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Abstract

The three essays in this dissertation explore the impact of various reimbursement

structures and chain ownership in the context of U.S. health care.

In the first essay, I study how the moral hazard created by Medicare part D reim-
bursement structure affects coverage choices made by participating insurers. Using
data on formularies for the universe of U.S. health insurance plans, I find that af-
ter rival entry non-Medicare plans reduce coverage of reference products by 20-25%
more than Medicare plans. If Medicare Part D plans emulated non-Medicare plans,
the federal government and patients could save around 6% annually. Finally, a 2018

policy change had only a small effect on the take-up of low-cost entrants.

In the second essay, co-authored with Paul J. Eliason, Benjamin Heebsh, Riley J.
League, Ryan C. McDevitt and James W. Roberts, we study how health insurers game
pay-for-performance reimbursement schemes. We use annual variation in Medicare’s
criteria for its Quality Incentive Program in dialysis to distinguish strategic patient
dropping from the provision of higher-quality care. We find that patients whose
characteristics would trigger penalties are 40% more likely to switch facilities, while
along some dimensions facilities exert more effort to provide better care.

In the third essay, co-authored with Paul J. Eliason, Ryan C. McDevitt, James
W. Roberts, Vincenzo Villani, Gabriel Butler, Nicole DePasquale, Christine Park
and Lisa M. McElroy, we try to identify sociodemographic and facility characteristics
associated with not receiving transplant information. We find that non-informed pa-
tients are more likely to be older, female, and on Medicare. Patients at chain facilities
and independent facilities acquired by chains are more likely to receive information,
but this does not translate into higher waitlist or transplantation rates. The chains’

objective of profit maximization may bring facilities to disregard patient outcomes.
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Chapter 1

Introduction

United States healthcare spending has increased substantially in the past few years, from
$1.4 to $4.3 trillion. Moreover, it has gone from 13.3 to 18.3 as a share of the nation’s
GDP!. Among the reasons for this increase in spending it is worth mentioning an increase
in the share of the U.S. population age 65, the introduction of new, innovative treatments

and technologies, as well as system complexity and consolidation?.

In order to ensure access in light of increasing costs, multiple federally and state-
administered programs have been introduced in the US. For example, in 2006, the fed-
eral government implemented a program that provides drug benefits to people 65 or older
through approved commercial insurers (Medicare part D). The introduction of these pro-
grams has made health insurance provision fragmented into different segments (Dickstein
et al., 2021), whose cost-sharing structures can vary substantially. Moreover, due to ris-
ing drug costs, health insurance plans are increasingly relying on the use of formularies to
achieve cost containment goals. Mirroring in-network vs. out-network provider systems,
formularies are lists of drugs that insurance plans decide to cover and make available for en-
rollees. Insurance plans can take advantage of the strong patient steering effects generated
by these tools, and adjust the formularies to maximize their profits in light of the cost-
sharing structures they face (Lavetti and Simon, 2018; Geruso et al., 2019). This means
that formulary coverage choices can vary considerably across segments, with significant

monetary and health consequences for patients and the government.

In Chapter 2, I study how moral hazard affects the coverage of reference biological drugs

once a biosimilar becomes available. By employing a triple difference approach, I find that

I'Centers for Medicare & Medicaid Services

?Peter G. Peterson Foundation



commercial plans are 20-25% less likely to cover a reference biological drug than Medicare
plans after entry. Back-of-the-envelope calculations imply that Medicare patients and the
federal government could save $7-39 million and $107-624 million respectively if Medicare
plans reacted as aggressively as comercial plans to biosimilars’ entry. The savings cor-
respond to a reduction of about 2-10% of spending on biological drugs with a biosimilar
available. T also find that Medicare plans are almost twice less likely to cover biosimilars
relative to commercial plans after entry. These results are consistent with increasing evi-
dence of sluggish take-up of biosimilars in Medicare part D (Socal et al., 2021). Moreover,
I study the impact of a policy change in 2018 aimed at increasing biosimilars’ penetration
in Medicare part D. The policy equalized mandatory manufacturer discounts for biosim-
ilars and reference biologics. I find only weak evidence of increased biosimilars coverage
and reduced reference biologics coverage following the policy change. T also discuss a pol-
icy change recently implemented through the Build Back Better Act (2022), which comes
with a higher potential for convergence in the take-up of biosimilars across Medicare and

commercial plans.

Cost containment can be achieved not only through the implementation of drug formu-
laries. In the past, healthcare providers were typically provided a flat rate for each medical
service provided (fee-for-service). However, due to rising healthcare costs, public and pri-
vate payers have increasingly tried to implement pay-for-performance schemes (James et al.,
2012), which should avoid distortionary incentives for medical overuse from fee-for-service

schemes.

For example, starting in 2011, Medicare provided dialysis facilities a single prospective
payment (Zuber et al., 2012), which bundles dialysis services and all injectable drugs and
biologics used in the treatment of ESRD (End stage renal disease). The introduction of
a single prospective payment raised concerns that providers may cut costs and provide
lower-quality care, so the legislation also mandated the development of the QIP, which
links payments to performance by penalizing dialysis facilities that provide low-quality care,

as determined each year by Medicare in its facility quality score. Although intended to



give providers an incentive to exert more effort in caring for patients, pay-for-performance
reimbursement schemes may also spur providers to avoid treating patients who would hurt

their overall performance score.

Chapter 3 is based on joint work with Paul J. Eliason, Benjamin Heebsh, Riley J.
League, Ryan C. McDevitt and James W. Roberts, and studies how dialysis facilities game
the newly introduced payment scheme. To uncover whether facilities act strategically in
this way, we use our claims data to classify patients as penalty-inducing when their di-
agnostic measures would lower their facility’s QIP score in a given year. We then show
that when a patient becomes penalty-inducing due to Medicare’s annual change in QIP
criteria, the probability that they switch facilities rises by 40%. We also find that penalty
inducing patients are 37% more likely to switch facilities after being hospitalized. Because
these penalty-inducing patients switch to lower-quality facilities in terms of mortality and
hospitalization rates, we interpret the facility change as an involuntary one. Although the
elevated rate of switching among penalty-inducing patients suggests some facilities respond
to the QIP by strategically avoiding patients who might cause their reimbursements to fall,
others may respond to the incentives created by the QIP by improving their quality of care,
in keeping with the program’s original intention. Two performance measures in particular
illustrate this phenomenon. Dialysis facilities must regularly track the amount of toxins they
clear from a patient’s blood, with adequacy measured by either the patient’s urea reduction
ratio (URR) or Kt/V. These two measures are closely, but not perfectly, related. Initially,
the QIP used URR as its performance measure for dialysis adequacy, but then switched to
Kt/V in the program’s fourth year. We use this abrupt change in metrics to cleanly identify
facilities’ strategic responses to performance pay. Patients who have good URR but bad
Kt/V are more likely to switch facilities after QIP change its criteria (33%). In addition to
dropping patients, however, facilities could also improve their adequacy scores by increasing
the amount of time patients spend being dialyzed each session, although doing so comes
with the opportunity cost of not using the station to treat another patient due to the fixed

per-session payments from Medicare that do not adjust for longer run times. We show that



patients with bad Kt/V who remain at the same facility after QIP begins penalizing low

Kt/V scores start receiving longer run times, an increase in real effort.

Another factor which can contribute to suboptimal quality of care and patient outcomes
is the ownership structure of healthcare providers. In the context of dialysis, two for-profit
chains, DaVita and Fresenius, control well over 60% of facilities(United States Renal Data
System, 2014; Baker, 2019; Eliason et al., 2020b). All patients starting dialysis should be
informed of kidney transplant as a renal replacement therapy option, as required by the
Centers for Medicare and Medicaid Services Form CMS-2728. Prior research has shown dis-
parities in provision of this information (Finkelstein, 2008; Gander et al., 2018; Myaskovsky
et al., 2012; Weng et al., 2005), but little emphasis has been put on facility characteristics

and financial motives.

Chapter 4 is based on joint work with Paul J. Eliason, Ryan C. McDevitt, James W.
Roberts, Vincenzo Villani, Gabriel Butler, Nicole DePasquale, Christine Park and Lisa M.
McElroy, and aims to identify sociodemographic risk factors and dialysis facility character-
istics associated with not receiving transplant information at the time of dialysis initiation,
as well as the association of receiving transplant information with waitlist and transplant
outcomes. We find that non-informed patients are more likely to be older, female, white,
and on Medicare. Patients informed about transplant have a shorter time between end-
stage renal disease onset and addition to the waitlist; they also spend a shorter time on the
waitlist before receiving a transplant. Patients at chain facilities are more likely to receive
information, but this does not translate into higher waitlist or transplantation rates. Pa-
tients at independent facilities acquired by chains are also more likely to be informed but
less likely to be added to the waitlist post acquisition. This result is consistent with the fact
that chain ownership comes with firm-wide standards (e.g., operation manuals that dictate
treatment protocols) but also causes waitlist and transplant rates to fall. The chains’ ob-
jective of profit maximization may bring facilities to disregard patient outcomes for higher

reimbursements.



Chapter 2

The role of cost-sharing structures in the
take-up of biosimilars

2.1 Introduction

Despite being a limited share of overall healthcare spending, drug spending has increased
substantially in the past few years, from $122 billion in 2000 to $348 billion in 2020', with
most of the increase due to new product entry (Hernandez et al., 2019). A good example of
expensive treatments which were recently launched is given by HCV antivirals, which are
highly efficacious Hepatitis C medications that can reach a list price of $94,500 for a single

course of treatment.

Due to rising drug costs, health insurance plans are increasingly relying on the use
of formularies to achieve cost containment goals. Mirroring in-network vs. out-network
provider systems, formularies are lists of drugs that insurance plans decide to cover and
make available for enrollees. Figure 2.1 provides an example of a formulary for a major
health plan in the US. For each category, insurance plans define drugs that are excluded
and drugs that are included. Typically, an enrollee would have to pay the full list price
charged by the manufacturer for an excluded drug. Instead, if a product is included, she
would only have to pay a small share of the list price in the form of copayment (fixed
amount) or coinsurance (% amount). Insurance plans can take advantage of the strong

patient steering effects generated by this reimbursement structure.

IPeter G. Peterson Foundation



Drug Class Excluded Medications Preferred Alternatives

HEPATITIS LEDIPASVIR/SOFOSBUVIR, MAVYRET
Hepatitis C SOFOSBUYIR/VELPATASVIR, SOVALD

EPCLUSA, HARVONI, VOSEVI, ZEPATIER

Figure 2.1: Formulary structure for a major insurance plan

Moreover, to ensure access in light of increasing costs, multiple federally and state-
administered programs have been introduced in the US. For example, in 2006, the fed-
eral government implemented a program that provides drug benefits to people 65 or older
through approved private insurers (Medicare part D?). In some cases, the federal govern-
ment, in addition to patients and the Medicare program itself, pays for the cost of pre-
scription drugs. This raises a question: Are the cost-sharing structures of Medicare part D
plans (Medicare plans henceforth) and non-Medicare commercial employer-sponsored plans
(commercial plans henceforth) similar? As it turns out, they are not. In table 2.1, T com-
pare the cost-sharing structures for two drugs: Crestor, which is a relatively “cheap” drug
used to reduce cholesterol in the blood, with an annual cost of $2,600; and Harvoni, which
is a relatively “expensive”’ drug used to treat Hepatitis C, with an annual cost of $94,500.
For Crestor, the cost-sharing structures are very similar between Medicare and commercial
plans. The latter are slightly more generous?, but they both pay for most of the cost of the
drug, leaving patients with a relatively small amount to pay out-of-pocket. For Harvoni,
things appear quite different. While commercial plans pay for most of the cost of the drug,
Medicare plans and patients pay a relatively small share of the overall cost. Above a certain
spending threshold per patient ($7,050 in out-of-pocket spending in 20224), the government
provides very generous subsidies, called catastrophic phase subsidies. These subsidies gen-

erate a severe moral hazard issue on the part of plans when a cheaper alternative becomes

2https://www.medicare.gov /drug-coverage-part-d

3https://www.kff.org /report-section /it-pays-to-shop-variation-in-out-of-pocket-costs-for-
medicare-part-d-enrollees-in-2016-findings

*https:/ /www.kff.org/medicare /fact-sheet /an-overview-of-the-medicare-part-d-prescription-

drug-benefit/



available. If a prescription for Crestor were filled with a product discounted by 30% off
the list price, Medicare and commercial plans would generate similar savings. Instead, if
a prescription for Harvoni were filled with a product discounted by 30% off the list price,
Medicare plans would generate much lower savings than commercial plans. This moral
hazard issue implies that Medicare plans may not have enough incentives to steer patients
toward the cheaper alternative, particularly if the reference drug manufacturer® provides

sizable discounts paid retrospectively to plans (i.e., rebates).

Table 2.1: Differences in cost-sharing between Medicare and commercial plans

“Cheap” Drug “Expensive” drug
Medicare Commercial Medicare Commercial
Patient $420 (15.9%) $348 (13.4%) $7,213 (7.6%) $448 (0.5%)
Plan $2,220 (84.1%) $ 2,252 (86.6%) $15,888 (16.8%) $94,052 (99.5%)
Government 0 0 $69,330 (73.4%) 0
Savings® $656 $675 $4,763 $28,208

%Plan savings from a prescription filled with a drug 30% cheaper than the reference drug.

Moral hazard in Medicare part D is becoming increasingly important for two reasons:

e Catastrophic phase subsidies have increased substantially both in absolute and rel-
ative terms (as a share of total government transfers to plans) in the past years,

according to CMS (see Figure 2.2)

e A considerable portion of catastrophic phase subsidies covers the cost of biological
drugs, which are starting to face the competitive pressure of cheaper alternatives
(i.e., biosimilars). A biosimilar is a biological drug that is highly similar to a refer-
ence product across several dimensions (e.g., purity) and does not exhibit clinically

meaningful differences relative to a reference product®.

5The reference drug is the product that the cheaper alternative tries to imitate and compete
with. In table 1, the reference drugs are Crestor and Harvoni

bhttps:/ /www.fda.gov/drugs/therapeutic-biologics-applications-bla/biosimilars
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Figure 2.2: Evolution of federal subsidies to Medicare part D plans

In this article, I study how moral hazard affects the coverage of reference biological
drugs once a biosimilar becomes available. By employing a triple difference approach, I find
that commercial plans are 22.5% less likely to cover a reference biological drug than Medi-
care plans after entry. Back-of-the-envelope calculations imply that Medicare patients and
the federal government could save $7-39 million and $107-624 million respectively if Medi-
care plans reacted as aggressively as commercial plans to biosimilars’ entry. The savings
correspond to a reduction of about 2-10% of spending on biological drugs with a biosim-
ilar available. These results are consistent with increasing evidence of sluggish take-up of
biosimilars in Medicare part D (Socal et al., 2021). Since biosimilars do not benefit from
mandatory substitution laws (contrary to generics), they must gain space in formularies to
compete effectively against reference biological products. However, I find that Medicare
plans are almost twice less likely to cover biosimilars relative to commercial plans after
entry.

Moreover, I study the impact of a policy change in 2018 aimed at increasing biosimilars’
penetration in Medicare part D. Before the policy change, reference biologics manufacturers
were required to provide mandatory discounts to insurance plans, while biosimilars manu-
facturers were not required to do so. The new policy equalized the requirements for these

products. I find only weak evidence of increased biosimilars coverage and reduced reference



biologics coverage following the policy change. One of the shortcomings of the policy change
is that it did not substantially alter the cost-sharing structure in the program, which is the
primary source of moral hazard. T also discuss a policy change recently implemented through
the Build Back Better Act, which was signed into law on August 16 of this year. The law
radically changes the reimbursement structure of Medicare plans, suggesting a higher po-
tential for convergence in the take-up of biosimilars across Medicare and commercial plans.

However, the law will come into effect only in 2025.

This study contributes to an expanding literature that analyzes the consequences of
biosimilars’ advent. Multiple papers in the medical literature have highlighted the benefits of
biosimilars (see Braun and Kudrin, 2016; Jergensen et al., 2017; Cohen et al., 2018). Other
papers have focused on the limits of the current regulation of biologics, highlighting the
failure of biosimilars to gain market share and the absence of a list price response by reference
biologics (see Atteberry et al., 2019; Zhai et al., 2019; Trusheim et al., 2019). Extensive
clinical testing requirements and high fixed costs from manufacturing are some of the reasons
which may explain sluggish biosimilars take-up (Grabowski et al., 2007). Some studies have
empirically tried to assess the take-up of biosimilars in the European (Scott Morton et al.,
2018) and US markets (Maini et al., 2021). While procurement mechanisms across countries
represent an important predictor of penetration, the latter paper proposes a theoretical
model based on perceived quality differences that can explain differences in outcomes across
reference biologics. In this study, I expand on previous results by documenting differences
in the take-up of biosimilars across market segments in the US and by proposing differences

in cost-sharing structures as a contributing factor to their slow adoption.

This paper also contributes to a growing literature on competition in pharmaceutical
markets and formulary design. Some papers have focused on estimating rebates (generally
secret information between manufacturers and PBMs/insurers) through moment inequal-
ities (Hong, 2015; Olssen and Demirer, 2019). Other papers have focused on estimating
the benefits of PBM contracting relative to costs introduced by an intermediary with an

incentive to extract surplus (Feng and Maini, 2019; Ho and Lee, 2022). Moreover, there is



growing literature on the strategic design of formularies (Geruso et al., 2019; Lavetti and
Simon, 2018). The latter papers focus mainly on how insurance plans can design formula-
ries to induce more financially desirable patients to enroll. Instead, my study analyzes how
insurance plans choose drugs to include in their formularies based on different cost-sharing

structures across market segments.

2.2 Background

2.2.1 Formularies

Formularies have grown in importance over the past three decades as drug-selection and
cost-control tools”. Formularies are lists of drug products covered by insurance plans that
steer patients towards the desired drugs by dividing medications into two to five tiers, each

with a different level of patient cost-sharing.

Formularies convey substantial leverage to purchasers in negotiations with manufactur-
ers. In the past years, insurers (or entities managing formularies on their behalf, called
Pharmacy Benefit Managers) have increasingly relied on formulary exclusions to negoti-
ate better prices with manufacturers and achieve higher cost savings® (See Figure 2.3).
Formulary exclusions began in 2014. Since then, the number of drugs excluded from the
formularies of the three major PBMs has grown substantially. This trend suggests that drug
manufacturers need to gain access to formularies to effectively compete with each other and
make profits, making drug coverage a good proxy for the intensity of competition in the

pharmaceutical market.

"https://www.healthaffairs.org/do/10.1377 /hpb20171409.000177/

8https://www.drugchannels.net /2022/01 /five-takeaways-from-big-three-pbms-2022.html

10
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Figure 2.3: Evolution in the number of excluded drugs by top insurers/PBMs

2.2.2 Biologics and Biosimilars

Biological drugs or biologics are complex and large molecules isolated from a variety of
natural sources. Examples of biological drugs include insulin, oncology drugs, and mono-
clonal antibodies. Since biologics cannot be reproduced precisely, they are fundamentally
different from more classic, small-molecule products, which are often perfectly reproduced
as non-branded generics once the original drug patent expires. However, it has recently
become possible to generate a biosimilar version of a biological drug that is very similar to
the reference product but may carry modest differences associated with the complexity of
the production process’.

Most existing legislation managing drug competition does not apply to biologics, due to
their complex nature and impossibility of perfect replication. For example, generic drugs do
not need to provide clinical trial data for approval. However, biosimilar drugs cannot apply
through a simplified'? process, and, until recently, had to submit data as entirely new drugs
for approval. The Biologics Price Competition and Innovation Act (BPCI Act) of 2009

attempted to address these issues by decreasing the burden that biosimilar manufacturers

bear in order to gain approval, which is now dependant on submission of data exhibiting

Yhttps://www.fda.gov/drugs/therapeutic-biologics-applications-bla/biosimilars

Ohttps:/ /www.fda.gov/drugs/types-applications/abbreviated-new-drug-application-anda
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that the drug is greatly similar and clinically equivalent to the reference product.

Although the BPCI Act makes it easier for biosimilars to come to the market, they still
face 3 significant barriers to entry. First, the cost of developing a biosimilar is much higher
than the cost of developing a generic (see Grabowski et al., 2016). Second, biosimilars suffer
from a much higher risk of litigation, since biologics are typically protected by more patents
than small-molecule products. Third, biosimilars do not benefit from regulation such as

mandatory substitution laws, which apply to generic products.

2.2.3 Cost-sharing structures across market segments
Medicare part D plans

Medicare Part D is an optional United States federal government program with the objective
of helping citizens who are 65 or older to pay for prescription drugs. Part D was enacted as
part of the Medicare Modernization Act (2003) and became operational on January 1, 2006.
Under the program, drug benefits are provided by private insurance plans who typically
pay most of the cost for prescriptions filled by their enrollees, unless spending triggers the
catastrophic phase of coverage. The Part D program runs both as a stand-alone benefit and
as an addition to the Medicare Advantage program; Medicare Advantage plans operate like
commercial insurance policies as they cover a comprehensive set of medical services.

Part D plans rely on tools used extensively by private plans, such as monthly premiums
paid by patients. There is usually a deductible, and then enrollees pay a fraction of the cost
of their medications. Plans adopt formularies to steer patients to the desired drugs which
are placed in tiers that with lower patient cost-sharing amounts.

Table 2.2 provides a sketch of Medicare part D’s current standard benefit. Notably,
beneficiary spending is supposed to represent 25 percent of drug costs, with the plan cover-
ing 75 percent. Importantly, there are catastrophic coverage clauses for beneficiaries with
considerable out-of-pocket expenses (above $7,050 in 2022). During the catastrophic benefit

phase, enrollees pay 5 percent of the cost of prescriptions. Plans bear only 15 percent of
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the cost instead.

Table 2.2: Medicare part D current standard benefit
Government Plan Member Manufacturer

Deductible 0% 0% 100% 0%
Initial Coverage 0% 75% 25% 0%
Coverage gap 0% 5% 25% 70%
Catastrophic 80% 15% 5% 0%

Initially, the program included a gap between the initial coverage and catastrophic
coverage, commonly known as the donut hole. When the Affordable Care Act passed in
2010, it included provisions for gradually shrinking the coverage gap each year. Members

once paid the full costs in the gap, while now their share of costs is only 25%.

Commercial plans

Commercial health insurance is the most frequent type of health insurance in the United
States. It covers almost 2 out of 3 Americans, who commonly receive coverage through their
employer.

Most employer-sponsored plans, along with most plans sold on the individual market,
are comprehensive in the sense that they cover a wide variety of healthcare services and bear
most of their cost. They are typically governed by state and federal requirements, among

which the ones achieved by the Patient Protection and Affordable Care Act (ACA).

Employers typically require employees to pay a portion of the health plan premium,
which is deducted from employees’ paychecks. Moreover, employees need to share costs
with employers at the time of service in the form of copayments, coinsurance rates and/or
deductibles. Despite this, employers face a very high share of the healthcare costs borne by
employees. In fact, employer sponsored-plans cover almost ten percentage points more of

the cost of prescription drugs than they did ten years ago'’.

"https: //www.healthsystemtracker.org/brief/tracking-the-rise-in-premium-contributions-and-
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2.3 Data

To evaluate the effect of biosimilar entry, I create a dataset including formulary placement,
prices and Medicare spending for biological drugs. I do so by combining three different data
sources.

The first data source comes from Managed Markets Insight and Technology (MMIT),
a consulting firm that provides detailed information on formulary coverage for about 300
drugs from 2012 to 2020 at the drug-plan-quarter level. The data cover almost every health
insurer in the US, spanning commercial insurance, Medicare, Medicaid, and the ACA health
exchanges, reaching more than 300 million covered lives by the end of the study period (see
Figure 2.4). As a point of comparison, the Kaiser Family Foundation reported an enrollment
of 45.3 million patients in Medicare plans in 2019'2. Instead, the sum of covered lives in
the MMIT data results in a total enrollment of 42.8 million patients in the same year.

For each drug, the formulary data indicate if the drug is included and the tier in which
it appears for that particular plan. Tier design varies across plans, but the majority of
formularies includes at least two tiers. Drugs in the preferred tier have lower copays, while
products in non-preferred tiers have higher associated copays or coinsurance rates. MMIT
not only reports the original tiers on which drugs are placed, but also tries to harmonize
tiering across different plans'®. Additional information, such as prior authorization and step
therapy, are also noted'. These data carry a limitation, which is that they do not include

the monetary cost-sharing amounts associated with each tier. For my purposes this data

cost-sharing-for-families-with-large-employer-coverage/#Total20family health spending for large
group enrollees, 2003-2018

2https:/ /www.kff.org/other/state-indicator/total-population

13Plans can vary substantially by the tiering structure implemented in their formularies. MMIT
takes these structures and synthesizes them into a universal structure. The unified tiers are created
by internal specialists

Prior authorization requires doctors to send a form to the insurance plan to confirm a prescrip-
tion. Step therapy prevents patients from taking a drug before an alternative medication has been

prescribed.
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coding is acceptable, as it aligns with my research goal, which is to evaluate the inclusion
and preferential placement of various drugs within plans, not monetary differences in cost-
sharing across plans. The data also report the pharmacy benefit manager (PBM) working
on behalf of each plan, the geographic coverage of the plan, and the number of lives covered.
The number of lives covered allows me to compute the share of patients with access to each
drug for each market segment (e.g., Medicare). It must be noted that in 2019 the top 10
plans represented 39% of the total enrollment in Medicare, which suggests that a handful

of large plans will drive the results.
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Figure 2.4: MMIT Lives covered

The second data source comes from SSR Health. The SSR Health database provides list
prices, net prices, volume sales and net sales for roughly 1,000 brand drugs from 2007Q1
to 2020Q2. SSR Health collects net sales on a quarterly basis from SEC filings of publicly
traded firms. In these filings, firms disclose net sales by drugs for their highest-selling
drugs, which account for all discounts and rebates. In 2018, SSR Health covered about

5

90 percent of US invoice sales and about 80 percent of US net sales'®. The main brand

15These numbers are based on a comparison of total spending in the SSR Health data against

figures in a 2019 IQVIA report.
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drugs not covered by the data are those belonging to privately-owned companies; these
companies are not required to file public disclosures on net sales, so no data are available
for them. However, the vast majority of pharmaceutical companies are publicly traded, so
this restriction should not affect the interpretation of my results. SSR Health combines net
sales data with invoice and volume sales from Symphony Health, a company that reports
sales data from the pharmaceutical industry. SSR Health divides reported net sales by units
sold to estimate net prices. This estimate reflects the manufacturer’s average revenue for
each unit of a drug sold. One drawback of this measure is that it includes coupons offered

to patients (see Dafny et al., 2017).

Finally, I use publicly available Medicare part D data on spending by drug'®. The
Medicare Part D by Drug dataset presents information on spending for drugs prescribed
to Medicare beneficiaries enrolled in Part D by physicians and other healthcare providers.
Drugs prescribed in the Medicare Part D program are drugs patients generally administer
themselves. Spending metrics are based on the gross drug cost, which includes ingredient
cost, dispensing fees, sales tax, and applicable vaccine administration fees. These figures
include amounts paid by the Medicare Part D plan and beneficiary payments. However,
they do not reflect manufacturers’ rebates, as such information cannot be publicly disclosed.
These data can be used to obtain a proxy of Medicare Part D spending on biosimilars and
their reference biological drugs. Moreover, I obtain biosimilar approval and launch dates
from the FDA’s website and announcements by pharmaceutical companies. The FDA’s
website also includes a complete list of biological drugs used to construct treated and control

groups of drugs.

https://data.cms.gov /summary-statistics-on-use-and-payments /medicare-medicaid-spending-

by-drug/medicare-part-d-spending-by-drug
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2.4 Empirical Analysis

In this section, I exploit the staggered introduction of biosimilars to identify the effect of
moral hazard on coverage choices made by health insurance plans (see Table 2.3 for the

timing of first biosimilar entry for each reference drug).

Table 2.3: Timing of entry

Neupogen  Sep 2015
Remicade Nov 2016
Lantus Dec 2016
Humalog  Apr 2018
Neulasta Jul 2018
Epogen Nov 2018
Herceptin ~ Jul 2019
Avastin Jul 2019
Rituxan Nov 2019

I compare insurance plans belonging to the Medicare part D and the commercial employer-
sponsored market segments, as these two segments present very different levels of exposure
to moral hazard for biological drugs. As measures of formulary coverage, I compute for
each drug and segment pair the share of patients whose plan offers any coverage (extensive
margin), preferred coverage (intensive margin) and unrestricted coverage.

The entry of biosimilars over time allows separating drugs into two groups: drugs for
which a biosimilar becomes available (treated group) and therefore face some degree of
competition, and drugs for which a biosimilar is not launched (control group). In terms of the
composition of these groups, I explore different choices. My preferred choice is to compare
drugs for which a biosimilar is launched to drugs for which a biosimilar is approved by the
FDA but not launched (11 drugs in total). The intuition for this preferred choice is that
drugs for which a manufacturer seeked biosimilar approval should be similarly financially
desirable. Note that almost every treated drug was subject to litigation by the incumbent
(which was unsuccessful), which means that control drugs are not disproportionately affected
by litigation relative to treated drugs (Van de Wiele et al., 2021, Lee et al., 2021, Sarpatwari
et al., 2019).
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I will also consider two other choices which serve as robustness checks. In the first
robustness check, I compare drugs for which a biosimilar is launched to all other biological
drugs (85 drugs in total). In the second one, I compare drugs for which a biosimilar is
launched to all other biological drugs after excluding drugs that belong to Medicare part
D protected drug classes (40 drugs in total). Table 2.4 provides the composition of treated

and control groups of drugs under alternative choices.

Table 2.4: Composition of treated and control groups of drugs
N Treated drugs Control drugs Total

Preferred specification 9 2 11
Robustness check - all biologics 9 76 85
Robustness check - protected drugs 5 35 40

2.4.1 Triple difference design and staggered DiD

I consider three empirical specifications. The first one is a triple difference design which

generates three types of differences:

1. First difference: outcome of interest across biological drugs which witness biosimilars’

entry, before and after entry

2. Second difference: outcome of interest across biological drugs for which a biosimilar

is approved but not launched, before and after entry

3. Third difference: comparing the double difference generated by 1. and 2. between
commercial and Medicare plans
The triple-difference estimate of exposure to biosimilars’ entry is obtained from this equa-
tion:
Yast =Po + P1 X Post_Entrygs X Biosim__Availabgs X Commygs+
Ba X Post__Entrygs x Commygst + B3 X Biosim__Availabgs X Commygst 21)
+ By X Post _Entrygs X Biosim__Availabgs + Bs5 X Post__Entrygs+ .

Be x Biosim__Availabgss + B7 X Commygst + €gst
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where y4s: is the outcome variable for drug d, segment s at time ¢; Post Entrygs is an
indicator for post biosimilars’ entry; Biosim __Availabgs is an indicator for being a treated
drug, and Commygs is an indicator equal to 1 if the observation refers to the commercial
segment. The parameter of interest is 81 (the triple-difference estimate), while 55 through g7
are the coefficients associated with double interaction terms and linear terms. The standard
triple difference design requires setting the same post-treatment date for all observations.
In this case, I make a conservative choice by setting the treatment date equal to the first
biosimilar’s entry date (the first biosimilar launched was Zarxio in the last quarter of 2015).
The estimates from this model should only be considered as indicative, since for all treated
drugs but Neupogen entry occurs after the previously set date.

The second empirical specification is a staggered DiD framework where I allow for stag-

gered treatment time, obtained by estimating the following equation:

Ydst = Vdt T Ads + Nst + B1 X Entryast + €qst (2.2)

where y44 is the outcome of interest corresponding to drug d, segment s at time t; Entryqg is
equal to 1 if observation refers to commercial segment and for drugs which witness biosimilar
entry — and only during periods ¢ when the biosimilar is actually in the market; v4, Ags
and 7 are different combinations of fixed effects. The coefficient of interest is 1

The staggered difference-in-differences regression estimator has come under criticism in
very recent years, as under certain conditions it can produce biased estimates. It can be
shown that the treatment effect estimate is equivalent to a weighted average of all pairwise
2x2 DIDs. A pairwise DID gets more weight if the event occurs around the middle of the
study period, or if it includes more observations (see Goodman-Bacon, 2021). Some of the
2x2 DIDs use “already treated” observations as a control group. On its own, this would not
generate biased estimates. However, if the treatment effect changes over time, the already
treated observations do not follow the same trend as the treated observations, causing a
violation of the common trend assumption. I provide an example of the violation of the
common trend assumption in the context of my study. As previously described, some of the

2x2 DiDs contributing to the treatment effect estimate involve comparing later-treated drugs
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with earlier-treated drugs that have already received treatment. However, there might be
phase-in effects: it might take some time for the entry of a biosimilar to produce measurable
changes in behavior. This means that I may observe a bigger drop in coverage for earlier
treated drugs (control group) than later treated drugs (treated group) in the period of
interest. Hence, for the subset of 2x2 DiDs which use already treated drugs, I may find a
treatment effect with a counterintuitive sign. In turn, this will generate some bias in the
aggregate treatment effect estimate. In some cases, the bias is large enough to flip the sign
of the treatment effect (see Baker et al., 2022).

Econometricians have identified multiple theoretical problems with staggered DiD es-
timators, and they have recently proposed different DiD estimation techniques to address
them. In essence, each technique modifies the units that can act as effective comparison
units to avoid comparing treatment units to inappropriate controls. Some estimators rely
on first estimating the individual cohort-time-specific treatment effects, allowing for treat-
ment effect heterogeneity, then aggregating them to produce measures of overall treatment
effects (see Callaway and Sant’Anna, 2021 and Sun and Abraham, 2021). An alternative
approach is a “stacked regression” (see Deshpande and Li, 2019 and Cengiz et al., 2019).
The rationale for this approach is to create event-specific datasets, which include the event-
specific treated units and all the other units that serve as controls (e.g., not-yet-, last-, or
never-treated units). For each dataset, a specific identifying variable is generated. These
event-specific datasets are then put together, and a DiD regression is estimated on the
stacked dataset. Basically, this approach estimates a treatment effect from each of the
event-specific datasets, then applies variance weighting to compute a consolidated treat-
ment effect. In order to account for staggered difference-in-differences regression estimator

issues, | estimate the following stacked regression:
Yaste =Po + P1 X Post__FEventggste X Treatedgse X Commggse+
B2 x Post_Eventgste X Commygste + B3 X Treatedgste X Commgste—+ 23
B4 X Post__Eventgyse X Treatedyse + 5 X Post _Eventgsie+ |

56 x Treatedgste + 57 x Commygste + €dste
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where yqste is the outcome of interest corresponding to drug d, segment s at time ¢ and in the
sub-experiment e; Post FEventgse is an indicator for post biosimilars’ entry; Treatedgste
is an indicator for being a treated drug, and Commgge is an indicator equal to 1 if the
observation refers to the commercial segment. The parameter of interest is $; (the triple-

difference estimate), which should be free from previously described estimation biases.

2.4.2 Summary Statistics

Table 2.5 displays summary statistics on list prices and coverage between treated and non-
treated drugs across grouping choices. In the preferred specification, list prices are pretty
similar between treated and non-treated drugs. At the same time, formularies are slightly
more generous for control drugs (as the treated drugs face biosimilar entry and may suffer a
drop in coverage). In the robustness check with all biologics, there are sizable differences in
list prices, and formularies become less generous for control drugs. The fact that biosimilars
are more likely to compete with successful drugs appears to dominate the fact that these

products may suffer a drop in coverage over time due to entry.
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Table 2.5: Summary statistics for treated and control drugs
Treated drugs Control drugs

Mean Median Mean Median

Preferred choice

List price ($) 37,989 33,549 40,607 34165
Percent covered (%) 83 89 95 99
Percent preferred (%) 32 28 46 43
Percent unrestricted (%) 47 47 50 49
Robustness check - all biologics

List price () 37,980 33549 93961 46,934
Percent covered (%) 83 89 74 79
Percent preferred (%) 32 28 22 15
Percent unrestricted (%) 47 47 46 42

Figure 2.5 exhibits trends in coverage for the set of 9 treated reference biologics between
commercial and Medicare plans. While commercial plans are slightly more generous before
entry in terms of coverage, they react more aggressively to entry than Medicare plans. In
fact, the two lines converge around the time of the first biosimilar entry date, which is

September 2015.
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Figure 2.5: Trends in coverage of treated biologics by segment

2.4.3 Testing the parallel trend assumption

In a triple difference design, the coverage gap between treated and non-treated drugs should
evolve similarly across commercial and Medicare plans in the absence of biosimilars’ entry.
Therefore, the identifying assumption in this class of models is that no other factors generate
a difference in differential trends between the two defined groups (see Olden and Mgen,
2022 and Muralidharan and Prakash, 2017). To verify this, I can test for parallel trends
by estimating equation (2.1) and using the period before the first biosimilar entry (2012-
2014). I do not reject the null hypothesis of parallel trends since the coefficient on the triple

interaction term is close to zero and not statistically significant (see Table 2.6).
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Table 2.6: Testing the parallel trends assumption
Frac. Covered

Commercial 0.00731*
(0.00381)
Biosim Available -0.143*
(0.0676)
Commercial x Biosim Available 0.147*
(0.0659)
Quarter -0.000667
(0.000379)
Commercial x Quarter 0.000706
(0.000408)
Biosim Available x Quarter 0.00200
(0.00746)
Commercial x Biosim Available x Quarter -0.00492
(0.00749)
Constant 0.992***
(0.00421)
R-squared 0.361
N 240

Standard errors (in parentheses) clustered at the drug level
* p < 0.10, ** p < 0.05, *** p < 0.01

The parallel trends assumption can also be inspected graphically (see Figure 2.6). The
difference in the likelihood of coverage between treated and non-treated drugs trends simi-
larly between commercial and Medicare plans. The gap shrinks a bit as the first biosimilar
entry date approaches, suggesting the presence of anticipatory effects. Nevertheless, the

lines do not cross until the first biosimilar is available in the market.
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Figure 2.6: Graphical test of parallel trends

2.4.4 Results

Table 2.7 reports the triple-difference estimates of the effect of biosimilars’ entry, based on
equation (2.1). Adding drug and period fixed effects causes the variables which vary only
across drugs or only across time to be omitted, but does not affect the triple interaction
term estimates. The treatment effects presented should be interpreted as a decrease in
the likelihood of reference drugs being covered after biosimilars entered of about 22.5% in
commercial plans relative to Medicare plans. The estimates are somewhat noisy, as they are
statistically significant only at 10% level. The clustering choice for standard errors has an
impact on statistical significance. If T did not cluster standard errors at the drug level, the
estimates would be statistically significant at 1% level. However, the outcome of interest is
likely to be very correlated for groups of observations within drugs. The fact that standard
errors increase substantially after clustering standard errors at the drug level indicates that
the intra-class correlation is positive and substantial. Columns (3)-(4) in Table 2.7 use

preferential coverage as the dependent variable. In this case, the treatment effect is 17.3%.
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Table 2.7: Triple difference estimates - equation (2.1)

Frac. Covered

Frac. Preferred

Frac. Unrestricted

Commercial 0.0255*** 0.937* 0.839***
(0.00450) (0.00330) (0.000663)
Biosim Available -0.120%** 0.220 .255%*
(0.0362) (0.122) (0.113)
Commercial x Biosim Available 0.0940** -0.573*** -0.304**
(0.0396) (0.113) (0.123)
Post Entry -0.115 -0.00153 -0.0430***
(0.0994) (0.00161) (0.000581)
Commercial x Post Entry 0.109 -0.108*** -0.0561**
(0.0991) (0.0232) (0.0251)
Biosim Available x Post Entry 0.0292 -0.0732 -0.0928*
(0.115) (0.0454) (0.0457)
Commercial x Biosim Available x Post Entry -0.225* -0.173* -0.335"**
(0.121) (0.0703) (0.0953)
Constant 0.974** 0.0538*** 0.156***
(0.00432) (0.000414) (0.000490)
R-squared 0.208 0.494 0.605
N 684 684 684

Standard errors (in parentheses) clustered at the drug level

* p<0.10, ** p < 0.05, *™* p < 0.01

Figure 2.7 plots the predicted coverage probability across groups before and after biosim-
ilar’s entry (using triple difference estimates). The graph suggests that Medicare plans re-
duce coverage of treated (Biosimilar available) and control drugs (Biosimilar not available)

similarly. Instead, commercial plans show substantial divergence in coverage between the

two groups following entry.
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Figure 2.7: Graphical representation of triple difference estimates

Table 2.8 reports the staggered DiD estimates of the effect of biosimilars’ entry, based on
equation (2.2). For any coverage, the treatment effect is not substantially different from the
one estimated with equation (1). Regarding preferential coverage, the estimate is about 10%
higher in magnitude. The divergence in estimates may be due to equation (2.2) capturing

more precisely the timing of biosimilar entry for each biological drug in the treated group.

Table 2.8: Stacked DiD estimates - equation (2.2)

Frac. Covered Frac. Preferred Frac. Unrestricted

Entry -0.243*** -0.0516 -0.102

(0.0553) (0.0659) (0.0774)
Constant 0.880*** 0.365™** 0.503**

(0.00615) (0.00732) (0.00860)
Drug x Period FE b X be
Drug x Segment FE X X X
Segment x Period FE X X X
R-squared 0.829 0.958 0.924
N 684 684 684

Standard errors (in parentheses) clustered at the drug level
* p < 0.10, ** p < 0.05, *** p < 0.01
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As previously described, the staggered DiD treatment effect estimates may be biased. A
way to address this issue is to estimate equation (2.3). The new treatment effect estimates
are not substantially different (for what concerns any coverage), but slightly bigger in mag-
nitude (see Table 2.9). This suggests that comparisons with already treated drugs generate
some bias in the direction of finding no effect. The results from estimating equation (2.1),
equation (2.2) and equation (2.3) with alternative treated and control groups can be found

in Appendix A.

Table 2.9: Staggered DiD estimates - equation (2.3)

Frac. Covered Frac. Preferred Frac. Unrestricted

Commercial 0.0655 0.453** 0.560***
(0.0534) (0.176) (0.125)
Treated -0.178 0.0884 0.0617
(0.116) (0.150) (0.146)
Commercial x Treated 0.106 -0.285 -0.216
(0.111) (0.172) (0.174)
Post Event -0.0685** -0.0257 -0.0356
(0.0280) (0.0247) (0.0287)
Commercial x Post Event 0.0417 -0.0536™* -0.115*
(0.0301) (0.0234) (0.0592)
Treated x Post Event 0.137* 0.0613 0.0673
(0.0659) (0.0618) (0.0705)
Commercial x Treated x Post Event -0.262** 0.00830 -0.0787
(0.102) (0.103) (0.139)
Constant 0.861*** 0.133* 0.220**
(0.0534) (0.0629) (0.0740)
R-squared 0.117 0.304 0.430
N 602 602 602

Standard errors (in parentheses) clustered at the drug level
* p<0.10, * p < 0.05, ** p < 0.01

2.4.5 Biosimilars take-up

To make competition feasible, insurance plans need to add biosimilar products to their
formularies as they become available in the market. Table 2.10 lists the number of launched

biosimilars for each biological product. Note that not every biosimilar approved has been
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launched in the market yet (e.g., Humira).

Table 2.10: Number of biosimilars launched for each biologic

Reference Biologic Number of biosimilars
Humalog
Lantus
Neulasta
Neupogen
Epogen
Avastin
Herceptin
Remicade
Rituxan
Total

DN DN DN =W W =
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Figure 2.8 shows that commercial plans are about twice more likely to cover a biosimilar
once it enters the market relative to Medicare plans. Moreover, Figure 2.9 and Figure 2.10
show that commercial plans are more likely to cover a biosimilar regardless of whether the

reference biological drug is excluded or included.

(R
@ -
|\__

T © |

ere

=104

Is Co

o~
(‘Q__

(M._

T T
N 5 N D
o % o (S5 o o O
"o O N N N Q\% 3
v v
Quarter

Commercial Medicare |

Figure 2.8: Probability of covering biosimilars
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Figure 2.9: Probability of covering a biosimilar - reference drug covered
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Figure 2.10: Probability of covering a biosimilar - reference drug not covered

To check for differences between commercial and Medicare plans in the coverage of

biosimilars when the reference biologic is covered vs. not covered, I estimate the following
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equation:

Yast =00 + B1 X Commygs X Reference coveredgs + P2 X Commygs
(2.4)
+ B3 X Reference_coveredgs; + €4st

where yg4st is the outcome variable for drug d, segment s at time t; Re ference coveredgs; is
equal to 1 when the corresponding reference biological drug is covered, and Commyg is an
indicator equal to 1 if the observation refers to the commercial segment. The coefficient of
interest is B;. Table 2.11 suggests that there is no substantial difference in coverage choices
between market segments when the reference biological drug is excluded or included. For
preferential coverage instead, the effect is stronger in commercial plans when the reference
biological drug is excluded. This means that some commercial plans incentivize filling a
prescription with a biosimilar not only by excluding the reference biological drug, but also

by placing the biosimilar in a more favorable tier.

Table 2.11: Equation (2.4) estimates
Frac. Covered Frac. Preferred Frac. Unrestricted
(1) (2) (3) 4) 5) (6)
Commercial 0.293*** 0.267** 0.254*** 0.247** 0.228*** 0.212%**
(0.0673) (0.0700) (0.0803) (0.0810) (0.0438) (0.0453)

Reference Covered -0.00540  0.00679  -0.0578  -0.0542  -0.107 -0.101
(0.0744)  (0.0757)  (0.0621)  (0.0631)  (0.0718)  (0.0725)

Commercial x Reference Covered 0.00422 0.0299 -0.0892* -0.0818* 0.0225 0.0384
(0.0873) (0.0882) (0.0461) (0.0458) (0.0643) (0.0652)

Constant 0.253** 0.253** 0.0836 0.0835 0.203* 0.203**
(0.0897)  (0.0488)  (0.0645)  (0.0486)  (0.0858)  (0.0367)
Drug FE X X x
Period FE X X X
R-squared 0.153 0.567 0.158 0.467 0.151 0.551
N 480 480 480 480 480 480

Standard errors (in parentheses) clustered at the drug level
*p<0.10, ** p < 0.05, *** p < 0.01

2.5 Welfare effects

Coverage choices between Medicare and commercial plans vary substantially due to moral

hazard. To draw some welfare implications, I make back-of-the-envelope calculations based
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on previous estimates and current spending on biological drugs in Medicare part D. The goal
is to estimate the welfare effect of coverage of reference biologics going down in Medicare
by as much as in the commercial segment. Based on CMS Medicare part D spending data,
spending for reference biologics (with a biosimilar available) was $8.0 billion in 2020. Table
2.12 summarizes the effect of decreased reference biologic coverage on the federal government
and patients. I use treatment effect estimates from previous sections, the fact that patients
face a 5% coinsurance rate in the catastrophic phase, that the federal government provides
an 80% subsidy in the catastrophic phase, and that the average discount from filling a
prescription with a biosimilar is 29%. Lower and upper bound estimates are based on 90%
confidence intervals from previous sections. The intervals are very wide, resulting in lower
bound savings being close to 0. However, using mean estimates results in considerable
savings for the government and patients, in the order of 6% of their current total spending.
Moreover, the estimated savings are very conservative, since they are based on reference
biologics for which a biosimilar is available until 2020. Several biosimilars are expected to

be launched in the following years'”.

Table 2.12: Potential savings in Medicare part D

Federal savings (million $) Patient savings (million $)

LB Mean UB LB Mean UB

Equation (3) estimate (Preferred choice) 107.2  364.7 623.6 6.7 22.8 39.0
1.7%) 5.7%)  (9.7%) (1.7%) (5.7%) (9.7%)

Equation (3) estimate (All biologics) 201.8  385.6 567.9 12.6 24.1 35.5
(3.2%) (6.0%) (8.9%) (3.2%) (6.0%) (8.9%)

In parentheses % savings

Thttps:/ /www.mckinsey.com /industries/life-sciences /our-insights /an-inflection-point-for-

biosimilars
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2.6 Bipartisan Budget Act and Build Back Better
Act

2.6.1 Bipartisan Budget Act

Medicare part D has been subject to multiple reforms over time. One policy change relevant
to my paper is the Bipartisan Budget Act, which was signed into law in early 2018. This bill
mandated the closure of the Part D coverage gap, as well as the requirement that biosimilars
should pay coverage gap discounts since the start of 2019'®. Table 2.13 summarizes how
the Medicare part D benefit was modified due to the policy change. As it can be noticed,
the policy change affected only the coverage gap phase. More specifically, manufacturer
discounts increased from 50% to 70% for reference biological drugs, and 0% to 70% for

biosimilars.

Table 2.13: Medicare part D standard benefit before and after BBA

2018 2019
Gov. Plan  Member Man. Gov. Plan Member Man.
Deductible 0 0 100 0 0 0 100
Initial Coverage 0 75 25 0 0 75 25 0
Coverage gap 0(0)* 15 (56) 35 (44) 50 (0) 0 5 25 70
Catastrophic 80 15 ) 0 80 15 ) 0

°In parenthesis, the %s apply to biosimilars before the policy change.

To provide an example of the magnitude of the impact of the policy change, I calcu-
late the cost of covering Neupogen (a reference biological drug) and Zarxio (its associated
biosimilar) before and after the policy change (see Table 2.14). Neupogen has a list price
of around $76,900, while Zarxio is sold at a 15% discount relative to Neupogen. While the

plan cost of covering Neupogen barely changes between 2018 and 2019, the cost of covering

Bhttps:/ /www.centerforbiosimilars.com /view /budget-bill-contains-wins-for-biosimilars-effort-

to-reduce-drug-costs-continues
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Zarxio goes down by a few thousand dollars. It must be noted that the policy change does
not directly address the source of moral hazard, which is federal catastrophic subsidies.
However, requiring biosimilar manufacturers to provide discounts in the coverage gap phase

should make their products more attractive to cover for Medicare part D plans.

Table 2.14: BBA example
2018 2019
Neupogen (reference) $13,483 (17.5%) $13,115 (17.1%)
Zarxio (biosimilar) $15,256 (23.3%) $11,384 (17.4%)

To study the impact of the Bipartisan Budget Act, I estimate the following equation
for reference biological drugs which witness biosimilar entry during the period of interest (9

drugs in total):

Yast =Bo + B1 X Policygss X Entryqs + B2 X Policygs; + B3 X Entrygst + €qst (2.5)

where Entrygs is equal to 1 for drugs that witness biosimilar entry — and only during
periods t when the biosimilar is actually in the market, and Policygs is equal to 1 for all
observations starting in 2019. The coefficient of interest is 8;. Table 2.15 shows only weak
evidence of a positive impact of the policy change. In fact, the coefficient associated with
the interaction term goes down considerably in magnitude after adding period and drug

fixed effects. Moreover, none of the estimated coefficients is statistically significant.
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Table 2.15: Effect of policy change on coverage of reference biologics

Frac. Covered Frac. Preferred

Frac. Unrestricted

(1) (2) 3) (4) (5) (6)

Policy Change -0.0767 -0.102 -0.149*

(0.0840) (0.0741) (0.0700)
Entry 0.0216 0.0999 0.104 0.0157 0.0528 0.00481

(0.0493)  (0.0545) (0.129) (0.0145) (0.125) (0.0159)
Policy Change x Entry -0.103 -0.0529 -0.0153 -0.0419 0.0477 -0.0166

(0.116) (0.0806) (0.0748) (0.0291) (0.0741) (0.0408)
Constant 0.859***  (0.824*** 0.153* 0.159***  0.260***  0.253***

(0.0466)  (0.0125)  (0.0745)  (0.00574)  (0.0710)  (0.00504)
Drug FE X X X
Period FE X x x
R-squared 0.0961 0.633 0.0284 0.973 0.0312 0.955
N 309 309 309 309 309 309

Standard errors (in parentheses) clustered at the drug level
* p < 0.10, ** p < 0.05, *** p < 0.01

For what concerns coverage of biosimilars, Figure 2.11 exhibits the average probability
that a Medicare part D plan covers a biosimilar before and after the policy change. There is
a slight increase in the likelihood of coverage around the policy change, but the effect does

not, appear to be persistent.
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Figure 2.11: Probability of coverage of biosimilars in Medicare part D

2.6.2 Build Back Better Act

The Build Back Better Act is a bill that was signed into law on August 16, 2022. It includes
several important provisions on Medicare part D. More specifically, the bill introduces the

following changes to the standard benefit, that will become operational starting in 2025:
e Member out-of-pocket costs are capped at $2,000 annually
e The current coverage gap phase of the benefit is eliminated

e Manufacturers cover 10% of a drug’s gross cost in the initial coverage phase of the
benefit and 20% of the drug’s gross cost after a member surpasses the out-of-pocket

maximum of $2,000

e The reinsurance amount paid by the federal government in the catastrophic phase

decreases from 80% to 20%

9https:/ /us.milliman.com/en /insight /the-build-back-better-act-medicare-parts-b-and-d-key-

changes
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Table 2.16 summarizes the Medicare part D benefit structure before and after the BBB
Act. There is a substantial shift in the allocation of costs in the catastrophic phase. In fact,
the cost percentages for the plan and the government are almost flipped, with the addition
of manufacturer discounts which are only required in the coverage gap phase in the current

benefit structure.

Table 2.16: Medicare part D benefit before and after the Build Back Better Act
Current benefit New benefit (2025)

Gov. Plan Member Man. Gov. Plan Member Man.
Deductible 0% 0% 100% 0% 0% 0% 100% 0%

Initial Coverage 0%  75% 25% 0% 0% 67% 23% 10%
Coverage gap 0% 5% 25% 70% No coverage gap

Catastrophic 80% 15% 5% 0% 20% 60% 0% 20%

This policy change appears more promising than the Bipartisan Budget Act of 2018 for
biosimilars’ take-up in Medicare part D, as it directly addresses the moral hazard issue of
plans. To provide an example of the potential impact of the policy change, I calculate the
cost of covering Neupogen (a reference biological drug) and Zarxio (its associated biosimilar)
before and after the policy change (see Table 2.17). The substantial reduction of federal
subsidies in the catastrophic phase implies that after the policy change a plan would capture
a higher share of the savings if a prescription were filled with Zarxio instead of Neupogen.
In the current benefit, there is only a $2,000 difference in the cost of covering Neupogen

and Zarxio for a plan. This difference is set to grow considerably in 2025 to around $7,000.

Table 2.17: Build Back Better Act example
Current benefit New benefit (2025)

Gov. Plan Member Man. Gov. Plan Member Man.

Neupogen 53,778 13,125 6,118 3,893 13,942 46,355 2,000 14,618
(69.9%) (17.1%) (8.0%) (5.1%) (18.1%) (60.3%) (2.6%) (19.0%)

Zarxio 44,549 11,395 5,541 3,893 11,634 39,432 2,000 12,310
(68.1%) (17.4%) (8.5%) (6.0%) (17.8%) (60.3%) (3.1%) (18.8%)

37



The Build Back Better Act includes another important provision, which is that starting
in 2025, the federal government could negotiate directly with manufacturers the price of cer-
tain drugs covered under Medicare Part B and Part D?°. This clause represents an important
novelty, as currently drug prices are negotiated between manufacturers and insurance plans
(or pharmacy benefit managers on behalf of insurance plans). However, compared to previ-
ous proposals, the BBBA reduces the number of drugs eligible for negotiation as it sets out
specific criteria for excluding drugs from the process. For example, the government could
negotiate prices only for those drugs without generic or biosimilar competition. Therefore,
the drugs which compose the treatment group in this article would not be subject to federal
negotiation, as well as the other drugs which are expected to face biosimilars’ entry in the
coming years. Even if the government could negotiate prices for every drug, the issue of

formulary steering by insurance plans would remain relevant.

2.7 Conclusion

In this article, I have examined how different cost-sharing structures across health insurance
market segments generate moral hazard and affect coverage choices made by plans. I find
that Medicare part D plans, which benefit from a generous federal subsidy for prescriptions
filled with expensive biological drugs, are more likely to maintain coverage of a reference
biological drug when a cheaper alternative becomes available. They are also less likely to
cover the cheaper alternative relative to commercial plans. Back-of-the-envelope calculations
suggest that the federal government and Medicare part D patients could realize substantial
savings from coverage choices more aligned with commercial plans.

This analysis calls into question the sustainability of the current Medicare part D stan-
dard benefit. The rationale for the provision of a generous federal subsidy in the catastrophic

phase of coverage was to maintain premiums low and accessibility to expensive drugs for

2Ohttps:/ /www.kff.org/medicare /issue-brief /simulating-the-impact-of-the-drug-price-

negotiation-proposal-in-the-build-back-better-act /
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patients, but the program has witnessed a doubling of spending in the catastrophic phase of
coverage between 2013 and 20172'. My analysis shows that preventing plan sponsors from
bearing most of the financial risk for their enrollees’ drug spending can lead to sub-optimal
coverage choices, for example by hindering the take-up of cheaper and equally effective

options to treat certain health conditions.

My results suggest that policymakers should find ways to make Medicare part D plans
more financially responsible for drug spending. One of the Medicare part D policy changes
implemented in 2018 did not achieve the desired goals as it did not substantially alter the
plan coverage incentives. I suggest that the Build Back Better Act, recently signed into
law, may have a stronger impact as it alters the cost-sharing structure faced by plans more

radically.

My analysis carries some limitations. First of all, this paper focuses on coverage choices
made by insurance plans and does not account for actual prescription choices made by
doctor-patient pairs. However, coverage and spending generally have a strong relation-
ship (Goldman et al., 2007). Secondly, my analysis does not consider rebates provided by
drug manufacturers. In general, reference drug manufacturers offer higher discounts than
cheaper alternative manufacturers, which may weaken the impact of policy changes aimed

at increasing the take-up of biosimilars.

Additionally, I compare two market segments, Medicare part D and commercial, which
do not operate in the same way and present significant differences in patient population. For
example, one concern is that Medicare and commercial plans may make different coverage
choices since Medicare targets the elderly, while commercial plans cover a younger popu-
lation on average. Nevertheless, not every disease which is treated with drugs that trigger
federal subsidies disproportionately affects the elderly population. For example, Hepatitis C

infection rates are higher among young adults than the elderly?2. Moreover, in 2018 adults

2https://www.commonwealthfund.org/publications /issue-briefs /2020 /sep / catastrophic-
coverage-medicare-part-d-drug-benefit

https://www.cdc.gov/hepatitis/statistics /2019surveillance/Figure3.4.htm
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ages 45 to 64 were more likely to receive a diagnosis of type 2 diabetes relative to other
age groups”?, which implies that coverage choices for biologics such as Humalog and Lantus
will have a strong impact not only on Medicare but also on commercial insurance spending.
Another important distinction is that while in Medicare part D the downstream buyer is
represented by the patient, in the commercial segment the downstream buyer is typically
represented by the employer, an organization with varying size. Nevertheless, in the em-
pirical section of the paper I show how differences in coverage of treated and control drugs
trend similarly across Medicare and commercial plans before biosimilars’ entry, while they
diverge significantly after it. Therefore, I consider the moral hazard issue a higher-order
driver of the results relative to differences in the downstream market structure of the two
segments.

Finally, insurance plans may use other formulary tools to steer patients to the desired
drugs, such as Prior Authorization (Schwartz et al., 2021). I focus on coverage as it repre-

sents a stronger indicator of spending relative to formulary restrictions.

Zhttps://www.healthline.com /health /type-2-diabetes-age-of-onset
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Chapter 3

Gaming and Effort in Performance Pay

3.1 Introduction

Medicare and other health insurers routinely tie payments to providers’ quality of care.
Although intended to give providers an incentive to exert more effort in caring for patients,
pay-for-performance reimbursement schemes may also spur providers to avoid treating pa-
tients who would hurt their overall performance score. Gaming quality benchmarks in this
way not only undermines the integrity of pay-for-performance systems, it may also directly
harm patients by disrupting their care and forcing them to seek out less-preferred providers.
In this paper, we study the first federally mandated pay-for-performance scheme in the U.S.
health care system, the End-Stage Renal Disease Quality Incentive Program (ESRD QIP),
to provide new evidence on how these payment models induce both effort and gaming among

providers along with the resulting consequences for patients and payers.

Medicare started the QIP in 2012 following its move to a prospective payment system for
dialysis treatments. In light of concerns that facilities would have little incentive to provide
costly high-quality care under the new payment scheme, Medicare began assigning each
facility an annual score based on a set of known quality metrics and reduced reimbursements
to facilities with low scores by up to 2%. Because Medicare frequently updates the metrics
it uses to evaluate facilities and compiles detailed data on each patient encounter, the
QIP offers an ideal setting to identify how providers change their behavior in response to
performance pay. We find that patients are much more likely to leave a facility when their
characteristics would trigger a penalty that year, behavior consistent with anecdotes of

dialysis facilities involuntarily discharging less-profitable patients.! Along some dimensions,

Thttps: //www.theatlantic.com /magazine/archive/2010/12 /-god-help-you-youre-on-
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however, we find that facilities exert more effort to improve their quality of care in the
years in which poor performance on that specific measure would be penalized. In short,
performance pay leads to both real improvements in quality as well as strategic patient

dropping to game Medicare’s quality scores.

Facilities’ motives for dropping penalty-inducing patients are clear-cut. A facility with
the average load of 50 patients and at the bottom decile of QIP scores in 2010, for example,
could move from the worst possible score to the best by dropping just three patients. This
would be even less if the facility were to replace them with patients who do well in terms of
the QIP parameters. To uncover whether facilities act strategically in this way, we use our
claims data to classify patients as penalty-inducing when their diagnostic measures would
lower their facility’s QIP score below a penalty threshold in a given year. We then show
that when a patient becomes penalty-inducing due to Medicare’s annual change in QIP
criteria, the probability that they switch facilities rises by 40%. We also find that penalty-
inducing patients are 37% more likely to switch facilities after being hospitalized, a result
consistent with facilities selectively refusing to take back patients who might harm their QIP
score. Because these penalty-inducing patients switch to lower-quality facilities in terms of

mortality and hospitalization rates, we interpret the facility change as an involuntary one.

Although the elevated rate of switching among penalty-inducing patients suggests some
facilities respond to the QIP by strategically avoiding patients who might cause their reim-
bursements to fall, others may respond to the incentives created by the QIP by improving
their quality of care, in keeping with the program’s original intention. Two performance
measures in particular illustrate this phenomenon. Dialysis facilities must regularly track
the amount of toxins they clear from a patient’s blood, with adequacy measured by either
the patient’s urea reduction ratio (URR) or Kt/V. Dialysis adequacy has been part of the
QIP since its start, as patients with lower Kt/V and URR numbers have more health prob-
lems and a greater risk of death. These two measures are closely, but not perfectly, related:

patients with an identical URR might have very different Kt/V measures, primarily due

dialysis/308308/
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to differences in body weight. Initially, the QIP used URR as its performance measure for
dialysis adequacy, but then switched to Kt/V in the program’s fourth year. We use this
abrupt change in metrics to cleanly identify facilities’ strategic responses to performance
pay.

Similar to our aggregate assessment of patient dropping that uses all QIP measures,
patients who had good URR but bad Kt/V were more likely to switch facilities after QIP
changed its criteria (33%), while patients with bad URR and good Kt/V were less likely to
switch (13%). We do not find patients with good URR and bad Kt/V going to increasingly
worse facilities after the rule change. In addition to dropping patients, however, facilities
could also improve their adequacy scores by increasing the amount of time patients spend
being dialyzed each session, although doing so comes with the opportunity cost of not using
the station to treat another patient due to the fixed per-session payments from Medicare
that do not adjust for longer run times. We show that patients with bad Kt/V who remain
at the same facility after QIP begins penalizing low Kt/V scores start receiving longer run

times, an increase in real effort that leads to better-quality care.

Given the importance of incentive systems in the provision of health care, there is a
growing body of important work studying this topic to which our results contribute. Norton
et al. (2018), for instance, find evidence that the Hospital Value-Based Purchasing Program
led hospitals to improve their performance over time in the areas where they have the
highest marginal incentives to do so, while Li and Norton (2019) find that agency-reported
measures in the Home Health Value-Based Purchasing Program improved by approximately
1%, although these reported gains did not reflect true quality improvements because agencies
manipulated their coding of patients in ways that inflated their performance. Also related
to gaming, Lisi et al. (2020) suggest that pay-for-performance schemes that reward low
mortality or readmission rates can either weaken or strengthen a hospital’s incentive to

provide high-quality care, depending on selection bias.

In more recent work closely related to our own, Gupta (2021) uses Medicare claims

data to study the Hospital Readmissions Reduction Program (HRRP), the federal program

43



that penalizes hospitals with high rates of re-hospitalization. Gupta finds that hospitals’
responses to the penalty account for two-thirds of the decrease in readmissions over the
study period, as well as a decrease in mortality for heart attack patients. Half of these gains
come from quality improvements and the remainder from differences in the mix of returning

patients.

Our paper builds on and complements this existing work in at least two important ways.
First, the HRRP focuses solely on one quality dimension, whereas the QIP comprises a rich
set of measures that varies over time, allowing us to use the changes in the measures Medi-
care uses to construct facilities” QIP scores to separately identify how facilities treat patients
when their specific characteristics make them likely to trigger a penalty. Second, although
Gupta is able to conduct some heterogeneity analyses about the effect of ownership (i.e.,
government hospitals are less responsive than private hospitals), the institutional details
of dialysis allow us to document how facilities strategically shunt off their undesirable pa-
tients to competing facilities, such as chains sending penalty-inducing patients to nearby

independent facilities.

Our paper also contributes to the literature on cream skimming and patient dropping in
health care more generally. Policymakers typically view risk-adjusting reimbursements as a
way to mitigate incentives for patient selection, but hospitals may game the payment scheme
by choosing patients with poorly calibrated risk scores that make them more profitable to
treat (Geruso et al., 2019; Brown et al., 2014). Alternatively, high-powered bonuses to
decrease total treatment costs can lead hospitals to select healthier patients and identify
low-cost patients within risk-adjustment groups (Alexander, 2020), and hospitals can game
direct pricing changes for targeted patient categories (Dafny, 2005; Eliason et al., 2018).
Similar patient selection efforts have been detected in the context of capacity constraints
(Yang et al., 2020; Hackmann et al., 2020; Gandhi, 2019) and randomized field experiments
(Werbeck et al., 2021).

Finally, our paper contributes to the literature focused more specifically on the impact

of the QIP (Ajmal et al., 2020; Fink et al., 2002; Ajmal et al., 2019; Saunders et al., 2017),
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which has largely criticized the QIP for not including measures of patient satisfaction.
Along with the contemporaneous work of (Kepler et al., 2022) examining facilities’ location
decisions, we believe our paper is the first to directly investigate the impact of the QIP on
the strategic behavior of facilities, including patient dropping and investments in quality to

improve patient outcomes.

3.2 Institutional Details and Data

3.2.1 Kidney Failure and the Dialysis Industry

Kidneys remove wastes and excess fluid out of the blood and produce erythropoietin, a
hormone that stimulates the production of red blood cell. Chronic kidney failure occurs
when kidneys no longer appropriately complete these tasks. Patients with ESRD (End-
Stage Renal Disease) must either undergo surgery, where the failed kidney is replaced with
a healthy kidney, or undergo dialysis, a procedure where wastes and excess fluid are removed
artificially. Hemodialysis is the most prevalent type of dialysis, which employs a machine
to mechanically filter and pass back blood into the body, and which can be performed at a

patient’s house or at a facility.

Dialysis patients pick their provider in the same way as they do for other healthcare
procedure. Patients covered under Medicare can be treated at any facility that has an open
slot. The are about 7,000 dialysis facilities in the country, where patients usually go thrice a
week for a procedure that lasts 3/4 hours. These facilities are run by a mix of for-profit and
non-profit firms, with the two largest for-profit chains, DaVita and Fresenius, controlling
well over 60% of facilities and earning 90% of the industry’s revenue (United States Renal

Data System, 2014; Baker, 2019; Eliason et al., 2020b).

45



3.2.2 Medicare Payment Reform

Since 1972, Medicare is available to all patients with ESRD, not just the elderly. More
specifically, dialysis and anemia treatment are reimbursed under Part B. Those enrolled in
an employer sponsored plan when diagnosed with ESRD retain their commercial insurer
as a primary payer for 33 months, during which time Medicare acts as a secondary payer

(League et al., 2022).

From the early 1980s to 2011, providers were paid a flat rate for each dialysis session
and a fee-for-service for any injectable drug dispensed during the visit. Such reimbursement
schemes raised concerns that facilities may have an incentive for medical overuse, with nega-
tive consequences for federal finances and patients’ health. This motivated policy makers to
include ESRD in the Medicare Improvements for Patients and Providers Act (2008), which
mandated bundling of dialysis services and all injectable drugs and biologics into a single
prospective payment, starting in 2011.2

The transition to bundled payments raised concerns that facilities may then have an
incentive to cut costs too aggressively, which led MIPPA to also mandate the introduction
of the QIP, which links payments to performance by penalizing dialysis facilities that provide
low-quality care, as determined each year by Medicare in its facility quality score. Facilities
with low scores may have their Medicare payments reduced by up to 2%, depending on
how far below a given threshold they fall. To construct the score, Medicare uses three time
periods to measure performance, compares that performance to some baseline, and then

implements any penalties.?

The performance measures used to construct the scores have changed over time, but

2Federal Register, Volume 74, Issue 187, (September 29, 2009). Eliason et al. (2022) study how
this change in reimbursement policy affected the use of the most common of these drugs, EPO.

3The relevant years are (i) the “performance year” in which the performance of the facility is
evaluated, (ii) the “comparison year” of two years before to which the performance year is compared,
and (iii) the “payment year” two years after the performance year when facilities might receive

payment reductions.
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the basic scoring mechanism has remained constant. A facility’s overall performance score
is a weighted average of the facility’s scores on each of the performance measures in the
performance period, with Medicare changing the weights over time as well. A facility’s scores
on each performance measure are obtained by comparing the results in the performance year
against either a national facility-level average or a facility’s own past performance in the

comparison year.

For example, reductions to Medicare reimbursements in 2012 were based on comparing a
facility’s performance in 2010 against its own performance in 2007 or the national benchmark
in 2008, with the facility receiving the greater of the two scores.* To receive a full score on
a measure, a facility that was previously above the national average needs only to remain
above average, whereas a facility that was previously below average needs only to improve
its own performance. Facilities just below the threshold have their payments reduced by
0.5% and those far below the threshold reduced by 2%, with facilities in between facing 1%

or 1.5% reductions. Appendix B.1 provides more details on the QIP scoring system.

We use Medicare’s changes to the measures and weights used in constructing the QIP
to identify the impact of performance pay on facility behavior, as illustrated in Figure 3.1.
In the first payment year, Medicare used only three equally-weighted performance measures
focused on clinical outcomes: the percentage of patients with average hemoglobin values
above 12, the percentage with average hemoglobin values below 10, and the percentage of
patients with a median URR above 65. Medicare then updated its measures and weights in
subsequent years and began assessing whether facilities reported certain results from patient

surveys in 2014.

4The inaugural year is the only one in which the comparison year is more than two years before

the performance year
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Performance Year
Measure Description 2010 2011 2012 2013 2014 2015 2016 2017

Low hghb % of patients with Hemoglobin
lower than 10.0 g/dL

High hgb % of patients with Hemoglobin
greater than 12.0 g/dL

URR % of patients with a Median urea
reduction ratio of at least 65 %

Wascular access % of patients receiving treatment
with fistula, catheter and graft

Ktv % of patients with Kt/V greater
than or equal to 1.2 Kt/V

Infection % of hemodialysis outpatients
with positive blood cultures

Transfusion Ratio of observed transfusion

events to transfusions from a
predictive model

Readmission Ratio of observed unplanned
readmissions to expected
unplanned readmissions

High calcium % of patients with 3-month
rolling average of serum calcium
greater than 10.2 mg/dL

Figure 3.1: Introduction and dropping of QIP criteria

Medicare has changed its QIP measures for various reasons since its inception. For
example, Medicare removed the anemia management measure of hemoglobin levels below 10
after the first year due to new medical evidence regarding the safety of a common treatment
for anemia in dialysis patients.®> Moreover, the increasing number of criteria contributing to
the scoring mechanism over time reflects the desire to expand the breadth of the program

and give more insights into the quality of care at dialysis facilities.

As will be important for our identification strategy below, the continuous update of QIP
rules generates quasi-exogenous variation in the penalty-inducing status of patients. Because
the new rules are typically proposed and finalized very close to the performance period — or
even during the performance period for the first years of QIP — large numbers of patients
abruptly become penalty-inducing solely due to changes in what Medicare evaluates rather
than due to changes in their underlying health status, whereas others suddenly become

compliant on all measures and no longer trigger a penalty.

Shttps://www.cms.gov /newsroom /press-releases /cms-announces-stronger-incentives-improve-

esrd-treatment-outcomes
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3.2.3 Data

The data for our analysis come from the United States Renal Data System, a national data
system that collects and manages about chronic kidney disease and end-stage renal disease
relevant to patients and providers. These data comprise of Medicare claims, treatment
history files, patient characteristics, and facility surveys. Moreover, CMS Form 2728 includes
information on the clinical characteristics of patients at the start of dialysis. Our sample

includes 956,354 patients and 7,732 facilities.

As a first step to identify strategic patient dropping, we begin by identifying patients
that switch facilities. On average, patients rarely switch facilities — about 0.8% per month
— primarily because they must receive dialysis three times per week and strongly prefer
a facility close to their homes. To avoid including temporary switches (e.g., if a patient
receives dialysis while on vacation) in our analysis, we use only within-HRR switches for
which a patient does not return to their original facility during the following six months.
Although Medicare does not release systematic data on the reason a patient switches to
a new facility, we will seek to uncover whether the switches appear to be involuntary by
assessing how the likelihood of switching is affected by the QIP’s criteria that determine
whether a patient is penalty inducing and whether patients that switch go to facilities with

better or worse overall care.

We use the QIP scoring rules to construct a measure of whether a patient is penalty-
inducing. As we explain in the next section, our measures of whether a patient is penalty-
inducing will take a value one if a patient-month has at least one QIP parameter that does
not satisfy the QIP rules for that year, and we illustrate the robustness of our results to a
continuous measure between 0 and 10 that is calculated by adding up dummies that take
value one if the QIP parameter satisfies the QIP rules for the relevant year, weighted by
the relative importance of the QIP parameter for the final QIP score. Table 3.1 provides
summary statistics from our data, while Table 3.2 provides the share of patient-months that

are penalty inducing each year.
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Table 3.1: QIP, patient and facility characteristics

Mean Std. Dev. Mean Std. Dev.

QIP parameters Clinical characteristics

Penalty inducing (%) 33.1  47.0 Diabetic (%) 53.4 49.9

Desirability score 9.2 14 Hypertensive (%) 88.0 32.5

Low hgb (%) 17.8 38.3 BMI bin 24.2 8.4

High hgb (%) 177 38.1 GFR bin 6.0 47

Low URR (%) 4.9 21.6 Dialysis tenure 53.2 46.2

Catheter (%) 16.8 374 Dialysis tenure?

Graft (%) 20.2  40.2 Dialysis tenure?

Fistula (%) 62.9 483 HGB group 7.5 2.9

Low Kt/V (%) 2.9 16.8 High albumin (%) 63.2 48.2

Infection (%) 1.9 13.6 Cancer (%) 4.9 2.2

Transfusion (%) 0.7 8.2 Drug use (%) 1.3 1.1

Readmission (%) 0.4 6.1 Drinker (%) 14 1.2

High calcium (%) 2.6 16.0 Smoker (%) 6.3 2.4

Base Low hgb (%) 262  44.0 Needs assistance (%) 9.3 29.0

Base High hgb (%) 25.0 433 Chr. Obst. Pulm. Disease (%) 6.5 25

Base Low URR (%) 16.6  37.2 Athero. Heart Disease (%) 14.1 34.8

Base Catheter (%) 364 481 Peripheral Vasc. Disease (%) 10.7 34.8

Base Graft (%) 16.1  36.8 Ischemic Heart Disease (%) 8.1 27.3

Base Fistula (%) 474 499 Congestive Heart Failure (%)  27.5 44.6

Base Low Kt/V (%) 6.8 25.2 Facility characteristics

Base Infection (%) 2.5 15.6 Facility age 16.2 10.0

Base Transfusion (%) 04 6.3 Facility age?

Base Readmission (%) 0.6 7.6 HRR

Base High calcium (%) 4.2 20.0 Income bin 34,868.3 10,180.8
Patient demographics Chain (%) 83.1 37.5

Male (%) 54.5  49.8 Freestanding (%) 95.2 21.4

Non hispanic white (%) 39.3  48.8 N. of fac. in Zip code 1.8 1.1

Black (%) 38.3  48.6

Hispanic (%) 16.6  37.2

Asian (%) 3.6 18.6

Other Race (%) 3.7 18.9

Age 63.2 146

Age?

Age3
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Table 3.2: % of penalty inducing patients over time
Year Penalty ind. Low hgb High hgb Low URR Cath. Graft Low Kt/V Inf. Transf. Read. High calcium

2008 0.0 9.2 36.4 8.8 2.1 0.6 0.5

2009 0.0 10.0 30.6 7.8 2.0 0.6 0.5

2010 41.0 214 220 2.0 0.6 0.5

2011 19.1 15.1 19.7  21.6 1.9 0.3 0.5

2012 49.3 19.7 3.5 1.8 0.4 0.4 4.1
2013 47.2 21.0 3.5 1.8 1.1 0.4 3.4
2014 49.8 22.3 3.5 1.0 0.3

2015 40.6 22.5 12.6 3.4 0.9

2016 39.7 22.5 12.9 3.0

2017 38.8 21.6 13.8 2.8

3.3 Empirical Analysis

We use Medicare’s exogenous changes to QIP measures to identify the causal effect of pay-

for-performance on whether a patient switches facilities using the specification
Yijt = Bfi (Per formanceMeasuresi) + oy Per formanceMeasuresi +as X;je +€ije, (3.1)

where Y;;; is the response variable for patient 7 at facility j in month ¢ and Xjj; includes
a host of facility and patient controls in addition to year-month, HRR, and facility fixed
effects. Per formanceMeasures; gives the patient’s values on all performance measures
prior to the start of the relevant performance period, while f;(-) is a function mapping
these characteristics to either (i) an indicator for whether the patient has at least one QIP
parameter that does not satisfy the QIP rules for the relevant year or (ii) a continuous
measure of the share of active performance measures the patient does not satisfy. By
controlling for the health characteristics that are used to determine whether a patient is
penalty-inducing, we identify the impact of being penalty-inducing solely using changes in
which criteria are being evaluated by Medicare rather than comparing patients of different
health statuses. Figure 3.2 shows that not only penalty inducing patients are more likely to

switch, but the gap with non penalty inducing patients increases over time.
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Figure 3.2: Switching by penalty-inducing status

Table 3.3 presents the results of estimating equation (3.1), with specification (3) suggest-
ing that a penalty-inducing patient is 40% more likely to switch facilities, going from 0.66%
to 0.92%. Using only patients discharged from a hospital, specification (9) shows that those
who are penalty-inducing are 37% more likely to move to a new facility. As hospitalizations
represent an opportunity for facilities to cut ties with a patient who might harm their QIP
score by selectively not accepting back those with unfavorable characteristics, this result
is again consistent with strategic patient dropping. Such estimates are even more relevant
after considering that the average facility can completely eliminate its penalty under QIP by
dropping just a handful of patients. For example, an average facility in terms of number of
patients and well below average QIP performance (10th percentile) in 2010, can only drop 3
patients to change its score from 0 (the worst possible score) to 10 (the best possible score).
Appendix B.2 provides estimation results using alternative definitions of penalty inducing

status, which confirm the presence of strategic patient dropping.
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Table 3.3: Regression estimates - Probability of switching

Probability of switching Probability of switching at discharge
(1) (2) (3) (4) (5) (6) (7) (8) (9) (10) (11) (12)
Penalty inducing 0.00255***  0.00277**  0.00263*** 0.00394*** 0.00502***  0.00480***
(0.0000562)  (0.0000585)  (0.0000585) (0.000266)  (0.000269)  (0.000267)
Low hgb 0.00148***  0.00149***  0.00143*** 0.00103***  0.00105***  0.000915***
(0.0000726)  (0.0000727)  (0.0000731) (0.000261)  (0.000261)  (0.000264)
High hgb 0.000604***  0.000592***  0.000551*** -0.000518  -0.000543  -0.000553
(0.0000843)  (0.0000844)  (0.0000849) (0.000443)  (0.000443)  (0.000449)
Low URR 0.00310***  0.00309***  0.00296*** 0.00359**  0.00364**  0.00335**
(0.000358) (0.000358) (0.000359) (0.00125) (0.00126) (0.00126)
Catheter 0.00297***  0.00297***  0.00276*** 0.00244**  0.00237***  0.00225***
(0.000118)  (0.000118)  (0.000119) (0.000424)  (0.000424)  (0.000435)
Fistula -0.0000944  -0.0000911  -0.0000565 0.000896*  0.000918**  0.00107**
(0.0000833)  (0.0000833)  (0.0000847) (0.000348)  (0.000348)  (0.000361)
Low Kt/V 0.00210***  0.00214***  0.00199*** 0.00210 0.00203 0.00194
(0.000402)  (0.000402)  (0.000405) (0.00136)  (0.00136)  (0.00136)
Infection 0.00276***  0.00275***  0.00260*** 0.00000565  0.0000102  0.0000120
(0.000356)  (0.000356)  (0.000355) (0.000411)  (0.000411)  (0.000414)
Transfusion 0.00131***  0.00135***  0.00143*** -0.000284  -0.000138  0.0000125
(0.000362)  (0.000362)  (0.000361) (0.000517)  (0.000517)  (0.000523)
Readmission 0.00415***  0.00415***  0.00402*** 0.00243* 0.00238* 0.00224*
(0.000784)  (0.000784)  (0.000782) (0.000958)  (0.000960)  (0.000960)
High calcium 0.000937***  0.000986***  0.000950*** 0.00246*  0.00251**  0.00246**
(0.000172)  (0.000173)  (0.000173) (0.000822)  (0.000823)  (0.000823)
Constant 0.0196"** 0.0191*** 0.00907*** 0.0185"* 0.0185"* 0.00413 0.0286™*  0.0264*** 0.00343 0.0217**  0.0214*** 0.00140
(0.00113) (0.00114) (0.00136) (0.00132) (0.00132) (0.00221) (0.00531) (0.00530) (0.00600) (0.00559) (0.00559) (0.00959)
Baseline QIP values Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes
Patient Controls Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes
Facility Controls Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes
Month-Year FE No Yes Yes No Yes Yes No Yes Yes No Yes Yes
Facility FE No No Yes No No Yes No No Yes No No Yes
R-squared 0.00181 0.00197 0.00794 0.00164 0.00174 0.00682 0.00362 0.00410 0.0212 0.00264 0.00293 0.0208
Observations 13112497 13112497 13112427 8178958 8178958 8178936 971108 971108 970988 546619 546619 546522
Mean Dep. Var. 0.00660 0.00660 0.00660 0.00557 0.00557 0.00557 0.0129 0.0129 0.0129 0.00789 0.00789 0.00788

<O, < Oh = p < 0401

To determine whether a switch is unlikely to be voluntary, we compare the mortality,
hospitalization, and infection rates of the facility a patient leaves with his or her new facility
as well as whether the new facility is located closer to the patient’s home, with the intuition
that a patient would not willingly move to a lower-quality, farther-away facility. We estimate
the same regression as equation (3.1), where Yjj; is now the difference in mortality rates,
hospitalization rates, infection rates, and distance from the patient’s home between the new
facility and the previous facility.5 The results in Appendix Table B.3 show that among
patients that change facilities, penalty-inducing patients are more likely to switch to worge
facilities than patients in similar health that are not penalty-inducing, with specification
(3) implying they move to facilities with 0.3 p.p. higher mortality rates on a baseline of
7.8%, or 3.8% worse. Furthermore, penalty-inducing patients switch to facilities that are

0.3 miles farther away from home. This is highly suggestive that their moves are unlikely

®Note that in this specification, X;;; includes only characteristics of the previous facility.
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made for reasons of convenience since the average patient who switches facilities chooses a

facility closer to them.

An alternative way to see this is to define voluntary and involuntary switches, and eval-
uate whether penalty inducing patients are more likely to undertake the latter switches.
Table 3.4 shows that penalty inducing patients are slightly more likely to undertake invol-
untary switches than non penalty inducing patients. The results are robust across different
definitions of involuntary switches (e.g. in specifications (1)-(3) a switch is defined as in-
voluntary when a patient moves to a facility with higher mortality rate and further away
from to home, while a switch is defined as voluntary if a patient moves to a facility with
lower mortality rate and closer to home). Finally, we find no evidence that penalty-inducing
patients switch to facilities that provide more intensive care, as conventional measures of
care intensity including staffing ratios are similar or worse, as shown in Appendix Table

BA4.

Table 3.4: Probability of involuntary switch

Prob. of inv. switch Prob. of inv. switch Prob. of inv. switch
(mort. rate + distance) (hosp. rate + distance) (inf. rate + distance)
1) 2) (3) ©) (5) (6) Q) 8) 9)

Penalty inducing _ 0.0165** 0.0177°* 0.0210™* 0.000600  0.00399  0.0141**  0.0115*  0.0122*  0.0207
(0.00464)  (0.00479) (0.00476) (0.00462) (0.00477) (0.00470) (0.00461) (0.00477) (0.00470)

Constant 0.361**  0.358"*  0.341"**  0.404**  0.396*** 0.262** 0.222* 0.210* 0.0835
(0.0874)  (0.0875)  (0.0985)  (0.0859)  (0.0859) (0.100) (0.0874)  (0.0875)  (0.0991)
Baseline QIP values Yes Yes Yes Yes Yes Yes Yes Yes Yes
Patient Controls Yes Yes Yes Yes Yes Yes Yes Yes Yes
Facility Controls Yes Yes Yes Yes Yes Yes Yes Yes Yes
Month-Year FE No Yes Yes No Yes Yes No Yes Yes
Facility FE No No Yes No No Yes No No Yes
R-squared 0.0327 0.0370 0.271 0.0381 0.0450 0.289 0.0380 0.0428 0.287
Observations 46764 46764 46169 46658 46658 46072 46934 46934 46376
Mean Dep. Var. 0.441 0.441 0.440 0.414 0.414 0.413 0.430 0.430 0.428

Standard errors in parentheses
* p <0.05, ** p<0.01, ** p<0.001

As discussed in Section 4.1, Medicare changed its measure of dialysis adequacy from
URR to Kt/V in 2013. The two measures are mathematically related, with the distinction
that Kt/V also takes into account two additional factors: (i) urea generated by the body dur-
ing dialysis and (ii) extra urea removed during dialysis along with excess fluid. Retrospective

studies of mortality for ESRD patients suggest the odds of death increase progressively as
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the URR falls below 60-65% (Held et al., 1996; McClellan et al., 1998), with common bar-
riers to dialysis adequacy including patient adherence to treatment, under-prescription of
dialysis by the nephrologist, use of catheters for vascular access, and shortened treatment
times (Tangri et al., 2011; Sehgal et al., 2002, 1998; Palevsky et al., 2000; Fishbane and
Hazzan, 2012).

Medicare’s rule change in 2013 introduces quasi-exogenous variation to the penalty sta-
tus of patients, as patient who previously scored well on URR measures may suddenly
become penalty-inducing with unsatisfactory Kt/V levels. Figure 3.3 summarizes the like-
lihood of patients switching out of a facility based on their current URR and Kt/V levels.
The likelihood of switching for patients with good URR and bad Kt/V levels increases sub-
stantially after the QIP change, while the probability of switching for patients with bad
URR and good Kt/V levels decreases. This indicates that changing the way the dialysis
adequacy measure is calculated coincided with changes in the allocation of patients across

facilities, despite these measures capturing the same underlying treatment quality.

025
1

.02
|

Probability of switching
015

|

!

i

i

!

|

I

1

li

(

.01
1

005
1

2012 2013 2014 2015 2016 2017
Year of Transplant

————— bad urr and bad ktv bad urr and good ktv
good urr and bad ktv good urr and good ktv

Figure 3.3: Switching by URR and Kt/V status

In addition to dropping patients with bad Kt/V readings, facilities could also improve

their scores by increasing the amount of time patients with inadequate clearance levels spend
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getting dialysis. As shown in Table 3.5, patients with bad Kt/V readings receive 6.2 more
minutes on dialysis, which becomes 7.0 minutes when Kt/V is included as a measure in
the program. Note specifications (2)—(4) control for patients’ URR levels, meaning that the
switch in dialysis adequacy measures changed provider effort for the patients highlighted by
the QIP, rather than just patients receiving inadequate dialysis more generally. Nevertheless,
the effort undertaken by facilities to increase treatment time is relatively lower than the effort
undertaken to drop penalty inducing patients. In fact, while treatment time increases by
about 13%, the probability of switching for patients with bad URR and good Kt/V increases
by about 33% at the rule change. This suggests that facilities strongly prefer changing the
composition of their patient population instead of exerting effort to improve their patients’
parameters, a more severe result than what can be found in the literature (e.g. Gupta

(2021))

Table 3.5: Change in treatment time
A treatment time
(1) (2) (3) (4)
Low Kt/V=1 5.709*** 6.160***  6.159™*  6.225***
(0.111)  (0.143)  (0.144)  (0.144)

Kt/V in QIP—1 0.0350%**  0.0321***
(0.00693)  (0.00864)

Low Kt/V x Kt/Vin QIP  1.121%*  0.722%%  (.728%**  0.741***
(0.121)  (0.157)  (0.157)  (0.157)

Constant -0.279**  -0.427**  -0.359"** -0.692***
(0.00650)  (0.104) (0.104) (0.171)
Baseline QIP values No Yes Yes Yes
Patient Controls No Yes Yes Yes
Facility Controls No Yes Yes Yes
Month-Year FE No No Yes Yes
Facility FE No No No Yes
R-squared 0.00543 0.00529 0.00534  0.00573
Observations 11122986 6772549 6772549 6772538
Mean Dep. Var. -0.0978 -0.0883 -0.0883 -0.0882

Standard errors in parentheses
*p <0.05, ** p<0.01, ** p <0.001
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3.4 Conclusion

Patients who would trigger a reimbursement penalty are much more likely to switch facil-
ities after the introduction of pay-for-performance in dialysis. The switches appear to be
involuntary, as penalty-inducing patients move to worse facilities that are farther from their
homes.

One reason the QIP leads to gaming by facilities is misaligned financial incentives.
Facilities can ensure adequate Kt/V by increasing treatment times, for instance, but this
comes with the opportunity cost of treating fewer patients and receiving commensurately
lower prospective payments. In such cases, facilities find it optimal to simply drop patients

who would trigger QIP penalties rather than invest more effort to improve outcomes.
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Chapter 4

Provision of Transplant Education for
Patients Starting Dialysis: Disparities
Persist

4.1 Introduction

For the nearly 1 million patients with end stage renal disease (ESRD) in the United States,
kidney transplant has several advantages over dialysis, including longer patient survival and
improved quality of life (Abecassis et al., 2008; Meier-Kriesche and Kaplan, 2002; Wolfe
et al., 1999; McCullough et al., 2019). Patient education is an important component of
making informed decisions about ESRD treatment options, as early access to nephrology
care has been shown to result in improved patient satisfaction with ESRD treatment and
higher rates of kidney transplant (Combes et al., 2017; Devins et al., 2003; Devins et al.,
2005; Golper, 2007). Despite these benefits, a substantial number of patients with ESRD
report limited discussions with their doctors about ESRD treatment options and a lack
of knowledge about kidney transplant (Finkelstein, 2008; McPherson et al., 2019; Skelton
et al., 2015).

For patients who lack early access to nephrology care, education about ESRD treatment
options should occur at initiation of dialysis (Waterman et al., 2015a). The Centers for
Medicare and Medicaid Services (CMS) requires the submission of a Medical Evidence
Form (CMS-2728) for all patients with ESRD within 45 days of initiating dialysis. In 2005,
the form was amended to include a question about the provision of kidney transplantation
information; if information is not provided, the reason for not providing it must be specified.
Prior research has found disparities in provision of information about kidney transplant
based on social determinants of health including race, gender, and insurance status (Gander

et al., 2018; Myaskovsky et al., 2012; Weng et al., 2005). Several important policy changes
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have occurred to improve patient education of CKD, ESKD, and transplant, including the

2019 Advancing American Kidney Health Initiative.

We hypothesized that despite 15 years since the modifications to Form 2728, persistent
disparities remain in which patients are provided information about transplant at initia-
tion of dialysis. We also hypothesized that a lack of early information about transplant
contributes to disparities in kidney transplantation. The purpose of this study was to (1)
quantify the provision of transplant information as indicated on the Medical Evidence Form,
(2) identify sociodemographic risk factors for not receiving transplant information at the
time of dialysis initiation, (3) determine the association of dialysis facility characteristics
with provision of transplant information, and (4) determine the association of transplant

information with waitlist and transplant outcomes.

4.2 Data

This was a retrospective analysis of patients aged 18 to 75 with a newly filed Medical
Evidence Form during the study period between 1/1/2008 to 1/1/2019 using data from the
United States Renal Data System (USRDS). Our sample consisted of 944,015 patients and
7,255 facilities. USRDS includes all patients in the United States who develop ESRD and
require renal replacement therapy via either dialysis or a kidney transplant.

The primary outcome was provision of transplant information, as indicated on Medical
Evidence Form 2728. For patients not informed at the time of dialysis, we collected the
reason for not being informed (medically unfit, declined information, unsuitable due to age,
psychologically unfit, not assessed, or other). Secondary outcomes were addition to the
transplant waitlist and transplant rate.

Characteristics thought to be associated with the likelihood of receiving transplant ed-
ucation included the following: receiving nephrology care pre-ESRD, dialysis facility own-
ership, initial dialysis access, alcohol dependence, drug dependence, inability to ambulate,

inability to transfer, and needing assistance with activities of daily living. The following
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dialysis facility characteristics were also considered: number of patients per registered nurse,

number of patients per technician, and number of patients per social worker.

A complete list of characteristics can be found in the Appendix C.1. The models de-
scribed below are estimated by controlling for all of these characteristics, while only major

results/coefficients are reported in the Tables.

4.3 Empirical Analysis

4.3.1 Informed about transplant

Logistic regression models were constructed in which the dependent variable is whether the
patient has not been informed of transplant options and each reason for which the patient
has not been informed. The models for each reason were run on the subset of patients
who have not been informed of transplant options. The reference variables to calculate the
odds ratio were the following for their respective categories: cystic kidney for the variable
“disease,” arteriovenous fistula for the variable “vascular access,” group (private) for the
variable “insurance status,” white for the variable “race,” employed full time for the variable

“employment”, and Midwest for the variable “region”.

4.3.2 Time to waitlist

We calculated Cox proportional-hazards model estimates for the time to waitlist after a
patient’s signature of the medical evidence form. We considered as study end date the latest
addition date observed in the whole dataset (08/10/2018). For patients who did not reach
the event of interest during the study observation period, we recorded when the patient was
censored due to study end date or due to the occurrence of an event that prevents further
follow-up of the patient (e.g., death) (Schold et al., 2021). We also restricted the dataset to
patients whose medical evidence form was submitted by 12/31/2015 to account for the fact

that those patients who started dialysis towards the end of the study period were not given
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an adequate opportunity to be waitlisted. A hazard ratio above 1 indicates a variable that
is positively associated with the event likelihood (i.e., being added to the waitlist), and thus

negatively associated with the time to waitlisting.

4.3.3 Time to transplant

We calculated Cox proportional-hazards model estimates for time to transplant after being
added to the waitlist, which was conditional on being added to the waitlist. We considered
as study end date the last time a transplant was observed in the dataset (08/10/2018). For
patients who did not reach the event of interest during the study observation period, we
recorded when the patient was censored due to study end date or due to the occurrence of an
event that prevents further follow-up of the patient (e.g., death). Moreover, we restricted the
dataset to patients whose medical evidence form was submitted by 12/31/2015 to account
for the fact that those patients who started dialysis towards the end of the study period were
not given an adequate opportunity to be transplanted. Pre-emptive transplant recipients

were excluded from the analysis.

4.4 Results

4.4.1 Characteristics of non-informed patients

Between 2008 and 2019, 944,015 patients initiated renal replacement therapy. Provision of

transplant information has increased over study time (see Figure 4.1).
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Figure 4.1: Trends in the proportion of patients being informed

Of all patients included, 133,414 (14.52%) did not receive information about kidney
transplantation (see Table 4.1). Non-informed patients were more likely to be female
(43 vs 42%, Cls [42.55;43.09| and [41.77;41.99]), white (52 vs 47%, Cls [51.96;52.49] and
[46.89;47.11]), and obese (13 vs 12%, CIs [12.81;13.18] and [11.92;12.07]). Non-informed
patients were about 3 years older than informed patients, on average. Socioeconomic char-
acteristics were also associated with the provision of information: patients receiving in-
formation were more likely to be on private insurance (18 vs 10%, Cls [18.00;18.17] and
[9.97;10.30]), and being employed full time (12 vs 5%, CIs [11.99;12.14] and [5.29;5.54]).

Etiology and medical management of ESRD were also associated with whether patients
would be informed: informed patients were more likely to have hypertensive nephropathy
as the cause of ESRD, more likely to have pre-dialysis access to nephrology care, and
more likely to receive dialysis at chain-owned centers. Finally, patients who were informed
were less likely to live in the West, to have alcohol dependence, substance dependence,
and limited functional status (West region 20 vs 22%, Cls [20.05;20.22] and [21.90;22.35];
inability to ambulate 5 vs 12%, CIs [5.10;5.20] and [11.68;12.03]; inability to transfer 3 vs
7%, Cls [2.48;2.55] and [6.90;7.17|; needing assistance 10 vs 18%, CIs and [9.85;9.98] and
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18.09;18.51)).
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Table 4.1: Medical and sociodemographic characteristics by transplant education

Informed (%) Not informed (%)

All patients 85.48 14.52
[85.41;85.55]
Gender Female 41.88 42.82
[41.77;41.99] [42.55;43.09]
Male 58.12 57.18
[58.01;58.23] [56.91;57.45]
BMI <40 88.01 87.01
|87.93;88.08] |86.82;87.19]
> 40 11.99 12.99
[11.92;12.07] [12.81;13.18]
Race Asian 3.78 3.11
[3.74;3.83] [3.02;3.20]
Black 30.23 28.17
[30.12;30.33] [27.93;28.42|
Hispanic 16.63 13.97
|16.55;16.72] |13.78;14.16]
Other 2.36 2.52
[2.33;2.39] [2.44;2.61]
White 47.00 52.22
[46.89;47.11] [51.96;52.49]
Insurance Private 18.09 10.13
[18.00;18.17] [9.97;10.30]
Medicare 16.65 18.12
|16.57;16.73] |17.91;18.32]
Other 65.26 71.75
[65.16;65.37] [71.51;71.99]
Employment status Employed full time 12.06 5.42
[11.99;12.14] [5.29;5.54]
Homemaker or unemp. 29.71 28.88
[29.61;29.82| [28.63;29.12|
Other 58.22 65.71
|58.11;58.33] |65.45;65.96]
Region MW 20.03 21.02
[19.94;20.11] [20.80;21.24]
NE 15.74 16.48
[15.66;15.82| [16.28;16.68|
S 44.10 40.38
[43.99;44.21] [40.12;40.65]
W 20.13 22.12
120.05;20.22] 121.90;22.35]
ESRD case Diabetes 51.25 50.54
[51.13;51.36] [50.27;50.82]
Hypertension 26.79 25.15
|26.69;26.89] [24.91;25.39]
Other 21.97 24.31
[21.87;22.06] [24.07;24.54]
Nephrology care pre ESRD No 29.12 39.48
129.02;29.23] 139.19;39.76]
Yes 70.88 60.52
|70.77;70.98] [60.24;60.81]
Facility ownership Chain 82.75 78.36
[82.67;82.84] |78.13;78.60]
Independent 17.25 21.64
[17.16;17.33] [21.40;21.87|
Alcohol dependence No 98.18 97.20
198.15;98.20] 197.11;97.29]
Yes 1.82 2.80
[1.80;1.85] [2.71;2.89]
Drug dependence No 98.47 97.76
198.44;98.50] [97.67;97.84]
Yes 1.53 2.24
|1.50;1.56] [2.16;2.33]
Inability to ambulate No 94.85 88.15
194.80;94.90] |87.98;88.32]
Yes 5.15 11.85
[5.10;5.20] [11.68;12.03]
Inability to transfer No 97.49 92.97
[97.45;97.52| 192.83;93.10]
Yes 2.51 7.03
|2.48;2.55| [6.90;7.17]
Needing assistance in ADLs No 90.09 81.70
190.02;90.15] |81.49;81.91]
Yes 9.91 18.30
19.85;9.98] [18.09;18.51]
Patients per registered nurse 17.05 16.36
[17.03;17.07] [16.31;16.40]
Patients per technician 12.68 12.26
[12.65;12.70] [12.22;12.31]
Patients per social worker 76.74 73.44
76.66;76.82| 73.25;73.63|
Age 57.46 60.86

[57.43;57.48] [60.80;60.92]
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4.4.2 Predictors of not being informed about transplant

Overall, the most common reasons for not providing information about transplant were “not

assessed” (52%), followed by “medically unfit” (27%) (see Figure 4.2).
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Figure 4.2: Frequency of reasons for not being informed

Table 4.2 provides estimates of logistic regressions in which we control for several pa-
tient characteristics (a complete list can be found in Appendix C.1). Characteristics that
were strongly associated with being unassessed were race and chain ownership: Ameri-
can Indian, Black, and Hispanic (ORs 1.60 [1.02;1.32], 1.18 [1.14;1.22], 1.30 [1.24;1.37],
respectively) patients and those undergoing dialysis at a chain facility (OR 1.45 [1.40;1.50])
were more likely to be uninformed for an unspecified reason (i.e., “not assessed”). Differ-
ences also appeared across geographic location, as patients in the South and West were
more likely to be unassessed. Not receiving information about transplantation for being
medically unfit was associated with BMI >40, having Medicare as insurance, alcohol depen-
dence, impossibility to ambulate and to transfer, requiring help in activities of daily living,
and being located in the Northeast (ORs 1.31[1.25;1.36], 1.16 [1.08;1.24], 1.48 [1.35;1.62],
1.91 [1.79;2.03], 1.55 [1.43;1.67], 1.74 [1.67;1.82] and 1.31 [1.25;1.37], respectively). Being

considered psychologically unfit was associated with Black race, being unemployed, drug
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dependence, needing assistance, and being unable to transfer (ORs 1.11 [1.02;1.21], 2.54
[1.81;3.57], 2.29 [1.94;2.71], 2.90 [2.65;3.18|, and 1.18 [1.01;1.38]). Being excluded from
information due to advanced age was associated with being older, having Medicare, and
being retired (ORs 1.31 [1.30;1.32|, 1.40 |1.13;1.75] and 1.52 [1.16;1.99]), as expected, but
also with Asian and Hispanic race (ORs 1.38 [1.19;1.60] and 1.60 [1.47;1.75]). Patients who
declined to receive information were more likely to be white or American Indian, older than

70, retired, and to need assistance with activities of daily living.
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Table 4.2: Predictors of reasons for patients not being informed

1) (2) ®3) 4@ (5) (6) (7)
Not informed Medically unfit Declined Unsuitable due to age Unassessed Physically unfit Other
Alcohol dependence 1.121 1.478 1.269 0.938 0.785 1.694 0.721
[1.069,1.176]  [1.348,1.620]  [0.907,1.775] 0.716,1.227] [0.718,0.859]  [1.428,2.011]  [0.611,0.851]
Drug dependence 1.313 1.222 1.157 0.853 0.693 2.288 1.235
[1.245,1.385| [1.096,1.363] 10.749,1.787] [0.503,1.447] 10.626,0.766] [1.935,2.706]  [1.059,1.439]
Inability to ambulate 1.341 1.906 1.147 0.960 0.632 0.857 0.862
[1.2061.387]  [1.794,2.026]  [0.933,1.410] [0.858,1.075] [0.594,0.672]  [0.747,0984]  [0.760,0.976]
Inability to transfer 1.348 1.546 0.728 1.005 0.673 1.182 0.890
[1.2021.406]  [1.432,1.669]  [0.560,0.946] [0.878,1.152] [0.621,0.720]  [1.013,1.378]  [0.758,1.045]
Needs assistance 1.282 1.740 1.446 1.023 0.615 2.904 0.806
[12521.313]  [1.666,1.818]  [1.247,1.677] 0.946,1.106] [0.589,0.642]  [2.648,3.184]  [0.739,0.878]
Age at incidence 1.019 1.025 1.028 1.305 0.967 0.989 0.987
[1.0191.020]  [1.023,1.027]  [1.021,1.036] [1.295,1.315] [0.966,0.969]  [0.985,0.993]  [0.984,0.989]
Male 0.972 1.005 0.862 0.842 1.028 1.045 1.091
[0.958,0.987| [0.975,1.037] [0.772,0.962] [0.797,0.889] 10.999,1.057] [0.968,1.129]  [1.036,1.149]
BMI over 40 1.101 1.305 0.840 0.767 0.922 0.502 0.987
[1.077.1.125]  [1.249,1.364]  [0.709,0.995] [0.697,0.846] [0.885,0.961]  [0.438,0577]  [0.9151.064]
Diabetes 1.511 1.672 1.051 1.026 0.707 0.655 1.204
[1.4121.616]  [1.397,2.001]  [0.603,1.831] [0.755,1.393] [0.611,0.819]  [0.465,0.923]  [0.933,1.554]
Glomerulonephritis 1.528 1.854 0.720 0.942 0.595 0.629 1.339
[1.4231.642]  [1.536,2.237]  [0.393,1.318] 0.679,1.306] [0.509,0.694]  [0.434,0.912]  [1.025,1.749]
Hypertension 1.466 1.443 0.974 1.030 0.736 0.825 1.228
[1.369,1.569]  [1.203,1.730]  [0.556,1.706] [0.757,1.401] [0.635,0.854]  [0.584,1.165]  [0.949,1.589]
Other cause 2.294 3.574 0.815 0.681 0.349 0.548 1.468
[2.140,2.458] [2.979,4.289] [0.461,1.441] [0.498,0.933| 10.300,0.405] [0.385,0.780]  [1.132,1.903]
Other urologic 1.814 2.614 0.811 0.984 0.464 1.139 1.325
[1.6601.982]  [2.117,3.227]  [0.398,1.655] [0.679,1.425] [0.387,0.557]  [0.753,1.721]  [0.962,1.825]
Cath 1.347 1.297 0.943 0.894 0.890 0.828 1.020
[1.3171.377]  [1.235,1.363]  [0.799,1.113] 0.828,0.965] [0.852,0.929]  [0.732,0.936]  [0.940,1.107]
Graft 1.208 1.336 0.679 0.945 0.809 1.154 1.011
[1153,1.266]  [1.210,1.475]  [0.454,1.015] 0.807,1.107] [0.738,0.885]  [0.923,1.442]  [0.849,1.204]
Other 1.452 1.041 0.963 0.622 0.929 0.404 1.453
[1.2431.696]  [0.744,1.457]  [0.304,3.047] 0.337,1.147] [0.689,1.254]  [0.127,1.286]  [0.915,2.308]
Nephrologist care 0.752 0.989 0.878 1.085 1.035 0.759 0.869
[0.741,0.764| [0.957,1.022] [0.782,0.987] [1.022,1.152] [1.004,1.067] [0.700,0.823]  [0.823,0.917]
American Indian/Alaskan 0.923 0.829 1.428 0.999 1.159 0.753 1.053
[0.864,0.986]  [0.721,0.053]  [0.933,2.185] [0.737,1.352] [1.019.1.317]  [0.508,1.116]  [0.848,1.308]
Asian 0.830 0.718 0.865 1.380 1.060 0.974 1.354
[0.796,0.866]  [0.653,0.789]  [0.618,1.212] [1.191,1.600] [0.976,1.152]  [0.778,1.221]  [1.189,1.541]
Black 0.895 0.794 0.845 1.179 1.182 1.110 0.915
[0.880,0.911]  [0.765,0.824]  [0.736,0.970] [1.101,1.261] [1.142,1.224]  [1.017,1.213]  [0.858,0.976]
Hispanic 0.772 0.558 0.981 1.601 1.303 0.708 1.270
[0.754,0.790]  [0.529,0.589]  [0.821,1.173] [1.466,1.747] [1.244,1.365]  [0.619,0.809]  [1.178,1.370]
Other 1.181 1.029 1.000 1.310 1.401 0.685 0.402
[0.965,1.444| [0.680,1.557] [1.000,1.000] [0.621,2.765] 10.942,2.085] [0.212,2.220]  [0.148,1.094]
Pacific Islander 1.014 1117 0.457 1.222 0.794 1.541 1.138
[0.9431.090]  [0.961,1.299]  [0.203,1.030] 0.880,1.699] [0.691,0.011]  [1.104,2150]  [0.911,1.422]
Medicaid 1.226 1.154 1.056 1.335 0.777 2.723 1.028
[1.187.1.266]  [1.073,1.242]  [0.808,1.381] [1.024,1.741] [0.728,0.820]  [2.176,3.407]  [0.923,1.144]
Medicare 1.135 1.156 0.895 1.404 0.764 1.812 1.007
[1.100,1.170]  [1.080,1.238]  [0.697,1.148] [1.126,1.751] [0.718,0.813]  [1.442.2.278]  [0.903,1.121]
Medicare&Medicaid 1.396 1.267 0.769 1.437 0.702 3.766 0.903
[1.352,1.442]  [1.182,1.350]  [0.593,0.996] [1.149,1.796] [0.659,0.748]  [3.023.4.690]  [0.807,1.010]
Medicare&Other 1.280 1.194 0.900 1.345 0.767 1.040 0.954
[1.236,1.325]  [1.110,1.286]  [0.691,1.173] [1.076,1.681] [0.716,0.821]  [0.801,1.351]  [0.843,1.080]
Other 1.189 1.036 1.018 1.564 0.853 1.339 1.108
[1.156,1222]  [0.973,1.104]  [0.809,1.281] [1.258,1.945] [0.806,0.903]  [1.074,1.670]  [1.009,1.216]
Applying for Medicare 0.963 1.052 0.887 0.932 1.062 0.902 0.852
[0.947.0.979]  [1.017,1.088]  [0.789,0.997] 0.882,0.985] [1.029,1.006]  [0.829,0.982]  [0.805,0.901]
Emp pt-time 1.031 1.241 1.222 1.384 0.779 1.017 1.258
[0.968,1.098]  [1.061,1.451]  [0.710,2.105] 0.946,2.024] [0.682,0.889]  [0.555,1.866]  [1.040,1.522]
Med LOA 1.218 1.716 1.260 1.092 0.686 0.844 1.003
[1.157,1.283]  [1517,1.941]  [0.797,1.990] 0.682,1.750] [0.615,0.764]  [0.486,1.467]  [0.851,1.182]
Other 1.079 1.355 1.388 2.125 0.802 0.511 0.593
[0.900,1.293]  [0.814,2.254]  [0.188,10.246] 0.351,12.861] [0.518,1.242]  [0.069,3.784]  [0.316,1.116]
Homemaker or Unemployed 1.396 1.505 1.057 1.124 0.706 2.542 1113
[1.3471.447]  [1.373,1.651]  [0.756,1.478] 0.849,1.489] [0.654,0.763]  [1.809,3571]  [0.9911.249]
Retired 1.429 2.008 1.280 1.515 0.614 2.361 0.780
[1.380,1.480]  [1.836,2.197]  [0.925,1.770] [1.155,1.986] [0.569,0.662]  [1.681,3.315]  [0.695,0.877]
Chain status 0.778 0.643 1.065 0.897 1.446 0.821 1.041
[0.764,0.792]  [0.621,0.667]  [0.931,1.217] 0.840,0.958] [1.396,1.496]  [0.752,0.896]  [0.978,1.109]
NE 0.951 1.306 0.837 0.485 0.877 1.357 0.886
[0.928,0.974]  [1.246,1.369]  [0.709,0.987] [0.443,0.531] [0.838,0.918]  [1.214,1517]  [0.812,0.967]
S 0.954 0.797 0.746 0.901 1.249 0.818 1.001
[0.935,0.973]  [0.766,0.830]  [0.649,0.858] 0.842,0.966] [1.203,1.298]  [0.738,0.907]  [0.933,1.073]
W 1.168 0.801 0.758 0.669 1.306 0.822 1.129
[1.1411.196]  [0.764,0.841]  [0.641,0.897] 0.614,0.728] [1.249.1.366]  [0.7250.931]  [1.043,1.221]
Constant 0.026 0.029 0.004 0.000 19.463 0.029 0.174
[0.024,0.028]  [0.023,0.037]  [0.002,0.008] 0.000,0.000] [16.060,23.574]  [0.017,0.049]  [0.127,0.239]
Observations 611211 91193 91074 91193 91193 91193 91193
chi 2 19851.5 13171.2 271.2 13634.0 11296.2 2415.9 1076.7
chi 2 type LR LR LR LR LR LR LR

Exponentiated coefficients
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4.4.3 Association between receiving information about trans-
plant and time to waitlist and kidney transplantation

The goal of estimating Cox proportional-hazards models was to evaluate whether patients
who receive transplant information get added to the waitlist or transplanted at a faster rate
than non-informed patients while controlling for other relevant characteristics. Informed
patients had a shorter time between ESRD onset and addition to the kidney transplant
waitlist (hazard ratio 1.62 [1.58;1.65], see Table 4.3). This can be seen graphically in Figure
4.3, which depicts adjusted survival curves based on regression estimates and the average
covariate values in the study group. For example, the probability of not being added to
the waitlist from the time the medical form is signed to year 2 is 84% for someone who is
informed and 90% for someone who is not informed, holding other characteristics at their

mean values.
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Figure 4.3: Probability of not being added to the waitlist by transplant information

To verify the proportional hazard assumption, we ran a statistical test on scaled Schoen-
feld residuals (Grambsch and Therneau, 1994); the test suggested that we should reject the
assumption of proportionality. A visual investigation of the Schoenfeld residuals shows that

the cloud of residuals is negatively sloped at early time points (see Figure 4.4), or that the
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model underpredicts the marginal effect of transplant information at early time points. This

implies that transplant information is especially important soon after it is received.
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Figure 4.4: Testing PH assumption for the variable “Patient Informed”

Male, white, Hispanic, and Asian patients waited shorter times to be added to the wait-
list relative to Black patients. Unemployed, retired, and homemakers waited longer to be
added to the waitlist. The time from addition to the waitlist to transplant was shorter
for patients who received transplant information (see Table 4.3), male patients, patients
with alcohol dependence, and patients with glomerulonephritis. Again, the proportional-
ity assumption is rejected for the variable “Patient informed” after conducting a test on
Schoenfeld residuals, implying that the relative importance of the variable changes over
time. Minority patients had significantly longer times on the waitlist prior to transplant
(Black 38%, Asian 33%, Hispanic 34%, Pacific Islanders 36% reductions in the hazard of
receiving a transplant relative to white). Homemakers, unemployed, and retired patients
had longer times from listing to transplantation. Similarly, patients on Medicare and/or

Medicaid had longer times on the waitlist.
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Table 4.3: Cox proportional-hazards estimates of time to waitlist and transplant

O ®)
Time to waitlist Time to transplant
Patient informed 1.617 1.032
[1.582,1.652] [0.999,1.067]
Alcohol dependence 0.719 1.131
10.678,0.763| [1.034,1.238]
Drug dependence 0.361 0.892
[0.335,0.389] [0.795,1.002]
Inability to ambulate 0.447 0.811
[0.416,0.479] [0.715,0.919]
Inability to transfer 0.678 1.170
0.603,0.763] [0.958,1.429]
Needs assistance 0.603 0.894
[0.582,0.625] [0.842,0.949]
Age at incidence 0.965 0.984
10.965,0.966] 10.983,0.985]
Male 1.138 1.024
[1.124,1.152] [1.005,1.043]
BMI over 40 0.428 0.782
[0.418,0.438] [0.754,0.811]
Diabetes 0.455 0.787
[0.443,0.468| [0.759,0.816]
Glomerulonephritis 0.664 1.050
[0.644,0.684] [1.011,1.091]
Hypertension 0.495 0.891
10.481,0.509] 10.858,0.925]
Other cause 0.415 1.070
[0.401,0.430] [1.024,1.118]
Other urologic 0.454 0.888
[0.427,0.483] [0.819,0.963]
Cath 0.652 1.118
[0.642,0.661] [1.094,1.142]
Graft 0.805 1.038
[0.776,0.835] [0.983,1.095]
Other 0.750 1.241
0.667,0.842] [1.062,1.451]
Nephrologist care 1.499 1.041
[1.477,1.521] [1.019,1.064]
American Indian/Alaskan 0.794 0.659
[0.748,0.842] [0.600,0.724]
Asian 1.476 0.672
[1.436,1.517| [0.645,0.700]
Black 0.943 0.616
[0.929,0.957] [0.603,0.630]
Hispanic 1.207 0.662
[1.186,1.229] 0.644,0.680]
Other 1.033 0.616
[0.897,1.189] [0.501,0.758]
Pacific Tslander 0.943 0.639
[0.888,1.002] [0.580,0.704]
Medicaid 0.519 0.746
[0.508,0.531] [0.722,0.771]
Medicare 0.534 0.806
[0.521,0.548] [0.775,0.838]
Medicare&Medicaid 0.467 0.722
0.454,0.480] [0.691,0.754]
Medicare&Other 0.727 0.915
[0.706,0.749] [0.875,0.956]
Other 0.700 0.868
[0.688,0.713] [0.847,0.888]
Applying for Medicare 1.032 1.038
[1.017,1.047] [1.016,1.061]
Emp pt-time 0.961 0.993
[0.932,0.992] [0.952,1.036]
Med LOA 0.838 0.888
0.816,0.859] 0.857,0.920]
Other 0.743 1.040
[0.695,0.794] [0.959,1.128]
Homemaker or Unemployed 0.639 0.851
10.626,0.652| 10.828,0.875]
Retired 0.636 0.877
[0.623,0.649] [0.853,0.902]
Chain status 0.973 0.948
[0.959,0.988] [0.928,0.969]
NE 1.340 0.794
[1.315,1.366] [0.773,0.816]
S 0.866 0.886
[0.851,0.881] [0.865,0.908]
W 1.007 0.753
10.987,1.027| 10.732,0.775]
Observations 478746 109048

Exponentiated coefficients
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4.4.4 Dialysis Center characteristics and access to informa-
tion, waitlist, and transplantation

Dialysis center ownership was a significant contributor to delivery of information to patients.
A dialysis center is defined as chain dialysis center if it is owned by one of the two largest
for-profit dialysis chains (DaVita and Fresenius), or by smaller for-profit chains. Informed
patients were more likely to receive ESRD care at a chain dialysis center than non-informed
patients (83% vs 78% Cls [82.67;82.84] vs |78.13;78.60|, see Table 4.1). Characteristics of
the center itself were not associated significantly with whether patients would be informed,
as a higher per-patient ratio of nurses, technicians, and social workers did not correspond
to a higher number of patients informed. The effect of chain ownership also translated into
a lower number of patients waitlisted and transplanted in patients undergoing dialysis at
a private facility (patients at a chain center were 3% less likely to get listed and 5% less
likely to get transplanted (see Table 4.3). These results were further corroborated by logit
models estimated on the subset of independent facilities (see Table 4.4). In these models,
the dummy variable “Acquired” takes value 1 after an independent facility is acquired by
a chain. The odds ratios associated with this variable suggest that the average incident
patient is more likely to be informed after acquisition, but also less likely to be added to the
waitlist. The coefficients do not change substantially after adding facility and/or time fixed

effects to the models, suggesting robustness of these results across different specifications.
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Table 4.4: Logit model estimates conditional on independent facilities

m @
Not informed Added to waitlist
Acquired 0.322 0.711
[0.257,0.404] [0.588,0.861]
Alcohol dependence 1.020 0.756
[0.929,1.120] 10.673,0.851]
Drug dependence 1.645 0.270
[1.492,1.814] [0.232,0.314]
Inability to ambulate 1.481 0.409
[1.386,1.583]  [0.357,0.468]
Inability to transfer 1.339 0.508
[1.235,1.452]  [0.409,0.632]
Needs assistance 1.263 0.543
[1.206,1.323]  [0.507,0.582]
Age at incidence 1.018 0.948
[1.017,1.020] 10.946,0.949]
Male 0.980 1177
[0.950,1.010] [1.141,1.215]
BMI over 40 1.085 0.372
[1.037,1.134]  [0.352,0.393]
Cystic kidney 1.000 1.000
[1.000,1.000]  [1.000,1.000]
Diabetes 1.655 0.292
[1.4351.907]  [0.268,0.318]
Glomerulonephritis 1.774 0.555
[1.528,2.061] [0.505,0.610]
Hypertension 1.564 0.346
[1.354,1.807] [0.317,0.378]
Other cause 2.845 0.248
[2.460,3.289]  [0.225,0.273]
Other urologic 2.117 0.274
[1.769.2.534]  [0.235,0.319]
Cath 1.381 0.523
[1.317,1.447]  [0.503,0.543]
Graft 1.206 0.742
[1.087,1.339]  [0.675,0.815]
Other 1.358 0.588
10.427,0.809]
Nephrologist care 1.627
[0.727,0.776] [1.570,1.687]
American Indian/Alaskan 0.964 0.736
[0.859,1.081]  [0.646,0.838]
Asian 0.686 2.110
[0.631,0.746]  [1.967,2.263]
Black 0.853 1.048
0.822,0.885]  [1.009,1.088]
Hispanic 0.681 1.495
[0.649,0.716] [1.428,1.564]
Other 0.841 1.531
[0.555,1.274] [1.056,2.219]
Pacific Islander 0.956 1.107
[0.817,1.119] [0.947,1.204]
Medicaid 1.202 0.427
[1122,1.287]  [0.404,0.452]
Medicare 1.238 0.455
[1.158,1.324]  [0.427,0.484]
Medicare&Medicaid 1.423 0.380
[1.331,1.523] [0.356,0.406]
Medicare&Other 1.240 0.664
[1.155,1.330] 10.622,0.710]
Other 1.337 0.651
[1.261,1.418]  [0.622,0.681]
Applying for Medicare 0.927 1.050
[0.894,0.960]  [1.011,1.091]
Emp full-time 1.000 1.000
[1.000,1.000]  [1.000,1.000]
Emp pt-time 1114 0.876
[0.984,1.262]  [0.804,0.955]
Med LOA 1.376 0.761
[1.238,1.529] [0.706,0.819]
Other 1.073 0.863
[0.745,1.545] [0.677,1.100]
Homemaker or Unemployed 1.496 0.512
[1.388,1.613]  [0.485,0.540]
Retired 1.554 0.500
[1.444,1.672]  [0.474,0.527]
Chain status 1771 1.031
[1.407.2.230]  [0.850,1.251]
NE 0.962 1.364
[0.922,1.004] [1.307,1.422]
S 0.797 0.783
[0.765,0.831] 10.750,0.816]
w 1.379 0.924
[1.317,1.444] [0.880,0.970]
Constant 0.023 59.517
[0.019,0.028]  [51.989,68.135]
Observations 133888 133891
chi 2 7202.1 28885.0
chi 2 type LR LR

Exponentiated coefficients
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4.5 Discussion

In our retrospective analysis of 944,015 patients who initiated dialysis between 2008 and
2019, we found that 14.52% did not receive information about kidney transplantation at
the time of dialysis initiation. Of these, 52% were not assessed for an unknown reason, and
27% were deemed medically unfit by the nephrologist managing dialysis. Irrespective of re-
ceiving information about transplant options, racial and ethnic minorities, unemployed, and
publicly insured patients had longer wait times to transplant. Patients who were informed
about kidney transplantation were more likely to be added to the transplant waitlist (HR
1.62). Our findings demonstrate an improvement in the provision of transplant education
since the work by Kucirka, who reported 69.9% patients were informed between 2005-2007
(Kucirka et al., 2012). Our results parallel the findings of Ku and colleagues, who recently
reported that among ESRD patients, non-Hispanic Black and Hispanic patients had fewer
medical contraindications to transplantation but were relatively less likely to receive a kid-

ney transplant than non-Hispanic White patients (Ku et al., 2020).

Policy initiatives implemented during the study period may account for the improve-
ment in access to information about kidney transplant at dialysis initiation. It is possible
that increased insurance coverage following the implementation of the Affordable Care Act
in 2010 may have decreased barriers related to insurance status. Despite this, we found that
patients with Medicare and/or Medicaid were less likely to be informed about transplan-
tation, and patients with private insurance were more likely to receive information about
kidney transplant and access to the waitlist and transplantation (while controlling for sev-
eral socioeconomic characteristics) (Johansen et al., 2012; Keith et al., 2008; Patzer et al.,
2012). Older and female patients as well as racial and ethnic minorities spent a longer time
on the waitlist, demonstrating that for some minorities the barriers to transplantation are

complex and not entirely overcome by gaining access to the waitlist (Vranic et al., 2014).

It is important to note how the persistent disparities in access to information mostly
result from providers’ choices, as only a small percentage of patients (less than 2% in all

groups) declined information about kidney transplantation. Although some groups were
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more likely to decline information (female, white, retired), their overall percentage remained
small, indicating that a lack of information does not reflect an intentional decision by pa-
tients, but rather stems from providers’ assessments of perceived barriers to transplantation.
Still, gender, age, employment status, type of insurance, type of dialysis center, and pre-
dialysis nephrology care were all associated with the receipt of information about kidney
transplant, as indicated on the 2728 form. The fact that most patients were excluded from
receiving information for a “not assessed” reason suggests that the decision not to inform
patients may have been taken after a superficial “gestalt” evaluation. Even when a reason
for exclusion was specified, it did not necessarily stem from an accurate evaluation of the
patient. For example, of patients who were unable to ambulate, only 30.1% were not in-
formed because they were deemed medically unfit. These findings suggest that there may
be significant provider-driven bias when assessing eligibility for transplantation. Another
explanation for the high rate of non-assessment is lack of time, and prior studies have found
that nephrologists treating predominantly Black, elderly, and Medicaid-insured patients re-
port insufficient time as the primary barrier to transplant education (Balhara et al., 2012).
To ensure fairness in the referral process and to decrease provider bias, some authors have
proposed an opt-out referral model as a solution, although this is a subject of debate (Huml

et al., 2021).

We also found that dialysis center ownership was associated with provision of information
about transplantation to ESRD patients. Patients undergoing dialysis at chain facilities were
more likely to receive information compared to patients treated at independent facilities, but
this did not lead to higher rates of waitlisting and transplantation. Moreover, independent
facilities acquired by chain facilities change their practices considerably, as patients become
more likely to be informed but less likely to be added to the waitlist after acquisition. Our
finding suggests that, rather than differences in patient populations, for-profit units provide
a lower quality of transplant education, as our analysis controls for several medical and
socioeconomic patient characteristics. This result, that chains are more likely to inform

patients of transplant options but less likely to place patients on the waitlist, is consistent
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with prior work that found chain ownership comes with firm-wide standards (e.g., operation
manuals that dictate treatment protocols) but also causes waitlist and transplant rates to
fall; for-profit chains’ explicit mandate to maximize profits may lead them to sacrifice patient
outcomes in favor of higher reimbursements (Eliason et al., 2020a). Of note, patients who
received information were treated in facilities with a slightly lower number of nurses and
social workers when compared to patients who did not receive information, as well as higher
patient-to-nurse and patient-to-technician ratios. These results are in contrast to a recent
publication indicating that a lower patient-to-staff ratio is more likely to be associated with

transplant education (Koch-Weser et al., 2021).

Our study has several additional policy implications. With very limited exceptions,
all patients with ESRD should receive access to information about kidney transplantation.
Ideally, this would occur well before initiation of dialysis, as pre-emptive transplant is the
most ideal renal replacement therapy offered. The purpose of the expanded reimbursement
for transplant education and the accompanying change to the CMS-2728 form was to ensure
patients are educated about their options for managing ESRD. These options include trans-
plantation, and provision of education about transplant as an option does not require—and
we argue should not include—an assessment of whether the patient is a suitable candidate
for transplantation, as initiation of renal replacement therapy is not the appropriate setting
for a specialized screening. This is especially important considering a recent study show-
ing that dialysis providers themselves had limited knowledge of barriers to transplantation
(Waterman et al., 2015b). Ideally, information about transplant as a treatment option for
ESRD would be provided well before initiation of dialysis. It is likely, then, that the 2728
falls short of its intended purpose—to ensure timely receipt of information about transplant
for patients. One key component of the Advancing American Kidney Health Initiative is
the performance payment adjustment, a positive or negative payment adjustment based on
home dialysis rate and transplant rate. The Center for Medicare & Medicaid Innovation
additionally will provide financial incentives for improved rates of home dialysis and kidney

transplant and expand the use of the kidney disease education benefit to CKD stage 5.
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These initiatives lend weight to the previously established idea that progression of kidney
disease occurs over time and that education about options for renal replacement therapy,
including transplantation, should happen at an earlier stage in the disease process. Al-
though our research focused on Form 2728 as a way to quantify delivery of information
about transplantation and the disparities associated with it, the time point associated with
it (45 days after initiation of dialysis) is probably not the most appropriate. Information
about transplantation should ideally happen at an earlier time point, although this would
require a shift from the current policy system, where Form 2728 is the latest checkpoint at
which all patients should be informed about transplantation. Moreover, our analysis sheds
light on differences in attitudes towards transplant information between chain and indepen-
dent facilities. In fact, policy actions should account for facility ownership differences and
ensure that chain protocols do not impede higher information rates to translate into higher

waitlist and transplantation rates.

Some limitations apply to our study. This was an observational analysis based on the
CMS-2728 Form as part of the USRDS and is therefore subject to the limitations of large
registry data reporting. Moreover, there may be inaccuracies in the way in which certain
variables on the CMS-2728 Form are coded (Bowling et al., 2015). We limited our focus
to documenting which patients received information about kidney transplantation—and
did not study directly which patients received access to kidney transplant—based on the
assumption that every patient with ESRD should be informed, and that the evaluation and
candidacy determination should be managed by transplant centers. In addition, the concept
of receiving education about kidney transplantation is vague, and there may be differences
in what information is provided to patients, as well as what information is actually retained
by them. In fact, a recent study found that a significant proportion of patients informed
about kidney transplant by their physicians did not recall receiving the information (Salter
et al., 2014). Moreover, we did not assess disparities in pre-emptive listing, and it is also
likely that patients may receive information about transplantation from sources other than

CMS-2728.
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4.6 Conclusion

All patients starting dialysis should be informed of kidney transplant as a renal replace-
ment therapy option, as required by the Centers for Medicare and Medicaid Services Form
CMS-2728. Prior research has shown disparities in provision of this information. In this
study, we aimed to identify sociodemographic risk factors and dialysis facility characteristics
associated with not receiving transplant information at the time of dialysis initiation. We
additionally sought to determine the association of receiving transplant information with

waitlist and transplant outcomes.

We found that eighteen percent of patients did not receive information about transplan-
tation. Non-informed patients were more likely to be older, female, white, and on Medicare.
Patients informed about transplant had a shorter time between end-stage renal disease onset
and addition to the waitlist; they also spent a shorter time on the waitlist before receiving a
transplant. Patients at chain facilities were more likely to receive information, but this did
not translate into higher waitlist or transplantation rates. Patients at independent facilities
acquired by chains were more likely to be informed but less likely to be added to the waitlist
post acquisition.

These results suggest that disparities continue to persist in providing information about
transplantation at initiation of dialysis. Patients who are not informed have reduced access
to the transplant waitlist and transplantation. Maximizing the number of patients informed
could increase the number of patients referred to transplant centers, and ultimately trans-
planted. However, policy actions should account for differences in protocols stemming from

facility ownership.
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Chapter 5

Conclusions

This dissertation focuses on the impact of various reimbursement structures and chain own-

ership in the context of U.S. health care.

Chapter 2 shows that moral hazard is a serious issue in the Medicare part D reimburse-
ment mechanism. Medicare part D plans, which benefit from a generous federal subsidy for
prescriptions filled with expensive biological drugs, are more likely to maintain coverage of
a reference biological drug when a cheaper alternative becomes available. They are also less
likely to cover the cheaper alternative relative to commercial plans. Back-of-the- envelope
calculations suggest that the federal government and Medicare part D patients could realize
substantial savings from coverage choices more aligned with commercial plans. This anal-
ysis calls into question the sustainability of the current Medicare part D standard benefit.
The rationale for the provision of a generous federal subsidy in the catastrophic phase of
coverage was to maintain premiums low and accessibility to expensive drugs for patients,
but the program has witnessed a doubling of spending in the catastrophic phase of coverage
between 2013 and 201721. The analysis shows that preventing plan sponsors from bearing
most of the financial risk for their enrollees’ drug spending can lead to sub-optimal coverage
choices, for example by hindering the take-up of cheaper and equally effective options to
treat certain health conditions. Policymakers should find ways to make Medicare part D
plans more financially responsible for drug spending. One of the Medicare part D policy
changes implemented in 2018 did not achieve the desired goals. The Build Back Better Act,
recently signed into law, may have a stronger impact as it alters the cost-sharing structure

faced by plans more radically.

Chapter 3 shows that gaming of pay-for-perfomance arrangements is prevalent in the

context of dialysis. Patients who would trigger a reimbursement penalty are much more
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likely to switch facilities after the introduction of such arrangements. The switches appear
to be involuntary, as penalty-inducing patients move to worse facilities that are farther from
their homes. One reason the QIP leads to gaming by facilities is misaligned financial in-
centives. Facilities can ensure adequate Kt/V by increasing treatment times, for instance,
but this comes with the opportunity cost of treating fewer patients and receiving com-
mensurately lower prospective payments. In such cases, facilities find it optimal to simply
drop patients who would trigger QIP penalties rather than invest more effort to improve

outcomes.

Finally, Chapter 4 shows that chain ownership of dialysis facilities is associated with
higher rates of transplant information at dialysis initiation, but it is also associated with
lower rates of addition to the waitlist and surgery. The same result applies to independent
facilities acquired by chain facilities during the study period. While chain ownership may be
beneficial for patients through economics of scale and the application of firm-wide standards
(e.g., operation manuals that dictate treatment protocols), it may also lead to a drop in
quality of care associated with the chains’ explicit mandate to maximize profits. This may
induce chain facilities to impede patients from getting added to the waitlist and undergoing
transplant surgery. Therefore, policy actions should account for facility ownership differ-
ences and ensure that chain protocols do not impede higher information rates to translate

into higher waitlist and transplantation rates.
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Appendix A

Appendix for Chapter 2

A.1 Robustness checks

A.1.1 All biological drugs

In the following subsection, I expand the set of control drugs used in the analysis. More
specifically, the control group expands from including only the drugs Humira and Enbrel to
including all biological drugs for which a biosimilar has not been launched in the market to
date. The tables below report the estimates using the updated control group for equations
(2.1), (2.2) and (2.3). The estimated treatment effect for equation (2.1) is about half of
what was obtained in the previous section and not statistically significant, but still sizable in
magnitude. Instead, the treatment effect from equation (2.2) is much larger and statistically

significant.
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Table A.1: Equation (2.1) estimates - all control drugs

Frac. Covered Frac. Preferred Frac. Unrestricted

Commercial 0.289*** 0.328** 0.606***
(0.0455) (0.0502) (0.0441)
Biosim Available 0.181** 0.143 0.0673
(0.0571) (0.121) (0.116)
Commercial x Biosim Available -0.170** 0.0357 -0.0701
(0.0590) (0.119) (0.125)
Post Entry -0.0970** -0.00382 -0.0780*
(0.0347) (0.0228) (0.0320)
Commercial x Post Entry -0.0185 -0.196*** -0.366***
(0.0346) (0.0363) (0.0421)
Biosim Available x Post Entry 0.0115 -0.0709 -0.0578
(0.0658) (0.0490) (0.0541)
Commercial x Biosim Available x Post Entry -0.0979 -0.0851 -0.0253
(0.0742) (0.0731) (0.0973)
Constant 0.674*** 0.131%** 0.343**
(0.0457) (0.0325) (0.0439)
R-squared 0.221 0.185 0.394
N 4376 4376 4376

Standard errors (in parentheses) clustered at the drug level
* p<0.10, ** p < 0.05, ** p < 0.01

Table A.2: Equation (2.2) estimates - all control drugs

Frac. Covered Frac. Preferred Frac. Unrestricted

Entry -0.178"* -0.0952 -0.0885
(0.0628) (0.0560) (0.0533)
Constant 0.759*** 0.239*** 0.469**
(0.00109) (0.000972) (0.000926)
Drug x Period FE X X b
Drug x Segment FE X X X
Segment x Period FE X X X
R-squared 0.884 0.916 0.910
N 4376 4376 4376

Standard errors (in parentheses) clustered at the drug level
* p < 0.10, ** p < 0.05, *** p < 0.01
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Table A.3: Equation (2.3) - all control drugs

Frac. Covered Frac. Preferred Frac. Unrestricted

Commercial 0.229*** 0.102%** 0.258***
(0.0317) (0.0320) (0.0252)
Treated 0.0705 0.101 0.0123
(0.117) (0.131) (0.121)
Commercial x Treated -0.0577 0.0663 0.0862
(0.0818) (0.0986) (0.112)
Post Event -0.0455*** 0.00902 -0.00983
(0.0120) (0.00641) (0.00869)
Commercial x Post Event 0.0563*** 0.0536*** -0.0131
(0.0146) (0.00996) (0.0130)
Treated x Post Event 0.114** 0.0266 0.0415
(0.0502) (0.0405) (0.0462)
Commercial x Treated x Post Event -0.277*** -0.0989 -0.180*
(0.0791) (0.100) (0.0982)
Constant 0.612*** 0.121*** 0.270***
(0.0350) (0.0221) (0.0306)
R-squared 0.171 0.0710 0.136
N 7956 7956 7956

Standard errors (in parentheses) clustered at the drug level
* p<0.10, ** p < 0.05, ** p < 0.01

A.1.2 Excluding protected drug classes

One limitation of the analysis so far is that it disregards protected drug classes in Medicare
part D. At the start of the program, the Centers for Medicare and Medicaid Services (CMS)
identified six “categories and classes of clinical concern”, commonly known as the “six pro-
tected classes”. Then, it required Part D plans to cover “all or substantially all drugs” within
each of the classes. These six protected classes include: anticonvulsants, antidepressants,
antineoplastics, antipsychotics, antiretrovirals, and immunosuppressants'. In the previous
section, I demonstrated how this policy is not strictly enforced since a considerable num-
ber of Medicare patients do not have access to drugs that belong to the above-mentioned

categories. Nevertheless, I extend the analysis to remove treated and control drugs that

Thttps: //www.fightcancer.org/
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belong to these categories. In the estimation, this approach shrinks the number of drugs to
5 treated drugs and 35 control drugs. The tables below exhibit the results from estimating
equations (2.1), (2.2) and (2.3) with the updated treated and control groups. The estimated

coefficients of interest do not vary considerably from the previous subsection.

Table A.4: Equation (2.1) estimates - no protected drugs

Frac. Covered Frac. Preferred Frac. Unrestricted

Commercial 0.270*** 0.263** 0.562%**
(0.0639) (0.0757) (0.0673)
Biosim Available 0.141 0.183 0.0991
(0.0754) (0.182) (0.175)
Commercial x Biosim Available -0.134 0.00228 -0.117
(0.0795) (0.174) (0.184)
Post Entry -0.132* -0.0106 -0.0860
(0.0494) (0.0376) (0.0507)
Commercial x Post Entry 0.00540 -0.109* -0.269***
(0.0512) (0.0526) (0.0627)
Biosim Available x Post Entry -0.0124 -0.0682 -0.0481
(0.0926) (0.0667) (0.0798)
Commercial x Biosim Available x Post Entry -0.172 -0.0754 -0.0308
(0.102) (0.0869) (0.137)
Constant 0.685*** 0.183** 0.379**
(0.0661) (0.0553) (0.0699)
R-squared 0.222 0.128 0.350
N 2170 2170 2170

Standard errors (in parentheses) clustered at the drug level
* p < 0.10, ** p < 0.05, ** p < 0.01
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Table A.5: Equation (2.2) estimates - no protected drugs

Frac. Covered Trac. Preferred Frac. Unrestricted

Entry -0.210* -0.137 -0.123
(0.0970) (0.0892) (0.0707)
Constant 0.743*** 0.294** 0.519***
(0.00241) (0.00222) (0.00176)
Drug x Period FE X X be
Drug x Segment FE X X X
Segment x Period FE X X X
R-squared 0.871 0.912 0.896
N 2170 2170 2170

Standard errors (in parentheses) clustered at the drug level
* p < 0.10, ** p < 0.05, *** p < 0.01

Table A.6: Equation (2.3) estimates - no protected drugs

Frac. Covered Frac. Preferred Frac. Unrestricted

Commercial 0.260*** 0.115* 0.336***
(0.0483) (0.0448) (0.0331)
Treated 0.111 0.134 0.0804
(0.146) (0.190) (0.170)
Commercial x Treated -0.0195 0.120 0.0971
(0.102) (0.130) (0.133)
Post Event -0.0127 0.0202 0.0126
(0.0176) (0.0132) (0.0153)
Commercial x Post Event 0.00962 0.0436** -0.0480**
(0.0231) (0.0159) (0.0219)
Treated x Post Event 0.122* 0.0436 0.0480
(0.0666) (0.0579) (0.0669)
Commercial x Treated x Post Event -0.294*** -0.106 -0.181
(0.101) (0.151) (0.137)
Constant 0.568*** 0.156*** 0.283***
(0.0501) (0.0378) (0.0466)
R-squared 0.165 0.0707 0.181
N 2994 2994 2994

Standard errors (in parentheses) clustered at the drug level
*p<0.10, ** p < 0.05, ** p < 0.01
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Appendix B

Appendix for Chapter 3

B.1 Computing TPS scores

The following tables provide some insights on the QIP scoring mechanism for a hypothetical
facility. The first shows how the TPS score is computed from the QIP subscores, the second
one provides the TPS score thresholds which define payment reductions, while the last one

shows how a QIP subscore (Dialysis Adequacy) is computed starting from claims data.
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PROJECTED PAYMENT REDUCTION PERCENTAGE: NO REDUCTION

TOTAL PERFORMANCE SCORE
Facility Total Performance Score: 27 (out of 30)
PERFORMANCE MEASURE SCORES

Anemia Management
Percent of patients with hemoglobin less than 10 grams per deciliter (g/dL
Anemia Management

Percent of patients with hemoglobin greater than 12 g/dL
Dialysis Adequacy
Percent of patients with urea reduction ratio (URR) of a

Mote: The Total Performance Score is based on a weighted

Hemoglobin less than 10 g/dL represents 3 ighted score.
Hemoglobin greater than 12 g/dL represent g
URR of at least 65% represents 25% of the t

otal Performance
Score Reduction

26 to 30 No reduction «This facility
21to 25 0.5%
16 to 20 1.0%
111015 1.5%
0to 10 2.0%
No score calculated No reduction
7a | Numbes 49
7b | Total pati 50
98%
Perfc e Standard Determination
on rate for 2007 (from 7c) . 98%
in 2008 96%
dard applied 2008 national average
lesser (worse) of 7d or 7e | 96%
cility Rate Calculation for Performance Period (2010)
patients with URR of at least 65% . 34
umber of patients included in calculation | 35
7 Percent of patients with URR of at least 65% 97%
! Divide 7g by 7h and round °
Performance Measure Score Calculation
7)_| Facilty performance rate in 2010 (fom7) | 9%
7k | Performance standard (from7f) 96%
71| Does the facility meet or exceed the standard? Yes
7m | Difference between facility rate and performance standard Meets or exceeds
7n  Performance Measure Score 10
Compare 7m to Table 3

Figure B.1: Example of TPS score calculation
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B.2 Robustness checks with alternative definitions
of penalty inducing status

The following tables provide a set of robustness check using an alternative definition of

penalty inducing status.

Table B.1: Regression estimates - Probability of switching
Probability of switching Probability of switching at discharge
1) (2) (3) 4) (5) (6)
Desirability score  -0.000678" -0.000755"* -0.000714™* -0.000491** -0.000835"* -0.000783"**
(0.0000196)  (0.0000205)  (0.0000205)  (0.0000821)  (0.0000825)  (0.0000830)

Constant 0.0255*** 0.0260*** 0.0154** 0.0296*** 0.0309*** 0.00685
(0.00112) (0.00113) (0.00135) (0.00518) (0.00518) (0.00587)
Baseline QIP values Yes Yes Yes Yes Yes Yes
Patient Controls Yes Yes Yes Yes Yes Yes
Facility Controls Yes Yes Yes Yes Yes Yes
Month-Year FE No Yes Yes No Yes Yes
Facility FE No No Yes No No Yes
R-squared 0.00162 0.00179 0.00784 0.00307 0.00368 0.0220
Observations 12885608 12885608 12885548 935592 935592 935469
Mean Dep. Var. 0.00623 0.00623 0.00623 0.0115 0.0115 0.0115

Standard errors in parentheses
*p <0.05, ** p<0.01, ** p <0.001

Table B.2: Likelihood of switching - moving average of penalty inducing status

Probability of switching

(1) (2) 3) (4)
Ever Penalty inducing 0.00466***  0.00251***  0.00296***  0.00277***
(0.0000470)  (0.0000614) (0.0000662) (0.0000669)

Always penalty inducing ~ 0.00134**  0.00116***  0.00102***  0.000938***
(0.0000620)  (0.0000873)  (0.0000890)  (0.0000900)

Constant 0.00437*** 0.0187*** 0.0192*** 0.00876***
(0.0000382)  (0.00130) (0.00130) (0.00166)
Baseline QIP values No Yes Yes Yes
Patient Controls No Yes Yes Yes
Facility Controls No Yes Yes Yes
Month-Year FE No No Yes Yes
Facility FE No No No Yes
R-squared 0.000481 0.00183 0.00201 0.00791
Observations 19154484 10729558 10729558 10729479
Mean Dep. Var. 0.00774 0.00694 0.00694 0.00694

Standard errors in parentheses
* p<0.05, ** p<0.01, ** p <0.001
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B.3 Do patients move to better facilities?

Table B.3: Quality of care measures

A mortality rate

A hospitalization rate

A infection rate

A distance

W @ ®) @) ) ©) @ ® ©) w  ay gy
Penalty inducing 0.00260"**  0.00233**  0.00300***  0.00232 0.00133  0.00402***  0.00192* 0.00154*  0.00352***  0.388***  0.312"**  0.286™**
(0.000560)  (0.000562) (0.000531) (0.00143) (0.00137)  (0.00121) (0.000764) (0.000760) (0.000696) (0.0705) (0.0720) (0.0715)
Constant -0.0135 -0.0132 -0.0152 -0.0172 -0.0160 -0.0231 -0.0383  -0.0381** -0.0247 -0.731 -0.351 0.455
(0.00980)  (0.00982) (0.0114) (0.0280)  (0.0270) (0.0287) (0.0134) (0.0133) (0.0149) (1.273)  (1.278)  (1.366)
Baseline QIP values Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes
Patient Controls Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes
Facility Controls Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes
Month-Year FE No Yes Yes No Yes Yes No Yes Yes No Yes Yes
Facility FE No No 'es No No ‘es No No Yes No No Yes
R-squared 0.0210 0.0255 0.285 0.0302 0.0470 0.333 0.0231 0.0287 0.301 0.0202 0.0239 0.186
Observations 57588 57588 57101 57588 57588 57101 57588 57588 57101 57135 57135 56606
Mean Dep. Var. -0.000594  -0.000594  -0.000667  -0.0128 -0.0128 -0.0130 -0.00261 -0.00261 -0.00265 -0.292 -0.292 -0.303
Standard errors in parentheses
*p < 0.05,** p<0.01,** p<0.001
Table B.4: Staffing measures
A employee per station A pat. per station A nurse per station A tech. per station A pat. per employee

A nurse per tech.

A nurse per pat.

A nurse per employee

(7)

(8

[0) R) ®) @ ) )
Penalty inducing 0.00525 -0.0200 -0.00135 0.0172%* 0.0870%* 0.00480* 0.00341 0.0392
(0.00710) (0.0233) (0.00102) (0.00563) (0.0243) (0.00194) (0.00228) (0.0266)
Constant -0.0204 0485 0.00289 -0.0200 0.686 -0.00569 0.00406
(0.151) (0.354) (0.0240) (0.122) (0.475) (0.0446) (0.0536)
Baseline QIP values Yes Yes Yes Yes Yes Yes Yes
Patient Controls Yes Yes Yes Yes Yes Yes Yes
Facility Controls Yes Yes Yes Yes Yes Yes Yes
Month-Year FE Yes Yes Yes Yes Yes Yes Yes
Facility FE Yes Yes Yes Yes Yes Yes Yes
R-squared 0.301 0.0550 0.350 0.684 0.674 0.701 0.694
Observations 53628 16272 54720 56718 16387 56718 56718
Mean Dep. Var. 0.0207 0.0216 0.00320 -0.00635 -0.209 0.000181 -0.00929 -0.300

Standard errors in parentheses
*p < 0.05,** p<0.0L*** p<0.001

88



B.4 URR - Kt/V regressions

Table B.5: URR - Kt/V regressions

Probability of switching

) (2) (3) (4)

Low URR and good Kt/V 0.00658"*  0.00811°*  0.00813***  0.00825"
(0.00115)  (0.00159)  (0.00159)  (0.00158)

Good URR and low Kt/V -0.000755  -0.000216  -0.000189  -0.000160
(0.000966)  (0.00131)  (0.00131)  (0.00131)

Good URR and good Kt/V -0.00962***  -0.00866***  -0.00868*** -0.00843***
(0.000502)  (0.000663)  (0.000663)  (0.000661)

Kt/V in QIP -0.00325™*  -0.00315***
(0.000547)  (0.000722)

Low URR and good Kt/V x Kt/Vin QIP  -0.00412°* -0.00579*** -0.00573*** -0.00593**
(0.00122)  (0.00167)  (0.00167)  (0.00166)

Good URR and low Kt/V x Kt/Vin QIP  0.00798***  0.00741**  0.00740***  0.00712**
(0.00117)  (0.00158)  (0.00158)  (0.00157)

Good URR and good Kt/V x Kt/V in QIP  0.00253***  0.00279"*  0.00284***  0.00291***
(0.000550)  (0.000726)  (0.000726)  (0.000723)

Constant 0.0165*** 0.0315*** 0.0286*** 0.0139***
(0.000499)  (0.00148) (0.00135) (0.00212)
Baseline QIP values No Yes Yes Yes
Patient Controls No Yes Yes Yes
Facility Controls No Yes Yes Yes
Month-Year FE No No Yes Yes
Facility FE No No No Yes
R-squared 0.000485 0.00179 0.00194 0.00718
Observations 15464192 9315901 9315901 9315853
Mean Dep. Var. 0.00666 0.00633 0.00633 0.00633

Standard errors in parentheses
*p <0.05, ** p<0.01, *** p <0.001
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Appendix C

Appendix for Chapter 4

C.1

Table C.1:

List of patient and facility characteristics

List of patient and facility characteristics

Variables Subcategories
Age
Gender M

F
BMI 40

=40

Race Black

White

Asian

Current insurance

Applying for Medicare

Employment status

ESRD case

Nephrology care pre ESRD
Facility ownership

First access

Region

Alcohol dependence
Drug dependence
Inability to ambulate
Inability to transfer

Needing assistance in ADLs

Patients per registered nurse

Patients per technician
Patients per social worker

American Indian/Alaskan
Pacific Islander

Hispanic

Private

Medicaid

Medicare
Medicare&Medicaid
Medicare&Other

Other

Yes

No

Employed full-time

Emp part-time
Homemaker or Unemployed

Medical Leave of absence (LOA)

Other

Retired

Cystic Kidney
Diabetes
Glomerulonephritis
Hypertension

Other urologic
Other cause

Yes

No

Chain

Independent
Arteriovenous Fistula
Indwelling catheter
Arteriovenous Graft
Other

NE

MW
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