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Abstract

This dissertation consists of four chapters. In the rst chapter, | present
research from a research agenda that | have pursued alongside collaborators in
the School of Public Health (Sayeh Nikpay, Claire McGlave, and Elizabeth Watts)
studying the growth of the 340B Drug Pricing Program, a safety-net program that
is responsible for nearly 10% of annual pharmaceutical spending in the United
States. The two articles presented in this chapter are adapted from versions
that have been published in JAMA Health Forum and Health A airs Scholar.
These two articles describe the rapid growth in the 340B Drug Pricing program,
particularly among chain pharmacies. My coauthors and | document that nearly
three quarters of big chain pharmacies participate in the 340B program.

In the second chapter, | study whether vertical integration can increase par-
ticipation in social safety net programs. In particular, | study several examples of
integration between pharmacies and patient or inventory management softwares,
aimed at assisting hospitals manage their participation in the 340B program. In
recent years, several large pharmacy chains (Walgreens, CVS, Optum, and Ac-
credo) have integrated with software that processes claims and manages inventory
- and several are integrated with insurers as well. These pharmacy chains bundle
contract pharmacy and 340B administrative services, which | hypothesize lowers
the transaction costs of participating in this social safety net program. Simultane-
ously, integration with an insurer may increase revenues from the 340B program.
| study the e ect of such integration on the growth of this social safety-net pro-
gram, and nd that vertical integration had a signi cant impact on participation
in this program, leading to increased contract activity after the integration, with-
out a reduction in contracts with competitors. This provides evidence that the
integration broadens the scope of the program, widening the net with which a
hospital is able to capture discounts.



The third chapter is coauthored with Colleen Carey and Sayeh Nikpay. We
study the impact of recent litigation on the ability of hospitals to claim discounts
under the 340B program. The discounts are generated when participants, called
\covered entities,” dispense signi cantly discounted outpatient drugs to insured
patients. Until recently, a prescription was eligible for discounts when written by
a prescriber a liated with the covered entity and lled at a pharmacy contracting
with the covered entity. A recent lawsuit - Genesis Healthcare Inc., v. Xavier
Becerra - expanded the pathways for 340B discount eligibility, thereby making
an unknown number of prescriptions eligible for 340B discounts. We simulate
the impact of the new 340B eligibility de nition using 20% Medicare Part D data
linked to 340B program data and inpatient and outpatient fee-for-service Medicare
claims. Comparing pre and post-\Genesis" de nitions, we nd that the share of
Medicare Part D prescriptions that are eligible for 340B discounts would increase
from 12% to 16% and result in an additional $8.2B in Medicare Part D spending
becoming eligible for 340B discounts. We also demonstrate that the new de nition
could double the number of 340B eligible prescriptions for which multiple covered
entities can claim discounts.

In the fourth and nal chapter, | study administrative and hassle costs (\leaks")
in the operation of public welfare program, and how private companies can both
present e ciencies due to their scale while simultaneously distorting outcomes
away from the optimal scenario. To study this question, | develop a model of hos-
pital pharmacy contracting in the 340B program in which, if a hospital contracts
with a given retail pharmacy, the hospital receives 340B revenue from patients
that Il a prescription at that pharmacy. In each period, hospitals choose a set
of pharmacies with which to contract, collect revenues, and pay xed and sunk
costs that depend in part on whether a pharmacy is a chain or independent phar-
macy. This sunk cost parameter represents any reduction in administrative or
\hassle" costs that would lead a covered entity to contract with a chain phar-
macy, rather than an independent pharmacy that may generate more revenue. In
order to address the massive computational costs and combinatorics inherent in



such a model, |1 apply a moment inequality approach to estimation. My results
demonstrate that while a reduction in administrative costs may help grow the
scale of a welfare program, it simultaneously presents distortions relative to the
optimal con guration. | nd that a hospital is willing to contract with a phar-
macy that has fewer patients, if that pharmacy has network e ects. However,
while this encourages an increased number of contracts, I nd that the resulting
con guration of pharmacies is not optimal. A counterfactual exercise in which 1
remove these e ects demonstrates that the observed con guration results in 40%
fewer captured patients, and thus revenue (a 7 percentage point decrease).
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Chapter 1

340B Program Overview

1.1 340B Contract pharmacy growth by phar-
macy ownership: 2009{2022

This section has been published as McGlave et al., 2024.

1.1.1 Introduction

Uninsured and underinsured patients face di culties a ording health care, fre-
guently turning to the health care safety net to meet their medical needs. The
health care safety net is an informal network of hospitals and clinics that provide
care regardless of ability to pay (Institute of Medicine, 2000). Since 1992, the
340B program has aimed to support the health care safety net through signi -
cant discounts on prescription drugs. The program both lowers operating costs
for organizations that provide free or sliding-scale drugs to patients, and allows
providers to bill insurers usual and customary rates for discounted drugs, gener-
ating 340B revenue to \stretch scarce federal resources" and thereby fund access
to safety-net care (Health Resources and Services Administration, 2023). As a
result, covered entities bene t most from the program when drugs are prescribed
to patients covered by Medicare and commercial insurance.
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340B drugs represent a large portion of the US prescription drug market. In
2021, hospitals paid almos$44 billion for 340B drugs, which, if purchased at list
prices, would have totaled$94 billion (A. Fein, 2022a). In 2020, 340B purchases
represented more than 7% of spending in the US prescription drug market (\The
Federal 340B Drug Pricing Program: What It Is, and Why It's Facing Legal
Challenges", 2022). Discounted drugs can be dispensed through either clinics and
on-site pharmacies, or since 2010, in an unlimited number of o -site retail and
specialty pharmacies. In return for dispensing discounted drugs on behalf of the
340B provider, these pharmacies, called \contract pharmacies," earn a fee for each
prescription dispensed or a portion of the 340B revenue generated by drug sales
to 340B patients (G.A.O., 2018).

340B contract pharmacy arrangements have grown signi cantly over the past
13 years. In 2010, less than 1% of pharmacies participated in contract arrange-
ments, expanding to over 40% by 2022(Lin et al., 2022; S. Nikpay et al., 2023)
Over time, retail pharmacies contracting with 340B participants were more likely
to have multiple contracts with health care facilities that were less safety-net en-
gaged and located farther away (S. Nikpay et al., 2023). Most communities in
the United States now contain at least 1 contract pharmacy, and several studies
document that 340B patrticipants, especially hospitals, establish contracts in areas
with fewer uninsured and more wealthy patients (Lin et al., 2022; S. Nikpay et al.,
2022; Qato et al., 2017). These results are consistent with participants seeking to
maximize 340B revenue and are similar to growth patterns for 340B clinics (Conti
and Bach, 2014).

Concern over growing contract pharmacy arrangements has centered around
access to care for safety-net patients, the potential for violation of program rules,
and diversion of 340B revenue for purposes other than funding safety-net care.
Access concerns are motivated by a recent report by the Government Account-
ability O ce, which found that approximately half of 340B contract pharmacy
arrangements did not extend discounts to uninsured patients (G.A.O., 2018). As
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a result, 340B providers might generate 340B revenue o of safety-net{reliant pa-
tients, imposing unnecessary nancial burden on the very population the program
seeks to assist. Violation of program rules stems from the inability of pharma-
cies to accurately determine whether customers are eligible patients of a 340B
provider or covered by Medicaid, for which discounts are already granted through
the Medicaid Drug Rebate Program (O ce of Inspector General, 2014). Finally,
diversion of 340B savings away from safety-net care is motivated by a recent New
York Attorneys General lawsuit against a large pharmacy chain operating a large
share of 340B contract pharmacies, alleging it charged exorbitant fees, diminish-
ing the amount of 340B revenue available to enhance safety-net care (O ce of the
New York State Attorney General, 2022). Although the suit focused on 1 chain,
reporting on 340B contract pharmacies suggests that more than three-quarters of
340B contracts are dominated by a handful of large pharmacy chains. Market
analyses suggest that the 3 largest chains participating in 340B generat$2.2
billion in revenue from 340B in 2021 (A. Fein, 2022c; A. Fein, 2022b).

At the same time as contract pharmacy arrangements appear to be growing
among large chains, rural and independent pharmacies have been closing (Lazaro
et al., 2022; Guadamuz et al., 2018). These pharmacies are more likely to serve
safety-net{reliant patients than other retail pharmacies (Nattinger et al., 2015);
however, the extent to which independent pharmacies participate in the program
is not known.

In this research brief we describe the role of chain and independent retail
pharmacies in the 340B program by presenting trends in measures of 340B contract
pharmacy participation over time and across categories of ownership.

1.1.2 Data & Methods

We linked the 2023 Health Resources and Services Administration's (HRSA's)
O ce of Pharmacy A airs (OPA) database to the 2009{2022 National Coun-
cil for Prescription Drug Program (NCPDP) data. The OPA database contains
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information on all pharmacy contracts between 340B program participants and
pharmacies from the program's inception to the present. We used the name and
address of the pharmacy as recorded by each 340B participant to link pharma-
cies in the database to the National Plan and Provider Enumeration System|the
Centers for Medicare and Medicaid Services' unique national provider identi er
(NPI)|using text and geographic matching algorithms (S. Nikpay et al., 2023).
We then linked each pharmacy in the OPA database to retail pharmacies in the
NCPDP data using the NPI. Retail pharmacy status was de ned as having a pri-
mary provider type code in the NCPDP indicating retail and a secondary provider
type that was not specialty or mail order. The resultant dataset yielded 182 021
pharmacy-year observations over the 2009{2022 study period.

We constructed 4 measures of participation in 340B contracts using the OPA
database following studies in the literature (Lin et al.,, 2022; S. Nikpay et al.,
2023). These included an indicator for whether the pharmacy participated in
any contract pharmacy arrangement (participation), a count variable equal to the
number of contracts held by the pharmacy in each year (depth), the maximum ge-
ographic distance between each pharmacy and the 340B participants it contracts
with (spread), and nally, an indicator for whether contract pharmacies have
no contracts with core safety-net providers (safety-net composition). Safety-net
providers are classi ed as federal grantees or hospitals that meet the Medicaid and
CHIP (Children's Health Insurance Program) Payment and Access Committee's
(MACPAC) de nition of essential community hospitals. Although multiple de -
nitions of safety-net status exist for US hospitals, we chose to rely on MACPAC's
de nition as it was possible to construct it from publicly available data and it
has been used for almost a decade in reports to Congress on safety-net hospitals.
Other de nitions could de ne more or fewer hospitals as safety-net providers.

We also constructed a pharmacy ownership variable with 8 mutually exclusive
categories based on NCPDP data and informed by existing studies in the literature
(Qato et al., 2017). Speci cally, we used dispenser class codes and parent com-
pany names to assign each pharmacy to the top 4 chains by volume (Walgreens,
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CVS, Walmart, RiteAid), grocery store pharmacies (such as Kroger), institutional
pharmacies (de ned as based in a health care provider), and independent phar-
macies (de ned as pharmacies with 3 or fewer locations). Pharmacies not tting
into these categories were considered to be \other small chains.” Upon review of
the data we found that pharmacies falling into this last, residual category were
most often small chains and franchised pharmacies (such as Medicine Shoppe).
For pharmacies that t into multiple categories, we assigned the pharmacy to the
larger category. For example, pharmacies that were indicated as independent in
NCPDP but also had a parent company name indicating a grocery store were
assigned to the grocery store category.

We present descriptive statistics comparing each of the four 340B contract
pharmacy participation measures against pharmacy ownership. We present medi-
ans and interquartile ranges for measures exhibiting skew and means and standard
deviations for other measures. We performed analysis of variance tests to as-
sess whether participation rates di ered across ownership categories and assessed
statistical signi cance at P = .05. The analysis was performed using Stata 18
(StataCorp).

1.1.3 Results

In 2009, there were a total of 601 retail pharmacies participating in the pro-
gram|9% of these were owned by Walgreens. By 2022, the number of pharmacies
participating was 26 885, and the majority were still pharmacies owned by Wal-
greens (26%), closely followed by CVS (25%), Walmart (11%), and Rite Aid (8%)
(Figure 1.1). Grocery store chains accounted for 13%, institutional pharmacies
accounted for 5%, independent pharmacies 10%, and small chains accounted for
2% of pharmacies participating in 340B in 2022.

Among the top 4 chains, (Walmart, CVS, Rite Aid, and Walgreens), 71% of

1Bars represent the number of retail pharmacies with 340B contracts per chain in each year.
n = 388,324 contract-years, representing a total of 33,951 unique pharmacy locations.



Figure 1.1: Trends in 340B participation by chain status (2009{2022)

locations held 340B contracts in 2022, compared to 22% of independently owned
pharmacy locations and 38% of grocery store pharmacy locations (Table 1.1).
However, among the top 4 chains, 78% of Walgreens locations held contracts
with covered entities in 2022, followed by 68% of CVS locations, 57% of Walmart
locations, and 84% of Rite Aid locations. This large rate of Rite Aid participation
may be in ated by the relatively small number of total locations (less than half
that of other top 4 pharmacies)?

2The table shows the count of all pharmacies in the United States, regardless of 340B par-
ticipation, the number of pharmacies with at least 1 contract, the proportion of each type of
pharmacy's sites with at least 1 contract, and the proportion of total contracts between cov-
ered entities and each type of pharmacy. The table also displays the median and interquartile
range (IQR) of the number of contract depth (number of contracts per site) and geographical

spread (distance from the farthest contract pharmacy in miles). The nal column presents the
mean and standard deviation (SD) of safety-net composition (the share of each pharmacy types'



Table 1.1: Contract Pharmacy participation, by chain status (2022)

Total US No. with 1+ Proportion of locations Proportion of

pharmacies contracts with 1+ contracts all contracts
Top 4 chains 26,490 18,761 71% 78%
Grocery stores 9,053 3,481 38% 9%
Small chains 1,102 453 19% 1%
Institution 6,504 1,418 41% 3%
Independent 14,767 2,772 22% 8%

Table 1.2: Mean depth, safety-net composition, and spread by chain status (2022)

Depth, median  Geographic spread,  Proportion of contracts with

(IQR) median (IQR) safety-net providers, mean (SD)
Top 4 chains 2 (1{4) 19 (8{39) 75% (34%)
Grocery stores 1(1{2) 12 (5{27) 63% (42%)
Small chains 2 (1{3) 18 (4{34) 49% (44%)
Institution 1(1{2) 10 (1{27) 61% (45%)
Independent 1(1{2) 10 (1{26) 69% (44%)

Average depth, or the number of contracts per pharmacy, di ered across chains
(P < 0:001) but did not appear to be related to chain size. Median depth was
highest for top 4 pharmacies and small chains (2 contracts per pharmacy); and
remained at 1 contract for all other types of pharmacies. Pharmacies di ered in
the proportion of contracts with core safety-net providers® < 0:001): among the
top 4 chains, an average of three-quarters of contracts were with core safety-net
providers, compared to 63% of grocery store pharmacy contracts, half of institu-
tional contracts, and 61% of independent pharmacy contracts. It is important to
note, however, that the high proportion of contracts with core safety-net providers

contracts with core safety-net providers). The top 4 chains include the top 4 retail chains by
market share (Walgreens, CVS, Walmart, and Rite Aid), grocery store chains, small chains,
institutional pharmacies, and independent pharmacies. n = 57,916 for all pharmacies in the
United States, n = 26,980 for pharmacies participating in 340B.
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among the top 4 chains is primarily motivated by Walgreens, which has a high
concentration of contracts with core safety-net providers (mean = 78%). Geo-
graphic spread also di ered across chain siz€ (< 0:001) and was highest among
the top 4 pharmacies (median distance = 19 miles), followed closely by the small
chain pharmacies (median = 18 miles). The median maximum distance between a
pharmacy and covered entity for independent pharmacies was 10 miles, compared
to 12 miles for grocery stores.

Pharmacy patrticipation in 340B varies widely by chain but is dominated by
large chains. Among these chains, Walgreens and CVS have a disproportionately
large role in the program relative to their share of total retail pharmacies: Wal-
greens and CVS hold 33% and 30% of 340B pharmacy contracts, respectively,
yet represented only 15% and 17% of all retail pharmacies in 2022. The major-
ity of Walgreens retail pharmacies participate in 340B (78%), in addition to over
half of CVS locations (68%). A large share of Rite Aid locations participate in
340B (57%), but they have far fewer pharmacies overall, so their number of loca-
tions participating is still much smaller than any of the other top 4 pharmacies.
Among the 4 largest pharmacy chains (Walgreens, CVS, Walmart, and Rite Aid),
Walgreens held the most contracts in 2022 (25,303) compared with CVS, which
followed with 23,021. Walgreens had the largest proportion of contracts with core
safety-net providers (78%) compared to 74%, 71%, and 68% from CVS, Walmart,
and Rite Aid, respectively. Finally, CVS had the largest median geographic spread
(21 miles). That means that the median distance between a CVS pharmacy and
the health care facility with which they were contracting was 21 miles, compared
to a median of 10 miles for independent pharmacies and 12 miles for grocery store
pharmacies.

1.1.4 Discussion

We show that the increase in the proportion of retail pharmacies that have entered
into a contract with a 340B participant is largely driven by the 4 largest chains:
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Walgreens, CVS, Walmart, and Rite Aid. Of these chains, Walgreens pharmacies
were early participants and comprised a signi cant share of contracting pharma-
cies since 2010. These 4 rms also hold a disproportionately large share of the
contracts relative to their share of physical locations. In contrast, independent
pharmacy participation did not increase over time and, in 2022, these pharmacies
had a disproportionately small share of contracts relative to their share of US
retail pharmacies. Given the nancial bene ts to pharmacies participating in this
program, lower participation among pharmacies that are at higher risk of closure
is concerning (Ullrich and Mueller, 2022). Independent, rural pharmacies are also
more likely to serve in a safety-net role, and are therefore more closely aligned
with the 340B program's goals (Nattinger et al., 2015).

Despite these di erences in the likelihood of participating, once pharmacies
establish at least 1 contract, they do not di er substantially across the number
of current contracts. The median number of contracts per pharmacy was approx-
imately twice as high for the top 4 pharmacy chains and grocery stores as the
number for other pharmacy ownership types. However, the largest retail phar-
macies tended to have contracts that were located farther away than independent
pharmacies. Interestingly, the top 4 chains and independent pharmacies were sim-
ilar in the proportion of contracts with core safety-net providers. High safety-net
composition among the top 4 chains may re ect the fact that these pharmacies are
more likely to be located in urban areas where both safety-net and non{safety-net
providers operate.

Our study had a number of limitations. First, our results are limited by a
lack of access to prescription volumes. Therefore, we cannot infer the number
of discounted prescriptions distributed through each pharmacy and the economic
value of the 340B program. Second, the study is based on retail pharmacies and
may not be generalizable to specialty pharmacies, which comprise a growing share
of prescriptions nationwide (A. Fein, 2023). Third, we relied on NCPDP data to
identify pharmacy ownership type, which may be reported with error. Fourth, our
de nition of core safety-net providers relies on 1 of several possible de nitions. We
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selected the Medicaid and CHIP Payment Access Commission's de nition given
its frequent use by policy advisory bodies and data accessibility (Medicaid and
CHIP Payment and Access Committee, 2016; Medicaid and CHIP Payment and
Access Committee, 2017; Medicaid and CHIP Payment and Access Committee,
2019).

1.1.5 Conclusion

Pharmacy chains have bene ted from the expansion of 340B contract pharmacy
arrangements, raising concerns about the feasibility of participation from inde-
pendent pharmacies. The bene ts of 340B participation for pharmacies include
fees, which the Government Accountability O ce has found typically include a
dispensing fee or sometimes a portion of 340B revenue ((G.A.O., 2018). In the
case of the large chain pharmacies, their signi cant market clout could result in
higher negotiated fees for serving as a contract pharmacy, all else being equal.

As several studies suggest that 340B revenue may not further access to care
for uninsured and underinsured populations (S. S. Nikpay et al., 2020; Desai and
McWilliams, 2018) drug manufacturers have challenged the legality of HRSA's
2010 expansion of contract pharmacies. As of 2023, over 20 manufacturers have
refused to grant 340B discounts for drugs dispensed through contract pharmacies
unless special conditions are met (King, 2021). Therefore, whether the growth in
contracts will yield growth in 340B savings to core safety-net providers is an open
guestion for researchers.
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1.2 Trends in 340B Drug Pricing Program Con-

tract Growth Among Retail Pharmacies From
2009 to 2022

This section has been published as S. Nikpay et al., 2023.

1.2.1 Introduction

The 340B Drug Pricing Program allows certain US hospitals and federal grantees
to purchase discounted prescription drugs and bill insurers to generate revenue to
care for safety-net{reliant patients. As 340B has grown to account for 7.2% of gross
drug spending, participants or covered entities (CES) increasingly contract with
pharmacies to dispense discounted drugs (G.A.O., 2018; Congressional Research
Service, 2022). This mutually bene cial relationship increases revenue for the CEs,
and pharmacies commonly receive dispensing fees. Since the Health Resources and
Services Administration (HRSA) lifted the limit of 1 contract pharmacy per CE

in 2010, 33% of retail pharmacies have at least 1 contract and 76% of US counties
contain at least 1 contract pharmacy (Lin et al., 2022; S. Nikpay et al., 2022).
However, pharmacies' involvement with 340B may vary by number of contracts,
distance from contracting CEs, and proportion of contracts with core safety-net
CEs. We developed measures to describe alternative forms of contract pharmacy
growth beyond simple participation.

1.2.2 Methods

We linked HRSA's contracts database to retail pharmacies from the National
Council for Prescription Drug Programs dataQ database to create an annual,
pharmacy-level data set for 2009 to 2022. The University of Minnesota Institu-
tional Review Board deemed this cross-sectional study exempt from review be-
cause it was not human participant research. We followed the STROBE reporting
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guideline.

We examined distributions of depth, spread, and safety-net composition over
time. Depth was the number of contracts with unique CEs per pharmacy. Spread
was the maximum straight-line distance in miles between the zip code population
centroid of the pharmacy and its CEs. Safety-net composition was the propor-
tion of contracts with federal grantees and hospitals meeting the de nition of
essential community hospitals by Medicaid and Children's Health Insurance Pro-
gram Payment and Access Commission (Medicaid and CHIP Payment and Access
Committee, 2019). After eliminating pharmacy-years that could not be linked to
dataQ using 340B contract information (i = 4; 290) and nonretail pharmacy-years
(n =29;728), we included 893,952 pharmacy-years.

We used? tests to assess dierences in distributions of these measures be-
tween 2009 and 2022, and we estimated pairwise correlations between measures
in 2022. Two-sided P < 0:05) indicated statistical signi cance. Data analysis
was performed with Stata 17 (StataCorp LLC).

1.2.3 Results

The number of retail pharmacies participating in 340B increased from 789 in 2009

to 25,775 in 2022 or from 1.3% to 40.9% of all retail pharmacies, respectively
(Figure 1.2). Depth increased over time. In 2009, 81% of contract pharmacies

had only 1 contract, and by 2022, 40% had 1, 23% had 2, 27% had 3 to 5, 7% had
6 to 9, and 3% had 10 or moreR < 0:001).

Spread increased over time (Figure 1.3). In 2009, the farthest CE was within
the same zip code for 48% of pharmacies, less than 5 miles for 19%, 5 to 15 miles
for 17%, and 16 miles or more for 16%. By 2022, only 9% of the farthest CEs were
in the same zip code, and for 51% of pharmacies it was 16 miles away or more
(P < 0:001). Among pharmacies in this category, the median (IQR) distance was
35 (23-67) miles, with a 90th percentile of 176 miles.
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Figure 1.2: Distribution of Contract Pharmacy Depth Among Retail Pharmacies
From 2009 to 2022

Figure 1.3: Distribution of Contract Spread and Safety-Net Composition Among
Retail Pharmacies From 2009 to 2022

Safety-net composition decreased over time. In 2009, 95% of pharmacies con-
tracted exclusively with safety-net hospitals and clinics. By 2022, only 54% of
pharmacies contracted exclusively with safety-net facilities, and 16% contracted
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with no safety-net facilities (P < 0:001).

1.2.4 Discussion

We found that as the proportion of pharmacies with at least 1 contract increased,
so did the number of contracts per pharmacy and the distance between contract
pharmacies and CEs. However, the proportion of contracts with core safety-net
practices decreased.

Study limitations include the lack of data on the volume of 340B drugs dis-
pensed through contract pharmacies, and associated revenues; thus, we could not
di erentiate contracts by pro tability. We also focused on retail pharmacies; thus,
results may not generalize to mail-order and specialty pharmacies. Although prox-
ies, these measures can help stakeholders better understand how the 340B program
has grown among retail pharmacies.



Chapter 2

Vertical Integration

2.1 Introduction

Understanding the e ects of vertical integration on competition, rm productivity,
and welfare is an important economic and policy issue, with economic theory
pointing to both pro- and anti-competitive impacts (T. Bresnahan and Levin,
2012). While some research points to vertical integration as a method for rms
to increase their market power, others point to e ciencies in contracting and cost
reduction that may arise in the presence of integrated rms and bundled products
(Spengler, 1950; Coase, 1937). In particular, when a consumer or rm is able to
buy \bundled" products from an integrated rm, there may be lower costs that
are passed on in the form of lower prices (Crawford and Yurukoglu, 2012).

E ciency from eliminating double marginalization is the key driver of down-
ward price pressures after vertical integration. However, there may also be an
anti-competitive impact associated with any increased market power as a result
of the integration (Hotelling, 1932;Salinger, 1991). While much of the economic
literature has focused on how industry dynamics and strategic considerations im-
pact the decision by rms to vertically integrate, only recently has a literature that
empirically studies the welfare e ects of vertical integration begun to develop (T.
Bresnahan and Levin, 2012; Crawford et al., 2018; Hortacsu and Syverson, 2007,

15
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Chipty, 2001). One reason to understand the total welfare e ects of vertical in-
tegration is that there may be a positive social externality associated with lower
prices or increased access to a product or service - or negative e ects if the oppo-
site occurs. We may think of healthcare as one such example. Researchers have
long been interested in how vertical integration in healthcare markets a ects pa-
tients in dimensions of cost, access, and quality (Gaynor and Haas-Wilson, 1999;
Gaynor, 2006).

Similarly, researchers and policymakers have long been interested in the ef-
cient distribution of public welfare and assistance, and ultimately increasing
participation in welfare programs. In this paper, | study the impact of vertical
integration on the administration of social safety net programs. In this context,
reductions in transaction costs or administrative burden would reduce key frictions
in the distribution of public welfare (Arrow, 1963; Arrow, 1965). If the transac-
tion costs associated with distributing public welfare decrease, we would expect
welfare programs to become more e cient at accomplishing their goal: improving
the lives of vulnerable populations.

| study the impact of vertical integration between pharmacies, insurers, and
software companies on the growth of a federal welfare program: the 340B drug
discount program. The 340B program is designed to subsidize safety-net hospi-
tals' operations by allowing hospitals to purchase drugs at a \Ceiling Price" from
manufacturers, collect the typical (higher) reimbursement from their patients' in-
surers, and keep the di erence as prots in order to enhance safety-net care for
vulnerable patient populations (S. Nikpay, 2022; S. Nikpay et al., 2022). The
program is large, encompassing over 40% of US hospitals and 7% of the US retail
pharmacy market (A. J. Fein, 2019). Drugs prescribed under the program rep-
resented approximately$110 billion in reimbursements in 2021 (Glassman, 2023,
A. J. Fein, 2022)

Hospitals need to contract with pharmacies (called \contract pharmacies") to
distribute their 340B drugs. In recent years, several major pharmacy chains have
both vertically integrated with insurance companies and began o ering their own
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340B third-party administration services (TPAs) to go along with their contract
pharmacy o ering.! | hypothesize that vertical integration between pharmacies
and TPAs could result in lowering the transaction costs for a hospital to establish
additional contract pharmacy sites. Simultaneously, integration between insurers
and pharmacies may increase hospital revenue by guaranteeing that prescriptions
are lled at an in-network pharmacy.

Using an event study framework comparing insurance markets with high and
low patient population coverage prior to vertical integration, | estimate the change
in pharmacy contracts and contract shares at the county, hospital, and pharmacy
levels. Across all markets and speci cations, | nd signi cant increases in con-
tracting behavior with pharmacy chains after vertical integration, without any
negative impact on contracting with other pharmacy chains. The results are
strongest in the retail pharmacy market, where prot margins are smaller than
those associated with specialty drugs. This nding contributes to the literature
studying the e ciencies of administering welfare and social safety net programs.
Additionally, | am unaware of any other studies that seek to quantify the impacts
of vertical integration between pharmacies and insurers, especially in the context
of public welfare programs.

The remainder of the paper is organized as follows. Section 2 presents back-
ground information and related literature on the 340B program and vertical inte-
gration. Section 3 describes the data. Section 4 discusses the empirical strategy
and presents results. Section 5 discusses the potential impact of the results, and
explores avenues for future research. Section 6 concludes.

INotably, Walgreens, which remains the pharmacy chain with the most 340B contract ar-
rangements, began o ering their \340B Complete" software solution in 2010, the same year
the program expanded. In December, 2017, CVSHealth Caremark, a retail pharmacy chain and
pharmacy bene t manager (PBM), acquired both a TPA (Wellpartner) - and an insurer (Aetna).

In 2019, Cigna, which owns ExpressScripts (a PBM) and Accredo (a specialty pharmacy chain)
purchased a TPA called Verity Solutions. The other largest pharmacy chains that participate in
the 340B program - Walmart and Optum - do not have a TPA, but are integrated with a PBM.
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2.2 Background

2.2.1 Institutional Setting: 340B Drug Pricing Program

The 340B Drug Pricing Program is a federal drug pricing program that was signed
into law by President George H. W. Bush in 1992. At its core, the program
requires drug manufacturers to provide outpatient drugs to eligible health care
organizations (\covered entities") at a deep discount, with the ultimate goal of
helping the entities \stretch scarce federal resources as far as possible, reaching
more eligible patients and providing more comprehensive services." Hospitals and
other healthcare facilities may qualify for the program in a variety of ways, all of
which are tied to caring for under-served populations or rare diseases.

Figure 2.1: Typical Operation of 340B Program (Mulligan, 2021)

To receive the discount, prescriptions must be dispensed at a pharmacy with
which the covered entity has contracted (a \contract pharmacy"). Originally,
the program only applied to \in-house" pharmacies on-site at the covered entity.
In 1996, HRSA began allowing covered entities to contract with one external
pharmacy. In 2010, HRSA modi ed this restriction to allow multiple contract
pharmacy arrangements. At the time of this regulation, there were approximately
1,000 active contract pharmacies. This number grew to approximately 12,000 in
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2013, and reached over 24,500 in 2019.

Figure 2.2: Number of 340B Covered Entities

The estimated reimbursement value of drugs from 340B wa&i10 billion in
2020, and hospitals spen$44 billion on their purchases, which represented over
8% of all US drug spending (Glassman, 2023, A. J. Fein, 2022). From Medicare
patients alone, the program represents quite a windfall for hospitals: estimated
340B prots from Medicare in 2016 were nearhy$2 billion, and per-hospital es-
timated 340B pro ts were $2.5 million (Conti et al., 2019). Since 2010, when a
limit of one contract pharmacy per hospital was lifted, the number of contracts
between 340B hospitals and retail and specialty pharmacies has ballooned from
less than 1,000 to over 63,000. Of these 63,000 contracts, over 37% are with the
top three retail pharmacy chains: CVSHealth, Walgreens, and Walmart.

The rapid growth in the program is driven by entry of major retail pharmacy
chains. Walgreens represented 32% of contract pharmacy locations in 2019, with
the next 5 chains (CVS, Walmart, Rite Aid, Kroger, and Albertsons) representing
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Figure 2.3: 340B Retail Locations by Chain

an additional 37%. More than 80% of all Walgreens locations have at least one
contract with a 340B covered entity (A. J. Fein, 2020).

Contract pharmacy arrangements are bene cial for both the 340B hospitals
and the contracting pharmacy. The 340B hospital purchases discounted drugs
from the manufacturer and ships them to the pharmacy, where they are dis-
pensed to the hospital's patients when they Il a prescription. The pharmacy
then charges the patient (and their insurer) and remits the payment back to the
hospital, keeping a fee and also sometimes a share of the payment as additional
payment(G.A.O., 2018). The program is especially lucrative for specialty drugs,
as the wholesale price is typically higher, and generics are less readily available.
As demonstrated in Figure 2.5, the top three specialty pharmacy chains - CVS
Specialty, Accredo, and Optum - share 62% of the specialty drug market. A recent
study by the Government Accountability O ce found that pharmacy fees ranged
from $5-$7 for branded drugs,$75-$1,750 for specialty drugs, and0 for generic
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Figure 2.4: 340B Retail Contracts by Chain

drugs (G.A.O., 2018).

The 340B program is controversial and has been discussed in major news out-
lets due to the signi cant growth and lack of restrictions regarding how revenues
from the program may be used. Peer reviewed studies of the program have failed
to nd a link between patrticipation and the program's stated goals of enhancing
safety-net care (S. S. Nikpay et al., 2020; Desai and McWilliams, 2018). Sev-
eral studies nd that clinics from which drugs can be dispensed tend to be in
areas where few safety-net patients reside (Conti and Bach, 2014), and changes in
participation are not associated with changes in a wide variety of safety-net en-
gagement measures (S. S. Nikpay et al., 2020). Lastly, studies have explored and
documented unintended consequences of the program including increased spend-
ing on cancer drugs and hospital-physician consolidation (Jung et al., 2018; Desai
and McWilliams, 2018). | build on this literature by studying the contracting
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Figure 2.5: 340B Specialty Contracts by Chain

decision itself, and examine how e ciencies introduced in administering the pro-
gram have contributed to the growth in revenues and contracting over the past
decade.

2.2.2 \Vertical Integration

The decision to establish a 340B contract with a pharmacy depends on the costs
and bene ts of contracting. Since most hospitals use third-party administrator
(TPA) services to manage their 340B programs, the choice of a TPA is part of
the costs of contracting. Speci cally, the integration of a TPA with a contract
pharmacy could reduce the costs of contracting by lowering the administrative
burden of a hospital to participate in the 340B program, or reducing the marginal
cost of adding additional contract pharmacies to its network. | would expect
this integration to cause an increase in contracts between 340B hospitals and the
pharmacy in question, especially in markets where that pharmacy has a large



23
presence. Further, several major pharmacy chains are vertically integrated with
insurance companies. When a pharmacy is integrated with an insurance company,
this would increase the potential bene t of contracts to a 340B hospital with
a patient population that is largely covered by that insurer. Thus, a covered
entity may face lower administrative costs from the integration of a TPA, and
simultaneously increasing revenue from an insurer's patients lling prescriptions
at an associated pharmacy.

Over the past decade, there have been several such integrations:.

1. In 2017, CVS announced that it had acquired Wellpartner, a Third Party
Administrator for 340B Programs. Over the course of 2018, CVS began to
integrate their services as a 340B contract pharmacy with their newly ac-
quired software company. Over the exact same time period, CVS completed
a merger with Aetna, one of the largest insurers in the United States. CVS
operates both retail and specialty pharmacies, so it is important to study
the impact of the merger in both markets.

2. In 2019, Express Scripts acquired a 340B Third Party Administrator called
Verity Solutions. While Express Scripts is a Pharmacy Bene t Manager, in
2012 they acquired Accredo, which is one of the largest specialty pharmacies
in the country. Further, Express Scripts is a subdivision of Cigna, one of
the largest insurers in the United States.

3. In 2019, UnitedHealth Group (UHG) acquired a specialty pharmacy chain
called Diplomat for $300 million, and folded it into it's specialty pharmacy
branch, OptumRx. This was just one of several specialty pharmacy acqui-
sitions by UHG (including Avella, BiovaRX, and Genoa), but the addition
of Diplomat gave UHG control over a 340B TPA called Abacus Rx, which
Diplomat had acquired in 2017 (UnitedHealthGroup, 2017). This is partic-
ularly notable, given that UHG is the largest health insurance company in
the United States, and operates their own PBM (Optum).
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| seek to quantify the impact of these integrations on 340B contracting behav-
ior. | expect that these integrations will lead to increased contracting behavior in
markets where the insurer covers more of the patient population, as the hospitals'
patients will be more likely to Il their prescription at an in-network pharmacy.
Thus, the hospital can capture their 340B revenue, while the pharmacy captures
the 340B dispensing fee.

2.3 Data

My analysis relies on three main datasets: Pharmacy data from the National
Council for Prescription Drug Programs (NCPDP), Managed Market Surveyor
(MMS) insurance coverage data, and the Health Resources and Services Admin-
istration's O ce of Pharmacy A airs 340B data (340B OPAIS) on contract phar-
macy arrangements.

First, the NCDPD data is an administrative dataset that contains a universal
list of every pharmacy in America. Each entry in the NCPDP is an individual
provider or an organization, the type of which is encoded by the taxonomy code.
Retail pharmacies can be identi ed using speci c retail pharmacy codes. The
dataset additionally contains information on dispenser types, which is used to
identify chain, independent, and in-house pharmacies, and information on associ-
ated parent organizations, which | use to identify pharmacies from the chains of
interest. Data are annual from 2010-2022.

The MMS insurance coverage data consist of information on enroliment in dif-
ferent insurance plans at the county-year level from 2010-2022. | map the counties
to their corresponding Core-Based Statistical Area (CBSA) using a crosswalk from
the U.S. Census.

Lastly, the 340B OPAIS dataset is at the covered entity-contract pharmacy
level, and contains information on the start and end dates of each relationship,
along with information on both the covered entity and the pharmacy name and
address. | use dates of initiation and termination for each contract and covered
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entity to construct a panel of all contracts active between 2010 and 2021. |1 geocode
the dataset and spatially merge the HRSA data and the NCPDP data in order
to add a unique identi er for each pharmacy, and leverage the information on
pharmacy taxonomy and parent organization contained in the NCPDP.

Appendix A.2 contains further information about these data cleaning and pro-
cessing steps, and how | identify di erent types of pharmacies in the NCPDP data.

| also link the data to a variety of CBSA-level characteristics using NHGIS
Census data and hospital-level characteristics in order to include them in my
propensity score model. They are listed in Table A.1, which also presents pre-
merger descriptive statistics between CBSAs in the top and bottom terciles.

2.4 Estimation Strategy

The integration of contract pharmacy services with TPA o erings lends itself
particularly well to an event study framework. | compare markets with greater
or lower pharmacy market share before and after the acquisition, and compare
hospitals with higher or lower pharmacy patient market share before and after the
acquisition. | consider several outcomes: total contracts with a given pharmacy,
share of contracts for a given pharmacy, total hospital contracts, total competitor
contracts, and number of contracts per hospital.

My identi cation strategy relies on comparing markets with high and low mar-
ket share or patient mix in the pre-merger period. However, data on the universe
of prescriptions through pharmacy chain is di cult to come by. | approach this in
two di erent ways. First, | compare markets with high/low patient mix covered
by the insurer associated with the speci c pharmacy (Aetna for CVS, Cigna for
Express Scripts/Accredo, UnitedHealth for Optum) using the MMS data. As a
robustness exercise, | implement a novel approach: constructing establishment
level share of total pharmacies within an CBSA by retail pharmacy chain using
the NCPDP data's associated parent codes for each pharmacy. When | analyze
specialty/mail order pharmacies, which may not be subject to the same location
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restrictions as retail pharmacies, this establishment-level measure of market share
is no longer relevant.

| select two years prior to an acquisition as the baseline time period in which to
assess patient mix and market share within the CBSA. That is, for an acquisition
that takes place in 2017, | use the associated insurer's patient coverage in every
CBSA in 2015. While this choice of two years prior is in part driven by the MMS
data beginning in 2015, my results are robust to alternate choices of baseline time
period.

| implement this design econometrically with an event study di erence-in-
di erences equation as speci ed in equation 2.1.

X X
Yoo = ot k(t=k) (Q=20
Xk2 prg(q=2 ;3 | (2.1)
+ qt=17) (Q=09+ Fc+ G+ ¢
j2postg=2;3

The dependent variable in equation 2.1Y is one of several measures of con-
tract pharmacies including the count of total contract pharmacies and either the
count or share of pharmacy contracts by rm, at the CBSA ¢) quarter (t) level.
The coe cients, g4, capture the di erence in Y. between each tercile of baseline
pharmacy market share and the 1st tercile in each quartdrin the pre-period, up
until the quarter of the TPA acquisition. The coe cients j, capture the dier-
ence inYy between each tercile of baseline pharmacy market share and the 1st
tercile in each quarterj in the post-acqusition period (until Q4 2021), relative
to the quarter of the TPA acquisition's announcement. In particular, I am in-
terested in the ;4 coe cients starting in q = 4, which represent the change in
pharmacy contracts relative to the TPA acquisition in CBSAs in the top tercile
pre-acquisition insurance patient coverage relative to the bottom tercile, one full
year after the acquisition. To complete the di erence-in-di erences speci cation,
| include F. and G;, CBSA and quarter-year xed e ects, respectively.

The second speci cation | estimate compares covered entities with high or
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low insurer commercial prescription coverage of patients residing in a hospitals'
catchment area. To do so, | modify equation 2.1 in order to compare hospitals
before and after the acquisition, as in 2.2:

X X
Yhe = o+ w(t=k) (Q=a0
><k2 pr(>e<q=2 ;3 (22)
+ at=k Q=0+ Fc+ G+ n
j2post g=2;3

Here, the terciles refer to terciles of baseline patient pharmacy market share,
the coe cients 4 capture any di erential pre-trends between hospitals in the
top and bottom terciles, and the j; capture the post-acquisition impact of the
policy.

To treat the estimates generated in equation 2.1 and equation 2.2 as causal
e ects of the acquisition on contracts at the CBSA and hospital level, | require
that trends in the speci c pharmacy and total contracts are trending similarly
between CBSAs with high or low pharmacy market share before the mandate. To
assess the validity of this assumption, | implement the conventional method of
performing an F-test for the null hypothesis that all of the pre-period coe cients,

kg, are equal to each other.

To assess the possibility of co-occurring shocks, in addition to the Aetna and
Wellpartner acquisitions, | estimate a propensity score model in order to create
inverse propensity score weights to re-weight the top and bottom terciles to be
more similar to each other. | began by estimating a Probit model predicting that
either a CBSA or a hospital is in the top tercile of Aetna coverage relative to
the 1st tercile in the pre-acquisition period (Q1 2015 { Q4 2017). | then use
this model to predict the propensity of being in the top quartile and form inverse
propensity score weights equal t% for the observations in the top tercile andll—p
for observations in the bottom tercile. In this way, both the treatment and control
group are re-weighted to look more like each other.

| additionally assess whether the results are robust to choices other than terciles
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when dividing up CBSAs and hospitals by baseline insurer patient coverage. | re-
estimate the two-period, two-group di erence-in-di erences estimates, classifying
CBSAs as either above and below the median insurer patient coverage, quartiles
of insurer patient coverage, and deciles of insurer patient coverage in Q1 2015.

These sensitivity analyses, along with the version of analyses comparing mar-
kets with greater or lower pharmacy market share of physical pharmacy locations,
can be found in Appendix A.3.

In the sections that follow, | rst present descriptive evidence of Walgreens'
early \dominance" of the 340B contract pharmacy market. Then, | perform
event study analyses of CVS Health's acquisition of Wellpartner and Aetna,
Cigna/ExpressScripts/Accredo’s acquisition of Verity Solutions, and UnitedHealth
Group/Optum's acquisition of Abacus Rx.

2.5 Results

2.5.1 Walgreens 340B Complete

Walgreens was by far the rst retail pharmacy chain to take advantage of the
opportunity to participate in the 340B program. Just four years after HRSA
expanded the program to an unlimited number of contract pharmacies, Walgreens
represented more than half of all retail pharmacy arrangements. Walgreens' early
advances in the 340B contract pharmacy space included o ering \340B Complete™:
a TPA and 340B management service that helps covered entities with inventory
management, patient claims, and program implementation. As discussed earlier,
contracting with a pharmacy that o ers built-in 340B patient management and
assists with potential government audits is something that would be expected to
signi cantly lower the administrative burden of a covered entity's participation
in the program, especially at the time when the program was recently opened to
expansion.

Exhibit 2.6 presents a time series of the number of unique Walgreens pharmacy
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Figure 2.6: Number of Walgreens 340B Pharmacies and Contracts

locations participating in the 340B program and the number of contracts they
participated in from 2005-2015. There is a large increase in both participating
pharmacy locations (from only 137 locations at the end of 2010 to over 5,000 in
2013) and an even larger jump in the number of contracts, which have continued
to grow even as the number of pharmacy locations has leveled o .

Exhibit 2.7 presents the same information, but as Walgreens' share of total
contract pharmacy locations and share of total contracts. Walgreens' share of
340B pharmacies and contracts jump from 10% to over 50% between 2010 and
2012, before decreasing to the present day due to the increased participation of
additional pharmacy chains.

Unfortunately, due to Walgreens launching their 340B Complete platform at
the same time as the expansion of the contract pharmacy program by HRSA in
2010, it is impossible to estimate the causal e ect that Walgreens' TPA o ering
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Figure 2.7: Share of Walgreens 340B Pharmacies and Contracts

had on covered entities contracting decisions. However, the early foothold Wal-
greens established in the 340B contract pharmacy space may be in some part due
to their \simpler" 340B service, which coordinated the complex patient manage-
ment dynamic and lowered the administrative burden for a hospital considering
participating in the program or establishing additional contract pharmacies.

2.5.2 CVS-Wellpartner-Aetna

The rst application of equations 2.1 and 2.2 is to quantify the e ect of CVS' TPA
integration in 2018 on their 340B contract relationships. As discussed above, | do
S0 using two designs { a comparison of markets with a larger or smaller number
of patients with Aetha commercial insurance before and after the acquisition,
and a comparison between hospitals with higher or lower shares of patients with
Aetna commercial insurance before and after the acquisition. | expect that in
markets where Aetna covers more of the patient population, hospitals would be



31
more interested in a contract with CVS as they know their patient population
is more likely to Il their prescriptions at a CVS. As an alternate speci cation,
| perform the above analyses using markets with greater or lower CVS market
share of physical pharmacy locations. Given the substantive di erences between
the retail and specialty pharmacy markets - and that CVS is a major player in both
- | estimate the model for each market separately. In the regression speci cations,
the pre-period runs from Q1 2015 until Q3 2017, and the post-period runs from
Q1 2018 to Q4 2021. All regression coe cients are estimated with respect to Q4
2017, the time of the acquisition.

CVS Retail Pharmacies

First, | examine CVS' contracts in the retail pharmacy market. | consider all core
based statistical areas in the United States, dividing them into terciles based on
Aetna commercial prescription insurance market share prior to the acquisition.
Given that CVS' acquisiton of Aetna was completed at the same time as the
Wellpartner acquisition, | believe the variance in Aetna's market share across
CBSAs serves as a proxy for how likely a patient in a given market is to Il their
prescription at a CVS pharmacy. Figure 2.8 presents the unadjusted trends in
CVS' share of retail contracts and pharmacies in high and low CVS markets, as
determined by terciles Aetna's patient coverage.

Figure 2.8 plots CVS' average share of contracts and pharmacy locations in the
three terciles of CVS markets. The dashed line represents the share of pharmacy
locations, while the solid line represents the share of 340B contracts. As Figure
2.8 shows, there is growth in CVS contracting behavior that | seek to quanitfy
causally.

Figure 2.9 and Figure 2.10 present the results of estimating equation 2.1, com-
paring growth in the number and share of CVS contracts at the CBSA level,
between CBSAs in the top versus the bottom tercile of baseline Aetna patient
coverage, before and after the TPA acquisition. Figure 2.9 suggests that the
number of CVS contracts within a CBSA was not changing di erentially between
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Figure 2.8: CVS' Share of 340B Contracts and Pharmacies

CBSAs in the top third and bottom third of baseline Aetna patient coverage.
However, after the Wellpartner acquisition began to be implemented (in period
4) the number of CVS contracts begins to increase, rising eventually to over 20
additional contracts in high versus low CVS market share CBSAs by the end of
2020. Similarly, Figure 2.10 demonstrates that after the acquisition, the share of
total contracts with CVS eventually rises by 5 percentage points (pp) more in high
versus low CVS market share CBSA by the end of 2020. However, the increase
begins to occur slightly later, and is insigni cant for longer. This is unsurprising,
as the entire 340B program was growing throughout this time.

As a test to ensure my results are specic to CVS' acquisitions, | perform
the same regressions but with total 340B contracts and other retail contracts,
instead of CVS. Figure 2.11 and Figure 2.12 present the results of estimating
equation 2.1, using the total number of contracts and the number of other major
retail chain (Walgreens, Rite Aid, and Walgreens) contracts in CBSAs with high
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Figure 2.9: Change in Number of CVS Contracts

versus low CVS coverage. Figure 2.11 shows that the total number of contracts
was increasing slightly more in high CVS exposure CBSAs relative to low CVS
exposure CBSAs before the acquisition. After the acquisition, the total number
of contracts accelerates, rising to 30 additional contracts in high versus low CVS
CBSAs by the end of 2020. Contracts with other retail chains were also rising
slightly faster in high CVS versus low CVS exposure CBSAs and continued to rise
after the Wellpartner acquisition, suggesting that competitors' contracts weraot
a ected by CVS' new product o ering at the CBSA level.

| then proceed with estimating the hospital-level regressions in equation 2.2Fig-
ure 2.13 shows the di erence in CVS and total contracts between hospitals with
patient volume in the top tercile versus the bottom terciles of CBSAs, relative to
the year before the merger. There is little suggestion of a pre-trend for each event
study, but the number of contracts the hospital has with CVS increases by nearly
4 more for hospitals with higher versus lower volume of patients covered by Aetnha
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Figure 2.10: Change in Share of CVS Contracts

Figure 2.11: Change in Number of Total Figure 2.12: Change in Number of
340B Contracts Other Retail Contracts

commercial insurance. At the same time, Figure 2.14 demonstrates that the total
number of contracts per hospital increased by nearly 6 more for hospitals with
more patients covered by Aetna commercial insurance. This is consistent with
the prior results, showing that while contracting with CVS increased in this time
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period, so did contracting as a whole.

Figure 2.13: Change in Number of CVBigure 2.14: Change in Number of Total
Contracts 340B Contracts

CVS Specialty Pharmacies

Figure 2.15 and Figure 2.16 present the results of estimating equation 2.1, compar-
ing growth in the number and share of CVS Specialty contracts at the CBSA level,
between CBSAs in the top versus the bottom tercile of baseline Aetna patient cov-
erage, before and after the TPA acquisition. Figure 2.15 suggests that, while there
exists an increasing pre-trend in the number of CVS Specialty contracts within a
CBSA, after the Wellpartner acquisition the number of CVS Specialty contracts
continues to increase. However, Figure 2.16 demonstrates no signi cant change in
CVA's share of specialty 340B contracts after the acquisition.

| perform the same regressions but with total 340B specialty contracts and
other specialty contracts (Accredo, Optum, and Walgreens). Figure 2.17 and
Figure 2.18 present the results of estimating equation 2.1, using the total number
of contracts and the number of other major retail chain contracts in CBSAs with
high versus low Aetna coverage. Both gures show that the entire market was
growing, and CVS's acquisition of Wellpartner did not change the trajectory of
340B growth di erentially across markets.
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Figure 2.15: Change in Number of CVS Specialty Contracts

Figure 2.19 and Figure 2.20 present the results of estimating equation 2.2 in
the specialty pharmacy marketplace. | nd no di erence in CVS Specialty and
total contracts between hospitals with Aetna patient coverage in the top tercile
versus the bottom terciles of CBSAs, relative to the year before the merger. This is
likely a result of rapid growth in specialty contracting across the board, regardless
of the number of patients covered by Aetna.

2.5.3 Accredo-Verity-Cigna

| seek to quantify the e ect of Accredo’'s TPA acquisition in 2019 on their 340B
contract relationships, focusing on the specialty pharmacy market. To distinguish
between high and low-exposure CBSAs, | use the share of patients in CBSA
that are covered by Cigna commercial prescription insurance. In the regression
speci cation, the pre-period runs from Q1 2015 until Q3 2019, and the post-
period runs from Q1 2020 to Q4 2021. All regression coe cients are estimated



37

Figure 2.16: Change in Share of CVS Specialty Contracts

Figure 2.17: Change in Number of Total Figure 2.18: Change in Number of
Specialty 340B Contracts Other Specialty Contracts

with respect to Q4 2019, the time of the acquisition.

Figure 2.21 and Figure 2.22 present the results of estimating equation 2.1,
comparing growth in the number and share of Accredo contracts at the CBSA
level, between CBSAs in the top versus the bottom tercile of baseline Cigna patient
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Figure 2.19: Change in Number of CVBigure 2.20: Change in Number of Total
Specialty Contracts 340B Contracts

coverage, before and after the TPA acquisition. Figure 2.21 suggests that, while
there exists an increasing pre-trend in the number of Accredo contracts within
a CBSA, after the Verity acquisition the number of Accredo contracts begins to
increase, rising eventually to over 4 additional contracts in high versus low Cigna
patient coverage CBSAs by the end of 2021. However, Figure 2.22 demonstrates
no signi cant change in Accredo's share of contracts after the acquisition. As in
the retail pharmacy analysis, this is unsurprising given the rapid growth of the
340B program during this time (See Figure 2.5).

Again, | perform the same regressions but with total 340B specialty contracts
and other specialty contracts (CVS Specialty, Optum, and Walgreens). Figure
2.23 and Figure 2.24 present the results of estimating equation 2.1, using the
total number of contracts and the number of other major retail chain contracts
in CBSAs with high versus low Cigna coverage. Both gures show that the en-
tire industry was growing, and Cigna's acquisition of Verity did not change the
trajectory of 340B growth.

The second speci cation | estimate compares hospitals with high or low Cigna
commercial prescription coverage of their patients. To do so, | estimate equation
2.2 Figure 2.25 and Figure 2.26 shows no di erence in Accredo and total contracts
between hospitals with Cigna patient coverage in the top tercile versus the bottom
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Figure 2.21: Change in Number of Accredo Contracts

terciles of CBSAs, relative to the pre-acquisition time period. This is likely a result
of rapid growth in specialty contracting across the board, regardless of the number
of patients covered by Cigna.

As before, | estimate a propensity score model in order to create inverse
propensity score weights to re-weight the top and bottom terciles to be more
similar to each other. | began by estimating a Probit model predicting that either
a CBSA or a hospital is in the top tercile of Cigna coverage relative to the 1st
tercile in the pre-acquisition period (Q1 2015 { Q2 2019). | then use this model
to predict the propensity of being in the top quartile and form inverse propensity
score weights equal t(% for the observations in the top tercile andﬁ5 for obser-
vations in the bottom tercile. In this way, both the treatment and control group
are re-weighted to look more like each other.

| additionally assess whether the results are robust to choices other than terciles
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Figure 2.22: Change in Share of Accredo Contracts

Figure 2.23: Change in Number of Total Figure 2.24: Change in Number of
Specialty 340B Contracts Other Specialty Contracts

when dividing up CBSAs and hospitals by baseline Cigna patient coverage. | re-
estimate the two-period, two-group di erence-in-di erences estimates, classifying
CBSAs as either above and below the median Cigna patient coverage, quartiles of
Cigna patient coverage, and nallyany Cigna patient coverage in Q1 2015. These
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Figure 2.25: Change in Number of Figure 2.26: Change in Number of Total
Accredo Contracts 340B Contracts

alternate speci cations can be found in Appendix A.3.

2.5.4 Optum-Abacus Rx-UnitedHealth Group

In order to quantify the e ect of UHG's TPA acquisition in 2019 on their 340B
contract relationships, | again estimate equations 2.1 and equation 2.2. The ac-
quisition took place at the same time as the Accredo-Verity acquisition, so again
in the regression speci cation, the pre-period runs from Q1 2015 until Q3 2019,
and the post-period runs from Q1 2020 to Q4 2021. All regression coe cients are
estimated with respect to Q4 2019, the time of the acquisition. To distinguish
between high and low-exposure CBSAs, | use the share of patients in CBSA that
are covered by UHG commercial prescription insurance.

Figure 2.27 and Figure 2.28 present the results of estimating equation 2.1,
comparing growth in the number and share of OptumRx contracts at the CBSA
level, between CBSAs in the top versus the bottom tercile of baseline UHG patient
coverage, before and after the TPA acquisition. Figure 2.27 suggests that, while
there exists an increasing pre-trend in the number of OptumRx contracts within
a CBSA, the Abacus acquisition caused a signi cant increase in the number of
OptumRXx contracts in high versus low UHG patient coverage CBSAs. However,
Figure 2.22 demonstrates no signi cant change in OptumRx's share of contracts
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after the acquisition. Again, this is consistent with my previous analyses.

Figure 2.27: Change in Number of OptumRx Contracts

Again, | perform the same regressions but with total 340B specialty contracts
and other specialty contracts (CVS Specialty, Accredo, and Walgreens). Figure
2.29 and Figure 2.30 present the results of estimating equation 2.1, using the
total number of contracts and the number of other major retail chain contracts in
CBSAs with high versus low UHG coverage. The gures show that there was no
causal impact of the Abacus acquisition on either the industry as a whole, or on
OptumRx's competitors.

The second speci cation | estimate compares hospitals with high or low UHG
commercial prescription coverage of their patients. Figure 2.31 and Figure 2.32
present the results of estimating equation 2.2, and show no di erence in OptumRx
and total contracts between hospitals with UHG patient coverage in the top tercile
versus the bottom terciles of CBSAs, relative to the pre-acquisition time period.
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Figure 2.28: Change in Share of OptumRx Contracts

Figure 2.29: Change in Number of Total Figure 2.30: Change in Number of
Specialty 340B Contracts Other Specialty Contracts
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Figure 2.31: Change in Number of Figure 2.32: Change in Number of Total
OptumRx Contracts per Hospital 340B Contracts per Hospital
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2.6 Discussion

My results demonstrate that the integration of pharmacy contracts with a TPA
service for 340B hospitals, especially in the presence of a major insurer, increased
the number of contracts with the pharmacies when measured at the CBSA level.
The integrations had a generally insigni cant impact on the market share of the
pharmacies, and had largely insigni cant results at the hospital level with the
exception of contracts with OptumRXx. It is unsurprising that the results do not
show e ects on the market share of the pharmacies in question, as the market as
a whole was growing over the course of the past decade. Additionally, given the
increased participation by hospitals in the 340B program during the time period

| seek to analyze, it is unsurprising that it is di cult to establish a signi cant
causal impact at the hospital level.

However, my main hypothesis { that an increase in the pro t margins of con-
tracting leads to an increase in contracts with a given chain { holds true. This
could hold broad implications for the impact of the 340B program's rapid growth.
While | am not able to answer questions relating to revenue and pro t shifting,
future research should aim to uncover the amount of 340B revenue that ends up
with the hospital, as opposed to being diverted to the TPAs and the contract
pharmacies. When there is vertical integration between a pharmacy and a TPA,
my results suggest that the total revenue diversion (the marginal and xed cost
of an additional contract) decreasesleading to an increase in contracting behav-
ior and, ultimately, an increase in 340B revenues that allow covered entities to
provide greater care for their vulnerable patient populations.

Additionally, a hospital may choose to establish a contract if their revenues
are high enough, holding costs xed. As several of the pharmacies | study are
integrated with ensurers, my results that demonstrate increased contracting with
pharmacies such as CVS and OptumRx provide evidence that a hospital with a
patient population primarily covered by one of these insurers views contracting
with an associated pharmacy as a way of ensuring their patient population lls
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their prescription at a contract pharmacy. Critically, my nding of no impact of
vertical integration on the number of contracts atother pharmacies demonstrates
that this program is growing as a whole and that integration does not impact the
participation of other pharmacy chains. Ultimately, my results show that phar-
macies who are integrated with TPAs and insurers provide an attractive option
for a covered entity to maximize their 340B revenues.

It is particularly notable that the analyses of specialty pharmacies show weaker
impact of vertical integration. This is intuitive given my hypothesis regarding
decreasing costs of contracting leading to increased contracting behavior. This is
because specialty pharmacies serve much wider patient bases (possibly larger than
the geographic area of a CBSA), and provide drugs at higher pro t margins. Thus,
the bene t from contracting with a specialty pharmacy isalready relatively high,
and the marginal reduction in cost from a pharmacy vertically integrating with a
software provider (and the increase in revenue from patients covered by an insurer
lling prescriptions at the associated pharmacy chain) is much less impactful then
a cost reduction (or revenue increase) in the retail pharmacy space, where the gap
between costs and revenues is much smaller.

2.7 Conclusion

My results point to potential factors augmenting the rapid growth of the 340B
program { a safety-net subsidy program meant to further access to care for low-
income and uninsured patients. This paper contributes to the research on the 340B
drug pricing program - and the larger healthcare safety-net - by suggesting that
with the rapid growth and integrations of 340B patient management softwares,
some of these 340B revenues are being captured by major retail chains. A recent
analysis suggested that CVS and Walgreens each méeklebillion in revenue from
the 340B program in 2021 (A. J. Fein, 2022).

Increased chain pharmacy entry into the 340B contract pharmacy market, fa-
cilitated by vertical integration of insurance, pharmacy, and TPA services, has
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likely given major retail chain pharmacies leverage in gaining more and more rev-
enue from the program. In future work, | seek to structurally model the impact
of 340B contract pharmacy fees, in an attempt to estimate the share of 340B rev-
enues retained by the contract pharmacy and TPA. It is particularly important to
consider measures of market power and integration when studying the contracting
decision of a covered entity.

The primary limitation of my analysis is a lack of data on contract pharmacies,
TPA, or 340B revenues. Therefore, my analysis cannot speak to changes in these
outcomes. Another limitation is that | do not have volume data on retail phar-
macies from which to calculate more accurate measures of actual market share,
and are instead relying on insurance coverage as a proxy. In future work, | plan
to incorporate data sources with information on insurance claims and prescrip-
tion lls in order to more accurately classify pharmacies as high/low exposure to
hospital patient mix.



Chapter 3

What i1s a \Patient"?

3.1 Introduction

The United States' 340B program entitles certain hospitals and clinics to purchase
outpatient drugs at substantial discounts in order to defray the costs of provid-
ing safety-net health care (Health Resources and Services Administration, 2023).
Nearly half of all US hospitals participate in the program as \covered entities".
Under program rules, covered entities can generate an unrestricted subsidy when
the entity bills insured patients for discounted drugs. Estimates suggest that the
list price value of drugs purchased through the 340B program is ov$100 billion
annually while the discounts amount ta$50 billion, implying that covered entities
bene t from a subsidy of as much a$50 billion (A. J. Fein, 2023).

In this study, we show how a recent US District Court decision will expand
the scope of the program and increase its complexity for participants. The deci-
sion expands the de nitions that govern which prescriptions are eligible for 340B
discounts. We simulate discount eligibility using a large sample of prescriptions
drawn from Medicare Part D. We rst measure how the new de nitions will expand
the set of eligible prescriptions, and then demonstrate how the new de nitions will
also increase the number of prescriptions for which two or more covered entities
can both claim discounts.

48
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3.2 Background

To generate the 340B subsidy for a particular prescription, the prescription must
be lled at a qualifying pharmacy and written for a \patient" of the covered en-
tity. The rst element of this de nition is straightforward: qualifying pharmacies
include in-house pharmacies that are owned and operated by the covered entity,
or \contract pharmacies"” that are community pharmacies with an agreement to
dispense discounted medications on the covered entity's behalf. Contract phar-
macy arrangements are common, with over 40% of retail pharmacies holding at
least one contract with a covered entity in 2022 (Lin et al., 2022; S. Nikpay et al.,
2023). Among those pharmacies with a contract, many hold agreements with more
than one covered entity: in 2022, 60% of contract pharmacies had more than one
contract and approximately a third had more than two (S. Nikpay et al., 2023).

The \patient" component of the 340B eligibility requirement is less clear. The
statute enabling 340B includes broad and vague language on the de nition of a
patient that does not explicitly de ne the concept, stating only that a \covered
entity shall not resell or otherwise transfer [a 340B] drug to a person who is not
a patient of the entity."(Health Resources and Services Administration, 2023)
The agency that oversees the 340B program, the Health Resources and Service
Administration, issued 1996 guidance implementing the statutory language with
a three-part de nition: (1) the covered entity must maintain records on the in-
dividual, (2) the individual receives care from a provider that is employed by
or has a contractual or referral relationship with the covered entity, and (3) for
most covered entity types, the individual received services that are consistent with
the scope of care provided by the covered entity (Health Resources and Services
Administration, 1996).

However, HRSA applied an additional criterion to the de nition of patient
when in its audits of 340B eligibility: that a prescription's prescriber be a liated
with the covered entity (Genesis Healthcare Inc., 2022). As such, when a covered
entity claimed a discount on a drug that its ostensible patient was prescribed,
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HRSA considered it to be in violation of the patient de nition unless the drug
was prescribed by a prescriber aliated with the covered entity. Thisstatus
quo is described in the left side of Figure 3.1 in which covered entity A can
claim a discount on the focal prescription if its prescriber is a liated with the
covered entity and the pharmacy that dispenses the prescription has a contract
with covered entity A

The court case we considerGenesis v. Becerra arose after HRSA's 2018
audit of a Federally Quali ed Health Center known as Genesis. HRSA found that
Genesis had claimed 340B discounts on prescriptions in which the prescriber was
not a Genesis a liate, and revoked its 340B status. Genesis sued, arguing that
the de nition of \patient” HRSA used in its audits was not supported by either
the statute or HRSA's 1996 guidance (Genesis Healthcare Inc., 2022). Although
HRSA reversed the results of the audit and the lawsuit was dismissed, the Fourth
Circuit Court of Appeals took up the case because of the lack of clarity in HRSA's
audit methodology. In November 2023, the District Court sided with Genesis
because \the plain wording of the 340B statute does not require the covered
entity to have initiated the healthcare services resulting in the prescription.” (Bass
Berry Sims, 2023) The court's interpretation of patient was broad, stating that
congress intended the de nition of a patient to be that used in plain language - \an
individual awaiting or under medical care and treatment." They emphasized that
the statute is silent on an o cial time period or time limit and court documents
revealed that covered entities commonly look as far back as 3 years (Bass Berry
Sims, 2023).

We expect the new de nition of eligible prescriptions could result in two
changes. First, the size of the program will (at least weakly) increase as covered
entities claim discounts on prescriptions that go to their \patients" but were not
prescribed by any of their a liated providers. Second, the rule change is likely to
generate an increase in the number of the prescriptions for which multiple covered
entities could plausibly claim the discount. BeforeGenesis con icts over 340B
discounts could only arise if a prescription was written by a prescriber a liated
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with multiple 340B covered entities and lled at a pharmacy that is contracted
with multiple covered entities. For example, a prescription could be claimed by
two covered entities only of its prescriber practices at two covered entities and the
prescription is lled at a pharmacy that has a contracts with both of those same
covered entities. Figure 3.1 demonstrates such a con ict: aft€enesis a con ict
may arise for a particular prescription if its prescriber is a liated with covered
entity A, but the patient has recently obtained care from covered entity B, and the
prescription is lled at a pharmacy that has contracts with both covered entities.

3.3 Data and Methods

3.3.1 Data

Our analytic dataset was created by linking several datasets. The rst dataset
was a 20% sample of 2018 Medicare Prescription Drug Event (PDE) and 2008-
2018 fee-for-service (FFS) Medicare outpatient and inpatient claims. We limited
our sample to prescriptions for 2018 Medicare FFS bene ciaries with 12 months
of enrollment in Parts A, B, and D. These prescriptions, numbering 155 million,
represented 51% of all Medicare Part D claims.

The second dataset was derived from the 340B Outpatient Prescription Drug
Administration System, which lists the initiation and termination dates for all
clinics, in-house pharmacies, and contract pharmacies registered under covered
entities. We used this dataset to create a hospital-quarter-year le with the MPN
of all covered entities appearing in the claims data (2,174 unique MPNSs in 2018).
We also create a pharmacy-quarter-year le with the 340B registration status
for all in-house and community pharmacies listed in the National Council for
Prescription Drug Plans (NCPDP) database { a listing of all pharmacies in the
United States. Linking to NCPDP was necessary as the 340B data do not contain
pharmacy identi ers necessary to link pharmacies to the PDE data. Linking to
NCPDP was necessary as the 340B data do not contain pharmacy identi ers
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necessary to link pharmacies to the PDE data.

The OPAIS data was matched to the NCPDP data by an \augmented location
matching" approach. First, the address elds in both datasets were cleaned and
then used to add geocode (latitude and longitude) information. We then calculate
the pair-wise straight line distance between all pharmacies in the same state in
each dataset, and Iter to pairs that are within 0.2 miles of each other. This is
important, as small di erence in how addresses appear in di erent datasets (e.g. if
one address includes a suite number) can lead to di erences in geocodes, and thus
may not appear inexactly the same location. We then implement fuzzy-matching
(using jaro-winkler, levenstein, and cosine string distance) on both pharmacy
name and address to identify pairs of pharmacies that are matches. When a
pharmacy in OPAIS is matched to multiple NCPDP pharmacies, manual review
is used to identify which pair is correct. In 2018, we identi ed 18,216 unique
in-house or contract pharmacies with active 340B contracts, representing 32,647
contracts in total. A description of the probabilistic matching procedure used to
link 340B data to the NCPDP is described at further length in Appendix D.

In the sections below we describe how these datasets are linked to construct
the pre- and postGenesispatient de nitions.

3.3.2 Pre-Genesis De nition

We de ne a prescription as eligible for 340B discounts under the pf@enesis
de nition if its prescriber is a liated with a covered entity and the pharmacy
where the prescription is lled has a contract with the same covered entity.

We began by a liating prescribers in the 2018 PDE, identi ed by their Na-
tional Provider Identi er (NPI), to covered entities, identi ed by their Medicare
provider number (MPN). To do this, we gathered all the MPNs the prescriber had
billed under in 2018 hospital outpatient data. This method is qualitatively similar
to commonly used hospital-physician integration algorithms, except that we do
not limit to a minimum billing threshold in order to capture as many a liations
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as possible (Neprash et al., 2017). This linkage allowed us to determine which
covered entity or entities could claim each prescription under the pre-Genesis def-
initions used in HRSA's audits. Among our sampled prescriptions, approximately
half of the prescribers (513,944) are a liated with one or more covered entities
(an average of 2.4 covered entities per prescriber).

Not all prescriptions meeting an eligible patient de nition qualify for discounts;
to qualify, the prescription must be lled at either the hospital's in-house phar-
macy or a community pharmacy that maintains an active contract with the hos-
pital. Therefore, our next step was to mark as in-eligible any prescriptions writ-
ten by 340B-a liated prescribers lled at pharmacies that were not registered as
in-house or contract pharmacies. Importantly, we also eliminated prescriptions
written by 340B-a liated prescribers that were lled at contract pharmacies at
which the prescribers' a liated covered entity did not have a contract. In other
words, contracts are specic to covered entities. Therefore, a prescription lled
at a contract pharmacy was not counted as eligible for a discount if the 340B
hospital did not have an active contract at the pharmacy. This process eliminated
roughly one-third of prescriptions written by 340B-a laited prescribers.

Our Pre-Genesis de nition is similar to a method developed by Dickson et
al., 2023, who estimated that 7% of Medicare Part D prescriptions were written
by 340B-a liated prescribers and lled at a 340B contract pharmacy in 2018.
Our method di ers in three ways. First, we considered prescriptions eligible for
discounts only if they were lled at a pharmacy that had an active contract with
the speci c 340B hospital rather than a contract with any 340B hospital. In this
way, we identi ed fewer eligible prescriptions. Second, we used a di erent method
of 340B in-house and contract pharmacies to the NCPDP data that relied on
probabilistic string matching and geospatial data rather than direct matching
on address text. Finally, as noted above, our method of a liating providers with
speci ¢ covered entities relied on any past billing experience rather than matching
the prescriber's address to that of the 340B hospital. These last two di erences
meant that we identi ed more eligible prescriptions than previous studies.
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3.3.3 Post-Genesis De nition

To construct the post-Genesisde nition, we add another pathway for discount el-
igibility to the pre- Genesisde nition. The new pathway is that a prescription can
be eligible for discounts if the patient has obtained services from a covered entity
and is lled at a pharmacy that contracts with that covered entity. To identify
these additional covered entities, we collected all observed MPNs providing care
to the patient over di erent \lookback" periods: same quarter as the prescription,

3 years, and 10 years.

Under the pre-Genesisde nition, a prescription is eligible for discounts at 2
or more covered entities if the pharmacy holds contracts with multiple covered
entities and the prescriber is a liated with those same covered entities. Post-
Genesis there are more pathways that result in a prescription being eligible for
discounts at multiple covered entities. For example, the patient may have obtained
services from multiple covered entities over the lookback period; alternatively, the
prescriber may be a liated with one covered entity, but the patient has obtained
services from a di erent covered entity. As in-house pharmacies occasionally serve
as contract pharmacy sites for other covered entities, we allowed con icts to occur
at in-house as well as contract pharmacies. We found that in-house pharmacies
were involved for less than 5% of total prescriptions with a conict.

Incorporating these additional services identi ed approximately 1.8 million
services per quarter-year in our unweighted sample. As with the pre-Genesis
de nition, we marked as ineligible covered entities that did not hold a contract
with the covered entity.

Under both these post-Genesis de nitions, prescriptions could be assigned to
no 340B hospital, one 340B hospital, or, more frequently than the p@enesis
de nition, multiple covered entities. Con icts arise when a prescriber is a liated
with one or more distinct covered entities or the patient who is prescribed the
drug has sought care from multiple covered entities over the lookback period, or
when the prescriber is a liated with a covered entity but the patient has obtained
care from a di erent covered entity. As in-house pharmacies occasionally serve as
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contract pharmacy sites for other covered entities, we allowed con icts to occur
at in-house as well as contract pharmacies. We found that in-house con icts
accounted for less than 5% of total prescriptions with a conict (S. Nikpay et al.,
2023).

For each de nition, we presented the distribution of Medicare Part D prescrip-
tions and spending in 2018 that were claimable by one, two or more, or no covered
entities. Next, we explored the share of Part D prescriptions upon which discounts
could be claimed across 4 types of drugs: multiple source drugs, and single source
drugs with a total cost of less than$10,000,$10,000$49,999, or$50,000 or more
spending per month.

We measured the number of prescriptions eligible for discounts at zero, one,
and more than one covered entity as well as the expenditure associated with those
prescriptions. We scaled up our estimates to represent the full Part D population
by multiplying by 5 (due to our 20% random sample) and by 1.97 (to account for
Part D prescriptions from part-year enrollees and Medicare Advantage enrollees).

We also used Medicare Provider Numbers of the hospitals that prescribers
were a liated with to calculate the share of each hospital's 340B-eligible Part D
prescriptions with a conict. We then plot the share of hospitals that fall into 5
categories of the share of total discounts with conicts: less than 20%, 20-39%,
40-59%, 60-79%, and over 80%.

Figure 3.1 summarizes the pré&enesisde nition and three alternative post-
Genesispatient de nitions of decreasing speci city. The \type of service" indi-
cates the method used to attribute prescriptions: either the entity originating the
prescription, or observed inpatient and outpatient claims. The \lookback period"
indicates the amount of time over which provider claims experience is considered:
the current quarter only, the current quarter plus the past 3 years, and nally the
current quarter plus the past 10 years.
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Table 3.1: Summary of Pre and PosGenesisDe nitions

Type of Service Lookback Period
Used to Align Current Quarter  Current Quarter
o Current Quarter Only
Prescriptions and Last 3 Years and Last 10 Years
Prescribing NP1 is )
. ) Pre-Genesis
a liated with the .
o De nition
covered entity in the last year
Prescribing NPI is
a liated with the
covered entity in the last year
OR Post-Genesis Post-Genesis Post-Genesis
Patient has had inpatient or De nition 1 De nition 2 De nition 3

outpatient claims experience
with covered entity during
a given lookback period

Figure 3.1: Summary of Pre and PosGenesisDe nitions
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3.3.4 Limitations

We have several limitations which must be noted. First, our analysis uses Medicare
FFS patients, which comprised a two-thirds of all Medicare patients in 2018.
Although we have re-weighted our results to match the full Medicare population,
the utilization patterns of FFS patients may be di erent than those in Medicare
Advantage. Also related to generalizability, the nancial bene ts of the program to
covered entities depend on reimbursements rates, and therefore likely di er across
payers. Second, our analysis only considers hospitals because their claims are in
the Medicare outpatient and inpatient les. Services provided by Federal grantee
clinics, which also prescribe medicines and are eligible for 340B discounts, are not
readily identi able in the Medicare claims data, and were therefore not part of our
analysis. As approximately 4% of Medicare bene ciaries seeking regular primary
care relied on Federally Quali ed Health Centers, we likely underestimate the
number of 340B-eligible prescriptions and the number of possible con icts (Lavelle
et al., 2018). Third, our analysis ignores the possibility of \referral management”
in which 340B providers circumvent the prescription origination part of the pre-
Genesis patient de nition by maintaining records of the patient's care related
to the prescription, even though it was not prescribed by a covered entity (S.
Nikpay and Halvorson, 2023). Therefore, we may be underestimating the 340B-
eligible share of preenesisPart D prescriptions. Fourth, data on 340B discounts
are not publicly available, and therefore the estimated spending subject to 340B
discounts represents the list prices of the prescriptions rather than the amount
net of 340B discounts. Finally, we use data from 2018, as it was the most recent
year of completed claims data. Although the total number of 340B contracts with
pharmacies increased from 46,483 in 2018 to 131,610 in 2022, the most recent
year of PDE available, manufacturer restrictions on discounts through contract
pharmacies beginning in 2020 likely counteracted growth of prescriptions through
contract pharmacies. A recent report found that the growth of 340B discounts
through contract pharmacies slowed in 2020 (Martin, 2023).
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3.4 Results

Figure 3.2 presents the distribution of 340B-eligible prescriptions according to the
pre-Genesisand postGenesisde nitions.! Using the PreGenesisde nition, we
found that 11% were eligible for discounts and could be claimed by only 1 340B
provider, and that only 1% of prescriptions were eligible and claimable by more
than 1 covered entity in 2018. Therefore, the total share of Medicare Part D drugs
eligible for 340B discounts in 2018 was 12%.

Applying increasingly expansive postGenesisde nitions, the share of Part D
prescriptions eligible for 340B discounts increases. The share claimable by only 1
covered entity increased from 12% considering only contemporaneous (same quar-
ter) utilization to 14% with a 10-year lookback period. The share of prescriptions
that were eligible for 340B discounts and claimable by two or more covered entities
tripled from 1% considering only same-quarter utilization to 3% with a 10-year
lookback period.

Figure 3.3 presents the distribution of 340B discount eligible Part D spending
across pre- and posGenesisde nitions and by the number of covered entities that
could claim the discounts. Under the Présenesisde nition, we nd $22B of Part
D spending is eligible for 340B discounts. Approximatel$3B, or 13.2%, of 340B
discount eligible drug spending could be claimed by 2 or more covered entities.
Across the postGenesisde nitions, 340B-eligible Part D spending increased from
$24B with no lookback period to$30B with a 10-year lookback period. The share

1The gures in this section plot the share of Medicare Part D prescriptions by the num-
ber of covered entities that could claim a discount on the drug: none, 1 or 2 or more. The
pre-Genesis de nition counts as 340B-discount eligible all prescriptions that are prescribed by
a 340B-a liated prescribed and lled at covered entity's in-house pharmacy or a pharmacy at
which the covered entity maintains a contract. The post-Genesiscounts as eligible all prescrip-
tions attributable under the pre- Genesis de nition and adds covered entities that have claims
experience with the patient when prescriptions are lled at the covered entity's in-house phar-
macy or are lled at a contract pharmacy at which the covered entity maintains a contract.
The post-Genesisde nitions vary by the number of years over which past claims experience is
considered: the current quarter only, the past 3 years, or the past 10 years.
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Figure 3.2: Medicare Part D Prescriptions Potentially Subject to 340B Discounts
by De nition, and Number of Covered Entities to which Prescriptions are Aligned,
2018

of 340B discount eligible Part D spending claimable by 2 or more covered entities
increased from 14% with no lookback period to 20% with a 10-year lookback
period.

Figure 3.4 presents the distribution of hospitals by the share of their 340B-
discount eligible Part D drugs that could also be claimed by another hospital
covered entity. BeforeGenesis 72% of hospital covered entities had 20% or less
of their 340B-eligible prescriptions that were con icted. In contrast, less than 1%
of covered entities had 80% or more of their 340B-eligible prescriptions subject
to a conict. However, applying the 10-year lookback posGenesisde nition,
we found that fewer hospitals fell into the 20% or less group (58%) and more
hospitals fell into the 60% or more groups. This demonstrates that the post-
Genesis de nition increases con icted prescriptions at the hospital level.
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Figure 3.3: 340B-Eligible Medicare Part D Prescription Drug Spending by De ni-
tion and Whether the Discount is Potentially Claimable by more than one Covered
Entity
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Figure 3.4: Distribution of the Share of Hospital's 340B-Eligible Medicare Part D
Spending that is Claimable by Another Covered Entity, 2018
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3.5 Discussion & Conclusion

Within the industry, the Genesisdecision has been expected to have a \seismic"
impact on the 340B program, which already accounts for between 10 and 16%
of all prescription drug spending (Quarles, 2022; Martin, 2023; Mulligan, 2021).
Our analysis suggests that a posGenesispatient de nition's impact on the size

is signi cant but less than \seismic.”" The share of Medicare Part D prescriptions
for which 340B discounts can be claimed in Medicare Part D would rise from
12% to about 16% using our most liberal de nition. Although the postenesis
patient de nition would have a proportionally small impact, measured in dollars,
the increase would represent &7.4B increase in Part D spending eligible for 340B.
If we were to assume that 340B represents similar percentage discounts o reim-
bursement in Medicare Part D as in Medicare Part B (53%),(O ce of Inspector
General, 2015) we would expect the new de nition to increase the unrestricted
subsidy generated o Medicare Part D drugs to rise fron$11.8B to $16.1B.

The increasing size of the program, however, raises the need for a sharper
strategic vision of the purpose of 340B subsidies.

Our analysis also found that nearly 3% of all Part D prescriptions could be
claimed by more than 1 provider, up from about 1% using the pr&enesisde ni-
tion. Although the share of total prescriptions with con icting claims was small,
the new de nition could essentially triple the number of prescriptions for which
con icts might need to be adjudicated. The costs of adjudication are unknown,
but it is likely that Third Party Administrators (TPAs), companies that handle
many administrative functions of the 340B program, will have a role (S. Nikpay
and Halvorson, 2023; G.A.O., 2018). A common role for these companies is to
buy and ship drugs on behalf of the covered entity to the contract pharmacy and
generate lists of prescribers a liated with the entity for the purposes of agging
prescriptions for discounts. Post-Genesis, TPAs may play an even greater role in
contract pharmacy administration. Those working on behalf of covered entities
compete to produce the most comprehensive list of eligible patients to maximize
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discounts. TPAs working on behalf of pharmacies may develop methods to identify
overlapping lists of eligible patients and determine which one gets the discount.
These additional roles for TPAs will most likely result in additional administra-
tive costs for covered entities as well as a growing role for TPAs, a growing and
poorly understood or tracked part of the 340B ecosystem. Further, when multiple
covered entities have an equal claim in the postenesisworls, there is no way
to auto-resolve these. Since TPAs are working hard to nd discountable prescrip-
tions, these will be found, and conicts will ensue. Ultimately, this may mean
that covered entities enter litigation to resolve these claims.

Although our results suggest the post-Genesis de nitions will increase the size
of the program, holding all else equal, increased restrictions on 340B discounts
through manufacturers could counterbalance or even outweigh the increase in
340B-eligible prescriptions. Since the fourth quarter or 2020, 30 pharmaceutical
manufacturers have issued letters notifying covered entities that they will not
provide discounts on drugs lled at more than one contract pharmacy. As a
result, many of the drugs we count as eligible would likely not be eligible for
discounts. These restrictions can be seen in 340B sales. Before the restrictions
went into e ect, 340B sales through contract retail and mail order pharmacies
grew by more than 33%, but by 2022, two years after the restrictions went into
e ect, sales grew by only 5%. Over the same period, 340B sales through hospitals
and clinics increased (Martin, 2023).

While the true impact of the Genesis Healthcare Inc., v. Xavier Becerrade-
cision (Genesis Healthcare Inc., 2022) is yet to be seen in practice, our research
provides evidence of the potential wide-reaching impact of the decision, which
may continue to have ripple e ects among pharmaceutical markets and litigation
between covered entities (Phengsitthy, 2024). This decision has caught the atten-
tion of the government, where the U.S. Congress is once again eyeing an overhaul
of the 340B program, exactly the overhaul th&enesisdecision called for (Knight,
2024). The full e ects may have yet to be discovered, but it is cleaGenesisis
just the beginning.



Chapter 4

Network E ects

4.1 Introduction

A classic challenge faced by economic policymakers and researchers is to balance
e ciency with equity in designing welfare programs. Welfare and social safety-net
programs, designed to provide support and resources to vulnerable segments of
society, represent a foundation of modern social and economic policy. However,
implementing these programs comes with inherent trade-o s. On one hand, max-
imizing e ciency and cost-e ectiveness ensures optimal utilization of resources,
helping minimize costs in order to bene t the greatest number of recipients while
limiting scal strain. On the other hand, ensuring equitable welfare programs
guarantees that those who truly need assistance are not excluded, ultimately with
the goal of reducing socio-economic disparities (Summers, 1989; Barr, 1992). In
designing and operating welfare programs, some amount of diversion and dis-
tortion occurs, which the planner seeks to minimize. In this paper, | study the
distortions introduced by \hassle costs" and administrative burden - a \leak" from
the program - and examine how the scale of private rms may introduce e cien-
cies through network e ects. Using an empirical application to the 340B Drug
Pricing program, | demonstrate that while a reduction in administrative costs may
help grow the scale of a welfare program, it simultaneously presents distortions
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relative to the optimal con guration.

The tension between e ciency and equity has been the subject of questions
about the design, administration, and impact of welfare programs. The social
planner seeks to design such programs in order to minimize distortions, and strik-
ing the right balance is essential to provide public assistance while operating
within budget constraints (Dynarski, 2003). In seeking to maximize e ciency in
welfare programs, the use of private rms to administer public aid programs has
emerged as a potential solution, arising from the desire to harness the e ciency
of the private sector to achieve optimal public welfare delivery.

However, involving private rms involves some degree of diversion of public
funds, to pay the costs associated with administering the program. These costs
encompass a range of activities, including but not limited to eligibility veri cation,
payment processing, data management, bene t distribution, and overall program
administration. Thus, a portion of the allocated budget for welfare programs may
end up in the pockets of these contracted rms. However, the scale and scope of
private rms may allow for increased e ciencies in distributing aid, reducing the
administrative and hassle costs often intrinsic to welfare programs.

Partnership between governments and private rms in administering social as-
sistance programs have become nearly ubiquitous, with private companies being
used to administer Medicare and Medicaid coverage, job training programs, and
unemployment claims, among others. As the boundaries between public and pri-
vate incentives blur, a new set of questions needs to be addressed. How does the
goal of maximizing the impact of welfare programs interact with the pro t objec-
tives of private rms? What are the implications of diverting public funds towards
administrative costs of private companies? How do concerns about market power
manifest in this setting?

This balance is particularly pronounced in the context of the 340B Drug Pric-
ing Program, a federal social safety-net program where private pharmacies play
an integral role. The 340B program allows hospitals to purchase drugs at a dis-
counted ceiling price from manufacturers, collect higher reimbursements from their
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patients' insurers, and keep the di erence as pro ts in order to enhance safety-net
care for vulnerable patient populations. While there are no restrictions on how
the prots may be used, many hospitals use the additional funding to provide
care for uninsured patients, free vaccines, expand their specialty services, or im-
prove their facilities. As the 340B program has grown to provide over 40% of U.S.
hospitals with over $110 billion in discounted pharmaceuticals, questions emerge
about the e cacy of entrusting private entities with program administration (A. J.
Fein, 2019; S. Nikpay et al., 2022; Glassman, 2023; A. J. Fein, 2022). In partic-
ular, hospitals need to contract with pharmacies (called \contract pharmacies")
to distribute their 340B drugs, and these pharmacies can charge both an up-front
\contracting fee" as well as a per-prescription \dispensing fee" (G.A.O., 2018).

The 340B program may present a range of distortionary e ects. The program
essentially levies a tax on pharmaceutical companies, which may cause potential
impacts on innovation and advertising (Hristakeva et al., 2024). As insurance
companies may not be allowed to dispense drugs at their negotiated rates, there
may be \steering" of patients by insurers (Starc and Swanson, 2021; Bruno et al.,
2024). Additionally, in order for the program to function, hospitals must deal
with the regulatory hurdles imposed by inventory management, managing patient
records, and preparing for audits. If there were no costs, we would expect a hos-
pital to establish a contract with every single pharmacy at which one of their
patients lled a prescription. Instead, only 15% of retail pharmacies act as
\contract pharmacies” in 2018. In Chapter 2, | nd that when large pharmacy
chains have launched or acquired and integrated 340B-speci ¢ program manage-
ment software, hospitals are more likely to establish new contracts with that chain.
This is just one example of the e ciency o ered by the scale of chain pharmacy
networks. However, every dollar spent on contract pharmacy fees is a dollar that
does not go towards serving disadvantaged patients, and is thus a \leak” that
reduces the target e ciency of the program.

In this paper, | study the costs faced by hospitals that participate in the
340B program, to understand how the network e ects of chain pharmacies can
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reduce the regulatory and administrative hurdles that complicate the decisions
inherent to the pharmacy contracting process. This decision making by hospitals
is an example of the balance between ensuring streamlined program operation
and optimal resource utilization to directly bene t eligible recipients. Essentially,
hospitals seek to minimize the \leaks" that cause decreases in total safety-net
funding. Therefore, it is essential to understand the mechanisms that govern this
process when evaluating the impact it has on the intended welfare objectives and
the overall e ciency of the program.

| estimate a new model of hospital-pharmacy contracting in the 340B Drug
Pricing Program. In my model, the costs of contracting with a given pharmacy
depend on whether the pharmacy has participated in the program before, or if
the pharmacy is a chain pharmacy with which the hospital has previously con-
tracted. My model is consistent with the literature on optimal network or contract
selection, including Holmes, 2011, Morales et al., 2019, and Houde et al., 2023.
In these models, a rms choice of location is based on its previous decisions in
all locations, allowing for dynamic network e ects. | leverage novel estimates of
the potential revenue of 340B hospital-pharmacy contracting from ongoing work.
Armed with these estimates, | am able to impose only weak restrictions on the
set of pharmacies from which a hospital chooses to contract. | then implement a
moment inequality estimation approach that exploits these assumptions in order
to estimate bounds on the impact of network e ects and program participation
on administrative costs.

In my estimation, | use a hospital-pharmacy dataset that includes informa-
tion on eligible and participating hospitals, and the pharmacies with which they
choose to contract, for the period 2008{2018. | pair this data with estimates of
pharmacy prescriptions obtained from a sample of Medicare Part D claims data
covering the same time period. My estimates show that contracting with a phar-
macy that bene ts from \network e ects" (i.e. a chain pharmacy with which the
hospital has previously established a contract at a di erent location) reduces the
sunk cost associated with establishing a new contract by at least 10% of average
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annual revenue. That is, a hospital is willing to contract with a pharmacy that
has fewer patients if that pharmacy has network e ects. However, while this en-
courages an increased number of contracts, | nd that the resulting con guration
of pharmacies is not optimal. A counterfactual exercise in which | remove these
e ects demonstrates that the observed con guration results in 40% fewer captured
patients, and thus lower revenue (a 7 percentage point decrease).

The cost savings associated with chain pharmacy contracts are consistent with
market entry - in this case signing a contract - requiring a costly adaptation pro-
cess. In the context of trade, Morales et al., 2019 nds that some rms are better
positioned, and thus more likely, to enter certain countries because of previous
experience exporting to similar markets and have thus already partially internal-
ized the administrative costs of establishing a relationship. | nd the same, where
in my context a pharmacy is a \foreign market." While in the trade literature
the administrative sunk costs involve such hurdles as changes in the labelling and
packaging of the product, in my context these hurdles arise in the form of utilizing
new patient management software, interacting with new inventory managers, and
maintaining records of the relationships to maintain compliance with federal audit
requirements.

In the standard dynamic entry model, the ability to estimate parameters in-
volves calculating choice probabilities and identifying the set of parameters that
maximizes the likelihood of the observed entry decisions in the dataset. In my set-
ting, this is not feasible. Just as the number of possible location combinations for
Wal-Mart to open a super-center (Holmes, 2011), Amazon to open a distribution
warehouse (Houde et al., 2023), or the number of potential export destinations for
a Chilean rm (Morales et al., 2019) are too large for standard computation mea-
sures, so too is the choice of an optimal pharmacy network. In order to estimate
such a problem discretely, one would need to examine the dynamic implications
of every possible \bundle" of pharmacies in the choice set: a nearly impossible
computational task, given the size of the data and the number of possible pharma-
cies. Instead, by using a moment inequality estimator, | am able to estimate lower
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bounds on the cost savings introduced by network e ects, without computing a
rm's value function or imposing any form of arti cial limitation on their choice
sets beyond what is observed in the data.

The remainder of the paper is organized as follows. Section 4.2 presents back-
ground information and related literature. Section 4.3 describes the data. Section
4.4 describes a motivating discrete-choice model and presents results. Section
4.5 presents the empirical model and derives moment inequalities. Section 4.6
presents results and discusses counter-factuals. Section 4.7 concludes.

4.2 Background & Related Literature

4.2.1 Related Literature

This paper is related to several strands of economic and public health literature.
First, it relates to papers that study network formation, particularly healthcare
and insurance networks. Ho and Lee, 2019 estimate equilibrium outcomes in insur-
ance and hospital network negotiations, building on other research regarding insur-
ance markets and provider market powerg.g. Ho and Lee, 2017; Gowrisankaran
et al., 2015). In the context of drug pricing, Starc and Swanson, 2021 estimate
the welfare e ects of pharmacies being listed as a \preferred" pharmacy within a
Medicare Part D prescription drug plan. In contrast to this prior literature, this
paper focuses on the one-sided problem of a rm choosing their optimal network.
Second, this project relates to institutional research regarding the 340B Drug
Pricing Program, which might be one of the largest government healthcare pro-
grams that many people have never heard of (A. J. Fein, 2023). While researchers’
interest in the 340B program is rising alongside the programs' rapid growth and
expansion, most current literature has focused on eligibility requirements and
what participating entities do with their revenues. S. Nikpay et al., 2022, Conti
and Bach, 2014, and Mulligan et al., 2021 study strategic hospital behavior in
340B program participation, in particular examining \bunching" that may occur
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around the eligibility thresholds for a healthcare provider to be considered a cov-
ered entity. This research has drawn public attention, as reporting has indicated
that such behavior may carry pro ts of over$100 million per year for a hospital
(Thomas and Silver-Greenberg, 2022). Still other research, such as S. S. Nikpay
et al.,, 2020 and Desai and McWilliams, 2021, studies the provision of uncom-
pensated or charity care in response to 340B participation, nding limited or null
e ects. Lastly, studies have explored and documented unintended consequences of
the program including increased spending on cancer drugs and hospital-physician
consolidation (Jung et al., 2018; Desai and McWilliams, 2018). This paper builds
on this previous research by delving deeper into the forces governing the growth
of this program, estimating the mechanisms governing contract formation, and
examining how the current landscape compares to an optimal setting.

Third, this paper relies on a rich literature on rm decision making, entry/exit
decisions, and location choice. These papers include, but are not limited to, T. F.
Bresnahan and Reiss, 1991, Berry, 1992, Berry, 1994, Mazzeo, 2002, Seim, 2006,
Aguirregabiria and Mira, 2007, and Jia, 2008. However, most of these papers
consist of a dynamic setting in which multiple rms play an entry game against
each other. In Seim and Waldfogel, 2013, the authors study the decision making
of a monopolist seeking to optimally distribute liquor stores throughout the state
of Pennsylvania. This project employs a similar framework, but expands the
scope to multiple agents that all act as \monopolists" in their given markets.
Ellickson et al., 2013 measures the e ect of local chain economies in the discount
retail market, applying a pro t inequality approach to estimate the forces driving
location clustering among competitors.

Fourth, this paper contributes to the empirical literature on moment inequali-
ties. Recent reviews of this literature include Ho and Rosen, 2015, Molinari, 2020,
and Canay et al., 2023. In particular, many papers rely on derivations from Pakes
et al., 2015, which establishes conditions under which inequality constraints may
be properly estimated in a single-agent optimization problem. The three papers
this project most closely builds o of are Holmes, 2011, which studies Wal-Mart's
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optimal store opening strategy, Morales et al., 2019, which studies the export-
ing decisions of rms, and Houde et al., 2023, which examines the impact of tax
laws on Amazon's decision of where to open a distribution warehouse. In esti-
mating these models, researchers rely on \swaps," such as time (Holmes, 2011;
Houde et al., 2023) or location (Morales et al., 2019). | implement all such swaps.
| further build on these papers by implementing the full-vector conditional-chi-
squared test for moment inequalities outlined in Cox and Shi, 2023. This con-
ditional chi-squared test is computationally e cient, requiring no simulation or
tuning parameters.

4.2.2 Institutional Setting: 340B Drug Pricing Program

The 340B Drug Pricing Program is a federal social safety-net program that re-
quires drug manufacturers to provide outpatient drugs to eligible health care or-
ganizations (\covered entities" - those that primarily care for under-served popu-
lations or rare diseases) at a deep discount, with the ultimate goal of helping the
entities \stretch scarce federal resources as far as possible, reaching more eligi-
ble patients and providing more comprehensive services." To receive the discount,
prescriptions must be dispensed at a pharmacy with which the covered entity
has contracted (a \contract pharmacy"). Originally, the program only applied to
\in-house" pharmacies on-site at the covered entity (or an external pharmacy, if
no in-house pharmacy was available) but since 2010, multiple contract pharmacy
arrangements have been allowed. The size of the program has grown rapidly, with
the value of 340B purchases at list prices tripling fron$32 billion in 2015 to$106
billion in 2022 - a gure that represents more than 16% of total brand-name drug
sales in the same year (A. J. Fein, 2023).

Covered entities receive reimbursement for drugs prescribed to aligned pa-
tients who have insurance coverage, including Medicare, Medicaid, or commercial
insurance. When an insured patient lls their prescription, the patient pays their
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standard amount based on their insurance coverage, and the covered entity re-
ceives payment from the third-party payer based on the standard negotiated re-
imbursement rates. For insurance companies, the reimbursement rate is the same
regardless of program participation, other than the CE being the recipient of the
money rather than the drug company. For the patient, there is no direct incen-
tive from the covered entity to Il their prescription at a contract or non-contract
pharmacy.

4.3 Data

My analysis relies on linking three main datasets: Pharmacy data from the Na-
tional Council for Prescription Drug Programs (NCPDP), the Health Resources
and Services Administration's O ce of Pharmacy A airs 340B data (340B OPAIS)

on contract pharmacy arrangements, and a 20% sample of 2008-2018 Medicare
Prescription Drug Event (PDE) Data.

The NCDPD dataset is an administrative dataset at the pharmacy-year level
that contains a universal list of every pharmacy in Americd. Each entry in the
NCPDP is an individual provider or an organization, with dispensing and facility
type information (e.g. infusion clinic, institutional pharmacy, etc). Retail phar-
macies can be identi ed using speci c retail pharmacy codes, which additionally
can be used to identify chain, independent, and in-house pharmacies. In per-
forming my analysis of contract location choices, | Iter to retail pharmacies only.
Specialty and mail-order pharmacies prescribe expensive drugs that may require
special care/preparation, and have the ability to ship drugs directly to patients.
Thus, this is a fundamentally di erent decision process and market which, al-
though important, | leave for future research. The dataset additionally contains
information on associated parent organizations, which | use to both identify chain
pharmacies and link chain pharmacies over time. Data are annual, covering my
entire sample period (2010-2018).

www.ncpdp.org
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Next, the 340B OPAIS dataset is at the covered entity-contract pharmacy
level, and contains information on the start and end dates of each relationship,
along with information on both the covered entity and the pharmacy name and
address? Data are ltered to records involving hospital covered entities, as those
are the entities that are able to be linked to the Medicare claims data. | use dates
of initiation and termination for each contract and covered entity to construct
a panel of all contracts active between 2010 and 2018. | geocode the dataset
and spatially merge the HRSA data and the NCPDP data in order to add the
information on pharmacy taxonomy and parent organization contained in the
NCPDP as described abové.

Lastly, | use a 20% sample of 2008-2018 Medicare Prescription Drug Event
(PDE) Data to identify the number of prescriptions lled at each pharmacy in
my sample by patients of each hospital covered entity. | link the PDE le to the
HRSA OPAIS dataset by using Medicare Provider Number (MPN) to link at the
hospital level, and NCPDP ID or NPI to link at the pharmacy level. Given that
this is a 20% sample, all values are rst multiplied by 5 to obtain estimates of the
full Medicare population, and then again by 10/3 (following Carey et al., 2021)
to obtain estimates of the full population, since Medicare patients represent 30%
of all prescription drug events in the United States.

2https://340bopais.hrsa.gov/Reports
3Using a spatial join, which | refer to as an \augmented location matching" approach, is

crucial. To perform this process, | clean the address elds in both datasets and add latitude
and longitude information by geocoding. | then calculate the haversine distance between all
pharmacies in the same state in each dataset, and lIter to pairs that are within 0.2 miles of each
other. Bercause small di erence in how addresses appear in di erent datasets (e.g. \Avenue"
vs. \Ave" or \#1234" vs \Unit 1234") can lead to di erences in geocodes. | then implement
fuzzy-matching (using jaro-winkler, levenstein, and cosine string distance) to identify pairs of
pharmacies that are matches, supplemented by manual review when necessary. Fuzzy matching
and manual review is particularly important for identifying in-house pharmacies in the data,
which are often in the exact same building as a hospital but often have di erent suite numbers
or names in the data. In ongoing research, | and coauthors seek to quantify the impact that
this additional matching step has on various analyses.
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As described in detail in Chapter 3, it is important to \align" patients to
a hospital that is allowed to claim them as a patient. This is critical because
covered entities are only allowed to claim discounts on patients that they \have
an established relationship” with and that they provide health care services (in
addition to prescriptions) for. This is of particular interest as recent litigation
has introduced questions regarding the validity of the current statute. However,
this does not impact my analysis, as | study an earlier time period. | align a
patient to a covered entity if | observe an outpatient service or inpatient stay
at a 340B hospital. From this point in time, all prescriptions lled by aligned
patients are eligible for 340B discount, and the patient remains aligned until they
receive care at another 340B hospital. An area for future research is to examine
the implications for the structural model caused by the de nitions of discount
eligibility according to the post-Genesis court decision, which introduces a higher
incidence of \disputed" patients (see Chapter 3). In this new setting, it may be
important to model contract formation as a multi-player game with bargaining,
as opposed to the single- rm model that existed previously.

4.4 Reduced-Form Evidence

To initially provide suggestive evidence that (1) there are frictions preventing the
unlimited growth of contracting and (2) network e ects may be present when a
rm chooses their contract arrangement, | present a summary of the main dataset
compared to the NCPDP data on the pharmacy market as a whole. First, Figure
4.1 demonstrates that, while the percent of retail pharmacy prescriptions captured
by the 340B program has grown steadily over time, it has begun to plateau around
15%. In a program designed to operate by diverting revenue back to participating
hospitals, this means there are millions of dollars being left on the table. This
is evidence that costs - xed, sunk, and administrative - that have prevented the
program'’s potential growth.

Furthermore, | compare the share of chain pharmacies among pharmacies that
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Figure 4.1: Share of Aligned Patients Captured by 340B Contracts

participate in the 340B program to the share of chain pharmacies among all retail
pharmacies. The results of this exercise can be found in Figure 4.2, and demon-
strate that since the expansion of the contract pharmacy program in 2010, chain
pharmacies have represented a much larger share of contract pharmacies than the
broader retail pharmacy market. In particular, the gure shows that while \big
chain" pharmacies (CVS, Walgreens, Wal-Mart) represented approximately 35%
of all retail pharmacies in 2018, they represented nearly 70% of retail pharmacies
with an active 340B contract with a hospital covered entity in the same year.

At the same time, the number of retail pharmacies has been growing rapidly.
This is demonstrated in Figures 4.3 and 4.4. Figure 4.3 shows that the \big chain”
pharmacies (CVS, Walgreens, Wal-Mart), primarily driven by Walgreens' early
adoption of the 340B program, represent a large share of contracts with hospital
covered entities. Similarly, Figure 4.4 shows that using the patient alignment
process as described above, these big chain pharmacies represent a similar share
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Figure 4.2: Chain Retail Pharmacy Share of NCPDP and 340B Hospital Contracts

of patient volume, which determines revenue in the 340B program.

While this provides strong evidence of network e ects governing the contract-
ing decision, it is important to model this choice more rigorously in order to fully
identify the economic forces at play. In particular, one advantage of the moment
inequality approach is that | am able to consider nationwide decisions, as opposed
to restricting to a two-hour drive-time radius (\isochron") as | do in Tables 4.1-
4.5. Ultimately, correctly identifying these network e ects is reliant on properly
modelling a rm's full consideration set from which it chooses to form a network.
An important component of this is the possible impact of a rm's prior network
choice on their marginal costs, and ultimately their future decisions and behaviors.

| continue to present statistics describing the variation between pharmacies
that are participating in the 340B program compared to those that are not. First,
| compare the patient volume and average distance from hospitals for chain and
non-chain pharmacies. | examine pharmacies that are within a two hour isochron
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Figure 4.3: Hospital 340B Retail Contracts, by Chain

of a 340B hospital, and therefore average across the distance between a pharmacy
and all hospitals for which it is in the isochron. Table 4.1 demonstrates that
retail chain pharmacies are equidistant from hospitals, and have equal number of
hospitals within a two-hour isochron, but have higher average patient ows.

Table 4.1: Comparison of Retail Pharmacies, 2018

Chain Pharmacies Non-Chain Pharmacies

# Distinct Pharmacies 26,313 29,975
# Contracts 25,185 8,653
Average # of Patients (1,000s) 139.5 81.6
Average # of CE within isochron 16.1 17.2
Average Distance (mi) 44.2 43.1

| then turn to the observed contracting behavior with these pharmacies. Ta-
ble 4.2 presents information on the choice sets for hospitals, that is, pharmacies
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Figure 4.4: Hospital 340B Retail Patients (1,000,000s), by Chain

within a two-hour drive (isochron) of a hospital? In this table, pharmacies may
count multiple times if they are within a two-hour isochron of multiple hospitals,
and thus may appear in both columns, or one column multiple time. The table
essentially comparegotential contract pharmacies toactual contract pharmacies.
| nd that contracts tend to be with closer pharmacies, are more likely to be with
chain pharmacies, and with pharmacies that have nearly double the patients.
Lastly, Table 4.3 breaks out the ndings in Table 4.2 by chain status, demon-
strating that within contract pharmacies, chain pharmacies havéesspatients than
the average contract non-chain pharmacy. This provides evidence that hospitals

“4lsochrons are calculated using the OpenStreetMap routing service using the OSRM package
in R. Appendix Figures C.1 and C.7 demonstrate that over 90% of hospitals have greater than
90% of their Medicare patient-days accounted for by patients who live within a two-hour drive
of the hospital. Assuming patients prefer to Il prescriptions near their home (as found in Starc
and Swanson, 2021), | limit the set of pharmacies that a hospital may consider to a two-hour
drive time.
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Table 4.2: Comparison of Participating Retail 340B Pharmacies, 2018

Participating Not Participating

# Retail Pharmacies in Isochron 33,838 906,080
# Distinct Pharmacies 18,571 56,012
Big Chain Pharmacies 74% 44%
Average # of Patients (1,000s) 72.4 4.1
Average Distance (mi) 13.9 42.3

need an additional 10% patient ow, on average, in order to establish a contract
with a non-chain pharmacy.

Table 4.3: Comparison of Participating Retail 340B Pharmacies by Chain Status,
2018

Participating Not Participating
Chain Non-Chain Chain  Non-Chain

# Retail Pharmacies in Isochron 25,185 8,653 398,971 507,109

# Distinct Pharmacies 12,830 5,743 26,111 29,904
Average # of Patients (1,000s) 70.5 77.9 4.7 3.5
Average Distance (mi) 14.1 13.2 44.9 40.3

Now, to provide evidence that controlling for demand and distance still yields
salient evidence of a \chain" e ect in the contracting decision, | proceed to de-
velop and estimate a simple discrete choice model in which a hospital chooses
independently whether or not to contract with a given pharmacy.

4.4.1 Discrete Choice Model

| begin by presenting additional evidence lending support for the need to estimate
network e ects in this space. By starting with a simple model that demonstrates
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the impact of chain status, and previous chain contracts, while controlling for
variation in distance and patient density, | add more rigor to the descriptive
statistics in in Tables 4.1-4.3. In particular, | develop and estimate a binary
discrete-choice model in which each hospital chooses, in each period, whether
or not to contract with every pharmacy in their choice set at an individual level.
This setting abstracts from any network e ects that may be present, allowing each
contract decision to be independently made one-by-one, without consideration of
other choices being made. My results show that there are network e ects at play
for the chain pharmacies in my data, lending credence for a more rigorous analysis
that | will perform in Section 4.5.

| begin by assuming the setting is one in which the set of hospitals participating
in the 340B program at any given time is xed, and given potential revenue, these
hospitals contract with pharmacies to act as \distribution sites." | then parame-
terize the contract decision such that it depends on revenues, previous decisions,
pharmacy characteristics, and hospital characteristics. The assumption that hos-
pitals participating in the 340B program xed over time limits this analysis to
hospital behavior once they are participating in the program, and abstracts from
any decision making (as outlined in Thomas and Silver-Greenberg, 2022). When
discussing potential revenues, | estimate the coe cients in terms of the number of
patients aligned to a given hospital, as this is simply a monotonic transformation
of the number of prescriptions lled, and ultimately of the discounts that ow to
the hospital. A discussion of how patients are aligned to hospitals is discussed at
length in Chapter 3.

| parameterize the multinomial logit model as

Ohpt = 1Gpt + 2Xpt + 3Yne + hpt (4.1)

where dnp: is @ dummy for if hospital h contracts with pharmacy p at time t,

Oyt IS the estimate of the number of patients that Il a prescription at pharmacy
p who were aligned to hospitalp in time t, X, are pharmacy-specic controls
(chain, previous contracts, etc), andY,; are hospital-speci ¢ controls. The error
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term, npt, represents determinants of the hospitals' contract decisions that are
unobserved by the researcher. A crucial benet in this setting is my ability to
directly observedy, over the entire sample period. Thus, | do not need to rely on
a \proxy" estimate or engage in any demand calculations that similar work does
in order to calculate potential revenues for a given rm decisiong(g. Holmes,
2011; Morales et al., 2019). Further, | am able to take these prescription values
as given, as by statute hospitals that participate in the 340B program are not
allowed to \steer" their patients to contract pharmacies®

Assuming that ,; follows the Type | Extreme Value distribution, the proba-
bility that a given hospital h contracts with pharmacyp at time t, conditional on
the parameter vector =( 1; ,; 3)IS:

exp( 1Gpt + 2Xpt+ 3Yht)
1+exp( 1Gp + 2Xpe+ 3Ynt)

From this, the likelihood function of the observed choices by a given hospital

P(dhe =1; )= (4.2)

h over the entire sample period is:

Yoy 5
Ln = P(hpe =1; )7 (4.3)
p=1 t=1

Which, expanding across all hospitals in the dataset, gives a log likelihood of:

X XX
LnL = Dhpln P(dhpt =1; ) (4.4)
h p=1 t=1

4.4.2 Results

| present estimates of various sets of parametersin Table 4.4. The \full" set of
coe cients represented in column (4) allows the probability of contracting with
a given pharmacy location to depend on (1) the number of patients that Il a

5In ongoing research, | examine the impact of 340B contracts on steering behavior bin-
surerance plans who are able to \steer" patients by o ering discounts and using the preferred
pharmacy network. Starc and Swanson, 2021 study the welfare e ects of the preferred pharmacy
network program as a whole.
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prescription at the pharmacy, (2) whether the pharmacy is a \Big Chain" (CVS,
Walgreens, or Wal-Matrt), (3) whether the pharmacy previously participated in
the 340B program (as a measure of their \experience"), and (4) the distance
between the hospital and the pharmacy. | estimate the above model with the
universe of pharmacies as all pharmacies located within a two hour drive-time
radius (\isochron") of the hospital's main campus. Appendix Figures C.1 and
C.7 provide support that this is a reasonable limitation in sample size, as over
90% of hospitals have greater than 90% of their Medicare patient-days accounted
for by patients who live within a two-hour drive of the hospital. Assuming patients
prefer to Il prescriptions near their home, limiting the choice of pharmacies to a
two-hour drive time window is a reasonable assumption. | relax this assumption
in the full moment inequality speci cation.

The ultimate purpose of these results is to provide evidence as to the im-
portance of variables that inform a hospital's decision of which pharmacies to
distribute their 340B discounted drugs. That is, if a hospital is more likely to
contract as a pharmacy at which more of their patients Il prescriptions, we would
expect a positive coe cient on the \# of Patients.” Similarly, if hospitals are more
likely to contract with pharmacies that are closer in location, we would expect
the \Distance" coe cient to be negative. Both of these are true. Further, even
after controlling for distance and patient volume, the chain and experience coef-
cients are still positive and signi cant. As a sensitivity to test the robustness
of these results, | relax the assumption that a hospital sees how many of their
patients |l prescriptions at a pharmacy in a given year, and instead allow the
measure of patients to be from the previous year (that is, | replad@g,: with Ghye 1
in equation 4.1). Further, the strength of these results may be in part driven by
pharmacies at which no patients |l prescriptions, that is whereg,,; = 0. As a
robustness exercise, | perform the same analysis on a sub-sample that consists
of only pharmacies with positive prescriptions ¢,,;; > 0). The results of these
sensitivity analyses can be found in Appendix A.3.
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Table 4.4: Static Logit Results, 2010-2018

Contract
1) 2) 3) 4)
# of Patients (100s) 0.017 0.016 0.016 0.011
(0.00005) (0.00005) (0.00005) (0.00005)

Big Chain 1.445 1.056 1.373
(0.006) (0.006) (0.006)

Previous 340B Pharmacy 1.905 1.850
(0.006) (0.006)

Distance -0.076
(0.0002)

Constant -3.790 -4.655 -4.501 -1.760

(0.021)  (0.022) (0.022)  (0.023)

Observations 4,728,509 4,728,509 4,728,509 4,728,509
Year FE Yes Yes Yes Yes
Program Type FE Yes Yes Yes Yes

Note: p< 001, p<005, p<0:1. Standard errors in parentheses.

| extend the above results by adding additional covariates in Table 4.5, demon-
strating more clearly the network e ects at play. That is, while Table 4.4 estimates
the coe cients governing a hospitals direct decision in a given time period, Table
4.5 extends this analysis to account for a hospital'srevious decisions. In partic-
ular, the key result is that a hospital is more likely to contract as a pharmacy at
which they previously had a relationship with another location of the same chain,
represented by the positive and signi cant coe cients on \Previous Contract with
Chain." While Table 4.4 demonstrates that a hospital is more likely to contract



84
with a CVS or Walgreens relative to an independent pharmacy, Table 4.5 demon-
strates that a hospital iseven morelikely to contract with a CVS in period t if
they had contracted with a di erent CVS location in periodt 1.

The model in equation 4.1, with results presented in Table 4.4 and 4.5, still
imposes several restrictions that do not allow for full estimation of the network
e ects that appear to govern the contracting decision. First, | restrict the sample
to pharmacies within a two hour drive time. Second, this is a static discrete
choice model, where a rm considers each individual pharmacy one at a time in
each period. Third, it does not allow rms to be dynamic optimizers, and make
decisions based on the potential future impact of their choices. In the next section,
| relax these restrictions by implementing and estimating a structural model.
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Table 4.5: Extended Logit Results, 2010-2018

Contract
1) (2) 3) (4)
# of Patients (100s) 0.010 0.011 0.010 0.010
(0.00005) (0.00005) (0.00005) (0.00005)
Big Chain 1.310 1.307 1.325 1.079
(0.007) (0.007) (0.007) (0.012)
Previous 340B Pharmacy 1.871 1.834 1.822 1.812
(0.007) (0.007) (0.006) (0.007)
Distance -0.070 -0.069 -0.073 -0.072
(0.0002) (0.0002) (0.0002) (0.0002)
CVS 0.034 0.272
(0.007) (0.012)
Previous CVS Contract 0.386 0.118
(0.006) (0.007)
Walgreens 0.045 0.271
(0.007) (0.012)
Previous Walgreens Contracts 0.409 0.225
(0.006) (0.007)
Wal-Mart 0.012 0.272
(0.011) (0.015)
Previous Wal-Mart Contract 0.872 0.780
(0.007) (0.007)
Constant -2.729 -2.828 -2.680 -2.734
(0.021) (0.021) (0.021) (0.021)
Observations 4,728,509 4,728,509 4,728,509 4,728,509
Year FE Yes Yes Yes Yes
Program Type FE Yes Yes Yes Yes

Note: p< 001, p<005 p<01l. Standard errors in parentheses.
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4.5 Moment Inequalities

In this section, | present the moment inequality model that allows me to identify
the impact of chain aliations on contract formation in the 340B program. |
impose a relatively weak set of assumptions, again operating in a setting in which
a hospital acts as a monopolist with their patient population xed and known to
the rm. Assuming this level of omnipotence is reasonable, given that | as the
researcher am able to obtain estimates of the patient population using less data
than is available to the rm itself. The impact of relaxing this assumption, and
only allowing a rm to be forward looking for a xed number of periods, is an
area for future research. The entry and exit of hospitals from the 340B program
is treated as exogenous.

In this setting, the sunk costs of contracting and network e ects inherently
present in choosing aset of locations make the contract decision a single-agent
dynamic optimization problem dependant on the contract decision in all other
pharmacies. In each period, | model the decision of each hospitakchoosing a
set (\bundle") b of pharmacies with which to contract. Even abstracting from the
dynamics, if one were to estimate this in a \brute force" discrete choice over all
possible combinations of pharmacies, this presents a complicated combinatorics
problem. As an illustration, assume that in a given period a hospital has 20
pharmacy locations with which it can establish anywhere from 1-5 contracts. This
unrealistically simple example presents over 20,000 combinations of pharmacies
just for this one hospital in this one time period. | address this problem using a
moment inequalities approach with perturbations, as in Morales et al., 2019 and
Houde et al., 2023, among others.
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45.1 Model

Revenue

As discussed in Section 4.4, a key advantage of my model is that | am able to
directly observe the number of patients, aligned to hospitdi, that Il a prescrip-
tion at pharmacy p in time t. Thus, for a given hospital-pharmacy-year, revenue
can be parameterized as

Phpt = Ghpt (4.5)

where oy is the number of patients aligned to hospitah that Il a prescription

at pharmacy p in quarter t, and is an estimate of the average revenue per
patient-year. While this average revenue gure is not public, it can be estimated
through public government investigative reports or by making assumptions over
the average discount across various buckets of drugs. While allowing the discount
to vary by drug type may be important, since so-called \super-specialty" drugs
are the most expensive, and therefore the largest potential-revenue drugs, given
that | focus on the retail pharmacy market, | will ultimately proceed to divide all
parameters through by , in order to monotonically transform them. This has the
result of interpreting costs in terms of patients, which is potentially more tractable
and requires no assumptions over the distribution of rell frequency, price, or
anything else regarding drug-speci c variations. As discussed above, while many
similar projects require a demand model to impute a proxy for revenue, my data
allows me to work around this. Again, | assume the hospital is able to take these
values as given, as by statute hospitals that participate in the 340B program are
not allowed to \steer" their patients to contract pharmacies, and thus arti cially
impact demand.

Fixed and Sunk Costs

A hospital faces xed costs in each period associated with contracting and inde-
pendent of how many prescriptions are lled at a given pharmacy. | am aware that
in reality pharmacies may in addition charge a per-prescription cost. This would
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enter into the pro t equation as a reduction in the revenue per patient, which is a
monotonic transformation of the value. Allowing this, as well as other xed costs,
to di er by chain is an important step in analyzing the potential impact of market
power. Fixed costs are parameterized as

fhpt = (f) (4.6)

which represents a common xed cost across all new contracts.

Hospitals who initiate a contract in a given period with a pharmacy they did
not previously contract with face additional sunk costs. These are also inde-
pendent of prescriptions quantity, but represent any up-front cost, as well as any
overhead in establishing administrative infrastructure such as software, hiring new
employees, and performing record audits. Sunk costs are parameterized as

St = o+ 1(Prev. Chain Contract)+ 3(Pharm Participating) 4.7)

where \Prev. Chain Contract" indicates if a hospital previously had a contract
with a member of pharmacyp's chain, if any, and \Pharm Participating” indicates
if pharmacy p had any other 340B contracts in the previous period (i.e. did they
already have any internal infrastructure set up to process discounts and manage
inventory). In this way, sunk costs depend on both network e ects and knowledge
e ects that may decrease the hurdles present in signing a new contract. Following
the intuition in Morales et al., 2019, | do not allow simultaneous decisions to a ect
a hospital's sunk costs. That is, only the characteristics of the network at time
t 1 aect a hospital's decision to contract with pharmacyp at time t, and any
other new contracts formed at timet do not impact the costs of contracting with
pharmacy p.

Additionally, | allow for a period-speci ¢ shock to costs, ,,; assumed to be
independent of the hospital's decision in a given period and the information set,
such that

E[ nptjhpt; Int] =0 (4.8)
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Pro ts

The revenue and cost structure described above gives pro ts for a given hospital-
pharmacy-year parameterized as

hpt — dhpt r,\1pt fhpt (1 dhpt 1)Shpt + hpt (4-9)

where hospitalh chooses a \bundle" of pharmacielg, which consists of an indicator
vector dy of length N (where N is the number of pharmacies)

8
< .
1 ifp2hy
Oppt = . (4.10)
- 0 otherwise
such that X
hbt = dhpt hpt (4.11)

p
and a forward looking rm sums over the future

.
hot = hbt + (1 hbt (4.12)
t=2

whereT represents the remaining years in the sample, andepresents a discount
factor, which | set equal to 0.95.

Denoting asoy; the actual observed bundle of pharmacies that hospital chose
at time t, | impose the assumption that for all hospitaldr 2 H and for all periodst,
the observed bundle chosen by the hospitat,, is optimal by revealed preference.
That is, | assume

Ont =t2By E[ not)lnt] (4.13)

whereBy,; is the full set of bundles from which a rm chooses antl; is the rm's
information set. | do not impose any restrictions on the information set, other
than that a rm observes the true value of all covariates in a given period. This

is an entirely reasonable assumption, as a hospital observes the pharmacy's chain
a liation, the infrastructure available at the pharmacy, and the base components

of xed and sunk costs common to any contract. | additionally do not impose
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any restriction on By;. However, as it is unrealistic for a rm to consider every
single possible combination of contracts, when estimating the model | rely on a
subset of combinations, denoted,; By:.. The contents ofC,; are allowed to
vary exibly by hospital and by year, as described in the following section.

4.5.2 Estimation Procedure

| now turn to a discussion of how to use the model, along with the assumption
imposed in equation 4.13, to derive moment inequalities from which | can estimate
bounds on the vector of parameters of interest. In the subsections that follow, |
outline two distinct methods of deriving moment inequalities from the literature.
At their core, these procedures consist of simulating pro ts under alternative bun-
dles, which equation 4.13 tells us are sub-obptimal. By imposing this assumption
(along with the other sample restrictions and assumptions described above) we
can obtain estimates of . | then describe the full-vector sub-inference routine
outlined in Cox and Shi, 2023, which | use to estimate signi cance of my results.

Start Date Swaps

To create the rst set of \swaps,” | follow the technique outlined in Holmes,
2011 and Houde et al., 2023, in which a researcher swaps the dates of two events
and estimates the prot under both scenarios, while knowing that subject to
parameters, the observed pro t must be weakly greater. For example, in Holmes,
2011 the author would compare Wal-Mart's pro ts in a baseline scenario in which
the rm opened a distribution center in Houston in 2000 and a second in Dallas in
2005 to the counterfactual scenario in which the opening dates were swapped: the
Dallas facility opened in 2000 and the Houston facility opened in 2005. Because
the researcher knows whaactually happened, subject to parameters and model
restrictions, the inequality may be used to identify cost parameters. The key
limitation on bundles in this setting (C,y By) is that the universe of locations
consists of all locations that Wal-Mart eventually built a distribution center at
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through the sample period.

| perform the same exercise, but with hospitals and pharmacies rather than
Wal-Mart or Amazon distribution centers. The parallels are quite clean, as the
pharmacies present di erent questions of e ciency and market power, but are ul-
timately still acting as distribution centers. To re-frame the analogy above in my
context, if | observe in the data that the University of Minnesota Children's Hospi-
tal begins a contract with a Walgreens in 2012 and then an independent pharmacy
in 2015, | can compare the estimated pro ts (subject to parameters) of this base-
line bundle to the counterfactual in which the University of Minnesota Children's
Hospital contracted rst with the independent pharmacy in 2012, followed by the
Walgreens in 2015. A swap that would help identify the network e ect parameters
in equation 4.7 would be if, prior to the aforementioned contracts, the hospital
had already contracted with a Walgreens.

Table 4.6: Example of a date-swap event

t-1 t t+1
Observed CVS A 1 1 1
CVS B 0O 1 1
Independent 0 0 1

Alternative CVS A 1 1 1
CVS B 0O 0 1

Independent 0 1 1

Example Swap 1: We consider a baseline scenario in which hospital,
which has a CVS contract int 1 (ommitted from the example for clarity),
adds a contract with another CVS att and adds a contract with an independent
pharmacy att + 1:

— f s s
=™ 20 o 1

. (4.14)
h+1 = Ohsr 3 0 0
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With full discounted period t prot as:

M=+t G (2+3)¢ @+ )5 3 (4.15)

Now in the counterfactual, where the hospital swaps the start date of pharmacy
p (the CVS) and pharmacyp’® (the independent pharmacy):

0 — f s
ht_lqﬂ 2O 0

(4.16)
t?t+1 = QWt+1 3 EJ CS) i
With full discounted period t prot as:
et Gea (2+43) o L+ )5 § (4.17)

And from the assumptions outlined above, di erenced prot at timet must be
weakly positive:

— 0
hpp% — ht ht

:Arhpt 1+ )i 0

(4.18)

Location Swaps

An alternate version of the above swaps, implemented in Morales et al., 2019, is
a discrete analogue of Euler's perturbation method. In particular, while studying
export paths of rms, Morales et al., 2019 compare the observed sequence of bun-
dles with a counterfactual sequence of bundles in which the rm makes a di erent
export decision for a single country in a single period. For example, a rm that in
the baseline (1) always exports to the United States and (2) begins exporting to
the United Kingdom in 2000 may have a counterfactual in which they (1) always
export to the United States (2) additionally export to Germany in 2000 and (3)
in 2001, stop exporting to Germany, start exporting to the United Kingdom. In
the context of \extended gravity" the parameter of interest is reduction in export
cost driven by the fact that the United Kingdom and the United States are both
English-speaking countries.
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I modify this approach slightly. Instead of implementing only one-period de-
viations, | allow for location \swaps" in which a hospital establishes a contract at
the same time as | observe in the data, but with a di erent retail pharmacy in the
same zip code. | then consider a counterfactual in which this \swapped" location
operates for the same duration, holding all other contracts xed. This allows me
to more cleanly identify sunk costs, as it does not require rms to pay sunk costs
in consecutive periods, as is required in the one-period deviation setting. Further,
it allows the model to be fully forward-looking. Morales et al., 2019 consider a
rm that only looks forward one period into the future, while my approach al-
lows a rm to consider the discounted pro t over the full duration of their choice.
Thus, rather than comparing the observed choices to a world where a rm makes
a decision, decides it unpro table, and changes their mind, | compare the baseline
to a world where a rm makes a di erent choice and sticks with it.

Another critical di erence between these swaps and the previous \date" swaps
is that in de ning the subset of bundles C;  By:) | do not impose the restriction
that the \swap" involve two pharmacies that the hospital ultimately contracted
with. Instead, this universe of swaps is completely di erent, and consists of phar-
macies that a hospital reasonably could haveonsidereddue to their proximity to
observed choices, but ultimately chose not to contract with. This is informative
of the revealed preferences that govern the assumption in equation 4.13.

To re-frame the example from above with these \location swaps," if | observe
in the data that the University of Minnesota Children's Hospital begins a con-
tract with a Walgreens in 2012 and continues it through 2018, | can compare
the estimated pro ts (subject to parameters) of this baseline bundle to the coun-
terfactual in which the University of Minnesota Children's Hospital contracted
with an independent pharmacy (which they otherwise never contracted with) in
2012, continuing through 2018. This swap would help identify the network e ect
parameters in equation 4.7 if, prior to the aforementioned contracts, the hospital
had already contracted with a Walgreens.

Example Swap 2: We consider a baseline scenario in which hospital which



94

Table 4.7: Example of a location-swap event

t-1 t t+1

Observed CVS A 1 1 1
CVvS B 0O 1 1
Independent 0 0 O

Alternative CVS A 1 1 1
CVS B O 0 O

Independent 0 1 1

has a CVS contract int, adds a contract with another CVS att + 1:

— f s s
= o ° ! (4.19)
he1 = Ohwst 29 o 1
With full discounted periodt prot as:
= et G (1+2) o (L+ )5 1+ ) (4.20)

Now in the counterfactual, where the hospital swaps pharmaqy (the CVS) for
an independent pharmacyp® (which they otherwise never contracted with):

0 — f s s
; ht ﬁﬂ 0 (f) 1 (421)
et = Gen 29 0
With full discounted period t prot as:
M=t Oua (1+2) o 1+ )5 3 (4.22)

And from the assumptions outlined above, di erenced prot at timet must be
weakly positive:

hpp% =  ht ht (4.23)

—_ S
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Deriving Moments

Denote kf as the observed network andf’ * as the bundle where we swap the
pharmacy p for p° (either using the start date or the location swaps outlined in
the following sections). Then we have:

() W) o (4.24)

which can be combined as

NCH D EL L (4.25)
The error term may arise from a variety of sources, including measurement error,
unobserved costs, or incorrect rm beliefs. Referring to all of this as a form of
measurement error, | construct a set ok instrument functions ( Zpe) O that
are correlated with the components of pro ts but uncorrelated with P ?°. That
is

E[( Zpw) " 7]1=0 (4.26)
Following the literature, these instrument functions are binary indicator functions,
the nature of which will be described further in the followng section. Implementing
the instrument function gives:

0.

E[( Zpw) h(bO;bO! poi )]+ F[( Zp?? ’ pg 0 (4.27)
=0

| use the instrument functions to create a set oKk moments. Following Pakes
et al., 2015 (as described in Houde et al., 2023), | create the sample analog of the

above inequalities, which | use as my moment functions:
1 X 1 0
i ( Zpw) n(B% " P Yy=m() 0;8k=1;:;K: (4.28)
p;p°

Inference

| now describe the procedure for estimating the moments described in equation
4.28. First, | lter to swaps that involve a decrease in discounted - as if qﬁ! P>
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0, the bounds on sunk cost are trivial. | categorize swaps based on a series of
characteristics, which | use as the indicator function (Zx). While some of these
swaps are characteristics of the pharmacy pair that help identify bounds on my
parameters of interest, others (such as distance) simply help establish bounds
on my parameters by ensuring that the moment inequalities hold over di erent
sub-sets of the data.

Table 4.8: Detail on Swaps

Swap Group Group Description # of Date Swaps # of Location Swaps
1 Chain to non-Chain 16,576 61,893

2 non-Chain to Chain 13,861 49,396

3 Switch to non-Network Pharm 7,624 29,693

4 Switch to Network Pharm 13,607 3,889

3 Prev. Participating Pharm to New Pharm 20,039 5,846

3 New Pharm to Prev. Participating Pharm 4,948 42,998

4 Increase in Distance 13,201 83,852

5 Decrease in Distance 17,239 27,762
Total 30,440 111,614

| then proceed to estimate the parameters of interest using a grid search rou-
tine that searches over cost parameters, given estimates gpf. The routine is
similar to Holmes, 2011, Morales et al., 2019, and Houde et al., 2023, but de-
parts in the estimation of con dence intervals. While Morales et al., 2019 uses
the inference procedure outline in Andrews and Soares, 2010, and Houde et al.,
2023 uses the inference routine in Bugni et al., 2017, | instead implement the
full-vector conditional chi-squared inference routine as outlined in Cox and Shi,
2023. Overall, the estimation routine is as follows. First, | de ne a grid for the
parameter space, , and evaluate the moment condition at each point, in the
grid, using equation 4.28 for each momerk = 1;:::;5. Then | preserving the set
of potential solutions as the set of parameters, wherem,( ) 0;8k =1;::;K.

De ne my( ) as the sample analogue of the moment functions, then at the
true moment :

AEM( 0] b
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Parameters to estimate:
=( 1 2)

Estimate con dence using the test statistic:

To()= min n(ma( ) )”a() Xma() )

where;:

") = mWi; ) ma( ) mW; ) mg()°

1 X

n.
i=1

Using this routine, | construct 95% con dence intervals for the upper bounds on

the parameters of interest.

4.6 Results and Counterfactuals

4.6.1 Results

| present con dence sets in the form of an upper bound on sunk costs. | rst
estimate the parameter representing the overall \big chain" e ect on contract-
ing. This parameter, 3,, comes from modifying equation 4.7 to only depend on
whether a pharmacy is a big chain or not. These results are presented in Table
4.9. Interpreting these results tells us that the reduction in sunk cost of establish-
ing a contract with a chain pharmacy is at least 15,000 patients (at least 67,000
patients using date swaps). In other words a hospital is willing to contract with a
chain pharmacy as opposed to an independent pharmacy, even if that independent
pharmacy hasmore aligned patients Iling prescriptions. This is an upper bound,
as a contract that presents in nite sunk cost savings would of course make the
moment inequality hold.

| now present results corresponding to equation 4.7, in whicl§ represents the
reduction in sunk cost (in terms of aligned patients) due to a pharmacy being a
previous chain pharmacy with which a hospital contracted (the network e ect)
and 3 represents the reduction in sunk cost (in terms of aligned patients) due to



98
Table 4.9: \Big Chain" E ect

Swap Type Parameter Con dence Interval
Date Swaps Ia 67,000
Location Swaps Ia 15,000

Figure 4.5: \Big Chain" E ect: Con dence Intervals

a pharmacy having previously participated in the 340B program. These results
are presented in Table 4.10. In particular, using the \Date Swaps," | nd that a
hospital is willing to give up at least 39,000 potential aligned patients to contract
with a chain pharmacy at which they previously had a contract with another
location. Given that the average annual patients per pharmacy in my data ranges
from approximately 100,000-200,000, this represents a signi cant share (20-40%)
of annual patients. Using location swaps, | nd a slightly smaller value, with

a hospital willing to give up 20,000 patients (10-20%) in order to contract with
another location of a chain they currently contract with. | nd similar magnitudes
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for the parameter 3, representing the number of patients a pharmacy is willing
to \give up" in order to contract with a pharmacy that previously participated
in the 340B program at all. As I discuss in the next section, these estimates may
result in signi cant distortions.

Table 4.10: Moment Inequality Estimation

Swap Type Parameter Con dence Interval
Date Swaps 3 39,000

5 32,000
Location Swaps 3 20,000

5 19,000

| present these results graphically in Figures 4.6 and 4.7. The shaded blue
area represents the range of parameters identi ed using the standard grid-search
procedure, while the red area represents the range of parameters identi ed after
implementing the full-vector conditional chi-squared tes®.

6] thank Xioxia Shi and her team for generously sharing an unpublished version of their
implementation algorithm, which was invaluable in performing this analysis.
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Figure 4.6: Date Swaps: Con dence Intervals
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Figure 4.7: Location Swaps: Con dence Intervals
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4.6.2 Counterfactuals

| now proceed to compare these results, corresponding to the observed con gura-
tion of pharmacies, to a series of alternate con gurations of pharmacies. In doing
so, | present results in terms of the aligned patient share (the share of potential
revenue) captured by a given con guration of pharmacies. While future research
can and should seek to estimate the changes@no t , my model does not sepa-
rately identify the base xed or sunk costs, and thus is not able to estimate these
gures. As before, | focus purely on retail pharmacies, as they are most impacted
by location. | estimate that 80% of retail pharmacy contracts are within 40 miles
of the covered entity, while only 15% of specialty pharmacy contracts are. Fur-
ther, retail pharmacies are even more sensitive to changes in cost given they do
not dispense the \super-specialty" drugs that generate vast revenues.

In my rst counterfactual exercise, | presume the hospital rst choosehl, their
number of contracts in a given year. However, | remove all costs and frictions
from my model, and predict the chosen contracts based on the number of aligned
patients that are captured by a given con guration. As | am unable to estimate
true prot, the results are presented in terms of the share of aligned patients,
and therefore revenue, that are captured. Figure 4.8 presents these results. The
blue line represents the share of patients captured by the observed con guration
of pharmacies, while the red line represents the counterfactual share of patients
captured. The gap between the two lines, approximately 7 percentage points,
represents the patients that would otherwise be captured if a hospital chose the
same number of retail contracts, but chose purely based o of potential revenue
(i.e. varying administrative costs did not change the decision).

| then consider and compare four distinct scenarios, using data from 2018:
(1) the observed con guration of pharmacies, (2) the con guration if a hospital
were limited to the top 10 retail pharmacies with the most aligned patients, (3)
the con guration if hospitals contracted with every retail pharmacy within 40
miles, and (4) if a hospital contracted with every retail pharmacy at which at
least 1,000 patients lled a prescription. Scenario (4) would represent, in theory,
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Figure 4.8: Share of Aligned Patients Captured by 340B Contracts

the con guration if there were no costs associated with contracting: xed, sunk,
or administrative. In these scenarios, | consider simply how many patients - and
therefore revenue - a hospital could capture. This is a measure of the \success" of
the program from the social planner's perspective, agnostic of any other distortions
on innovation or diversion by insurers that could occur.

| begin by presenting in Figure 4.9 a visual example of each scenario for one
hospital in my data: Geisinger Health System in Danville, PA. Geisinger serves
a primarily rural population, as shown by the fact that the black dots (repre-
senting retail pharmacies with at least 1,000 patients lling a prescription) are
dispersed throughout the state of Pennsylvania. Geisinger additionally represents
the distortions present in my model. In 2018, the hospital system had 13 contract
pharmacies that accounted for 7.9% of aligned patients that lled prescriptions at
retail pharmacies. At their \Top 10" pharmacies (Scenario 2), 13.8% of aligned
patients would be captured. Expanding contracts to all retail pharmacies within
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40 miles, even at this rural medical center, 55% of aligned patients would be
captured.

(a) Observed 340B contracts (b) Top 10 Pharmacies

(c) Within 40 Miles (d) All Pharmacies
Figure 4.9: Example Counterfactuals: Geisinger Medical Center, 2018

| now proceed to aggregate these gures across all hospitals participating in
the 340B program in 2018. The results of this aggregation are presented in Fig-
ure 4.10. The red line represents the same value as in Figure 4.1: the share of
aligned patients that are \captured" by the observed retail pharmacy con gura-
tions, ltering to retail pharmacies with at least 1,000 patients. The green line
then proceeds to demonstrate my second counterfactual scenario, in which a hos-
pital contracts with their top 10 retail pharmacies by patient volume. Under this
scenario, captured align patients are consistently above 30%, but have slightly
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declined over the time period. Lastly, the red line demonstrates that in a scenario
in which a hospital contracts with every pharmacy within 40 miles, over 50% of
all retail patients would be captured. As mentioned before, these con gurations
to not account for any frictions at all, and is operating in a world where there are
zero costs to contracting. An alternative approach to these counterfactuals, left
for future research, should seek to examine the world in which costs are \turned
0 " one by one, but xed costs and structural errors are allowed to continue.

Figure 4.10: Share of Aligned Patients Captured by 340B Contracts

4.7 Conclusion

| use moment inequalities to study the distortions caused by private rms facili-
tating public welfare programs. In particular, | study the distortions introduced
by \hassle costs" and administrative burden, and examine how the scale of private
rms may introduce e ciencies or ine ciencies through network e ects. With an
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empirical application to the 340B Drug Pricing program, | demonstrate that while
a reduction in administrative costs may help grow the scale of a welfare program,
it simultaneously presents distortions relative to the optimal con guration. While
a standard discrete choice model of contracting provides evidence of these e ects
in a setting where a hospital chooses locations to contract with independently of
each other, | extend this by implementing the moment inequality approach that
allows for complementarities across contracts and across years.

My results show that the network e ects introduced by chain pharmacies par-
ticipating in the 340B program strongly drive both the growth in number of con-
tracts, and where a hospital chooses to establish their contract pharmacies. While
on one hand growing the 340B program is in accordance with the program's goals
of maximizing resources for hospitals that serve disadvantaged populations, my
counterfactual exercises demonstrate that the reduction in sunk costs introduced
by chain pharmacies causes hospitals to capture 7 percentage points (40%) fewer
retail pharmacy patients (and therefore revenue) than they otherwise would have
under an \optimal" con guration.

My model has several limitations. First, available prescription data restricts
my study to hospitals, when there are many other types of healthcare facilities
that participate in the 340B program. Ongoing research seeks to study the lo-
cation choices of Federally Quali ed Health Centers (FQHCs), and how patient
population governs those decisions. Second, my research is restricted to retail
pharmacies. As specialty and mail order pharmacies provide expensive drugs,
often nationwide, the contracting decision is fundamentally di erent. However,
it is still an important process to understand, and future research should seek to
understand this as well.

Another limitation, and potential for future research, is the inability of my
data and model to observe the actual fees paid to pharmacies by hospitals: the
true xed and sunk cost parameters that | assume are constant. It is likely that
these costs vary by pharmacy, and better (but likely proprietary data) could be
used to study this. Ultimately, the fees paid by hospitals to pharmacies to act as
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distribution sites for 340B drugs is the largest \leak" from the bucket, as money
that would otherwise be captured by the covered entity is truly diverted to a
private rm. This is particularly relevant when issues of market power are at play,

a topic my research is unable to address. Additionally, ongoing research suggests
that insurers may seek to \steer" their patients away from lling prescriptions at
contract pharmacies, so that they can capture any alternative discount they have
negotiated with the drug manufacturer. A world in which hospitals \compete"
against insurers and simultaneously negotiate with pharmacies over fees is best
modelled as a bargaining problem, something my current data does not allow for.

Lastly, this model is a single agent model. | presume that each hospital acts
as a \monopolist" over their patients, and does not compete with other hospitals
for contract pharmacies. This assumption is reasonable, but recent litigation
has brought into question the current patient alignment standards. As such,
going forward the choice of contract pharmacy may involve an increased degree of
competition between hospitals, or at the very least an increased level of strategic
decision making based on where competitors choose to operate. This setting
could be modelled as a multi-player game, and will be important to study as the
regulations continue to change.

While there are many future avenues for this research to evolve, this analysis
demonstrates and quanti es a common issue in the administration of public pro-
grams: the balance between e ciency and equity. While the government seeks to
direct as many resources as possible to those that need them, the administrative
burden and private incentives involved with administering these programs may
cause diversions, leaks, or other ine ciencies. These leaks can have a signi cant
impact on the success or failure of a program, and should be considered when the
social planner faces an optimization problem.
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Appendix A

Appendix to Chapter 2

A.1 Institutional Background

There are currently 16 possible categories for an eligible organization to qual-
ify, including six types of hospitals (disproportionate share hospitals, children's
hospitals, cancer hospitals, sole community hospitals, rural referral centers, criti-
cal access hospitals) and 10 categories of non-hospital entities, including federally
qguali ed health centers, Ryan White HIV/AIDS Grantees, and specialized clinics.
Covered entities must register with the Health Resources and Services Adminis-
tration's (HRSA) O ce of Pharmacy A airs (OPA), and re-certify their eligibility
every year. The current list of 16 categories has been constant since the passage of
the A ordable Care Act in 2010, which extended eligibility to free-standing can-
cer hospitals, rural referral centers, sole community hospitals, and critical access
hospitals.

The key players in the 340B program are as follows:

1. Pharmaceutical Manufacturers: Manufacturers are required by federal
statute to provide discounted drugs to eligible covered entities. Pharmaceu-
tical companies sell these drugs at a reduced price, typically referred to as
the \340B Ceiling Price" to covered entities that qualify for the program.
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Figure A.1: Types of 340B Covered Entities G.A.O., 2018

2. Covered Entities: Covered entities (CEs), which include hospitals, clin-
ics, and health centers, purchase drugs from pharmaceutical manufacturers
at the discounted 340B price. CEs can then provide these drugs to their
patients either at an in-house or contract pharmacy site.

3. Insurers: Covered entities receive reimbursement for drugs prescribed to
patients who have insurance coverage, such as Medicare, Medicaid, or com-
mercial insurance. In such cases, covered entities bill and receive payment
from third-party payers based on the usual and customary reimbursement



121
rates. For these insurance companies, the reimbursement rate is the same
regardless of program participation, other than the CE being the recipient
of the money.

4. Contract Pharmacies: Many CEs choose to contract with retail pharma-
cies, known as contract pharmacies, to dispense 340B drugs to their eligible
patients. When a patient lls a prescription at a contract pharmacy, the
pharmacy receives payment for the drugs dispensed, including any applica-
ble copayments or insurance reimbursements from the Third-Party Payers.
The covered entity, in turn, receives the savings from the discounted drug
price. Pharmacies typically charge a at fee for their role as a contract phar-
macy, charge a fee per 340B prescription dispensed, or some combination of
the two.

5. Third Party Administrators: Due to the complexities of inventory, pa-
tient, and prescription management, software companies o er Third Party
Administrator (TPA) services to help CEs manage their participation in
the 340B program. TPAs o er a variety of services, including enrollment,
auditing, billing, inventory management, claims processing, and integration
with external hospital softwares.

In order to receive the 340B discount, the prescription must be dispensed to an
eligible patient. Critically, the 340B statute does not de ne what establishes an
\eligible patient.” When performing audits, however, HRSA guidance considers
ineligible patients to be \individuals whose health care records are not maintained
by the covered entity, for whom the covered entity does not maintain responsibility
for care, or who are receiving services that are not consistent with the type of
services for which the covered entity quali ed for 340B eligibility." Essentially,
HRSA is placing the administrative burden of maintaining patient health records
and eligibility on the covered entity.

The only program rules for 340B require that hospitals prevent duplicate dis-
counts and diversion. The term duplicate discounts refers to the Medicaid drug
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rebate program. Hospitals are not supposed to use 340B discounts on Medicaid
patients unless they have coordinated with the state Medicaid agency to prevent
a duplicate discount. State rules around 340B discounts and contract pharmacies
vary widely, with 38 requiring hospitals to register with HRSA in advance, 36
prohibiting discounts for fee-for-service Medicaid patients through contract phar-
macies, and another 18 prohibiting discounts for Medicaid managed care patients
(State Legislatures, 2021). Diversion refers to the use of 340B discounted drugs on
patients who are not patients of the hospital. All records are subject to audit by
the Health Resources and Services Administration. Furthermore, hospitals have
an incentive to prevent diversion and duplicate discounts because hospitals bear
nancial risk for improperly dispensed drugs and have little to no recourse against
the contract pharmacy involved if program rules are violated.

HRSA's guidance considers ineligible patients to be \individuals whose health
care records are not maintained by the covered entity, for whom the covered en-
tity does not maintain responsibility for care, or who are receiving services that
are not consistent with the type of services for which the covered entity quali ed
for 340B eligibility" (G.A.O., 2020). Essentially, TPAs are software companies
that o er programs to streamline operations and avoid the pitfalls of diversion
and duplication of discounts, while centralizing other functions such as revenue
and inventory management. With referral management, TPAs can also mine pa-
tient records to attribute patients of the hospitals who have been referred to other
providers for specialty care (Kerr, 2017). Some, known as \340B Backbones",
connect covered entities with speci ¢ pharmacy chains (for example, 340B Direct
partners with Kroger, Albertsons, and many local grocery store chains), others
are aimed at hospitals to manage their whole 340B system (Wellpartner), and
still others are owned and operated within a major retail chain (Walgreens 340B
Complete). Industry reports and trademark records represent that there are more
than 75 active TPAs providing 340B services, many of which specialize in partic-
ular subsets of the 340B process. In a study of 340B contracts, the Government
Accountability O ce found that 80% of 340B participants use TPAs and that
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these TPAs typically collect a fee betwee$3.50 and$10 per prescription as well
as a per-contract fee (G.A.O., 2018).

It is also worth noting that in July 2020, several major pharmaceutical man-
ufacturers announced they would stop participating in the 340B program, or an-
nounced restrictions on which contract pharmacies they would allow their drugs
to be sold at. For example, Novartis announced a policy in which they would only
honor the discount at contract pharmacies that were within 40 miles of the rele-
vant covered entity (King, 2020). The Biden administration promptly informed
all relevant drug manufacturers that they were in violation of federal law, and the
case has proceeded through the court system. A group of 852 safety-net hospitals
wrote a letter to the Health and Human Services Secretary urging continuing to
litigate against any attempt for pharmaceutical companies to not participate in
the program. This litigation, alongside the previously discussed rapid growth in
participation, is a clear indication that there are many players in this market with
large revenues at stake.
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A.2 Data Processing

| take several straightforward steps in processing the HRSA and NCPDP data
les. First, | create a unique identi er to link parent and child sites for each 340B
covered entity. For each \grouping ID," | identify the minimum and maximum
date of continuous contracting with a given pharmacy. Some CEs report their
contracts separately for each child site, and some report their contracts at the
parent site level only. Thus, it is important to consider contracts established by
the whole organization when studying contracting behavior. | consider a contract
to be \active" in a given quarter if | see a relationship in the HRSA data as of the
rst day of the rst month in a calendar quarter. Lastly, | geocode the addresses
of all covered entities in order to identify the CBSA in which the parent site is
located.

After initial processing of the NCPDP data les, | also geocode the addresses
in order to identify each pharmacy's location. | then am able to identify which
chain a pharmacy belongs to by using the \Parent ID" in the NCPDP data les,
which | supplement with string searches. | classify pharmacies as being either
retail or specialty by using the primary and secondary provider type data elds.
| consider retail pharmacies as all pharmacies with a primary provider type of
01 (Community/Retail Pharmacy) and that does not have a secondary provider
type of 05 (Mail Order Pharmacy), 15 (Specialty Pharmacy), 16 (Nuclear Phar-
macy), or 18 (compounding Pharmacy). When classifying specialty pharmacies, |
exclude all retail pharmacies as classi ed above, and additionally exclude pharma-
cies with either primary or secondary provider types of 06 (Home Infusion Therapy
Provider), 11 (Institutional Pharmacy), and 14 (clinic pharmacy). | supplement
the above classi cations with string searches to categorize pharmacies that are
known to be specialty pharmacies (e.g. BriovaRx and Onco360).
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A.3 Sensitivity Analyses

A.3.1 Physical Retail Location Market Share

In Section 2.5.2, | estimate 2.1 and equation 2.2 de ning \high" and \low" CBSAs
based on the share of the CBSA population that is covered by Aetna commercial
insurance in 2015. In this section, | repeat the analysis, but de ne \high" and
\low" CBSAs based on the CVS share of physical retail pharmacy locations in a
given CBSA.

First, Figure A.1 plots CVS' average share of contracts and pharmacy locations
in the three terciles of CVS markets. The dashed line represents the share of
pharmacy locations, while the solid line represents the share of 340B contracts.
Compared to Figure 2.8, the di erence in contracting shares is even more stark.

Figure A.1: CVS' Share of 340B Contracts and Pharmacies
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Figure A.2 and Figure A.3 present the results of estimating equation 2.1, com-
paring growth in the number and share of CVS contracts at the CBSA level, be-
tween CBSAs in the top versus the bottom tercile of CBSA market share, before
and after the TPA acquisition. Both results support the nding of a statistically
signi cant increase in CVS contracting, and indeed provide evidence of an even
stronger e ect.

Figure A.2: Change in Number of CVS Contracts

Figure A.4 and Figure A.5 present the results of estimating equation 2.1, using
the total number of contracts and the number of other major retail chain (Wal-
greens, Rite Aid, and Walgreens) contracts in CBSAs with high versus low CVS
market share. The results are consistent with prior analyses.

Lastly, Figure A.6 and Figure A.7 show the di erence in CVS and total con-
tracts between hospitals in the top tercile versus the bottom terciles of CBSAs,
relative to the year before the merger. Consistent with prior results, both con-
tracting with CVS and contracting as a whole increased during this time period.
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Figure A.3: Change in Share of CVS Contracts

Figure A.4: Change in Total 340B Contracts
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Figure A.5: Change in Other Retail Contracts
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Figure A.6: Change in CVS Contracts
per Hospital



130

Figure A.7: Change in Total 340B
Contracts per Hospital
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A.3.2 Propensity Score Re-Weighting

To assess the possibility of co-occurring shocks, in addition to the Aetna and
Wellpartner acquisitions, | estimate a propensity score model in order to create
inverse propensity score weights to re-weight the top and bottom terciles to be
more similar to each other. | began by estimating a Probit model predicting that
either a CBSA or a hospital is in the top tercile of Aetna coverage relative to
the 1st tercile in the pre-acquisition period (Q1 2015 { Q4 2017). | then use
this model to predict the propensity of being in the top quartile and form inverse
propensity score weights equal t% for the observations in the top tercile andll—p
for observations in the bottom tercile. In this way, both the treatment and control
group are re-weighted to look more like each other.

Table A.1 contains information on the characteristics of CBSA's in the top
and bottom tercile of Aetna patient share in the pre-acquisition period.

Figures A.8 through Figure A.13 assess whether the results are robust to
propensity score re-weighting. | estimate 2.1 and equation 2.2, de ning \high"
and \low" CBSAs based on the share of the CBSA population that is covered by
Aetna commercial insurance in 2015 (as in Section 2.5.2), but this time weight
the treatment and control groups by the inverse propensity weighting measure
described above. | continue to nd statistically signi cant results.
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Figure A.8: Change in Number of CVS Contracts

Figure A.9: Change in Share of CVS Contracts
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Table A.1: Baseline Characteristics of Top and Bottom Terciles of Aetna Patient
Coverage in 2017, 2010-2016

Bottom Tercile Top Tercile

CBSA-Quarter Observations (N=3,760) (N=4,301)
Number of Pharmacies

Mean (SD) 35.9 (59.6) 178 (447)

Median [Min, Max] 18.0 [2.00, 570] 41.0 [2.00, 4480]
CVS Contracts

Mean (SD) 1.08 (2.73) 2.63 (8.53)

Median [Min, Max] 0 [0, 39.0] 0 [0, 97.0]
Competitor Contracts

Mean (SD) 6.84 (17.2) 28.4 (120)

Median [Min, Max] 1.00 [0, 179] 2.00 [0, 2560]
Total Contracts

Mean (SD) 13.8 (25.7) 42.9 (158)

Median [Min, Max] 6.00 [1.00, 304] 7.00 [1.00, 3210]
Covered Entities

Mean (SD) 2.06 (1.84) 4.22 (9.07)

Median [Min, Max] 1.00 [1.00, 23.0] 2.00 [1.00, 132]
Region

Midwest 943 (25.1%) 1382 (32.1%)

Northeast 443 (11.8%) 597 (13.9%)

South 1057 (28.1%) 1761 (40.9%)

West 1317 (35.0%) 561 (13.0%)
Population

Mean (SD) 169,000 (217,000) 732,000 (1,530,000)

Median [Min, Max] 102,000 [6170, 1,140,000] 161,000 [6860, 13,200,000]
Median HH Income

Mean (SD) $47,000 §9,320) $49,300 $9,980)

Median [Min, Max] 45900 [22400, 90100] 48500 [15800, 86700]
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Figure A.10: Change in Total 340B  Figure A.11: Change in Other Retail
Contracts Contracts

Figure A.12: Change in CVS Contracts Figure A.13: Change in Total 340B
per Hospital Contracts per Hospital
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Dickson, Gabriel, and Hernandez

Nikpay, Bruno, and Carey
(2018 Results)

Part D claims from bene ciaries in the .
Part D claims from full-year enrollees
Sample 5% sample for drugs used by

o in fee-for-service and Part D in 20% sample
at least 1000 bene ciaries

We match contract pharmacy entries
in the OPAIS to pharmacy NPIs
in the NCPDP using the augmented spatial join.

Determining which Part D Contract pharmacies in OPAIS
Pharmacies have Contracts matched to NPI by physical address.

Prescriber A liations Covered entity and prescriber Prescriber supplies outpatient services
to Covered Entities share a physical address at the covered entity in 2018

. Pharmacy X entity-level de nition:
Pharmacy-level de nition:

De nition of . ) 340B discounts apply for a particular covered
340B discounts apply if . .
Contract Pharmacy entity if pharmacy has an active contract

pharmacy has any active contracts . ) . . .
with a covered entity where the prescriber is a liated

Table B.1: Comparison of Discount Eligibility

B.1 Comparison to Previous Literature

Our pre-Genesis discount eligibility de nition is similar to that of Dickson et al.,
2023 (DGH), although our de nitions di er in four ways.

Given these di erences, it is perhaps surprising that both methods arrive at a
similar share of prescriptions eligible for discounts. Appendix Table B.2 compares
our results in more detail. Overall ( rst row), we nd a slightly higher share of
prescriptions are eligible for discounts (i.e., have an a liated prescriber and are
lled at a contract pharmacy) than DGH: 12% vs. 7%. We do not expect that
our di erence in sampling resulted in major changes to the results. We expect
our method for matching OPAIS records to NCPDP pharmacy identi ers likely
resulted in recognizing more pharmacies as having contracts, although we are
unable to test this directly. In the second row of Appendix Table B.2, we show
that our method of a liating prescribers to covered entities identi es a far higher
share of Part D prescriptions as arising from prescribers a liated to a covered
entity. However, our de nition of contract pharmacies is much more stringent;
the contract pharmacy must have a contract with the covered entity where the
prescriber is a liated. We nd that only 17% of prescriptions with a CE-a liated



137

Dickson, Gabriel, and

Nikpay, Bruno, and Carey
Hernandez (2018 Results)

12.0% (Figure 3.2)

Prescriptions Eligible for Discounts 7% (Figure 1)
24.0% (Using DGH De nition)

Prescriptions With Prescriber

. . 16.5% (Figure 1) 70.3%
A liated to Covered Entity

- . 17% (=12.0/70.3) (Using Our De nition)
Share Prescriptions Eligible for

Discounts/ With 42% (=7/16.5) (Using DGH De nition)
A liated Prescriber

34% (=24.0/70.3)
(Using DGH De nition)

Table B.2: Comparison of Aligned Discounts

prescriber are lled at a pharmacy with a contract with that CE, while DGH nd
that 42% of prescriptions with a CE-a liated prescriber (under their de nition)
are lled at a pharmacy with a contract with any CE. If we use their pharmacy-
level de nition of contract pharmacies, we nd that 34% of prescriptions with a
CE-a liated prescriber are lled at a pharmacy with a contract with any CE,
close to their 42%. We believe our de nition is closer to the actual rules of the
340B contract pharmacy program.

B.2 Drug Types

In the main text we reported the number of prescriptions and total spending
eligible for discounts at 0, 1, or 2 or more covered entities under the pre- and post-
Genesisde nitions for all drugs combined; however, the expected 340B discounts
vary by drug type. We categorize drugs into four types:

1. Generic: supplied by multiple sources in the calendar year. This category
includes branded drugs with exact generic equivalents (e.g., Prozac or Lip-
itor) since the ingredients are supplied by multiple generic rms as well as
the originator brand.

2. Brand: Single-source drug whose average annual spending per patient never
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exceeds$10,000 over the years 2008-2020. Specically, we aggregate the
spending measurdot_rx_cstamt to the patient-year level, take its annual
average, and determine whether that annual average ever excegid,000
over the years 2008-2020.

3. Specialty. Single-source drug whose average annual spending per capita ex-
ceeds$10,000 but not$50,000 over the years 2008-2020.

4. Super-Specialty. Single-source drug whose average annual spending per
capita exceedsp50,000 in at least one year 2008-2020.

Our drug types are designed to accommodate the extreme skew in prescription
drug spending induced by a small number of expensive drugs.

Figure B.1 explores how 340B eligible Part D spending di ers between four
categories of drugs: single source drugs with reimbursement less ti$4r000 (sin-
gle source, non-specialty), multiple source drugs with reimbursement less than
$1,000 (generic, non-specialty), drugs with reimbursement betweéi,000 and
$99,999 (specialty), and nally drugs with reimbursement greater thar$99,999
(super specialty). Using the presenesisde nition, we nd that 11% of single
source drugs are eligible for 340B discounts. Applying the poSenesisde nition
with a 10-year lookback, we nd that the 340B-eligible share for branded drugs
with a total cost of less than$1,000 rises to 13%. For generic drugs and branded
specialty drugs, the discount-eligible rises from 12% using the pBenesisde ni-
tion but 16% using the postGenesisde nition with the 10-year lookback. The
largest increase in the 340B-eligible share was for super specialty drugs, which
rose from 11% for Part D Drugs under the pré&enesisde nition to 17% under
the post-Genesisde nition with a 10-year lookback.
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Figure B.1: Share of Medicare Part D Spending Eligible for 340B Discounts by
Drug Type and Patient De nition, 2018
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C.1 Hospital Choice Set Figures

Figures C.1-C.4 provide support for the choice set for a hospital (in the discrete
choice model in Section 4.4) to be limited to a two-hour driving radius, referred
to as an isochron. For each hospital in the HRSA data, a two hour isochron is
estimated using the Open Street Maps API, through the OSRM package in R
(package documentation). Figure C.1 demonstrates that for over 90% of hospitals
in the HRSA data, more than 90% of their patient-days come from within a two
hour driving radius (indicated by the blue dots on the map). The exceptions,
identi ed by red dots on the map, are mostly rural hospitals, at which the patient
population is more dispersed. Figure C.7 provides an example for one hospital
in the data: Southeast Alabama Medical Center. The gure shows that there is
a highly concentrated density of patients immediately surrounding the hospital,
and while they serve patients in Georgia and Florida, those patients represent a
very small density. Figure C.3 presents the same information for the University
of Minnesota Medical Center, which, despite serving patients from Northern Min-
nesota as well, still is far above the 90% mark for patient-days within two hours.
However, Figure C.4 presents the same information for a hospital that only has
70% of patient-days within two hours: the University of West Virginia Hospi-
tal. A much more rural hospital, the patients it serves are more evenly dispersed
throughout the state. Even for this hospital, a majority (70%) of patients come
from within two hours.
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Figure C.1: % of Patient-Days within 2-Hour Isochron
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Figure C.2: Patient-Days for Southeast Alabama Medical Center, 2015

Figure C.3: Patient-Days for University of Minnesota Medical Center, 2015
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Figure C.4: Patient-Days for University of West Virginia Hospital, 2015
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C.2 Discrete Choice Model Sensitivities

Table C.1: Static Logit Results, Lagged Quantity, 2010-2018

Contract
(1) (2) 3) (4)

Lagged # of Patients (100s) 0.017 0.017 0.016 0.011
(0.00005) (0.0001) (0.0001) (0.00005)

Big Chain 1.444 1.055 1.374
(0.006) (0.006) (0.006)
Previous 340B Pharmacy 1.900 1.845
(0.006) (0.006)
Distance -0.077
(0.0002)
Constant -3.790 -4.655 -4.501 -1.741
(0.021) (0.022) (0.022) (0.023)
Observations 4,732,573 4,732,573 4,732,573 4,732,573
Year FE Yes Yes Yes Yes
Program Type FE Yes Yes Yes Yes

Note: p<0:01, p< 005, p< 0:1. Standard errors in parentheses.
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Table C.2: Extended Logit Results, Lagged Quantity, 2010-2018

Contract
1) (2) 3) (4)
Lagged # of Patients 0.011 0.011 0.010 0.010
(0.00005) (0.00005) (0.00005) (0.00005)

Big Chain 1.314 1.307 1.324 1.067

(0.007) (0.007) (0.006) (0.012)
Previous 340B Pharmacy 1.865 1.828 1.818 1.806

(0.007) (0.007) (0.006) (0.007)
Distance -0.070 -0.070 -0.074 -0.073

(0.0002) (0.0002) (0.0002) (0.0002)
CVS 0.028 0.281

(0.007) (0.012)
Previous CVS Contract 0.382 0.120

(0.006) (0.007)
Walgreens 0.049 0.287

(0.007) (0.012)
Previous Walgreens Contract 0.397 0.211
(0.006) (0.007)
Wal-Mart 0.028 0.300
(0.011) (0.015)
Previous Wal-Mart Contract 0.872 0.782
(0.007) (0.007)

Constant -2.710 -2.805 -2.660 -2.711

(0.021)  (0.021)  (0.021)  (0.021)

Observations 4732573 4,732,573 4,732,573 4,732,573
Year FE Yes Yes Yes Yes
Program Type FE Yes Yes Yes Yes

Note: p<0.1; p<0.05; p<0.01
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Table C.3: Static Logit Results, Positive Quantity, 2010-2018

Contract

(1) (2) ®3) (4)

# of Patients (100s) 0.006  0.006  0.006  0.005
(0.00004) (0.00004) (0.00004) (0.00004)

Big Chain 1.143 0.910 1.018
(0.008) (0.008) (0.009)

Previous 340B Pharmacy 1.786 1.853
(0.008) (0.009)

Distance -0.055
(0.0003)
Constant -0.644 -1.247 -1.226 -0.259

(0.035)  (0.036)  (0.036)  (0.038)

Observations 505,083 505,083 505,083 505,083
Year FE Yes Yes Yes Yes
Program Type FE Yes Yes Yes Yes

Note: p< 001, p< 005, p< 0:1. Standard errors in parentheses.
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Table C.4:. Extended Logit Results, Positive Quantity, 2010-2018

Contract
1) (2) 3) (4)
# of Patients (100s) 0.005 0.005 0.005 0.005
(0.00004) (0.00004) (0.00004) (0.00004)

Big Chain 0.958 0.799 1.018 0.438
(0.009) (0.009) (0.009) (0.018)

Previous 340B Pharmacy 1.852 1.729 1.816 1.711
(0.009) (0.009) (0.009) (0.009)

Distance -0.053 -0.052 -0.054 -0.054

(0.0003) (0.0003) (0.0003) (0.0003)

CVS -0.036 0.502
(0.010) (0.018)

Previous CVS Contract 0.319 0.079
(0.009) (0.010)

Walgreens 0.400 0.786
(0.010) (0.018)

Previous Walgreens Contract 0.403 0.261
(0.009) (0.010)

Wal-Mart -0.292 0.293
(0.013) (0.020)

Previous Wal-Mart Contract 0.572 0.486
(0.009) (0.010)

Constant -1.169 -1.240 -1.182 -1.219

(0.034)  (0.034)  (0.034)  (0.034)

Observations 505,083 505,083 505,083 505,083
Year FE Yes Yes Yes Yes
Program Type FE Yes Yes Yes Yes

Note: p< 001, p<005 p< 01. Standard errors in parentheses.
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C.3 Example Contracting Growth Path

Figure C.5: Geisinger Health System 340B Contracts, 2014-2018



150
C.4 Joint Identification of Cost Parameters

In Section 4.5, | estimated the moment inequality model using subsets of the
data in which a pharmacy either bene ted from network e ects or from previous
340B experience, but not both together. This is essential in order to separately
identify the parameters | seek to estimate. If one were to have both sunk cost
terms \active™ at the same time, a negative or positive value on either term could
outweigh the other. That is, a point on the grid , that has a very large, positive
value for  could be counterbalanced by a nearly as large, negative value on 3,
if the pharmacy had both characteristics.
To illustrate this, | estimate my moment inequality model jointly over =
( 35 3), but only Iter to swaps with a negative di erence in pro t, and swaps
where there is a di erence in the \Previous Chain Pharmacy" characteristic. Us-
ing both my set of date swaps and location swaps, | nd that while $ remains
identi ed as strictly positive, 5 is now able to take on a larger range of values.
An extension to my model could estimate the impact on sunk cost of a phar-
macy jointly bene ting from network and experience e ects (that is, estimating
1o = I+ 5asMoralesetal., 2019 does with the identi cation of extended grav-
ity e ects for countries that share both a language and a border with a previous
trade partner), but my current set of swaps does not yield a large enough sample
of moments to fully estimate this.
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