalize any welfare benefits
to its existing consumers (since its premiums are fixed). Therefore, adverse selection creates a bias towards exclusion, and this is
what motivates corrective policies to encourage broader coverage.

To explore the level of corrective policy necessary to induce insurers to cover the cancer hospital, we use our estimates in a set of
simple simulations. We demonstrate that this requires either perfect risk adjustment — which is likely to be technically infeasible in
the real world — or near-perfect risk adjustment combined with high plan base payments (giving insurers average margins exceeding
15%). This is true even if, as in our empirical setting, the marginal group is small. It is not the size of the marginal group that is
essential, but rather its profitability.

A key reason for the challenging economics of specialty hospital coverage is that Medicaid plan payments are fixed (i.e., set by
states) regardless of health plan network breadth, giving plans little incentive to implement quality improvements that are costly
or lead to adverse selection. This differs from a standard insurance market where insurers can raise prices to offset a modest cost
increase or selection disincentive.2 Motivated by this observation, we consider a simple policy counterfactual that pays insurers an

1 One notable exception is evidence from Texas Medicaid that selection incentives widened health disparities under Medicaid managed care (Kuziemko et al.,
018).

2 Whether coverage of an adversely selected benefit will be profitable with flexible prices depends on insurer market power and the covariance among
arginal consumers of cost and willingness to pay for the benefit. Veiga and Weyl (2016) work out the theoretical conditions for this product design problem
2

n a standard insurance market.
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explicit price bonus if they cover the cancer hospital (while keeping enrollee premiums at zero). Even with weak or moderate risk
adjustment, a small bonus of $5–10 per member-month (1%–2% of average costs) restores profitable coverage, and the bonus can
be smaller with stronger risk adjustment.

This ‘‘pay-for-quality’’ policy is a way to incentivize specific plan quality improvements while mitigating potentially problematic
ffects of a full mandate to cover the hospital. However, it forces policymakers to decide which contract dimensions deserve explicit
ubsidization and how much it is willing to pay for them. Because bonus subsidies involve extra government spending, they involve
real tradeoff, and it is important to be careful not to set bonuses that are so large that they encourage coverage whose social costs

xceed its benefits.
Our paper makes several contributions to the literature on adverse selection and benefit design in health insurance. First, we add

o a nascent literature about the effects of adverse selection on contract design (Geruso et al., 2019; Carey, 2017; Lavetti and Simon,
016) and network design in particular (Shepard, 2022). We extend that literature to the zero-premium Medicaid setting, presenting
esults in a set of transparent figures that highlight the vulnerability of specialty hospital coverage to adverse selection. Second, we
rovide new evidence on the benefits (and limitations) of policies designed to correct selection-induced inefficiencies, such as risk
djustment and quality bonuses (Geruso and Layton, 2017). Finally, we add to a literature highlighting inadequate specialty care
ccess in Medicaid (Bisgaier and Rhodes, 2011; Timbie et al., 2019), providing a new explanation for this old phenomenon.

. Setting and data

.1. Medicaid managed care

Medicaid managed care (MMC) differs from other individual health insurance markets in several key ways relevant to selection
nd provider network design. First, MMC plans are typically the residual claimants on (nearly) all spending incurred by their
nrollees. The package of covered services is standardized across plans, and cost-sharing, where it exists, is minimal (Brooks et al.,
020). Therefore, the primary dimension on which MMC plans differ is their provider networks (Wallace, 2023). Second, Medicaid
nrollees almost never pay premiums to enroll. Instead, states generally pay insurers a fixed amount per enrollee based on past
pending at the plan- or market-level, and often risk-adjusted to account for differences in the clinical conditions of enrollees across
lans. Because plan payment is set by the state with no role for endogenous premium-setting by insurers, an adversely selected
lan cannot adjust revenues in response to an influx of higher cost enrollees on its own, though states may adjust plan payments
ia risk adjustment or other parts of the payment system. New York phased in risk adjustment between 2008 and 2011. Prior to
hat, New York negotiated payments with MMC plans and adjusted rates according to age, sex, geography, and Medicaid eligibility
ategory (Courtot et al., 2012). Third, states often operate publicly-managed fee-for-service (FFS) programs alongside managed care,
ith some enrollees being allowed to choose between FFS and MMC and other enrollees being mandated into one program or the
ther.

In New York, MMC enrollees may switch plans for any reason within 3 months of an initial MMC plan choice for any reason.
fter 3 months, enrollees face a 9-month ‘‘lock-in’’ period during which they are technically only allowed to switch for ‘‘good cause’’.

n practice, however, plan switch has been observed during the lock-in period (Wallace, 2023), suggesting that the need for ‘‘good
ause’’ is not a binding constraint on switching.

.2. Description of the natural experiment

In order to investigate the role of adverse selection in provider network formation, we leverage a natural experiment in which
large MMC plan (hereafter, the ‘‘focal plan’’) in New York City added a world-renowned specialty cancer hospital to its provider
etwork at the start of 2005. While the rationale for adding the specialty cancer hospital to its network is not well-documented, the
ocal plan was a mission-driven, nonprofit organization with an objective function that included increasing the quality and quantity
f care provided to Medicaid enrollees (Newhouse, 1970).3

Prior to being added to the focal plan’s network, this hospital was not covered in any of the 18 plans available in New York City
Table A1).4 Hence, MMC enrollees went from having no access to this specialty cancer hospital to having access through the focal
lan. The plan covered the hospital for only one year, dropping it in early 2006. Following program regulations, the plan allowed
atients who had started care at the hospital to complete their care episodes (New York State Department of Health, 2015), but
imited access to the hospital for other enrollees.

These network changes let us observe enrollee selection responses to both the focal plan’s addition and exclusion of the cancer
ospital. During our study period (2004–08), coverage among other MMC plans was stable. All other MMC plans excluded the cancer
ospital, and utilization in those plans was extremely limited, a point we verify empirically. Enrollees in the FFS program retained
ccess to the hospital — to the extent that the hospital was willing to accept them — throughout the study period.

3 It is unlikely that the focal plan added the specialty cancer hospital to try and attract enrollment among low-utilizing, but risk-averse, enrollees looking to
nsure themselves against the risk of a cancer diagnosis. This is because Medicaid enrollees could switch plans each month (for ‘‘good cause’’), hence they could
ait until they were diagnosed with cancer to switch to the focal plan.
4 Table A1 shows that coverage of the cancer hospital is particularly low, even compared to the limited networks for acute care hospitals. While the reasons

or this are uncertain, it is plausible that adverse selection incentives may be greater for cancer hospitals. Understanding the degree of selection incentives for
3

ifferent hospitals is good question for future research.
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Table 1
Summary Statistics.

No Cancer Cancer Total

(1) (2) (3)

Unique enrollees (mean per month) 665,429 15,408 680,837
Percentage of sample (%) 97.7 2.3 100.0

Age (mean) 35.3 44.4 35.5

Female (%) 64.1 71.5 64.3

Race/ethnicity (%)
Black 31.6 30.0 31.6
White 30.7 32.0 30.7
Asian or Pacific Islander 11.4 12.7 11.4
Hispanic 9.9 10.6 9.9
American Indian or Alaska Native 2.6 2.6 2.6
Other 13.8 12.1 13.8

Plan (%)
Focal MCO 3.6 4.3 3.7
Other MMC plans 68.3 68.2 68.3
Fee-for-service 28.1 27.5 28.1

Monthly Medicaid spending, 2005–2008 ($)
Total spending (FFS + MMC) 391.6 1422.2 415.0

Monthly MMC spending, 2005–2008 ($)
Total MMC spending 154.0 571.3 163.6
Inpatient MMC spending 67.0 285.1 72.0
Outpatient hospital MMC spending 15.2 80.2 16.7

Note: This table reports summary statistics for our sample of Medicaid enrollees ages 18–64 living in New York City who were enrolled at any time from 2004–
2008. The sample excludes enrollees who were eligible for Medicaid on the basis of Supplemental Security Income (SSI) benefits. Enrollees were categorized as
having cancer if at any time during their Medicaid enrollment from 2004–08 they had at least: (1) two outpatient claims on different days with a cancer diagnosis
(defined as AHRQ Clinical Classifications Software (CCS) categories 11–43), or (2) one inpatient claim with a cancer diagnosis. For all spending estimates, we
exclude the 2004 data due to unreliable reporting of Medicaid managed care (MMC) spending in that year. When estimating mean monthly MMC spending, we
exclude enrollees in fee-for-service (FFS) Medicaid; total Medicaid spending (FFS + MMC) is estimated using the full sample.

2.3. Data and outcomes

To evaluate this natural experiment, we merge administrative health records from the New York State Department of Health
with managed care provider directories. We obtained de-identified administrative data on enrollment, plan choice, and healthcare
claims for the entire New York Medicaid population from 2004 to 2008 and a unique dataset on the provider networks of MMC
plans in New York from 2004 to 2017.

The enrollment data allow us to construct monthly market shares for each MMC plan. Claims data allow us to construct measures
of MMC and FFS spending for each enrollee, including ‘‘carved-out’’ FFS spending for enrollees in MMC plans. To assess the extent
to which sicker enrollees select into the focal plan due to the inclusion of the specialty cancer hospital in its network, we construct
market shares separately for enrollees with and without cancer, as described below. In addition to market shares, the available data
allow us to construct a range of enrollee-level healthcare use and spending measures. The provider network data allow us to observe
that the specialty cancer hospital was added to the network of the focal plan in the first quarter of 2005 and removed in the first
quarter of 2006.

2.4. Sample definition

We restrict our sample in three ways. First, we focus on enrollees living in the geographic market around the specialty cancer
hospital, New York City. Second, we restrict the sample to non-elderly adults age 18–64, since Medicare-eligible enrollees were not
covered by MMC. Third, we remove enrollees eligible for Medicaid on the basis of eligibility for SSI as they are subject to different
rules related to MMC enrollment.5

We identify Medicaid enrollees with cancer using the Agency for Healthcare Research and Quality’s Clinical Classifications
Software (CCS). An enrollee is categorized as having cancer if at any time during 2004–08 the individual has at least: (1) two
outpatient claims on different days with a diagnosis that maps to one of the CCS cancer categories (11–43), or (2) one inpatient
claim with a diagnosis that maps to a CCS cancer category. We use this simple algorithm, rather than trying to define time spans
corresponding to cancer episodes, because Medicaid enrollment spells tend to be short, and the first observed claim with a diagnosis

5 Starting October 1, 2006, New York expanded mandatory enrollment to Medicaid beneficiaries who qualified for the federal Supplemental Security Income
SSI) program. Hence, for most of our study period the SSI enrollees in MMC were those who voluntarily selected MMC over FFS, a self-selected and small
roup. In addition, the mandate that beneficiaries with SSI enroll in MMC, starting October 1, 2006, complicates our analyses of SSI enrollee flows around the
4

xclusion of the specialty cancer hospital.
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may correspond to cancer that was present well beforehand. To examine heterogeneity in the selection effect, we disaggregate by
cancer severity. Appendix Section B provides additional details on the construction of cancer diagnosis and severity measures.

Table 1 presents summary statistics separately for enrollees with and without cancer. The cancer cohort includes roughly 15,000
nrollees in each month (2.3% of adult Medicaid enrollees in our sample). Enrollees with cancer are on average 9 years older than
nrollees without cancer and are disproportionately female. Unsurprisingly, the cancer cohort has much higher monthly spending
$1422) than the cohort without cancer ($392).6

. Empirical analysis

We leverage the addition and removal of the specialty cancer hospital to the network of the focal plan to show the impact of
overing the hospital on risk selection and utilization of the hospital. Section 3.1 presents basic evidence of selection, Section 3.2
nalyzes utilization responses, and Section 3.3 estimates the impact on the focal plan’s profits.

.1. Evidence of adverse selection

Fig. 1(a) presents the focal plan’s overall market share among enrollees with and without cancer during the 2004–2008 period.
he vertical red lines mark the dates the specialty cancer hospital was added (left line) and removed (right line) from the plan’s
etwork.7 There is a clear divergence in the plan’s cancer and non-cancer market shares aligned with the network changes. While
he plan’s non-cancer market share stays relatively flat around 3.5–3.8%, its cancer market share increases rapidly in late 2004
just before the addition) and throughout 2005, before declining sharply in 2006 after the cancer hospital is dropped. The slightly
‘early’’ gains in market share likely reflect either: (1) patients’ switching in response to the announced change or (2) the fact that
ur network data are updated quarterly, meaning that the cancer hospital’s addition (first listed at the start of 2005) may have
ctually occurred during the last quarter of 2004. The increase in market share, from 3.6% to a peak of 5.4%, represents a 50
ercent increase, followed by a similar decline over the 18 months from 2006 to mid-2007. These changes can also be seen in the
hare of the plan’s enrollees with cancer (Figure A1), which was similar to other plans and to FFS Medicaid in early 2004 before
ising well above them during 2005.

To formally test for differences in the plan’s cancer market share over time, we estimate a regression version of Fig. 1(a) that
akes the following form:

𝐸𝑛𝑟𝑜𝑙𝑙𝑀𝐶𝑂𝑖𝑡 =
∑

𝑡
𝛽𝑡
[

𝐶𝑎𝑛𝑐𝑒𝑟𝑖 × 𝑇 𝑖𝑚𝑒𝑡
]

+ 𝛾𝐶𝑎𝑛𝑐𝑒𝑟𝑖 + 𝛼𝑡 + 𝜀𝑖𝑡 (1)

here 𝐸𝑛𝑟𝑜𝑙𝑙𝑀𝐶𝑂𝑖𝑡 is a dummy for person 𝑖’s enrollment in the focal plan in month 𝑡, 𝐶𝑎𝑛𝑐𝑒𝑟𝑖 is a dummy indicating whether 𝑖 is
n the cancer cohort, and 𝛼𝑡 are dummies for each month in the series (excluding June 2004, the reference month). This regression
unctions as a difference-in-differences specification, with the coefficients of interest, 𝛽𝑡, capturing differential selection into the
ocal plan among the cancer cohort relative to the non-cancer cohort.

Fig. 1(b) shows OLS estimates of the 𝛽𝑡 coefficients in Eq. (1), with shading representing 95% confidence intervals. The
onclusions parallel the findings in Fig. 1(a). The timing and sharp contrast of the changes in the plan’s cancer and non-cancer
arket shares suggest that the plan experienced adverse selection due to covering the cancer hospital. Figure A2 in the Appendix
resents evidence that the 2005 inflow and subsequent 2006 outflow of cancer enrollees are driven mainly by enrollees switching
lans, rather than by shifts in new Medicaid enrollee choices.8

We next demonstrate that adverse selection was driven by the sickest cancer patients. We use our event study specification
n Eq. (1) but pool the time dummies into broader periods to increase power. We focus on estimates of 𝛽𝑡 for the ‘‘peak selection’’
eriod, July 2005-June 2006. Fig. 2 plots estimates of the peak selection coefficient by cancer type (y-axis) against the estimated
rofitability of the group to MMC plans (x-axis) based on revenues and costs in the Medicaid data. The figure shows that selection
nto the focal plan was larger for less profitable (higher-cost) cancer types. The clearest example is metastatic cancer, the highest-cost
ancer type, which has one of the largest selection coefficients.

In Figure A3 we investigate heterogeneity in selection among cancer enrollees by other attributes: age, sex, race, location, and
rior use of the cancer hospital. Many of these patterns are intuitive (e.g., weaker selection by younger enrollees), but overall there
s less heterogeneity on these attributes. The exception is prior use of the hospital, with the enrollees who previously visited the
ancer hospital being much more likely to select into the plan (>20× more likely than the full sample). Selection driven by existing
are relationships is consistent with prior work (Shepard, 2022; Tilipman, 2022). Nonetheless, there is still positive and significant
election for cancer patients without prior use of the hospital.

While we cannot pinpoint the specific mechanism driving our selection results, our findings bear a striking resemblance
o Shepard (2022), where anecdotal evidence suggests that hospitals were contacting their patients to encourage them to switch

6 Since 28% of the sample is enrolled in FFS, and some benefits are ‘carved out’ from MMC, MMC plan spending differs from total Medicaid spending, but
mean MMC plan spending is also much higher for cancer ($571) than for non-cancer enrollees ($154).

7 For interpretation of the references to color in this paragraph, the reader is referred to the web version of this article.
8 The New York MMC context bears a strong resemblance to other state Medicaid programs, where enrollees tend to have substantial flexibility to switch

plans, but our setting may differ from some other health insurance contexts — e.g., the Affordable Care Act exchanges or Medicare Advantage — where there
are defined open enrollment periods. Because switching is easier in our context, the extent of adverse selection we document may larger than in a context in
5

which there are more frictions association with plan switching.
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Fig. 1. Selection into the focal plan by enrollees with cancer. Note: Fig. 1(a) plots the focal plan’s Medicaid market share among enrollees with and without
cancer from January 2004–June 2008. Consistent with adverse selection, the plan’s market share among enrollees with cancer rose quickly around its inclusion
of the cancer hospital in early 2005, while its non-cancer market share remained relatively flat. The reverse occurred after the plan dropped the cancer hospital
in early 2006. Fig. 1(b) shows the event study version of Fig. 1(a); specifically, it presents the event study coefficients (𝛽𝑡) recovered from estimating Eq. (1),

ith the shading representing 95% confidence intervals (standard errors clustered at the enrollee level). See Section 2 for additional details on the outcomes
nd sample.

lans. However, it is also possible that our results are driven by physicians encouraging patients to switch to the focal plan because
hey prefer treating patients in the specialty hospital. The networks of contracted physicians differed substantially across MMC plans
uring this period (Wallace, 2023) so this channel may help explain why we observe selection even for cancer patients that had not
reviously used the specialty cancer hospital.9

9 While in principle providers might steer their patients to the focal plan if they receive higher reimbursement in MMC relative to FFS, the available evidence
6

uggests that provider prices in MMC track those in FFS (Agafiev Macambira et al., 2022).
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Fig. 2. Heterogeneity in selection into focal plan, by cancer type. Note: The figure shows heterogeneity in adverse selection into the focal plan by cancer
everity. Each point is a cancer type, defined as Hierarchical Condition Categories (HCCs) used by the U.S. Department of Health and Human Services for risk
djustment (see Appendix B.2 for details), with bubble sizes indicating prevalence in our data. The 𝑥-axis is cancer type profitability, calculated as average
anaged care revenue minus costs for that cancer type in 2005–06 across all managed care plans (after adjusting for plan, year, and month fixed effects in a

egression). Profitability is mainly driven by cost, but it accounts for the limited risk adjustment used in practice. The 𝑦-axis is the ‘‘peak’’ selection coefficient
or the cancer type, based on estimates of event study estimates of 𝛽𝑡 in regression (1), with time dummies (𝑇 𝑖𝑚𝑒𝑡) pooled into five periods to increase power.
he estimates shown are for the ‘‘peak selection’’ period of July 2005-June 2006. (For a full list of time periods and coefficient estimates, see Appendix Table
2.) All estimates are based on separate regressions for each cancer type, using enrollees without cancer as the control group.

.2. Impacts on utilization of the cancer hospital

In this section, we study the effect of the focal plan’s inclusion of the cancer hospital on use of the hospital, both inside the
lan and overall in Medicaid. This analysis provides evidence as to whether network coverage expanded overall access to the
ancer hospital in Medicaid, leading to a causal increase in utilization, or merely shifted users of the cancer hospital across plans
a sorting/selection effect).

As a benchmark for the estimates, we note that utilization per 100 enrollees spiked dramatically within the focal plan during
005, rising from 0.07 enrollee-days in mid-2004 to 2.08 in late-2005, before falling back to near-zero by late-2006 (Figure A4a).
imilarly, the portion of the focal plan’s cancer patients who used the cancer hospital rose from near-zero in mid-2004 to almost
5% in late-2005 (Figure A4b). This dramatic 40-fold increase could reflect a utilization response, re-sorting of patients into the
ocal plan, or both.

We use two strategies to disentangle causal utilization responses from sorting. First, we examine total utilization of the cancer
ospital across all Medicaid enrollees. Assuming that the focal plan’s coverage does not affect whether people enroll in Medicaid,
n overall utilization increase would suggest a causal utilization-response, while no change in overall Medicaid utilization would
uggest that the increased utilization of the cancer hospital in the focal plan was driven by re-sorting. Second, we examine utilization
atterns for people who joined the focal plan at different times relative to its addition of the cancer hospital. A utilization increase
n early 2005 among the plan’s pre-existing enrollees, who joined prior to the network change, would be consistent with a causal
ncrease in overall utilization. Greater utilization only among enrollees who joined while the focal plan covered the cancer hospital
late 2004 to 2005), with little change among pre-existing enrollees, would reflect a sorting effect.

Fig. 3(a) implements the first strategy by plotting overall Medicaid utilization of the cancer hospital and utilization separated
ut by plan type.10 The evidence is mixed but overall suggests at most a modest causal utilization-response. There was little change
n total use in early 2005 around the cancer hospital’s addition — as a large increase among focal plan enrollees was mirrored
y a decline for FFS and other MMC plans (consistent with re-sorting). There is a decline in total use after the plan’s exclusion in
006, but it partly rebounds by early-2007 as cancer hospital users shift into FFS Medicaid. If we approximate the upper bound
f any causal effect as the fall in total use from the 2005 peak (1226 enrollee-days) to the mean from early-2007-onward (1005

10 While this graph shows total utilization, patterns are similar if we normalize by Medicaid enrollment, which is stable during this period.
7
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enrollee-days), that yields 22%. This is non-zero but explains only a small share of the increase in enrollee-days within the focal
plan, suggesting the sorting effect dominates.

In Fig. 3(b), we show that evidence from the second strategy is consistent with this conclusion. Among the focal plan’s enrollees
ho joined prior to Q3 2004, utilization of the cancer hospital is consistently low from 2004–2008. By contrast, utilization rates
re much higher for people joining the plan in late-2004 to 2005, peaking at over 6.0 enrollee-days per 100 enrollees for the group
oining in late-2005. This rate falls for subsequent cohorts joining in 2006, consistent with the cancer hospital’s patients sorting into
ther plans (largely FFS). These two pieces of evidence lead us to conclude that most of the effect of the specialty hospital inclusion
n the plan’s costs and profits was driven by selection, not a causal effect of inclusion on use of the hospital.

.3. Impact on focal plan’s profit margins

We now estimate the effects of the specialty hospital’s inclusion on the focal plan’s profits. As we formalize in Section 4, the
election impact on plan profits equals the change in demand times the average profits (or losses) associated with the marginal
nrollees. We estimate these effects under two distinct scenarios. In the first scenario, we assume that there is zero demand response
mong Medicaid enrollees without cancer. Under this scenario, it is only enrollees with cancer who select into the focal plan when

the specialty hospital is added to its network. In the second scenario, we assume that the inclusion of the hospital in-network also
leads to new enrollment among enrollees who do not have cancer but are risk-averse (i.e., the ‘‘worried well’’).

For the change in demand under the first scenario, we use the 1.81 percentage point market share increase among cancer enrollees
observed in Fig. 1(a) (which represents 276 additional cancer enrollees) and assume zero demand response among non-cancer
enrollees.11 For the cost of these marginal enrollees, we use the estimated share of marginal enrollees by cancer type (derived
from estimates in Fig. 2) and multiply each by the average managed care plan cost for that cancer type in the focal plan during
2005. This yields a monthly average plan-paid cost of $800 for the marginal enrollees. This is substantially higher than both the
average for all Medicaid enrollees ($164) and the average for Medicaid enrollees with cancer ($571) (see Table 1), reflecting the
importance of differential selection by cancer severity. This $800 per month is well above the average price paid for these enrollees
($203 per month) given Medicaid’s weak risk adjustment at this time.

Using these estimates, we find that adverse selection led to a total loss of ≈$172,000 per month at the selection peak, or $2
million annually if the cancer hospital remained in-network.12 Although small relative to total plan revenues for the study sample
$62 million annually), this loss represents a 15% reduction in the plan’s estimated profit margins. Moreover, given its continually
ising cancer market share throughout 2005, these losses may have continued to accelerate had the plan not dropped the cancer
ospital. The plan’s exclusion decision in 2006, therefore, is consistent with a rational response to the financial incentives created
y adverse selection.

In the second scenario, we examine whether the specialty hospital’s inclusion is profitable after taking into account potential
election among non-cancer enrollees, or the ‘‘worried well’’. For cancer enrollees, we continue to use the 1.81 percentage point
arket share increase from Fig. 1(a). For the worried well, we use the observed market share increase during the same period
on-cancer enrollees (0.22 percentage points, representing ≈1543 additional enrollees).13 These latter enrollees generated plan-paid

costs of about $128 per member per month and revenues of $208 per month, resulting in a margin of $54 per member per month
after accounting for administrative costs.14 Once we account for changes in demand among enrollees with and without cancer, we
find that the focal plan lost ≈$88,000 per month on the marginal enrollees by the selection peak, or $1 million annually.

Thus, accounting for demand changes among the worried well reduces the MCO’s estimated losses but does not offset them
ntirely. Indeed, to fully offset the adverse selection losses from cancer enrollees, non-cancer enrollee demand would have needed
o increase by 0.46 percentage points, more than double the observed increase (0.22 percentage points). A key point is that the
arginal enrollees with cancer are extremely expensive, generating plan losses of more than $620 per member-month. Since the
argins associated with the non-cancer enrollees are only $54 per member-month, it would take nearly 12 new enrollees without

ancer to offset the losses associated with each cancer enrollee.

. Model

We now develop a model of an insurer’s incentives to cover a hospital to understand how a small amount of adverse selection
ould lead an insurer to exclude a top specialty hospital. A key goal of this section is to contrast the insurer’s incentives in a setting
here it endogenously sets premiums (as in most individual insurance markets) to the Medicaid setting, where insurers cannot

harge premiums and per-enrollee revenues are determined administratively. We then use the model to evaluate potential policy
esponses.

11 To calculate the market share increase among the cancer enrollees, we use the change in the focal plan’s market share among Medicaid enrollees with
ancer between June 2004 (the last month of the pre-period) and February 2006 (the month when selection ‘‘peaked’’). See Fig. 1(a).
12 We assume the plan had administrative costs of $25.16 PMPM, consistent with the statewide average during the sample period (Newell and Baumgarten,
009). Thus, the net monthly loss for cancer enrollees is −$622 = ($203 − $800 − $25.16). When applied to the 276 marginal cancer enrollees, this generates total
osses of about $172,000 per month.

13 We note, as a caveat, that it is not totally obvious that this market share increase for non-cancer enrollees is causal. The timing of the increase in late
005 does not exactly align with the coverage change (at the start of 2005) or the uptick for cancer enrollees (starting in late 2004). Nonetheless, we model
ts impact as a sensitivity analysis for our profits calculation.
14 As in the previous scenario, we assume $25.16 in PMPM administrative costs.
8
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4.1. Model setup

Consider a market in which enrollees (𝑖) choose among available insurance plans 𝑗 ∈ {1,… , 𝐽}. Insurers each offer a single plan.
The Medicaid program pays each insurer a baseline per-member fee (or subsidy) of 𝑅, which we initially assume is invariant to
specialty hospital coverage. Additionally, insurers may be able to set an add-on premium 𝑃𝑗 that is passed on to enrollee premiums.
We consider two policy cases:

1. Standard markets: Insurers can set 𝑃𝑗 flexibly.
2. Medicaid case: No add-on premiums are allowed (𝑃𝑗 = 0).

Insurer revenues are further risk-adjusted based on enrollee risk scores, 𝜑𝑖, so the plan receives 𝜑𝑖 ⋅ (𝑅 + 𝑃𝑗 ) for covering 𝑖.
We model the decision of a single ‘‘focal’’ insurer 𝑗 whether to cover a specialty hospital, holding fixed all other benefits (of 𝑗

and all other insurers, which we index with 𝑘). Let 𝑥𝑗 ∈ {0, 1} indicate 𝑗’s coverage decision. The decision affects its enrollee-specific
expected costs, 𝐶𝑖𝑗

(

𝑥𝑗
)

. We focus on the case where the hospital is weakly cost-increasing, 𝛥𝐶𝑖𝑗 ≡ 𝐶𝑖𝑗 (1) − 𝐶𝑖𝑗 (0) ≥ 0, which seems
atural for a top cancer hospital. Coverage may also affect enrollee demand, 𝐷𝑖𝑗 (𝑥, 𝑃 ), which indicates whether individual 𝑖 chooses
, as a function of all plans’ benefits, 𝑥, and premiums 𝑃 . Insurer profits equal:

𝜋𝑗 (𝑥, 𝑃 ) =
∑

𝑖

[

𝜑𝑖(𝑅 + 𝑃𝑗 ) − 𝐶𝑖𝑗
(

𝑥𝑗
)]

⋅𝐷𝑖𝑗 (𝑥, 𝑃 )

=
∑

𝑖

[

(𝑅 + 𝑃𝑗 ) − 𝐶𝑅𝐴
𝑖𝑗

(

𝑥𝑗
)

]

⋅ �̃�𝑖𝑗 (𝑥, 𝑃 ) (2)

here 𝐶𝑅𝐴
𝑖𝑗

(

𝑥𝑗
)

≡ 𝐶𝑖𝑗
(

𝑥𝑗
)

∕𝜑𝑖 is risk-adjusted costs and �̃�𝑖𝑗 (𝑥, 𝑃 ) ≡ 𝜑𝑖𝐷𝑖𝑗 (𝑥, 𝑃 ) is risk-weighted demand. In a setting without risk
adjustment, these collapse to standard costs and demand.

Profits of the focal insurer are one component of overall social welfare, which also includes consumer welfare, other insurers’
profits, and government cost. Let 𝑉𝑖𝑘

(

𝑥𝑘
)

be consumer welfare (in dollars) for each plan 𝑘, given its hospital coverage decision
𝑥𝑘 ∈ {0, 1}. Because a broader network expands patient choice, we expect 𝛥𝑉𝑖𝑘 ≡ 𝑉𝑖𝑘 (1) − 𝑉𝑖𝑘 (0) ≥ 0 for all consumers, though its
magnitude will vary with consumer preferences and medical needs.15

Using a standard social surplus metric, social welfare equals:

𝑆𝑊 (𝑥, 𝑃 ) =

Focal plan profits
⏞⏞⏞⏞⏞
𝜋𝑗 (𝑥, 𝑃 ) +

Other plans’ profits
⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞
∑

𝑘≠𝑗
𝜋𝑘 (𝑥, 𝑃 ) +

Consumer welfare
⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞
∑

𝑖,𝑘

[

𝑉𝑖𝑘
(

𝑥𝑘
)

− 𝑃𝑘
]

⋅𝐷𝑖𝑘 (𝑥, 𝑃 ) −

Govt Cost
⏞⏞⏞
𝐺 (𝑅) (3)

where 𝐺 (𝑅) =
∑

𝑖 𝜑𝑖𝑅 is total government cost, which depends on the baseline fee, 𝑅, but (in the setup so far) does not depend
on which plans consumers choose.16 With some rearranging, social welfare can equivalently be written in its standard form, as the
difference between consumer value and firm cost for people’s chosen plans:

𝑆𝑊 (𝑥, 𝑃 ) =
∑

𝑖,𝑘

[

𝑉𝑖𝑘
(

𝑥𝑘
)

− 𝐶𝑖𝑘
(

𝑥𝑘
)]

⋅𝐷𝑖𝑘 (𝑥, 𝑃 ) (4)

These equations make clear the distinction between social welfare and the focal insurer’s profit incentives. A key insight of adverse
selection models is that there are major (within-market) spillover impacts of one firm’s decisions on other firms’ profits and on
consumer welfare. If the focal plan 𝑗’s excluding the specialty hospital creates negative spillovers on other firms – e.g., because
unprofitable consumers with cancer switch to other plans – the insurer will be too eager to exclude relative to what is socially
optimal.

4.2. Profitability of specialty hospital coverage

Now consider how profits change when focal insurer 𝑗 shifts from excluding to covering the specialty hospital, holding fixed
all other insurers’ benefits at 𝑥−𝑗 . In standard markets, the insurer can reset premium 𝑃𝑗 flexibly to maximize profits, with 𝑃 ∗

𝑗 (1)
and 𝑃 ∗

𝑗 (0) representing these premiums, and with 𝛥𝑃 ∗
𝑗 ≡ 𝑃 ∗

𝑗 (1) − 𝑃 ∗
𝑗 (0). For notational ease, we treat premiums and other insurers’

enefits as implicit, writing simply 𝜋𝑗
(

𝑥𝑗
)

for profits (and likewise for other variables) and use ‘‘𝛥’’ to denote changes from 𝑥𝑗 = 0
to 𝑥𝑗 = 1. The profit change, 𝛥𝜋𝑗 ≡ 𝜋𝑗 (1) − 𝜋𝑗 (0), equals:

𝛥𝜋𝐹 𝑙𝑒𝑥𝑖𝑏𝑙𝑒
𝑗 =

∑

𝑖

[

(𝑅 + 𝑃 ∗
𝑗 (1)) − 𝐶𝑅𝐴

𝑖𝑗 (1)
]

⋅ 𝛥�̃�𝑖𝑗

⏟⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏟⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏟
(1) Selection: Profitability of marginals

+
(

𝛥𝑃 ∗
𝑗 − 𝛥𝐶

𝑅𝐴
0𝑗

)

⋅ �̃�𝑗 (0)
⏟⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏟⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏟

(2) 𝛥Revenue - Costs on inframarginals

(5)

15 Recall that we endogenize only the focal plan’s coverage, 𝑥𝑗 , but we include the other plans’ coverage variables for generality and to simplify expressions
below.

16 For simplicity, we assume that all consumers choose an available plan, with no substitution to the outside option (no exit from Medicaid). We also assume
9

no excess cost of government funds, again to simplify the math. It would be straightforward to generalize the model to include these factors.
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Term (1) is the selection incentive: the profitability of ‘‘marginal’’ enrollees attracted by the plan’s covering the specialty hospital.
This term will be negative (an adverse selection incentive) if marginal consumers’ risk-adjusted costs are high relative to total
payments (= 𝑅+𝑃𝑗). Term (2) captures the change in profits on inframarginal enrollees, which equals the number of inframarginals
(�̃�𝑗 (0)) times the increase in premiums (𝛥𝑃 ∗

𝑗 ) minus the mean change in costs for inframarginals, 𝛥𝐶
𝑅𝐴
0𝑗 .

Now, consider how 𝛥𝜋𝑗 differs in the ‘‘Medicaid case’’ with zero add-on premiums:

𝛥𝜋𝑀𝑒𝑑𝑖𝑐𝑎𝑖𝑑
𝑗 =

∑

𝑖

[

𝑅 − 𝐶𝑅𝐴
𝑖𝑗 (1)

]

⋅ 𝛥�̃�𝑖𝑗

⏟⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏟⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏟
(1) Selection: Profitability of marginals

− 𝛥𝐶
𝑅𝐴
0𝑗 ⋅ �̃�𝑗 (0)

⏟⏞⏞⏞⏞⏞⏞⏟⏞⏞⏞⏞⏞⏞⏟
(2) 𝛥Costs on inframarginals

(6)

t is straightforward to see why selection incentives may matter so much in the Medicaid case. With flexible pricing, the plan can
ffset a small adverse selection incentive or inframarginal cost increase by raising premiums, thereby increasing revenues. With fixed
rices, it cannot. Therefore, covering the specialty hospital will only be profitable if marginal enrollees are profitable (advantageous
election) — and sufficiently so to outweigh any extra expenses on inframarginals.

This expression shows how challenging it is for profit-maximizing insurers to offer benefits that primarily appeal to sicker
nrollees, such as cancer patients, absent intervention. Note that it is not critical how large the marginal group is; if that group
s unprofitable, the plan will lose money by covering the extra provider/service. This helps explains why even a small increase in
he focal plan’s average costs due to the inclusion of the cancer hospital ultimately led the plan to reverse course and exclude the
ospital from its network.

.3. Tradeoffs of specialty hospital coverage

Our analysis thus far shows why insurers may have little incentive to cover a cancer specialty hospital, especially under the
edicaid payment system. But what are the implications for social welfare? Fundamentally, coverage of the specialty hospital by

he focal plan involves a tradeoff. It benefits consumers who enroll in this plan, since 𝛥𝑉𝑖𝑗 ≥ 0. These benefits are likely much larger
or cancer enrollees who use the hospital’s specialized services. But if the hospital is relatively expensive (i.e., if 𝛥𝐶𝑖,𝑗 > 0), coverage
lso involves higher medical spending. The net welfare impact of specialty hospital coverage, therefore, is theoretically ambiguous.

Despite this ambiguity, there is a reason to think adverse selection will make insurers too unwilling to cover the specialty hospital,
ven if doing so would be socially beneficial. Higher medical spending – the main cost of specialty hospital coverage – are included
n the focal insurer’s profits, so should be internalized in their decision making. Meanwhile, the main benefits of specialty hospital
overage flow to other parties in the market, including consumers and other plans. To see this, note that the change in social welfare
rom plan 𝑗 covering the hospital equals

𝛥𝑆𝑊 =

Focal firm profits
⏞⏞⏞
𝛥𝜋𝑗 +

Spillover Impacts
⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞
[

∑

𝑘≠𝑗
𝛥𝜋𝑘 + 𝛥ConsWelfare

]

(7)

hich equals the focal plan’s profit impact plus spillover impacts. (Recall that government spending is fixed, so 𝛥𝐺 = 0.) Focusing
n the ‘‘Medicaid case’’ (without add-on prices), the spillover impact on other insurers is:

Profit Spillover =
∑

𝑘≠𝑗

∑

𝑖

[

𝑅 − 𝐶𝑅𝐴
𝑖𝑘

]

⋅ 𝛥�̃�𝑖𝑘

⏟⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏟⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏟
Selection effect on other firms (+)

(8)

his expression is analogous to the selection effect on 𝑗’s profits in Eq. (4), but in the reverse direction. If plan 𝑗 experiences an
dverse selection impact, other firms experience a favorable selection impact — i.e., they benefit from high-cost consumers leaving
heir plan.17 Fundamentally, risk selection involves a transfer across firms, as high-cost consumers shift among plans, but insurer 𝑗
nternalizes only the unfavorable half of this transfer.

Additionally, the impact on consumer welfare in (7) is:

𝛥ConsWelfare = 𝛥𝑉0,𝑗 ⋅𝐷𝑗 (0)
⏟⏞⏞⏞⏞⏞⏟⏞⏞⏞⏞⏞⏟

Benefit to inframarginals (+)

+
∑

𝑖,𝑘

(

𝑉 1
𝑖𝑘 ⋅ 𝛥𝐷𝑖𝑘

)

⏟⏞⏞⏞⏞⏞⏞⏞⏞⏟⏞⏞⏞⏞⏞⏞⏞⏞⏟
Resorting effect (+)

(9)

where 𝑉 1
𝑖𝑘 is notation for consumer values in the state where plan 𝑗 covers the specialty hospital.18 The first term is the utility

benefit to 𝑗’s inframarginal consumers, which is likely positive. The second term is a resorting effect, which is also positive assuming
consumers make optimizing choices. Therefore, coverage also yields positive spillover benefits to consumers. These are likewise not

17 This is guaranteed in a model where consumer costs are equal across plans (no plan effects) or where plan effects are ‘‘symmetric’’ across consumers in the
ense that they preserve consumer profitability rankings across firms. It could fail if high-cost consumers in one plan (e.g., cancer patients) were in fact low-cost

in other plans, something that seems unlikely in this setting.
18 1 1 ( )
10

I.e., 𝑉𝑖𝑗 = 𝑉𝑖𝑗 (1) for 𝑗, and 𝑉𝑖𝑘 = 𝑉𝑖𝑘 𝑥𝑘 for 𝑘 ≠ 𝑗, where 𝑥𝑘 is 𝑘’s fixed coverage decision.
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internalized in the focal plan’s profits under the Medicaid system, suggesting again that the plan has too little incentive for specialty
hospital coverage.19

To summarize, coverage of an expensive specialty hospital involves a real social welfare tradeoff of access vs. costs. But under the
Medicaid payment system, a given insurer has too little incentive for this coverage. The insurer experiences all of the higher costs
(which enter its profit function) but many of the benefits accrue to consumers (via better quality) and other firms (via selection).
Given this low incentive, it is reasonable that Medicaid may wish to consider corrective policies to encourage specialty hospital
coverage. We turn to this issue next.

4.4. Policy responses

How can policymakers encourage specialty hospital coverage within the constraints of the Medicaid system where enrollee
premiums are fixed at $0? In this section, we use our empirical evidence to simulate two types of corrective policies to understand the
tradeoffs involved. First, we consider stronger risk adjustment and higher Medicaid fees (𝑅), which seek to offset adverse selection
directly by making marginal enrollees profitable. Second, we consider an explicit fee bonus, 𝛥𝑅, if plans cover the specialty hospital.
This bonus allows plans to earn extra revenue from coverage — as in the standard-market case — but does so via subsidies, keeping
enrollee premiums zero. It can be seen as a ‘‘pay-for-quality’’ incentive to help overcome adverse selection or other market failures
leading to undesirably low quality on an observable dimension. Both higher Medicaid fees and an explicit fee bonus take the form of
an increased capitation payment to insurers. But the important distinction is that the increased Medicaid fee applies unconditionally
to all plans, while the bonus is given only if a plan covers the cancer hospital. As discussed below, the conditionality of the bonus
tends to generate much stronger insurer incentives to cover the cancer hospital.

Throughout, we focus on estimating the profitability of marginal enrollees (term (1) of Eq. (6)), since this selection incentive
is what our evidence identifies most cleanly. As discussed above, a positive selection incentive is a necessary condition for the
plan to earn profits if the specialty hospital is a higher-cost facility. Further, the evidence in Fig. 3 suggests that specialty hospital
utilization impacts for inframarginal enrollees may be small, implying that selection incentives comprise the main effect of the
coverage decision on profits. To estimate the quantities in term (1) of Eq. (6), we define 𝑖 as cancer diagnosis groups, following
the classification in Fig. 2. We identify demand changes (𝛥𝐷𝑖𝑗) using the DD estimates underlying the figure. To estimate 𝐶𝑖𝑗 (1),
we (conservatively) use average costs for group 𝑖 in the focal plan during 2005. If specialty hospital coverage led to selection on
unobserved sickness within diagnosis group, this may underestimate the selection incentive.

Risk adjustment and Medicaid fees. We start by simulating changes to risk adjustment and fees within the existing system. For fees,
𝑅, we consider a range of values resulting in average profit margins across all Medicaid enrollees (with and without cancer) from
0% to 30%, a range consistent with reasonable lower and upper bounds in Medicaid. For risk adjustment, we simulate a range from
zero to perfect risk adjustment. To do so, we set risk scores for group 𝑖 to be a power-scaling of actual average costs: 𝜑𝑖 = (𝐶𝑖𝑗∕𝐶)𝛾 .

ere, 𝛾 = 0 corresponds to no risk adjustment (𝜑𝑖 = 1 → 𝐶𝑅𝐴
𝑖𝑗 = 𝐶𝑖𝑗 for all 𝑖), 𝛾 = 1 implies perfect risk adjustment (𝐶𝑅𝐴

𝑖𝑗 = 𝐶 for all
), and increasing 𝛾 between 0 and 1 involves stronger risk adjustment.

Fig. 4 shows the result of this exercise in a heatmap, where the 𝑥-axis is the strength of risk adjustment (𝛾), the 𝑦-axis is the
average margin implied by the fee, and the outcome (shown by the color shading) is the selection incentive (term (1) of Eq. (6)).
Without risk adjustment and with a zero average margin, marginal enrollees cost over $220,000 per month and generate about
$45,000 in revenue, implying losses of more than $175,000 per month. Without stronger risk adjustment, even Medicaid fees that
generate average margins of 30% are insufficient to make coverage profitable; the marginal enrollees are simply too costly. Only
with either perfect risk adjustment, or near-perfect risk adjustment (𝛾 > 0.90) plus high fees (margins > 15%), is the policy strong
nough to make the selection incentive positive.

onus for specialty hospital coverage. What if policymakers instead give insurers an explicit fee bonus, 𝛥𝑅, for cancer hospital
coverage that relaxes the fixed-pricing constraint? The bonus does not affect the selection incentive term — which is still captured
by the numbers in Fig. 4. Instead, it gives the plan extra revenue of 𝛥𝑅 times its initial enrollment, about 25,000 per month, if it
covers the hospital. Thus, a $10/month bonus (a ≈ 2% increase relative to average per-enrollee costs) gives the plan $250,000; a $5
bonus gives it $125,000. Thus, a $10 bonus is enough to fully compensate for adverse selection even without any risk adjustment
and 0% baseline margins; a $5 bonus is enough with moderate risk adjustment (𝛾 = 0.5) and a 5% baseline margin. In general, the
stronger risk adjustment is and the higher baseline margins are, the smaller the bonus can be.

These bonus amounts are much smaller than the unconditional fee increases needed to induce cancer hospital coverage. For
instance, with modest risk adjustment (𝛾 = 0.5), a $5 per member-month bonus is sufficient to offset the selection disincentive,
while a Medicaid fee increase that results in a 30% margin is still insufficient to do so. A 30% margin is about $49 per member-
month (given average MMC-paid spending of $164 per month; see Table 1), or about 10 times larger than a $5 bonus. This analysis,
therefore, shows why an explicit bonus is likely to be a much cheaper way to induce cancer hospital coverage than a general fee
increase.

19 In the ‘‘standard markets’’ case with flexible pricing, the analysis is more complicated because plan 𝑗 can raise its price when it covers the specialty hospital.
This creates an offsetting consideration: coverage may let plan 𝑗 more effectively extract surplus from consumer via high markups, a transfer that benefits the
insurer while hurting inframarginal consumers. Nonetheless, if adverse selection is strong, it will likely still dominate the analysis, and firms will have too little
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incentive for specialty hospital coverage in the flexible pricing case (see Shepard (2022)).
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Fig. 3. Utilization of the specialty cancer hospital. Note: Fig. 3(a) displays total quarterly utilization of the specialty cancer hospital (enrollee-days with a claim
incurred at it), both overall in Medicaid (‘‘Total’’) and disaggregated by market segment (Focal Plan, Other Medicaid managed care (MMC) plans, and FFS
Medicaid). Fig. 3(b) shows quarterly utilization of the specialty cancer hospital (enrollee-days per 100 enrollees) among enrollees in the focal plan, disaggregated
by the time period the enrollee first joined the focal plan (Q3 2004, Q4 2004, etc.). The ‘‘pre-existing enrollees’’ group includes all of the focal plan’s enrollees
who joined prior to Q3 2004.

Why does a small bonus offset adverse selection so easily, whereas this required near-perfect risk adjustment? The key insight is
that cancer hospital coverage attracts a very sick but also small group of marginal enrollees (≈1% of the plan’s initial enrollment). A
mall bonus applied to all enrollees is enough to offset even severe risk adjustment shortfalls. By contrast, risk adjustment works by
rying to match revenues to costs for the marginal enrollees, which is often challenging in practice. For observable quality measures,
herefore, an explicit pay-for-quality program is simpler and may be easier to adjust — e.g., by flexibly changing 𝛥𝑅 based on
bserved outcomes. However, unlike risk adjustment, such a program would require the policymaker to decide which benefits to
ubsidize.

Clearly, these simulations only capture part of the broader network-setting problem. We have not simulated supply-side responses,
ncluding other insurers’ actions and hospital-insurer bargaining. For both risk adjustment and explicit bonuses, one potential
12
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Fig. 4. Profitability of adding cancer hospital coverage, by risk adjustment strength and Medicaid fee level. Note: Fig. 4 presents simulations of the selection
effect of cancer hospital coverage for the focal plan under varying assumptions about: (1) the strength of risk adjustment (x-axis), and (2) the per-enrollee
Medicaid fee (𝑅) paid to insurers (y-axis). The strength of risk adjustment corresponds to the value of 𝛾 as described in Section 4.4, which ranges from 0 (no
risk adjustment) to 1 (perfect risk adjustment). For Medicaid fees, we show a range of values resulting in average profit margins across all Medicaid enrollees
(with and without cancer) from 0% to 30%. The heatmap colors shows the size of the selection effect on profits — corresponding to term (1) of Eq. (6) —
ranging from red (losses) to green (profits). See Section 4.4 for a description of the method details. The simulations indicate that only with either perfect risk
adjustment, or near-perfect risk adjustment (𝛾 > 0.90) plus high fees (margins > 15%), is the payment policy strong enough to incentivize coverage of the cancer
hospital. (For interpretation of the references to color in this figure legend, the reader is referred to the web version of this article.)

concern is that the specialty hospital exploits its bargaining leverage to raise prices.20 Despite these limitations, the simulations
provide important insights regarding: (1) how difficult it is to achieve equilibria where top specialty hospitals are covered by for-
profit plans when those plans cannot charge premiums; and (2) the relative effectiveness of explicit subsidies versus standard policies
such as risk adjustment.

5. Conclusion

In this paper, we provide new evidence on the role of adverse selection in insurers’ decisions to cover top specialty hospitals
in Medicaid. Using a natural experiment in which a single MMC plan added a well-known cancer hospital to its provider network
and dropped it a year later, we find evidence of extreme adverse selection on cancer hospital coverage. Given the capitated plan
payment systems in place in the Medicaid program, the analysis suggests that MMC plans have a strong disincentive to cover the
cancer hospital absent strong corrective policies. This disincentive comes primarily from adverse selection, with at most small causal
utilization impacts among inframarginal enrollees.

Our analysis suggests that these incentives are a natural consequence of Medicaid’s fixed-price system, which does not allow
insurers to boost per-enrollee revenue when they implement a costly quality improvement such as inclusion of a specialty cancer
hospital. Medicaid insurers only have a profit incentive to cover costly benefits if the marginal enrollees attracted are strictly
profitable (that is, a positive selection incentive). Our results indicate that for specialty services and other types of care differentially
demanded by sick enrollees, this condition is challenging to meet, requiring near-perfect risk adjustment and/or high Medicaid plan
payments that are costly to the government. On the other hand, directly subsidizing the coverage of such services can make coverage
economically feasible despite selection incentives, with necessary subsidies shrinking as risk adjustment strengthens.

20 Both policies provide less leverage than a full mandate to cover the cancer hospital, a common policy response to distortionary adverse selection. A bonus,
unlike a mandate, preserves flexibility to exclude the hospital when there is a compelling reason — e.g., if a plan wished to steer patients towards another
13

cancer hospital better integrated into its network.
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