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Generic drugs comprise an increasing share of total prescriptions dispensed in the U.S., rising from nearly 50% in
1999 to 75% in 2009. The generic drug market has typically been viewed at the wholesale level as a competitive
market with price approaching marginal costs. However, the large presence of third party payers as final
purchasers may distort prices at the retail level relative to what a standard model of price competition would
predict. In this paper, we investigate how generic drug producers compete in the presence of the procurement
rules of the Medicaid program. Medicaid reimbursement to pharmacies, like that of other payers, is based on a
benchmark price called the averagewholesale price (AWP). The AWP is reported by generic producers themselves,
and until recently has been subject to essentially no independent verification. As a result, generic producers have
had an incentive to compete for pharmacy market share by reporting AWPs that exceed actual average wholesale
prices, as this “spread” leads to larger pharmacy profits. In 2000, after a federal government audit of actual whole-
sale prices of generic products, stateswere advised to reduceMedicaid reimbursement by asmuch as 95% for about
400 generic and off-patent drug products. We use variation induced by the timing of this policy along with its
differential impact on drug products' Medicaid reimbursement to estimate the impact of this exogenous price
change on themarket share of targeted products. Ourfindings indicate that pharmacies did respond to the perverse
incentives of the Medicaid program by dispensing products with the highest AWPs. Overall, the Medicaid market
share fell by about 45% for targeted drug products as a result of the policy.

© 2013 Elsevier B.V. All rights reserved.
1. Introduction

Generic drugs comprise an increasing share of total prescriptions
dispensed in the U.S., rising from nearly 50% in 1999 to 75% in 2009
(Berndt and Aitken, 2010). The generic drug market has typically been
viewed at the wholesale level1 as approximately competitive, with price
approaching marginal costs. Largely as a result of this, the widespread
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availability of generic drugs is generally perceived as extremely beneficial
to consumers and to those who bear the burden of paying for these
treatments. However, at the retail level, generic prices may well exceed
marginal cost, evenby awidemargin. One important aspect of the generic
drug market that has been largely unexplored is how drug procurement
by the government and private insurers impacts competition among
generic drug manufacturers. In particular, procurement rules may distort
retail generic drug prices away frommarginal cost by perversely reward-
ing higher-priced generics with greater market share.

The main objective of this paper is to investigate how generic drug
manufacturers compete in the presence of the procurement rules of the
Medicaid program. We examine the impact of procurement on competi-
tion by evaluating howdrug purchasing patterns responded to a plausibly
exogenous negative price shock generated by a significant government
intervention. During the period under study, Medicaid accounted for
nearly 20% of all prescription drug expenditures in the U.S. Thus, distor-
tions in the market for drugs purchased by Medicaid have potentially
large impacts on overall drug spending, and health care spending more
generally.

How might procurement distort generic competition? Consider a
stylized market without procurement. In the absence of government
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and private insurance, all consumers pay pharmacies (or other generic
dispensers) in cash for drugs purchased. Consumers are indifferent
between bioequivalent generic drugs that are produced by one manu-
facturer versus another,2 and thus purchase the drug from the pharma-
cy with the lowest price. In turn, pharmacies stock and dispense the
version of the generic drug that is least costly, choosing among possibly
dozens of manufacturers. Competition among generic manufacturers
for pharmacy market share, and competition among pharmacies for
consumers, drives the equilibrium price down to marginal cost at both
the wholesale and retail levels.

The actual market for generic drugs differs from this textbook
scenario for two main reasons. First, there are very few cash-paying
consumers in the pharmaceutical market. The last few decades
have seen a dramatic rise in prescription drug insurance coverage. The
fraction of drug spending paid for by public and private payers has
grown from 34% in 1980 to nearly 80% in 2000, and 92% in 2010
(Berndt and Aitken, 2010). Thus cash-paying consumers currently
account for only 8% of payments. Insured consumers are virtually price
insensitive with respect to choosing among different manufacturers of
a generic drug, since they typically pay a copay that is fixed across
equivalent generic drugs. Consequently, consumers play little role in ge-
neric price competition, leavingpublic andprivate payers—whoaccount
for the lion's share of payments to pharmacies—as the main driving
force.

Second, the largest purchasers of generic drugs—public and private
insurers—do not pay pharmacies' posted prices. Government and pri-
vate insurers set their own rules to determine how much to reimburse
pharmacies for drugs that they dispense. For Medicaid, like other
payers, reimbursement for each prescription has typically been based
on a benchmark price called the average wholesale price (AWP),3

which is published in several pricing catalogs. For each product, this
list price is reported to the catalogs by generic manufacturers them-
selves, and until recent years has been subject to essentially no indepen-
dent verification of its resemblance to the actual average price that
pharmacies pay manufacturers to acquire drugs. As a result, generic
manufacturers have had an incentive to compete for pharmacy market
share by reporting AWPs that are much greater than average prices
actually paid by pharmacies, as higher “spreads” lead to larger pharma-
cy profits. Put another way, since higher AWPs generate higher reim-
bursement for pharmacies, manufacturers might compete to report
higher and higher AWPs in order to induce pharmacies to stock their
drug rather than a competitor's drug. This may partially explain why
differences between published and actual average prices of more than
1000% have been uncovered in recent government audits for some
generic drugs. Thus, competition among manufacturers may increase
rather than reduce the prices on which Medicaid reimbursement is
based, leading to inflated Medicaid spending.

To empirically investigate the impact of Medicaid procurement on
price competition, we examine an intervention that caused a sharp
decline in price for a well-defined set of generic drugs. In the late 1990s,
an investigation by the Department of Justice (DOJ) and the National
Association of Medicaid Fraud Control Units (NAMFCU) “revealed a
pattern ofmisrepresentations by somedrugmanufacturers of the average
wholesale prices and wholesale acquisition costs of certain of their prod-
ucts.”4 As a result of this audit, inMay 2000, stateswere advised to reduce
the AWP used to reimburse pharmacies by as much as 95% for approxi-
mately 400 generic and off-patent injectable, infusion, and inhalation
2 Since generic drugs are regulated to be identical in their chemical structure and
strength, a specific manufacturer is rarely designated in a physician's written prescription
for a generic drug.

3 A few states use the Wholesale Acquisition Cost (WAC) or the minimum of the WAC
and AWP as their reimbursement benchmark. In 2000, the year of the policy intervention
we study, Massachusetts and Rhode Island were the only two states using the WAC as
their primary reimbursement benchmark (National Pharmaceutical Council, 2000).

4 Office of the Attorney General, Medicaid Fraud Control Unit, State of New York, 2000.
drug products.5 This intervention provides a rare opportunity to study
price competition because unlike other payment reforms, such as the
Medicare Modernization Act which lowered prices for all physician-
administered drugs (which are covered by Medicare Part B), this policy
differentially lowered price for only a select set of drugs within classes
of bioequivalent products. Thus we can compare changes in pharmacy
purchases before and after the price change for targeted generic drugs
and their bioequivalent competitors to estimate pharmacy demand
responses and infer manufacturers' pricing behavior. For example, in
the market for Acetylcysteine, the DOJ recommended that Medicaid
lower the AWP to the audited price for several products produced by
three manufacturers, but did not make any price recommendations for
the other seven manufacturers of this drug. Finding shifts in purchases
away from targeted drugs towards their competitors as the relative
price of targeted drugs declined would be evidence that pharmacies
respond to the perverse incentives of the Medicaid program by stocking
products with relatively high AWPs.

Using more than a decade of Medicaid State Drug Utilization Data
from the Centers for Medicare and Medicaid Services (CMS) which in-
cludes all covered outpatient drugs paid for by Medicaid, we demon-
strate that actual reimbursement per prescription purchased declined
substantially for targeted drugs following the 2000 DOJ recommenda-
tions, relative to competitor products whose AWPs were not targeted
by the DOJ. We also find evidence of a decline in the number of targeted
drug prescriptions dispensed toMedicaid patients by pharmacies and an
increase in the number of competitor drugs dispensed. Overall, themar-
ket share, measured in terms of Medicaid prescriptions dispensed, for
targeted drugs fell by about 45% through 2004, implying that pharma-
cies substituted away from drug products whose prices were reduced.

In general, our results show that pharmacies respond to the incen-
tives inherent in AWP-based reimbursement by dispensing drugs in a
manner consistent with profit-maximizing behavior, but inconsistent
with a standard model of price competition in which lower-priced
drugs capture higher market share. Medicaid procurement incentives
have led at least some generic manufacturers to compete by (some-
times vastly) overstating AWPs, which can markedly reduce the cost
savings to consumers or insurers from using generic drugs.

The remainder of the paper proceeds as follows. Section 2 provides
detailed background about the AWP and related literature. Section 3
discusses the DOJ intervention. Section 4 describes the data and sample
restrictions. Section 5 outlines the empirical framework and presents
the descriptive statistics and results. Section 6 concludes.

2. Background

2.1. AWP basics

AWP-based reimbursement was first introduced by California's
Medicaid program in 1969, at a time when public and private insurers
were just beginning to pay for prescription drugs (insurers accounted
for only 15% of total drug spending in that year).6 Its predecessor,
“cost-based” reimbursement, reimbursed pharmacies the exact amount
they were charged by manufacturers to purchase the drug plus a fixed
dispensing fee to cover labor and capital costs. Thismethod led to amul-
titude of reimbursement amounts for identical products. More impor-
tantly, since pharmacies would receive the same (zero) profit margin
from reimbursement regardless of their acquisition costs, drug manu-
facturers could in turn set high prices without reducing pharmacies'
demand for their product.
5 While some of the drugs targeted by the DOJ are commonly purchased by hospitals or
physician offices, a large volume of these drugs are also distributed through retail and spe-
cialty pharmacy channels as observed in our Medicaid outpatient prescription drug data.
Using this data on pharmacy utilization allows us to study the effects of financial incen-
tives on pharmacy purchasing decisions.

6 Calculations from CMS National Health Expenditure Data (2011).
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In contrast, the AWP approach provided an opportunity for pharma-
cies to profit from Medicaid reimbursement through the existence of a
“spread.” The spread is the difference between the reimbursement
amount (which is computed as a fixed proportion of each drug's AWP)
and the pharmacy's actual acquisition costs. A positive (negative) spread
is a profit (loss) for the pharmacy. Policymakers anticipated that phar-
macies would seek to maximize this spread by searching for the lowest
priced versions of generic drugs. In turn, this in theory would induce
price competition among manufacturers, which would thereby allow
Medicaid to lower their reimbursement amounts over time. Other states
and private insurers soon adopted California's model and publishers
such as the Red Book, Blue Book, Medi-Span, and First Data Bank,
entered the market to meet the demand for data on average wholesale
prices (see for example, Kolassa, 1994, 1997; Berndt and Newhouse,
2012; Danzon et al., 2005; for a more detailed summary of the history
of the AWP).

A typical AWP-based reimbursement rule used by public and private
payers is defined as follows. For each drug product j dispensed to a
recipient of insurance type i, the pharmacy receives a reimbursement
amount equal to7:

Reimbursementij ¼ 1−αið Þ � AWP j þ DispensingFeei ð1Þ

where 0 ≤ αi ≤ 1. Thus, a pharmacy earns a profit of Πij =
Reimbursementij − pj

a, where pj
a is the acquisition cost of drug j

from the manufacturer.
Given that αi and the dispensing fee are fixed across drugs, the AWPj

and pj
a are the crucial factors governing whether pharmacies choose to

stock one generic version over another. In pricing catalogs, the AWP is
reported for each drug at the level of the National Drug Code (NDC).
The NDC is a unique eleven-digit identification number assigned by
the FDA to every drug product distributed in the U.S. The first 5 digits
uniquely identify the manufacturer, the next 4 digits identify the prod-
uct code (which include the strength, dosage form, and formulation of
the drug), and the final 2 digits identify the package size and type.
Thus a single NDC code uniquely defines one drug produced by one par-
ticular manufacturer and is denoted by j in the equation above. In the
case of generic drugs, the NDC can distinguish between identical, bio-
equivalent drugs that are produced by different manufacturers because
each version will have a unique NDC.

For theMedicaid program, there are a few additional caveats regard-
ing the parameters of the reimbursement rule. First, αi may vary across
brandname andgeneric drugs (the former is typically smaller).8 Second,
the AWP is sometimes replaced by a lower, government-determined
price for certain generic drugs. These prices are known as the Federal
Upper Limit (FUL) or the Maximum Allowable Cost (MAC). FULs,
which were first established by the federal government in 1987, denote
the maximum price at which the Medicaid program will reimburse
pharmacies for certain drugs. Generic drugs that have three or more
manufacturers are frequently subject to these limits, which have been
traditionally set at 150% of the lowest published AWP among all equiv-
alent versions of the drug (KFF, 2002). Over 200 drugs were on the FUL
list during the study period (OIG, 2001), though reports by the OIG sug-
gest that not all eligible generic drugs receive FULs (OIG, 2004a, 2004b).
MACs are similar reimbursement limits for generic drugs that are set by
each individual state's Medicaid program. These limits tend to be wider
in scope and are more aggressive than FULs (Abramson et al., 2004).
Third, there is also variation in the αi and the dispensing fee across
states: the Medicaid αi ranged from 0.05 to 0.15 across states during
7 This rule generates what is known as the “Estimated Acquisition Cost” (EAC) and re-
imbursement is based on the minimum of the EAC or “Usual and Customary Charge”
(U&C).

8 See, for example, state Medicaid reimbursement rules available on CMS website:
http://www.medicaid.gov/Medicaid-CHIP-Program-Information/By-Topics/Benefits/
Prescription-Drugs/State-Prescription-Drug-Resources.html.
the period under study (NPC, 2000).9 To the extent that any of these
mechanisms do restrain prices, our results are net of these disciplinary
devices.

2.2. The AWP and Medicaid procurement incentives

In the previous section we outlined the two main parameters
governing transactions between payers, pharmacies, and manufac-
turers (AWPj and pj

a). In this section we briefly discuss how manipula-
tion of the AWP can lead to a perverse form of price competition in
which manufacturers compete to offer pharmacies the highest-priced
version of a generic drug. We focus on the Medicaid program, but an
analogous discussion can be applied to other payers including private
insurers.

First, recall that pharmacies earn a profit from Medicaid reimburse-
ment if it generates a positive “spread”—that is, the reimbursement
(which is proportional to the AWPj) exceeds the cost that pharmacies
pay to acquire the drug from themanufacturer pja. Thus, when choosing
among bioequivalent NDCs, pharmacies prefer to stock the NDC that
generates the largest spread. In turn, manufacturers have an incentive
to compete for pharmacy market share by offering the largest possible
spread between AWPj and pj

a. They can do so by bidding up the AWPj
and bidding down the pj

a.
While it may have been the original intent of Medicaid's reimburse-

ment policy that the AWP reflect an average of the actual prices that
pharmacies pay manufacturers or wholesalers to acquire the drug, in
practice, manufacturers self-report the AWPj to the pricing catalogs.
These self-reports are not subject to any independent verification
(GAO, 2002). Consequently, as the GAO (2002) explains, the Average
Wholesale Price “is neither an average nor a price that wholesalers
charge… it is a number that manufacturers derive using their own
criteria; there are no requirements or conventions that AWP reflect
the price of any actual sale of drugs by a manufacturer.” Thus, since
this price can be easily manipulated, manufacturers have an incentive
to compete for pharmacy market share by simply reporting higher and
higher AWPs.10

In the presence of AWP-based Medicaid reimbursement rules,
we would expect there to be a positive spread in equilibrium. A
spread of zero (AWPj = pj

a) is not sustainable, since if one manufac-
turer sets an AWPj such that AWPj = pj

a, then another firm can report
AWP ′

j N AWPj = pj
a and capture the entire market, all else equal. Sim-

ilarly, one manufacturer could set pa
′

j b pj
a with a similar outcome. Thus,

manufacturers may bid up the AWP and bid down pj
a to marginal costs.

In other words, Medicaid reimbursement policies provide an incentive
for manufacturers to compete on the pharmacy's profit margin, rather
than on simply the acquisition price as a text book model of Bertrand
price competition might predict. While this type of manufacturer com-
petition may lead to close to marginal cost pricing in transactions be-
tween pharmacies and manufacturers (as described in, e.g., Berndt and
Newhouse, 2012; Berndt et al., 2011; Ching, 2010; Reiffen and Ward,
2005; Grabowski and Vernon, 1992), it may generate prices greatly ex-
ceeding marginal costs in transactions between pharmacies and pur-
chasers (such as Medicaid and other private payers).11 Evidence from
numerous audits of actual spreads discussed below supports the predic-
tion that the AWPwill be inflated for generic drugs (e.g. CBO, 2004; GAO,
2001; OIG, 2002). Consequently, while the widespread availability of
and off-patent brand name drugs, the rebate is calculated as 13% of AMP in 2013
(Section 2501(b) of the Affordable Care Act). Specific states may have yet other mecha-
nisms in place, such as formularies, that go at least someway toward restrainingMedicaid
reimbursement of generic drugs.
10 If the AWP reflected an average of the actual prices that pharmacies pay wholesalers,
then increasing actual wholesale prices requires that the manufacturer trade off the gain
from additional Medicaid purchases against the loss of purchases from other payers. In
cases where Medicaid payments are a small share of sales, manufacturers may find it
profit-maximizing to compete by bidding down the pj

a rather than bidding up the AWPj.

http://www.medicaid.gov/Medicaid-CHIP-Program-Information/By-Topics/Benefits/Prescription-Drugs/State-Prescription-Drug-Resources.html
http://www.medicaid.gov/Medicaid-CHIP-Program-Information/By-Topics/Benefits/Prescription-Drugs/State-Prescription-Drug-Resources.html
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generic drugs is still largely perceived as unambiguously beneficial to
consumers and payers, the cost savings from these drugs may be sub-
stantially overstated if the incentives of the reimbursement system
lead manufacturers to report inflated AWPs for many drugs.12

2.3. Evidence of the spread and related literature

Numerous studies conducted by government agencies (e.g. CBO,
2004; GAO, 2001; OIG, 2002) have uncovered large spreads for brand
and generic drugs which are consistent with the hypothesis outlined
in Section 2.2 above. In one particularly striking study, the Office of
Inspector General, Department of Health and Human Services (2002)
conducted an audit of approximately 200 randomly selected pharmacies
in eight states to obtain 8728 invoice prices for prescription drugs. The
authors found that on average pharmacies' actual drug acquisition
price was 83% of the published AWP for brand name drugs, 56% of the
AWP for generic drugs without an FUL, and 28% of the AWP for drugs
with an FUL. It is interesting to note that the AWP was more inflated
for generic drugs than brands,13 and even drugs subject to FULs (typically
the least concentrated markets with 3 or more manufacturers) had
substantially inflated AWPs. If pharmacies' demand responds positively
to the spread, increasing levels of competition among manufacturers
could lead to increases in Medicaid drug spending.

In related studies, government audits have also uncovered large
profit margins for physician-administered drugs (e.g. chemotherapy)
under reimbursement rules for Medicare Part B. Before the Medicare
Modernization Act was implemented in 2005, Medicare drug reim-
bursement to physicians was based on the same AWP-based payment
rule as in the Medicaid program.14 In one Government Accountability
Office audit (2001), physicians' average acquisition prices ranged from
66% to 87% of the AWP for a sample of the highest volume physician-
administered drugs. Some oncology drugs could be purchased by physi-
cians for as low as 15% of the AWP. Since physicians can substitute
between therapeutically similar treatments for patients (brand and
generic drugs alike), manufacturers of oncology drugs compete for phy-
sician market share in an analogous way that manufacturers of generic
drugs compete for pharmacy market share.

While the issue of AWP inflation has received considerable attention
in government reports and a series of recent lawsuits filed by CMS, it
has not been explored in the academic literature. The most similar
study to the present one is Duggan and Scott-Morton (2006) which ex-
amines the impact of Medicaid procurement on prices for brand name
drugs.15 However, in contrast to that paper, we focus on generic drugs.
The case for generics differs from the case for brands because Medicaid
procurement distorts generic prices through its impact on pharmacy
purchasing incentives. Pharmacies play an important and often
overlooked role in driving price competition among multiple source
drugs, yet relative to hospitals, physicians, nursing homes, and other
providers, pharmacy behavior has received very little attention in
the health economics literature.While pharmacies cannot automatically
substitute between different brand name drugs, they may choose
among potentially dozens of suppliers to determine which version of a
12 The retail market for generics also may not be fully competitive for reasons beyond
AWP pricing. Berndt and Newhouse (2012) and Berndt et al. (2011), note that market
power of certain retail pharmacies and pharmacy benefit managers may serve to restrain
price competition at the retail level.
13 The smaller spreads for brands relative to genericsmay also help accelerate the use of
generic drugs, since pharmacies may earn greater profits from generic drugs than from
branded drugs.
14 Shea et al. (2008) and Jacobson et al. (2010) find that Medicare Part B's switch from
AWP to ASP resulted in changes in chemotherapy treatment patterns, but no reduction
in the likelihood of treatment or wait times for the drugs included in the studies.
15 In another related study, Brekke et al. (2011) examine the effects of drug procurement
policies in Norway on price competition between off-patent brand name and generic
drugs. In a similar spirit to this paper, their empirical approach exploits quasi-
experimental variation in the impact of a policy change across drug products to study
the effects of reference pricing on prices and market shares.
generic drug to stock and dispense. Thus, generic manufacturers com-
pete for pharmacy market share, whereas brand manufacturers com-
pete for consumers and physicians who influence how prescriptions
are written.

A second related literature examines the impact of reimburse-
ment rules more broadly on real (e.g. Gruber et al., 1999) and nominal
(e.g. Dafny, 2005) health care utilization. This large literature documents
evidence frommany contexts of substitution by providers towards pro-
cedures and services that aremore generously reimbursed. For example,
Gruber et al. (1999) shows that variation in the Medicaid reimburse-
ment differential between Cesarean and normal childbirth across states
leads to an increased rate of Cesarean births in states with larger reim-
bursement differentials. Dafny (2005) finds that differentials in Medi-
care reimbursement by the severity of diagnosis lead hospitals to
falsely recode patients' diagnoses to the most profitable, high severity
codes. While reimbursement differentials that distort actual treatment
decisions could potentially have negative health consequences, distor-
tions in simply the choice of manufacturers for generic drugs will not
affect health. In this sense, our study is more similar to Dafny (2005)
in that reimbursement distortions lead to higher public spending.

2.4. Policy significance

Despite the perverse incentives of AWP-based reimbursement (and
its potential for increasing drug spending), the AWP has been the dom-
inant insurer reimbursement benchmark for over four decades, and it is
still the primary benchmark for themajority of stateMedicaid programs
and many private insurers. As of the first quarter of 2013, 29 states still
used the AWP as the benchmark price in setting Medicaid drug reim-
bursements, and 16 others used the WAC which is closely related to
the AWP (CMS, 2013). The issue of AWP inflation has attracted consid-
erable attention from government agencies and policymakers in recent
years.While no policies have yet been put into place to fully replace the
AWP, Medicaid has implemented several piecemeal interventions to
mitigate AWP inflation, and it is possible that wholesale changes to
the program will be implemented in the near future.

First, federal and state governments have introduced maximum
limits on Medicaid reimbursement, known as FULs or MACs, for select
generic and off-patent drugs. During the approximate midpoint of our
study period, FULs covered over 200 drugs (OIG, 2001).16 For drugs sub-
ject to FULs, the reimbursement limit has been traditionally set as 150%
of the lowest published price (e.g. AWP) within a group of equivalent
drugs (KFF, 2002).17 However, under this rule, manufacturers still
have an incentive to self-report higher prices to drive up the minimum
price and, consequently, the FUL. Thus, these limits may not be effective
at reducing reimbursement for covered drugs. In 2012, an audit by the
Office of the Inspector General found that FULs based on published list
prices were on average more than four times greater than actual acqui-
sition costs (OIG, 2012).

Second, in 2005, the Deficit Reduction Act (DRA) legislated replacing
the AWP with another payment benchmark called the Average Manu-
facturer Price (AMP). However, the provisions of the DRA were never
implemented because pharmacy trade groups obtained a federal court
injunction to prevent the publication and use of the AMP in reimburse-
ment due to concern that this data—which manufacturers currently
report to Medicaid for use in its drug rebate program—does not accu-
rately reflect pharmacy prices (NASMD, 2010).

Third, state Medicaid programs, Medicare, and private insurers have
recently filed a series of lawsuits alleging that drugmanufacturers have
16 Typically, multi-source drugs with three or more suppliers are eligible for FULs, how-
ever reports by the Office of the Inspector General (OIG, 2004a, 2004b) have found that
many eligible drug groups do not receive FULs.
17 The Affordable Care Act legislated a new benchmark for the FUL which was set to be
175% of the weighted average of the Average Manufacturer Price (AMP) as of October
2010. However, CMS has not yet implemented this new FUL benchmark, and as of August
2012 FULs were still based on published list prices such as the AWP (OIG, 2012).
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reported inflated AWPs to pricing catalogs. In one example in 2010,
three drug manufacturers Abbott Laboratories, Roxane Laboratories,
and B. Braun Medical, faced a $421 million settlement for having
“engaged in a scheme to report false and inflated prices for numerous
pharmaceutical products knowing that federal healthcare programs
relied on those reported prices to set payment rates (DOJ, 2010).” The
Department of Justice reports that over $2 billion in settlements has
been recovered to date by Medicaid and Medicare from drug manufac-
turers who have manipulated the AWP (DOJ, 2012).

Fourth, in another set of lawsuits, the publishers of pricing data
themselves have been targeted for fraudulent practices. First Data
Bank (a major supplier of AWP data to Medicaid) stopped publishing
the AWP in September of 2011 as a result of a major lawsuit against
the publisher (OIG, 2011). According to a report by the OIG (2011),
the 45 states using the AWP as of early 2011 planned to respond to
this change by 1) requesting AWP data from other publishers (10
states), 2) using the Wholesale Acquisition Cost (WAC) as the bench-
mark instead of the AWP (12 states), 3) collecting data on average
acquisition costs (3 states), or 4) had no transition plan in place (20
states).18 The WAC, which has been the most popular alternative to
the AWP, is also a manufacturer self-reported price and “in many
instances it is currently the basis upon which the AWP is calculated
(NASMD, 2010),” thus generating the same perverse reporting incen-
tives and susceptibility for price inflation as the AWP.

Fifth, in a proposed rule issued by CMS in February 2012, which is
currently set to become final in 2013, the agency proposes to shift
away from reimbursement based on “estimated acquisition cost”
(EAC) to reimbursement based on “actual acquisition cost” (AAC).
Under this new definition, states would be required to provide data to
support that their reimbursement methodology is representative of
AAC. The proposed rule as written does not explicitly state how the
AAC is to be calculated, but it suggests that states could use “a national
survey, to create a database of actual acquisition costs… state survey
of retail pharmacy providers… [or] alternatively, the use of an AMP”
to determine reimbursement rates.19 Meanwhile, over the last two
years, CMS has begun fielding a survey of retail pharmacies' acquisition
prices to compute a new national benchmark, known as the National
Average Drug Acquisition Cost (NADAC). CMS says that it “expect[s]
that states may consider the NADAC as a reference price when setting
their reimbursement methodology.”20

The future of Medicaid drug reimbursement continues to be a highly
contested policy issue. With future expansions in Medicaid enrollment
under the Affordable Care Act, reducing excessive prescription drug
spending is likely to become an even more critical issue in the near
term. Even if and when the AWP is phased-out, alternative Medicaid
reimbursement benchmarks such as theWAC, AMP, NADAC, and others
may generate similarly distortionary incentives as the AWP. Indeed, as
is clear from the proposed CMS rule and resulting stakeholder com-
ments, and from discussions of potential policy remedies (NASMD,
2010), designing feasible and sensible alternatives to these benchmarks
is not straightforward.21 In this paper we estimate pharmacy and man-
ufacturer responses to the AWP. Understanding the effects of AWP-
18 Three states intended to continue using the AWP but haven't selected an alternative
publisher, 3 considered replacing the AWP with the WAC, 6 intended to discontinue the
AWP but haven't taken steps to select a new benchmark, and 8 had not decided whether
they would continue AWP from another source or switch to WAC.
19 The proposed rule is 42 CFR 447.518, as documented in: http://www.gpo.gov/fdsys/
pkg/FR-2012-02-02/html/2012-2014.htm, and listed as http://www.reginfo.gov/public/
do/eAgendaViewRule?pubId=201210&RIN=0938-AQ41, both accessed on 6/19/2013.
20 For details on the NADAC see: http://www.medicaid.gov/Medicaid-CHIP-Program-
Information/By-Topics/Benefits/Prescription-Drugs/Survey-of-Retail-Prices.html
accessed on 6/19/2013.
21 For example, theNADAC,which aims tomeasure acquisition pricesmore reliably than
AWP, is derived from a voluntary survey of retail pharmacies. It therefore may not be rep-
resentative of the universe of acquisition prices. Moreover, it excludes from its calculation
discounts or rebates that are not listed on invoices. AMPs are prices charged by manufac-
turers, not paid by retail pharmacies, so they do not factor in wholesale markups.
based reimbursement on the pharmaceutical market is an important
first step in evaluating policy alternatives thatmay generate similar per-
verse incentives. To the best of our knowledge, this issue has not been
systematically explored previously.

3. Intervention

3.1. Details of the DOJ intervention

This study focuses on a national investigation of AWPs by the DOJ
and NAMFCU in the late 1990s. The agencies collected actual wholesale
pricing data from wholesalers' catalogs which “revealed a pattern of
misrepresentations by some drug manufacturers of the average whole-
sale prices and wholesale acquisition costs of certain of their products.”
The actual wholesale prices were substantially lower than published
AWPs. In an effort “to ensure that Medicaid drug prices are based on
true information,” NAMFCU sent a letter in February 2000 to all state
Medicaid pharmacy directors notifying them of the misrepresenta-
tions.22 Beginning on May 1, 2000, First Data Bank provided states
with revised AWPs based on the pricing data uncovered in this in-
vestigation for approximately 400 NDCs representing about 50 drug
products.23 States were strongly encouraged by NAMFCU to use these
revised AWPs in place of the published AWPs in calculating reimburse-
ments for these drugs.

The 400 NDCs represent about 50 unique drugs and accounted for
$306 million of Medicaid outpatient prescription drug spending in
1999.24 These drugs are all generic and off-patent injectable, infusion,
and inhalation products, including about a dozen oncology drugs and
blood clotting factors.25 The full list of drugs targeted by the DOJ is re-
ported in Table A.1 in the Appendix. The extent to which the AWP had
been inflated for these drugs is staggering. The interquartile range of
published AWPs26 relative to actual wholesale prices is 2.4 to 36.3 (for
themedian, the publishedAWP is 6 times the actual price). For example,
in one case, a manufacturer had reported an AWP of $948.46 for a pack
of 2 ml vials of the generic antibiotic Amikacin Sulfate, while the inves-
tigation found that the actualwholesale pricewas only $125.00. Similar-
ly largemargins between thepublishedAWPand the averagewholesale
price uncovered by the DOJ can be found for other drugs as shown in
Table 1.

While all states received the recommendation to adopt the AWP
revisions, the use of these new prices was voluntary. A survey conducted
by the Office of the Inspector General (2001) found that as of January–
March 2001, 30 states had incorporated some or all of the revised AWPs
into their reimbursements to pharmacies.27 The remaining states contin-
ued to be supplied with the original, manufacturer-reported AWPs from
First Data Bank. States that did not adopt the revisions expressed concern
that the newpriceswere too low, potentially compromising beneficiaries'
access to these drugs (OIG, 2001). It is worth noting that states that had
not adopted the revisions at the time of the survey may have decided to
adopt them later or, in any case, adopted them in a de facto manner
New York, 2000.
23 It was also indicated that First Data Bank would update the prices for the 400 NDCs
from data from actual wholesale catalogs every 6 months. However, some states reported
concern that First Data Bankwould not update theprices unless theDOJ andNAMFCUcon-
tinued to provide them with wholesale catalog prices (OIG, 2001).
24 This figure is calculated by the authors using Medicaid State Drug Utilization Data for
all states except Arizona. Arizona is the only state that does not participate in theMedicaid
Drug Rebate Program and therefore does not report drug utilization data to CMS.
25 We use Medicaid outpatient prescription drug utilization data in this paper which
does not include spending for drugs dispensed in institutional settings (e.g. hospitals), a
common distribution channel for some of the drugs targeted by the DOJ. This data allows
us to focus on the large volume of targeted drugs distributed through retail and specialty
pharmacies in order to study pharmacy responses to financial incentives.
26 We compare the actual wholesale prices uncovered in the DOJ investigation (HHS,
2000) with the AWPs published in the Red Book (1999).
27 The states that adopted the revisions as of 2001 are: AK, CT, DC, DE, FL, HI, ID, IL, IN, KS,
KY, MD, MN, MO, MT, ND, NH, NJ, NM, NV, NY, OK, OR, PA, SC, UT, VT, WA, WI, WV.

http://www.gpo.gov/fdsys/pkg/FR-2012-02-02/html/2012-2014.htm
http://www.gpo.gov/fdsys/pkg/FR-2012-02-02/html/2012-2014.htm
http://www.reginfo.gov/public/do/eAgendaViewRule?pubId=201210&RIN=0938-AQ41
http://www.reginfo.gov/public/do/eAgendaViewRule?pubId=201210&RIN=0938-AQ41
http://www.medicaid.gov/Medicaid-CHIP-Program-Information/By-Topics/Benefits/Prescription-Drugs/Survey-of-Retail-Prices.html
http://www.medicaid.gov/Medicaid-CHIP-Program-Information/By-Topics/Benefits/Prescription-Drugs/Survey-of-Retail-Prices.html


Table 1
Illustration of margins between published AWPs and DOJ-audited actual average wholesale prices for select NDCs.

Generic name NDC Product description AWP in 1999 (Red Book) DOJ average wholesale price

Acetylcysteine 49502-0182-30 20%, 30 ml, 3s 133.43 50.64
Acyclovir Sodium 63323-0325-20 50 mg/ml, 20 ml 42.59 28.00
Albuterol Sulfate 49502-0697-60 0.083%, 3 ml, 60s 72.60 22.01
Cimetidine Hydrochloride 00074-7444-01 150 mg/ml, 2 ml, 10s 86.69 11.72
Clindamycin Phosphate 00009-0728-09 150 mg/ml, 60 ml, 5s 905.88 259.20
Furosemide 00074-6102-04 10 mg/ml, 4 ml, 25s 122.02 20.28
Lorazepam 00074-1985-10 2 mg/ml, 10 ml 86.81 25.83
Lupron 00300-3629-01 7.5 mg, ea (PDS) 594.65 482.52
Vancomycin Hydrochloride 00205-3154-15 1 g, 10s, ea 109.39 9.02
Zofran 00173-0461-00 32 mg/50 ml, 50 ml 206.41 128.09

Notes: The source for the AWP is the 1999 Red Book; the source for the actual averagewholesale price uncovered in the DOJ audit is obtained from a ProgramMemorandum issued by the
Department of Health andHumanServices (HHS, 2000). For each generic or off-patent drug shown in the table, theNDC selected represents approximately themedian spread (ratio of Red
Book AWP to DOJ average wholesale price) for that drug group.
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when catalogs stopped publishing the manufacturer-reported AWPs for
targeted drugs in later years.28 Conversely, some early adopter states
may have eventually discontinued the use of the AWP revisions.29

This intervention provides a “quasi-experiment” to study the impact
of Medicaid procurement on price competition for generic drugs. It
generated a large and sudden reduction in the price on which Medicaid
reimbursement is based for a select set of NDCs within classes of
bioequivalent products. Prices for the bioequivalent competitors of
targeted NDCs were not directly affected by the DOJ intervention. That
said, the competitors are not a set of pure “control” NDCs because
although theywere not singled out in the DOJ audit, the DOJ intervention
may have changed the nature of AWP reporting itself. It is possible that
after the DOJ announcement, drug manufacturers may have become
more cautious in reporting highly inflated AWPs that might draw atten-
tion from regulators or litigators. To the extent that we see an effect on
prescriptions andmarket shares for targeted drugs relative to competitor
drugs, this should represent a downward biased estimate of the effect of
the intervention. It should be noted that the intervention may also have
led to changes in the actual acquisition price paid by pharmacies for the
drugs. Unfortunately, we do not have acquisition price data and cannot
investigatewhether those prices changed in response to the intervention.

For the approximately 50 “treated” drug markets, we examine how
the pharmacy market share for targeted NDCs changed following the
reduction in the relative price of these drugs. We proxy for pharmacy
market share using Medicaid utilization.30 Appendix Fig. A.1 illustrates
this “experiment” for one drug market, Acetylcysteine. In this market,
only select NDCs of Acetylcysteine produced by the manufacturer
Abbott were targeted by the DOJ (the large quantity packages), all
Acetylcysteine NDCs produced by Faulding were targeted, and no
Acetylcysteine NDCs produced by Bedford were targeted. Since these
targeted and non-targeted products are bioequivalent substitutes, we
can test the effect of the differential price shock for targeted NDCs on
their market share. As shown in the figure, the market share (as mea-
sured by prescriptions dispensed) of targeted Acetylcysteine NDCs
plummeted after states adopted the DOJ prices.

Following the discussion in Section 2, we predict that the incentives
embedded inMedicaid procurement rules should induce pharmacies to
substitute away from the drugs that experienced the price reduction
28 For instance, the Red Book began to publish revised AWPs for some of the targeted
NDCs in 2002.
29 Finally, even among states that adopted the revisions, not all revised prices for
targeted drugs were implemented. For example, some hemophilia groups claimed that
treatment would be discontinued if prices were not increased, leading some states to ex-
clude blood clotting factors from the revisions (OIG, 2001).
30 Recall that the consumers should be price insensitive across bioequivalent generics
produced by different manufacturers. Thus shifts in utilization from one manufacturer's
version to another's version reflect changes in the purchasing patterns of pharmacies. Fur-
ther, while Medicaid outpatient drug utilization corresponds one-to-one with pharmacy
dispensing, our data will not capture changes in the total number of drugs purchased
and stocked by pharmacies.We are unaware of any national-level dataset that would pro-
vide this level of detail on pharmacy purchasing.
and towards their competitors' products, leading to a decline in the
market share for targeted drugs. This contrasts with a standard model
of price competition in which the price decline would be predicted
to cause an increase in pharmacy market share. Consequently, if phar-
macies reward higher-priced drugs with greater market share, this
provides an incentive for manufacturers to compete by bidding up the
published price.
4. Data sources

4.1. Data

The main source of data for this paper is the Medicaid State Drug
Utilization Data published by CMS.31 The data series tracks Medicaid
spending and utilization by NDC for each state and quarter from 1991
through the present for all covered outpatient prescription drugs.
NDCs only appear in the data if they have non-zeroMedicaid utilization
in the state and quarter. We aggregate the quarterly data to annual to-
tals. 32We focus primarily on two variables: thenumber of prescriptions
and the total reimbursement. From this we construct reimbursement
per prescription and the market share for targeted drugs. Given that
Medicaid reimbursement is largely determined by the AWP, reimburse-
ment per prescription and AWP should be strongly correlated. The data
set also includes information about NDC characteristics such as the drug
name, FDA approval date, whether it is a generic or brand name drug,
and the unit type (e.g. capsule, tablet, milliliter).

Weobtained the list of 411NDCs thatwere targeted by theDOJ froma
ProgramMemorandum issued by the Department of Health and Human
Services (HHS, 2000).33 This document contains the actual average
wholesale price found in the DOJ audit for each NDC. We use the
eleven-digit NDCs reported in this Memorandum to identify the targeted
NDCs in the State DrugUtilizationData.We find that 379 of the 411NDCs
had non-zero Medicaid utilization the year before the intervention.

In this study, we compare changes in purchasing patterns for the
targeted NDCs and their competitors whose prices were not directly
revised by the DOJ. To identify a set of competitor drugs, we begin by
identifying for each targeted NDC the set of drugs that share the same
active ingredients as the targeted NDC. In choosing which drugs to
stock and dispense, pharmacies may substitute between one generic
and another (or a generic and an off-patent brand name drug)34 if
31 State DrugUtilization Datawhich is collected for theMedicaidDrugRebate Program is
available from the CMS website: https://www.cms.gov/MedicaidDrugRebateProgram/
SDUD/list.asp.
32 The quarterly data are highly noisy. This variation may reflect when claims are
processed rather than actual patterns in drug use.
33 This memorandum was issued to notify the Medicare program of the alternative
source of average wholesale data that was uncovered by the DOJ and NAMFCU for the
Medicaid program.
34 This sometimes requires permission from the prescribing doctor, but is at the discre-
tion of the pharmacy in states with mandatory generic substitution laws.

https://www.cms.gov/MedicaidDrugRebateProgram/SDUD/list.asp
https://www.cms.gov/MedicaidDrugRebateProgram/SDUD/list.asp


Table 2
Descriptive statistics, 1999–2002.

Targeted NDCs Competitor NDCs

All Targeted firms Non-targeted firms

Sample: (1) (2) (3) (4)

Reimbursement per prescription, 1999 232.61 73.86 166.67 50.49
Change in reimbursement per prescription, 1999–2002 −42.13 10.72 −16.66 12.73
Number of prescriptions, 1999 7994.12 6699.91 7288.44 6551.67
Change in number of prescriptions, 1999–2002 −358.17 2803.16 37.15 3662.51
NDC market share, 1999 0.050 0.009 0.011 0.009
Change in NDC market share, 1999–2002 0.001 0.002 0.001 0.002
Drug group market share, 1999* 0.409 0.635 0.188 0.566
Change in drug group market share, 1999–2002 −0.011 −0.018 0.004 −0.032
Fraction generic, 1999 0.670 0.787 0.639 0.841
Year of FDA approval, 1999 1991.3 1989.6 1990.7 1989.2
Fraction unit type, 1999: ML 0.737 0.466 0.763 0.358
Gram 0.024 0.046 0.029 0.053
Capsule 0.000 0.023 0.016 0.025
Tablet 0.000 0.374 0.110 0.470
Other 0.239 0.091 0.082 0.094
Total prescriptions, 1999 2,869,890 18,980,848 4,154,410 14,826,438
Total reimbursement, 1999 155,787,680 389,058,079 107,581,483 281,476,595
NDC × year observations, 1999 359 2833 570 2263

Notes: Variablemeans are reported using NDC-level data with the exception of drug groupmarket share*, which uses drug group-level data. The sample excludes data from the five states
that do not use the AWP as their primary reimbursement methodology, hemophilia drugs, and outliers as described in the text in Section 4.2.
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they are bioequivalent. NDCs are bioequivalent if all of the following
are true: the NDCs share the same active ingredient name, strength,
and therapeutic equivalence rating as reported in the FDA publication,
“Approved Drug Products with Therapeutic Equivalence Evaluations”
(also known as the Orange Book).

Thus, the analysis sample includes the approximately 400 NDCs that
received revised AWPs and all other NDCs (generics and off-patent
brands) that have the same active ingredient names as those in the
revised group. We use the drug name variable to extract these NDCs
from the State Drug Utilization Data.35 For generic drugs, the drug
name is the same as the active ingredient name. For off-patent brand
name drugs (both active and discontinued), we use the Orange Book36

to obtain the list of brand names that have the same active ingredient
name as the targeted NDCs. Using this market definition, there are 379
targeted NDCs and 2839 competitor NDCs with positive Medicaid utili-
zation in 1999. While this market definition is somewhat broader than
generic bioequivalence, it allows us to capture possible substitutions
across different formulations of a generic drug if pharmacists seek per-
mission from the prescribing physicians to make these substitutions.37
4.2. Sample restrictions

We restrict our analysis to the period from 1994 to 2004, since
changes in the composition of drugs over time make data further
away from the intervention year less comparable. Our initial sample is
constructed at the NDC-by-state-by-year level and includes 795,694
observations. We make three other sample restrictions. First, we ex-
clude five states from the analysis: Arizona, Alabama, Ohio, Tennessee,
and Texas. Arizona does not report drug utilization data to CMS because
35 This process is aided by linking the utilization data byNDC code to CMS's Drug Product
File in order to determine the full name of each drug product. In the full US sample, the
Drug Product File can be linked to about 55% of the NDCs in the utilization data. For NDCs
that are not matched with a full drug name, we use the abbreviated drug name that ap-
pears in the utilization data.
36 The FDA Orange Book is available at http://www.accessdata.fda.gov/scripts/cder/ob/
default.cfm.
37 For example, a pharmacy might respond to the DOJ intervention by stocking only the
formulations of a generic drugwhich aremost profitable (e.g. liquid version vs. tablet, or a
specific concentration). Patientswho receive a prescription for a formulation of a drug that
is not stocked by the pharmacy may be induced by the pharmacy to switch to a different
formulation with permission from their doctor.
it does not participate in the Medicaid Drug Rebate Program. The other
four states do not use AWP as their primary reimbursement methodol-
ogy (OIG, 2001). This reduces the sample by 66,190 observations.
Second, we drop NDCs for hemophilia drugs (Anti-Inhibitor Coagulant
Complex, Factor VIII, Factor IX). Hemophilia patient groups opposed
the DOJ recommended prices leading many states to implement alter-
native prices for these drugs (OIG, 2001). These three biological drugs
are also unusually expensive relative to the other drugs targeted by
the DOJ. They have the highest average reimbursement per prescription
among drugs in the sample, ranging from $10,493 to $16,369 per
prescription in 1999.38 Removing these drugs from the sample reduces
total reimbursement by 15.59% and total prescriptions by only 0.04%.
Finally we exclude 5 observations that are extreme outliers in reim-
bursement per prescription, which are likely reporting errors.39

The final NDC-by-state-by-year sample includes 723,991 observa-
tions. Since the intervention occurred at the NDC level, we aggregate
the data across states to form nationwide totals for each NDC (though
later differentiate between states that adopted the DOJ prices early
versus other states). There are 32,203 NDC-by-year observations in
the final analysis sample.
5. Empirical evidence of reverse price competition

5.1. Descriptive statistics and graphical evidence

We begin by presenting descriptive statistics and trends for reim-
bursement and prescriptions purchased. Much of the evidence for the
intervention effect can be seen in the raw means and graphically. In
Table 2, descriptive statistics are reported separately for NDCs that
were targeted in the DOJ investigation and for their bioequivalent com-
petitors. Means of variables are presented for units aggregated at the
NDC level, except for the drug group market share variable, which is
38 For comparison, Winrho SDF, which was the next most expensive drug in the sample,
has a mean reimbursement per prescription of $2,080 which is substantially lower than
the cost of the hemophilia drugs.
39 We remove the following outlier observations because they differ substantially from the
same NDCs in other states and years: NDC = 00074115170, ME, 1996; NDC =
59075065220, WA, 2003; NDC = 39769001101, IL, 1991; NDC = 49669162301, AR,
2002; and NDC = 00026064920, VA, 1999.

http://www.accessdata.fda.gov/scripts/cder/ob/default.cfm
http://www.accessdata.fda.gov/scripts/cder/ob/default.cfm
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aggregated at the “drug group” level (i.e. the class of drugs that share the
same drug name). The means are shown for 1999 and the change
between 1999 and 2002. Columns 1 and 2 reveal that the DOJ-targeted
NDCs were on average about 3 times more expensive than their bio-
equivalent competitor NDCs in 1999. The targeted NDCs were also Med-
icaid market leaders with an averagemarket share that was more than 5
times as large as their competitors' market shares. However, since there
were fewer targeted NDCs, they made up a smaller share of the overall
market. Targeted drugs were also much more likely to have a liquid for-
mulation than competitor drugs, which may explain some of the price
differential.
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We first show suggestive evidence that pharmacies may have
shifted away from purchasing targeted drugs following the interven-
tion. The data show a decline in both mean Medicaid reimbursement
per prescription and the number of prescriptions dispensed for targeted
NDCs from 1999 to 2002, coinciding with the timing of the DOJ inter-
vention. In the same time period, reimbursements per prescription
and sales increased for competitor NDCs.

We further examine whether the 1999–2002 change in reimburse-
ment and prescriptions varied across competitor drugs depending on
whether or not their manufacturer was targeted by the DOJ for other
NDCs within the same drug class. We might expect that competitor
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Table 3
Effects of DOJ intervention on reimbursement per prescription, 1994–2004.

Dependent variable: Log (reimbursement per prescription)

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

Target ∗ Post ∗ (t − 2000) −0.071⁎ −0.092⁎⁎ −0.110⁎⁎

(0.041) (0.038) (0.047)
Target ∗ Post −0.292⁎⁎⁎ −0.325⁎⁎⁎ −0.343⁎⁎⁎

(0.055) (0.052) (0.061)
Target ∗ Year1994 0.109

(0.139)
Target ∗ Year1995 0.025

(0.120)
Target ∗ Year1996 0.100

(0.122)
Target ∗ Year1997 0.127

(0.107)
Target ∗ Year1998 0.059

(0.048)
Target ∗ Year2000 −0.175⁎⁎⁎

(0.039)
Target ∗ Year2001 −0.421⁎⁎⁎

(0.076)
Target ∗ Year2002 −0.525⁎⁎⁎

(0.087)
Target ∗ Year2003 −0.543⁎⁎⁎

(0.088)
Target ∗ Year2004 −0.528⁎⁎⁎

(0.090)
Year FE Y Y Y Y
NDC FE Y Y Y Y
Drug group × Target × t N N Y Y
Excl. targeted firms N N N Y
F-test 11.390

[0.000]
NDC × Year obs 32,203 32,203 32,203 26,899

Notes: Clustered standard errors at the drug group level. Column 1 reports results from
estimating Eq. (2) using NDC-level data and Columns 2–4 report results from estimating
Eqs. (3) and (4). Column 2 also includes a linear time trend interacted with Target which
is not reported. Column 3 adds Drug group × Target specific linear trends, and Column 4
excludes observations from “competitor” NDCs manufactured by targeted firms. The
F-test tests the joint significance of Target ∗ Year2000 through Target ∗ Year2004
(p-value in brackets). Sample restrictions are described in Section 4.2.
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NDCs produced by targetedmanufacturerswould responddifferently to
the intervention for a few reasons. First, because these manufacturers
were under increased scrutiny by the DOJ, they may have halted price
growth or even lowered prices on non-targeted products in attempt
to avoid further investigation. Second, targeted manufacturers may
have been able tomore readily switchmarketing and production efforts
between their targeted and non-targeted products within a drug group,
leading to a large observed increase in non-targeted “competitor” prod-
ucts. On the other hand, this effect would be mitigated if pharmacies
were reluctant to purchase non-targeted products from the manufac-
turers who were under the most scrutiny.

Columns 3 and 4 report means for competitor NDCs produced by
targeted and non-targeted manufacturers. Competitor NDCs produced
by targeted firms are very similar to targeted NDCs (Column 1) in
terms of observable characteristics, such as baseline reimbursement
per prescription andunit type.Moreover, similar to targeted NDCs, com-
petitor NDCs of targeted firms saw a small decline in their average reim-
bursement following the intervention. In contrast, reimbursement per
prescription increased by 25% for competitor NDCs of non-targeted
firms. NDCs from non-targeted firms also experienced substantially
larger growth in the average number of prescriptions purchased relative
to competitor NDCs from targeted firms (a 56% versus 0.5% increase).
While themeans presented in this table are consistentwith the hypoth-
esized effects of the DOJ intervention, the changes in outcomes from
1999 to 2002 may also reflect differences in longer-term trends across
targeted and competitor NDCs.

Fig. 1 documents how reimbursement per prescription, prescription
purchases, and market share evolved from 1991 through 2004 for
targeted and competitor NDCs. Prior to the intervention, mean reim-
bursement per prescription had been rising rapidly since 1991 for both
sets of drugs. For targeted drugs, reimbursement per prescription flat-
tened and then declined sharply after the intervention in 2000. The level-
ing off before 2000 may reflect an early response to the intervention,
given that the DOJ's planned policy was outlined to Medicaid State Phar-
macy Directors at a national conference in the summer of 1999.40 The
drop in reimbursement per prescription was not a one-time change,
but continued to decline until 2003. This is not surprising given the grad-
ual adoption of the DOJ recommendations by many states. In contrast,
there was no corresponding break in the reimbursement trend for the
competitor NDCs with average reimbursement continuing to increase
through 2004. These two graphs suggest that the DOJ recommendations
had a real impact on actual Medicaid reimbursement trends—reducing
the price of targeted drugs relative to competitors' prices.

In panel B, trends for the quantity of prescriptions purchased mimic
the reimbursement trends. For targeted and competitor NDCs there are
trend reversals following the intervention: prescriptions declined
for targeted NDCs and increased for competitor NDCs. Moreover, the
overall market share of targeted drugs declined after the intervention
(Panel C). This is strong suggestive evidence of a substitution effect.
For competitor NDCs, the reversal in trend for prescriptions (and
targeted market share) occurred one year prior to the intervention.
We examine this further in Fig. 2 by separately plotting the trends in
average annual prescriptions perNDC for competitorNDCsmanufactured
by targetedfirms and non-targeted firms. Both trends increased through-
out the study period. Nonetheless, the figure also shows a noticeable
uptick in prescriptions in 1999 for competitor NDCs manufactured by
targeted firms. One possible explanation for this sudden jump in
prescriptions is that targeted firms may have anticipated the interven-
tion and tried to circumvent a loss in market share by shifting sales to
non-targeted products within each drug group. If this uptick represents
an anticipatory response by targeted firms, then measuring the change
in prescriptions using 1999 as the base year (as in Table 2) attenuates
the effect of the intervention for competitor drugs.
⁎⁎⁎ p b 0.01.
⁎⁎ p b 0.05.
⁎ p b 0.1.40 Office of the Attorney General, Medicaid Fraud Control Unit, State of New York, 2000.
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5.2. Main regression results

5.2.1. Reimbursement per prescription
To estimate the magnitude of the changes in reimbursement per

prescription and prescriptions purchased, we turn to regression analy-
sis. We begin by documenting the impact of the DOJ intervention on
average reimbursement per prescription. If DOJ prices are incorporated
into state reimbursement policies, we would expect to observe a reduc-
tion in the actual Medicaid reimbursement paid per prescription for the
targeted NDCs starting in 2000. The differential impact of the inter-
vention on reimbursement per prescription for targeted NDCs rela-
tive to competitor NDCs is a necessary criteria for identifying the
impact of price on pharmacy purchasing decisions.

We first estimate a non-parametric model to test whether there is a
structural break in the targeted NDC trend relative to the competitor
NDC trend around the time of the intervention in 2000:

log Yjt

� �
¼ γt þ μ j þ βt � Target j þ � jt: ð2Þ

The dependent variable is the log of reimbursement per prescription
for NDCj in year t. We estimate proportional changes in reimbursement
per prescription to allow for comparisons across drugs with widely
different initial reimbursement levels. We control for permanent differ-
ences across NDCs and common year effects with a vector of NDC fixed
effects (μ) and a vector of yearfixed effects (γ), respectively. Targetj is an
indicator variablewhich equals one for targetedNDCs and zero for com-
petitor NDCs. Standard errors are clustered at the drug group level41 to
allow for correlation across NDCswithin drug groups and serial correla-
tion over time.

The main coefficients of interest are the vector of estimated β's, in
which each βt gives the change in the targeted-competitor reimburse-
ment difference between year t and the (omitted) reference year of
1999. These coefficients are reported in Column 1 of Table 3. Targeted
and competitor NDCs appear to have had the same reimbursement
trends before the intervention, as reflected in the statistically insignifi-
cant coefficients prior to 2000. However, after states adopted DOJ prices
in 2000, there was a very large and statistically significant relative
decline in reimbursement per prescription for targeted drugs. This
differential continued towidenuntil 2003 and then leveled off. Between
2000 and 2004, the relative reimbursement per prescription fell by 26%
for targeted drugs compared to the 4 year change between 1994 and
1998 (exp([β04 − β00] − [β98 − β94]) − 1).

Based on the results from the non-parametric model, we next
parameterize this specification by imposing a trend break in 2000 and
allowing the effect to have a level and slope shift. This model allows
us to estimate an average intervention effect. We also allow targeted
and competitor NDCs to have separate linear trends. The slope shift is
motivated by the graphical evidence in Fig. 1 which showed that the
drop in the reimbursement per prescriptionwas not a one-time change
but continued to decline over time as more states adopted the DOJ
recommendations. The estimating equation is:

Log Yjt

� �
¼ γt þ μ j þ α1Target j � Postt þ α2Target j � t

þα3Target j � Postt � t−2000ð Þ þ � jt :

ð3Þ

Postt is an indicator that equals 1 in 2000–2004 and zero in 1994–
1999. t is a linear time trend and (t − 2000) equals 1 in 2001, 2 in
2002 and so forth. Standard errors are again clustered at the drug
group level. The intercept shift for targeted NDCs relative to competitor
NDCs is measured by α1 and the differential slope shift by α3. The key
identifying assumption is that reimbursement per prescription for
targeted and competitor NDCs would have continued along the same
41 The drug group is the group of NDCs that share the same drug name.
trends in the absence of the intervention. Combining these coefficients
asα1 + 4 ∗ α3 gives the estimated effect of the intervention on targeted
NDCs through 2004. The results from estimating Eq. (3) are reported in
Column 2 of Table 3. There is a statistically significant differential inter-
cept and slope shift for targeted NDCs after 2000. The intervention ap-
pears to have reduced average reimbursement per prescription by 44%
through 2004 (exp(α1 + 4 ∗ α3) − 1). This estimate is larger than
the non-parametric estimate because the point-by-point comparison
did not account for an intercept shift.42

In Column 3, we examine the robustness of this result to adding lin-
ear trends that vary by drug group δ × Target cells. Given the limited
statistical power, we do not use NDC-specific time trends in this analy-
sis—which would be the most flexible specification. We continue to
constrain the slope and intercept shifts to be the same for all targeted
NDCs and for all competitor NDCs. This model, which adds flexible
time trends to Eq. (3), is estimated as follows:

Log Yjt

� �
¼ γt þ μ j þ Target j � δg � t þω1Target j � Postt

þω2Target j � Postt � t−2000ð Þ þ � jt :
ð4Þ

The results are highly robust to the more flexible specification. The
results suggest that reimbursement per prescription declined by 50%
through 2004 for targeted NDCs relative to competitor NDCs
(exp(ω1 + 4 ∗ ω2) − 1). Next, as a sensitivity test, we exclude com-
petitor NDCs whose manufacturers were targeted by the DOJ for other
NDCs within the same drug group—thus comparing targeted NDCs
with competitor NDCs whose firms were not targeted for other drug
products. As discussed earlier, competitor NDCsmade by targetedman-
ufacturers may respond differently to the intervention given the likeli-
hood that they are under heightened scrutiny and also because they
can shift market share between their targeted drugs and their own
non-targeted bioequivalent products. The results in Column 4 show
that the intercept shift and slope shift are slightly larger after excluding
these NDCs. The total effect of the intervention on reimbursement per
prescription through 2004 is 54% for targeted NDCs, which is only
slightly larger than the previous estimate using the full sample.

It should be noted that the results presented in this section likely
represent lower bound estimates of theDOJ's impact on reimbursement
per prescription for two reasons. First, the estimates represent aggre-
gate effects. Since not every state adopted DOJ prices or implemented
the full set of recommended changes, the aggregate effect is smaller
than the impact on states that were fully compliant with DOJ recom-
mendations. Second, we can only observe prices for drug products
with positive sales. If the products with the largest price declines were
more likely to be discontinued by manufacturers or generate zero
sales, our estimate would understate the impact of the intervention on
reimbursement per prescription since the largest price reductions are
selected out of the sample.

5.2.2. Prescriptions purchased
Given the substantial differential impact of the DOJ intervention on

reimbursement per prescription for targeted NDCs, we next examine
how pharmacy purchasing decisions responded to this plausibly exoge-
nous price shock. There are three main mechanisms through which the
intervention could have caused changes in the quantity and composi-
tion of generic drugs used by Medicaid beneficiaries. First, pharmacies
may have reduced their purchasing of targeted NDCs (whose relative
price declined) and substituted towards competitor NDCs (whose rela-
tive price increased)—thereby lowering the pharmacy market share of
targeted drugs. Second, reductions in reimbursementmay have reduced
42 Estimating the intervention effect using only a slope shift results in a 25% decline
(exp(4 ∗ α3) − 1) in reimbursement per prescription which is very close to the estimate
of 26% from the non-parametric model.
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access to these drugs for Medicaid beneficiaries. For example, manufac-
turers may respond to reduced demand for their products following the
DOJ intervention by discontinuing production of targeted generic drugs.
Consolidation in the number of generic producers for a given drug may
make these products vulnerable to shortages which reduce access to
beneficiaries (Chabner, 2011; Yurukoglu, 2012). The reduced reim-
bursement may also affect pharmacies' decisions to stock and dispense
drugs for Medicaid beneficiaries—a noted concern by patient groups,
which may have prevented some states from adopting DOJ prices
(OIG, 2001). This would cause a decline in the total prescriptions
dispensed for these drug groups.

Finally, manufacturersmay have strategically discontinued products
that were targeted by the DOJ and re-introduced these products
(repackaging the drug or modifying the formulation with a new NDC).
Ifmanufacturers introduce a newversion of a targeted drug, theproduct
will be assigned a new NDC code which will not be subject to the price
recommendations made by the DOJ. Thus, manufacturers can circum-
vent profit loss by discontinuing targeted NDCs and introducing new,
modified versions of these products that would not be targeted by the
policy. If this type of product exit and entry occurred, wewould observe
a decline in targeted market share.
Table 4
Effects of DOJ intervention on prescriptions purchased, 1994–2004.

Dependent
variable:

Targeted market share Competitor market share

Targeted
firms

Non-targeted
firms

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

Post ∗ (t − 2000) −0.036⁎⁎ −0.037⁎⁎ 0.002 0.035⁎⁎

(0.014) (0.015) (0.010) (0.016)
Post −0.04 −0.04 0.022 0.019

(0.027) (0.029) (0.018) (0.024)
Year1994 −0.110⁎⁎

(0.050)
Year1995 −0.080⁎

(0.046)
Year1996 −0.052

(0.041)
Year1997 −0.014

(0.027)
Year1998 −0.001

(0.023)
Year2000 −0.006

(0.017)
Year2001 −0.015

(0.023)
Year2002 −0.011

(0.028)
Year2003 −0.039

(0.033)
Year2004 −0.058

(0.041)
Drug group FE Y Y Y Y Y
Drug group × t N N Y Y Y
F-test 2.230

[0.068]
Mean dependent
Variable (1999) 0.409 0.141 0.450
Observations 480 480 480 480 480

Notes: Clustered standard errors at the drug group level. Column 1 reports results from
estimating Eq. (5) using drug group-level data and Columns 2 and 3 report results from
estimating Eq. (6). Column 2 is estimated at the drug group level and includes a linear
time trend whose coefficient is not reported. Column 3 adds drug group specific linear
trends. Columns 4 and 5 report results using the market share of competitor drugs (for
targeted firms or non-targeted firms) as the dependent variable. The F-test tests the
joint significance of Year2000 through Year2004 (p-value in brackets). Sample restrictions
are described in Section 4.2.
⁎⁎⁎ p b 0.01.
⁎⁎ p b 0.05.
⁎ p b 0.1.
In this analysis, we do not attempt to separately identify the relative
contribution of each of these mechanisms to the change in prescription
quantities. Instead, we usemeasures that summarize the total interven-
tion effect: market share of targeted drugs and total prescriptions
purchased in the drug group. In order to capture changes to market
share that occur through the introduction or discontinuation of NDCs,
we aggregate the data to drug group-by-year cells. Again we begin by
estimating year effects in a non-parametric model in order to identify
trend breaks in the time series:

MKTSHARETgt ¼ φg þ γt þ � gt : ð5Þ

The dependent variable is themarket share for targeted drugs, com-
puted as the number of prescriptions of targeted NDCs in drug group g
in year t divided by the total number of prescriptions in drug group g
in year t. Observations with zero targeted market share are included.
However we exclude any drug group-by-year observations for years
in which there are no sales for both targeted and competitor NDCs in
the drug group. This leaves 480 drug group-by-year observations. We
control for drug group fixed effects (φ) and include a set of year fixed
effects (γ), treating 1999 as the reference (omitted) year. We cluster
standard errors at the drug group level.

Column 1 of Table 4 reports the full set of γt coefficients which trace
out the time pattern of market share for targeted drugs from 1994 to
2004 relative to market share in 1999. The negative coefficients before
and after the reference year reflect an increasing trend in targeted
market share during the pre-period and a decreasing trend following
the intervention. Although the change between 1999 and 2000 is not
statistically significant, the negative coefficients in 1998 and 2000 sug-
gest that the trend reversal may have begun in 2000 as predicted. The
decline in targeted market share accelerated through 2004. A joint
significance test rejects that all of the negative coefficients following
the intervention are equal to zero at the 10% level. Relative to the
4-year change from 1994 to 1998, the intervention led to a statistically
significant decline in targeted market share of 16.1 percentage points
from 2000 to 2004 ([γ04 − γ00] − [γ98 − γ94] = −0.161 with a stan-
dard error of 0.058). This suggests that pharmacies substituted towards
the competitor products after the intervention.

Next, we parameterize the effect by estimating a linear trend break
model which is analogous to Eq. (3):

MKTSHARETgt ¼ α1Postt þ α2t þ α3Postt � t−2000ð Þ þ μg þ � gt: ð6Þ

The results in Column 2 of Table 4 show that there was a statistically
significant slope change in the trend for targeted market share in 2000
and a statistically insignificant intercept shift. The market share for
targeted drugs fell by 18.4 percentage points by 2004 (α1 + 4 ∗ α3), a
45%decline relative to the baselinemeanof 40.9% in 1999. This is similar
to the effect size found in the non-parametric specification when one
considers the pre-existing trend in the average targeted market share.
In Column 3 of Table 4, we add drug group specific linear time trends.
The more flexible specification produces slightly larger effects suggesting
that targeted market share declined by an average of 18.8 percentage
points by 2004 (a 46% reduction).43

In Columns 4 and 5, we decompose the change in competitor drugs'
market share by whether or not the NDCs were manufactured by
43 A reasonable next step is to combine the estimate of the effect of the DOJ intervention
on price (Column 3 of Table 3) with the effect on market share (Column 3 of Table 4) to
compute an indirect least squares estimate of the price elasticity of pharmacy demand.
This estimate is 0.92 (0.46/0.50), a positive number that is at odds with that of a standard
competitive market in which the lowest priced drugs capture the highest pharmacymar-
ket share. However, this is suggestive since we do not have enough statistical power to
precisely estimate this price elasticity.



Table 5
Early adopter states versus all other states.

Dependent variable: Log (reimbursement per prescription) Targeted market share

Early adopter states All other states Early adopter states All other states

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

Target ∗ Year1994 0.124 −0.018 Year1994 −0.117⁎⁎ −0.095⁎

(0.140) (0.148) (0.051) (0.050)
Target ∗ Year1995 0.089 −0.039 Year1995 −0.084⁎ −0.071

(0.128) (0.148) (0.047) (0.047)
Target ∗ Year1996 0.101 0.024 Year1996 −0.056 −0.042

(0.127) (0.134) (0.041) (0.042)
Target ∗ Year1997 0.128 0.081 Year1997 −0.018 −0.015

(0.105) (0.125) (0.027) (0.032)
Target ∗ Year1998 0.047 0.008 Year1998 −0.007 0.01

(0.043) (0.063) (0.021) (0.025)
Target ∗ Year2000 −0.310⁎⁎⁎ −0.099⁎⁎ Year2000 −0.021 0.008

(0.060) (0.046) (0.021) (0.017)
Target ∗ Year2001 −0.660⁎⁎⁎ −0.215⁎⁎⁎ Year2001 −0.039 0.021

(0.112) (0.057) (0.026) (0.024)
Target ∗ Year2002 −0.630⁎⁎⁎ −0.437⁎⁎⁎ Year2002 −0.047 0.033

(0.111) (0.090) (0.031) (0.030)
Target ∗ Year2003 −0.583⁎⁎⁎ −0.484⁎⁎⁎ Year2003 −0.062⁎ −0.011

(0.099) (0.102) (0.034) (0.039)
Target ∗ Year2004 −0.548⁎⁎⁎ −0.507⁎⁎⁎ Year2004 −0.088⁎⁎ −0.025

(0.100) (0.108) (0.040) (0.046)
Year FE Y Y Drug group FE Y Y
NDC FE Y Y Drug group × t N N
Drug group × Target × t N N
F-test 7.800 10.420 F-test 1.460 1.980

[0.000] [0.000] [0.223] [0.101]
NDC × Year obs 29,038 29,254 Drug group × Year obs 480 480

Notes: Clustered standard errors at the drug group level. Columns 1 and 3 report non-parametric results from the 30 states that reported in anOIG survey that they had incorporated AWP
changes as of January–March 2001. Columns 2 and 3 report results for all other states. Sample restrictions are described in Section 4.2.
⁎⁎⁎ p b 0.01.
⁎⁎ p b 0.05.
⁎ p b 0.1.
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targeted firms.We re-estimate themost flexible version of Eq. (6) using
competitor market shares for targeted firms or non-targeted firms as
the dependent variables. Consistent with the descriptive statistics and
visual evidence discussed earlier, therewas a smaller increase inmarket
share for competitor drugs manufactured by targeted firms (3.0 per-
centage point increase through 2004 versus 15.9 percentage points).
This may reflect pharmacies reluctance to substitute towards competi-
tor NDCs from the firms that have a higher chance of being targeted in
future DOJ investigations.
5.3. Additional specifications

5.3.1. Effects for early adopter states versus other states
As discussed in Section 3.1, not all states adopted the DOJ recom-

mendations immediately. Some states may have adopted the recom-
mendations with a lag or not at all. In Table 5, we compare the time
pattern of reimbursement per prescription and targeted market share
for the 30 states that reported in an OIG survey (2001) that they had
incorporated some or all of the recommended AWP changes as of
January–March 2001 (Columns 1 and 3) with all other states (Columns
2 and 4).44 We would expect to find a differential effect for the early
adopter states in the early years after the recommendations were
released.
44 As in our previous specifications, we exclude Arizonawhich does not provide druguti-
lization data to Medicaid and the four states (AL, OH, TN, TX) that the OIG survey (2001)
identified as relying on “methods other than the AWP as its primary reimbursement
methodology.”While these four states might appear to provide a natural “control” group
with which to test the effects of the DOJ policy on the other states, these states also may
have incorporated some or all the DOJ prices into their own reimbursement methodolo-
gies. For example, there is documentation suggesting that Texas adopted the DOJ prices
in 2000 for the targeted drug products (Texas Office of the Comptroller, 2003). Because
of the uncertainty surrounding the reimbursement policies in these four states, we ex-
clude them from the analysis.
As shown in Columns 1 and 2, the differential decline in reimburse-
ment for targeted NDCs was much larger for early adopter states during
the first few years after the intervention. Over time, the decline for the
twogroups of states converged, asmore states adopted the recommenda-
tions. This pattern of the timing of the response across states provides
more reassuring evidence of a causal relationship between the DOJ policy
and the observed decline in price.

In Columns 3 and 4, we also compare trends in targeted market
share for early adopter states and all other states. Consistent with the
time patterns for reimbursement per prescription, targeted market
share declined earlier and was greater in magnitude for early adopter
states. For the states that hadn't adopted the revisions at the time of
the survey in 2001, market share did not begin to decline until 2003.
This mimics the results for reimbursement per prescription, which
showed that reimbursement for targeted NDCs declined primarily in
the later years of the post-intervention period for the states that hadn't
initially adopted the revisions.
5.3.2. Treatment heterogeneity by market characteristics
We next examine heterogeneity in the effects on reimbursement

and prescriptions purchased across the approximately 50 drug markets
affected by the DOJ intervention. Significant variation exists across
markets with respect to the initial market share of targeted drugs, the
magnitude of the pre-intervention spread for targeted drugs, and the
number of firms producing competing drug products. In Table 6, we
test for heterogeneous effects in log reimbursement per prescription
(Panel A) and targeted market share (Panel B) by interacting the inter-
cept and slope terms in Eqs. (4) and (6)with indicators for thesemarket
characteristics.

For each of the market characteristics that we consider and for both
dependent variables we run two separate regressions—one for the full
sample, and one for a trimmed sample where we exclude drug groups



Table 6
Heterogeneous treatment effects.

Baseline Targeted market share in
drug group (1999)

Targeted spread in drug
group (1999)

Number of firms in drug
group (1999)

(1) (2) (3) (4) (5) (6) (7) (8)

Panel A: Log (reimbursement per prescription)
Target ∗ Post ∗ (t − 2000) −0.092⁎⁎ −0.101⁎⁎⁎ −0.102⁎⁎⁎ −0.113⁎⁎⁎ −0.09 −0.102⁎ −0.105⁎⁎ −0.119⁎⁎

(0.035) (0.030) (0.033) (0.032) (0.059) (0.057) (0.048) (0.043)
Target ∗ Post −0.325⁎⁎⁎ −0.288⁎⁎⁎ −0.387⁎⁎⁎ −0.387⁎⁎⁎ −0.114⁎ −0.07 −0.324⁎⁎⁎ −0.276⁎⁎

(0.048) (0.055) (0.049) (0.060) (0.066) (0.091) (0.092) (0.102)
Target ∗ Post ∗ (t − 2000) ∗ I(Nmedian) 0.016 0.017 −0.003 0.000 0.026 0.036

(0.041) (0.045) (0.055) (0.062) (0.041) (0.044)
Target ∗ Post ∗ I(Nmedian) 0.106 0.148 −0.294⁎⁎⁎ −0.305⁎⁎⁎ 0.000 −0.021

(0.100) (0.114) (0.079) (0.100) (0.106) (0.124)
Trimmed (excl. targeted mkt share b5% & N95%) N Y N Y N Y N Y
NDC × Year obs 32,203 15,758 32,203 15,758 32,060 15,725 32,203 15,758

Panel B: Targeted market share
Post ∗ (t − 2000) −0.037⁎⁎ −0.040⁎⁎ 0.004 0.006 −0.031 −0.014 −0.045 −0.032

(0.015) (0.019) (0.015) (0.027) (0.024) (0.024) (0.028) (0.031)
Post −0.04 −0.046 0.011 0.009 −0.05 −0.033 −0.078 −0.075

(0.029) (0.039) (0.028) (0.051) (0.046) (0.053) (0.052) (0.061)
Post ∗ (t − 2000) ∗ I(Nmedian) -0.084⁎⁎⁎ −0.077⁎⁎ −0.02 −0.069⁎ 0.015 −0.02

(0.026) (0.035) (0.030) (0.034) (0.030) (0.034)
Post ∗ I(Nmedian) −0.106⁎ −0.091 0.025 −0.006 0.074 0.068

(0.055) (0.074) (0.057) (0.077) (0.056) (0.072)
Trimmed (excl. targeted mkt share b5% & N95%) N Y N Y N Y N Y
Drug group × Year obs 480 330 480 330 458 319 480 330

Mean targeted mkt share
(1999)

Mean targeted spread
(1999)

Mean no. of firms (1999)

≤Median: 0.10 2.21 2.95
NMedian: 0.71 27.43 24.41

Notes: Clustered standard errors at the drug group level. Panel A includes drug group fixed effects, year fixed effects, and drug group × target linear trends. Panel B includes drug group
fixed effects and drug group specific linear trends. Columns 1 and 2 are copied fromTables 3 and 4. Columns 3–8 interact the slope and intercept terms of the baseline specificationwith an
indicator for drug group characteristics: 1)whether the drug group had abovemedian targetedmarket share in 1999 (Cols 3 and 4), 2)whether the drug group had abovemedian average
spread for targeted drugs in 1999 (Cols 5 and 6), 3) whether the drug group had above median number of competitor firms in 1999 (Cols 7 and 8). Sample restrictions are described in
Section 4.2.
⁎⁎⁎ p b 0.01.
⁎⁎ p b 0.05.
⁎ p b 0.1.
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with targetedmarket share below5%, and four drug groupswith targeted
market share greater than 95% (three out of the four are 100%).We report
results for the trimmed sample because the responsiveness of these drug
groups to the DOJ intervention is muted because they are bounded from
below or above.45 Full sample results are reported in even numbered
columns and trimmed sample results are in odd numbered columns.

We begin by repeating the baseline specification results in Column 1
for the full sample, and then reporting the results for the trimmed sam-
ple in Column 2. The baseline results are largely robust to excluding
drug groups with the most limited scope for a market share response.
We then report results showing how the treatment effects differ across
drug groups with initial targeted market share above or below the me-
dian. In the full sample, for drug groups classified as above the median,
targeted drugs accounted for on average 71% of the market prior to the
intervention, compared to 10% for drug groups classified as below the
median. In Columns 3 and 4, we report coefficients for the main slope
and intercept terms and the interaction of themain effects with an indi-
cator for whether the drug group's initial targeted market share was
above the median. As shown in Panel A of Table 6, drug groups with
high or low initial targeted market share experienced similar propor-
tional reductions in reimbursement per prescription following the
intervention. However, as shown in Panel B, the decline in market
45 Trimming the sample to exclude drug groups with targeted market share less than
1%–4% and greater than or equal to 96%–100% produce very similar results. Results are
available upon request.
share is almost entirely concentrated among drug groups where
targeted drugs initially comprised a larger share of the market. The
coefficient on the slope term interacted with the above median initial
targeted market share is −0.084 and is statistically significant at the
1% level (implying a 58% decline in targeted market share through
2004 for drug groups above themedian),while themain effects, captur-
ing the responses for below median drug groups, are close to zero and
statistically insignificant. These results can be largely explained by the
fact that markets with low initial targeted market share simply have
less scope for decreasing market share.

In Columns 5 and 6, we test for heterogeneity across drug groups
which had smaller or larger spreads. We use the published AWP in
the 1999 Red Book and the actual acquisition price uncovered in the
DOJ audit to compute actual spreads for each of the targeted NDCs in
the baseline year. To obtain a prescription-weighted average spread
for each drug group, we simulate total reimbursement for all NDCs in
the drug group under the AWP benchmark (i.e. summing the product
of the AWP and number of prescriptions across NDCs) and divide that
by simulated total reimbursement using the actual acquisition price as
the benchmark. Then we interact the slope and intercept terms with
an indicator for whether the drug group had an average spread that
was larger than themedian (AWP is 3.4 times as large as the acquisition
price). As expected, in both Columns 5 and 6, we find that reductions in
reimbursement per prescription are much greater for drug groups with
the largest spreads at baseline. In response to the differential decline in
reimbursement, we find that targeted market share also declined more
for the drug groups with a larger initial spread. The difference between
the two subgroups is not statistically significant in the full sample, but is



Table 7
Effect on access to prescription drugs and total spending.

Dependent variable: Log (total prescriptions) Log (total reimbursement)

(1) (2)

Post ∗ (t − 2000) −0.034 −0.124⁎⁎

(0.035) (0.051)
Post −0.007 −0.008

(0.061) (0.122)
Drug group FE Y Y
Drug group × t Y Y
Observations 480 480

Notes: Clustered standard errors at the drug group level. Sample restrictions are described
in Section 4.2.
⁎⁎⁎ p b 0.01.
⁎⁎ p b 0.05.
⁎ p b 0.1.

Table 8
Effects on introduction and discontinuation of competitor NDCs, targeted firms vs. non-
targeted firms.

Pre-DOJ
intervention

Post-DOJ
intervention

Difference

Sample: Competitor NDCs (1) (2) (3)

Panel A: Rate of NDC introduction
Targeted firms 0.473 0.123 −0.350⁎

(0.207) (0.036) (0.207)
Non-targeted firms 0.856 0.287 −0.569⁎

Difference-in-difference
(0.307) (0.065) (0.302)

0.219
(0.366)

Panel B: Rate of NDC discontinuation
Targeted firms 0.072 0.166 0.094⁎⁎

(0.025) (0.042) (0.046)
Non-targeted firms 0.233 0.384 0.150⁎

Difference-in-difference
(0.052) (0.066) (0.083)

−0.056
(0.091)

Notes: Clustered standard errors at the drug-group level. Each observation in the regres-
sion is a drug group × targeted firm cell. For the introduction results (Panel A), each cell
in Column 1 reports the average (across drug groups) of the ratio of the number of NDCs
in eachdrug group that entered in 1996–1998 (pre-DOJ intervention) divided by thenum-
ber of NDCs with positive sales in the drug group in 1995 (separately for NDCs produced
by targeted and non-targeted firms). Column 2 reports the average ratio of the number
of NDCs in a drug group that entered in 2000–2002 divided by the baseline stock, using
1999 as the base year. The discontinuation results (Panel B) are reported similarly. Sample
restrictions are described in Section 4.2. N = 131.
⁎⁎⁎ p b 0.01.
⁎⁎ p b 0.05.
⁎ p b 0.1.
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larger in absolute value and statistically significant in the trimmed sam-
ple. The insignificance of the difference in the full sample appears to be
largely due to a set of low targeted market share drug groups that have
limited scope for downward adjustment. Over a four year period, the
difference, as reported in the trimmed sample in Column 6, amounts
to a relative decline of 28 percentage points.

Finally, in the last two columns of Table 6,we compare the treatment
effects for drug markets that are more or less concentrated.We identify
the number ofmanufacturers producing products in each drug group by
counting the number of unique labeler codes, the first 5-digits of the
NDC, in 1999. Drugs produced by an abovemedian number of manufac-
turers have on average 24 competing firms, whereas below median
drug groups have on average 3 competing firms. For both the full and
trimmed samples, the number of manufacturers producing a drug
does not strongly predict a differential response for reimbursement per
prescription. Similarly, we do notfind a statistically significant differential
effect of market concentration on targeted market share.

5.4. Additional margins of adjustment

Thus far we have focused on the substitution effect of the interven-
tion: pharmacies switching between targeted and competitor drugs. It
is worth noting that the inflated AWP prices of Medicaid prescriptions
for targeted drugs prior to the intervention, plus the distortion of
Medicaid prescriptions toward these drugs, implies negative effects on
welfare. Tax revenue must be higher to fund Medicaid reimbursement
of these prescriptions at inflated prices, which results in higher dead-
weight loss. This suggests that the DOJ intervention increased welfare,
rather than just having served as a neutral transfer from pharmacies
to the government. Of course, there also are other important margins
over which the intervention may have led to changes in behavior for
manufacturers, pharmacies, payers, and consumers, any of which
could have affected overall welfare. A full welfare analysis would
require consideration of all of these margins, which goes beyond the
scope of this paper (and, in some cases, beyond the scope of available
data), but represents a potentially fruitful area for future research.
Nonetheless, the fact that we do find large distortions in behavior
resulting from inflated AWP pricing does suggest that there likely
were substantial negative effects on welfare. Here we provide prelimi-
nary evidence on the effects of the intervention on three other impor-
tant margins of adjustment by manufacturers and pharmacies—access,
total spending, and the introduction and discontinuation of NDCs.

5.4.1. Impacts on access to prescription drugs by Medicaid beneficiaries
The decline in reimbursement may have reduced access to the

targeted drug groups for Medicaid beneficiaries. For example, pharma-
cies may have responded to the reduced profit margins for generic
drugs by choosing not to dispense certain targeted drugs to Medicaid
beneficiaries and manufacturers may have discontinued producing
some targeted drugs, reducing the availability of treatments overall.

In Table 7, we provide a preliminary test for these extensive margin
effects. In Column 1, we estimate Eq. (6) using the log of total prescrip-
tions (i.e. the number of prescriptions for targeted plus competitor
NDCs) in drug group g in year t as the dependent variable. This provides
suggestive evidence for whether the intervention reduced Medicaid
beneficiaries' access to DOJ-targeted drug groups. The point estimates
of the slope and intercept shift suggests that the quantity of total
prescriptions did fall by a small amount, but the standard errors are
large and we cannot conclude that there was a trend break in access
to targeted drug groups for Medicaid beneficiaries after the interven-
tion. This is consistent with the graphical evidence presented in
Appendix Fig. A.2 (Panel A) which also does not show a clear trend
break in total prescriptions.

5.4.2. Strategic product introduction and discontinuation
Next, we consider another supply-side mechanism through which

we may observe substitution between targeted and competitor drugs
following the intervention. Manufacturers of targeted NDCs may have
strategically responded to theDOJ targeting by introducing andmarket-
ing new products with newNDC codes that are close substitutes of their
targetedNDCs. For example, oneway thatmanufacturers could strategi-
cally respond to the intervention is by re-introducing targeted products
with new package sizes. Since the last two digits of the NDC code deter-
mine the package size, these new products will be assigned new NDCs
and would not be subject to DOJ pricing recommendations. Manufac-
turers could then set new AWPs for these NDCs in any way they desire.
For the purposes of this analysis, such new products are classified as
“competitor NDCs.”

Introducing new products is costly for manufacturers as it requires
obtaining necessary FDA approvals, shifting production resources, and
marketing to generate pharmacy market share for the newly re-
packaged or re-formulated products. Even if newproducts are bioequiv-
alent to the targeted versions and there is no impact on the overall
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availability of drugs for Medicaid beneficiaries, proliferation of these
newly introduced substitute NDCs may have welfare implications.
If the prices of the new products are greater than the DOJ-
recommended prices of their targeted counterparts, the strategic intro-
duction of NDCs undoes some of the potential cost-savings to the Med-
icaid programof the policy change and, at the same time, leads to higher
profit margins for pharmacies and/or manufacturers (and presumably
increased deadweight loss from increased taxes to fund higher Medic-
aid reimbursements). Thus, the overall welfare implications arising
froma reimbursement policy that leads to strategic product substitution
are likely to be negative.

In Table 8, we report the results from specifications that examine
whether there were strategic entry and exit decisions caused by the
DOJ policy. We note at the outset that our empirical “test” is simplistic;
a more formal analysis would require simultaneous modeling of prod-
uct entry and exit decisions, consideration of product differentiation at
the drug class level, and other considerations typical of comprehensive
industry studies. Therefore, we consider these findings suggestive but
not definitive.

If manufacturers of targeted NDCs strategically introduced new
NDCs to replace their targeted NDCs, we would observe an uptick in
the fraction of new competitor NDCs produced by targeted firms in
drug groups that had a targetedNDC relative to the fraction of new com-
petitor NDCs produced by non-targeted firms.46 To examine whether
this occurred,we first calculate for each drug group the stock of compet-
itor NDCs with positive sales that were produced by targeted firms and
non-targeted firms in an early base year, 1995, well before the DOJ
intervention, and in a later base year, 1999, right before the DOJ inter-
vention.We then calculate the ratio of the number of newNDC entrants
in each drug group47 over the subsequent three years (1996–1998 or
2000–2002) divided by the stock of NDCs in the corresponding base
period.48 We then average these rates of entry in each time period
across drug groups for targeted and non-targeted firms separately.

As shown in the first row of Panel A in Table 8, there was an average
47% increase in the total number of NDCs produced by targeted firms in
the early time period (between 1996 and 1998) due to entry. The rate
of introduction fell to 12% for the time period between 2000 and 2002
(relative to the stock in 1999) following the DOJ policy. This decrease
may have arisen for many reasons, including natural product life cycles
that had nothing to dowith the DOJ policy. Because of that, in the second
row of Panel A,we similarly compute the change in the rate of NDC intro-
duction for non-targetedfirms, in order to construct a basic difference-in-
difference estimate of strategic product entry decisions by targeted firms
relative to non-targeted firms. As shown in the second row, non-targeted
firms also slowed their rate of new product entry in these drug groups
and by an even greater amount, from 86% to 29%. The difference-in-
difference estimate of 22 percentage points suggests that the rate of in-
troduction increased after the intervention for targeted firms relative to
non-targeted firms, but it is not statistically significant.49 Moreover, the
fact that the rates of new product introduction were so different for
targeted versus competitor firms before the DOJ policy may suggest the
potential for differential trends, which we have not accounted for here.
Nonetheless, we find the large point estimate of strategic entry
46 This assumes non-targeted firms' incentives to introduce newNDCswere not affected
by the DOJ intervention.
47 An NDC is considered an entrant in the first year that they are observed with positive
Medicaid sales.
48 We use the number of NDCs in the two base periods as the denominators, rather than
the total number of NDCs during the two three-year periods we examine in order to ab-
stract from product exits that could have occurred simultaneous to introductions.
49 Measured in proportional terms the declines were similar and actually slightly larger
for targeted firms (74% versus 67%). Indeed, given the baseline entry rate for targeted
firms of 47.3%, it would not have been possible for their entry rates to decline by 56.9 per-
centage points as they did for competitor firms.
suggestive enough to warrant future research. With respect to policy de-
sign, it is critical to understand whether a Medicaid policy that targets
specific drug products to constrain costs causes other distortions to
unregulated drug products (i.e. proliferation of newunregulated versions
of targeted products) in order to mitigate the costs of these constraints
(see also Duggan and Scott-Morton, 2006).50

In Panel B of Table 8, we report results from a similar analysis for
product exit during the periods pre- and post-DOJ policy. The first row
of panel B reports that, on average, 7% of competitor NDCs produced
by targeted firms exited prior to the DOJ policy, and that the rate of
exit increased appreciably, to 17% after the policy. The second row of
Panel B reports that the rate of exit for products produced by competitor
firms also increased between the cohorts, from 23% to 38%. The
difference-in-difference estimate suggests that the change in the rate
of exitwas 6 percentage points lower for targetedfirms than competitor
firms, though this result is not statistically significant. The point esti-
mates are consistent with the possibility that firms that produced
targeted NDCs may have chosen to keep other competitor products in
the same drug class on the market longer than they would have other-
wise, substituting marketing and production efforts away from their
DOJ-targeted products.51

While the results of strategic introduction and discontinuation by
targetedfirms as a result of theDOJ policy are not conclusive statistically,
we find the point estimates suggestive enough to warrantmore investi-
gation in future research.
5.4.3. Effects on total Medicaid spending
Finally, we consider preliminary evidence of the net effect of drug

product substitution, introduction, and discontinuation on total
Medicaid reimbursement following the DOJ intervention. In Table 7
(Column 2), we estimate an interrupted time series specification as
in Eq. (6). The dependent variable is the log of total reimbursement
(i.e. the total reimbursement for targeted and competitor NDCs) in
drug group g in year t and we include indicators for intercept and slope
shifts, drug group fixed effects, and drug group-specific linear trends.
While we cannot rule out other shocks to reimbursement during this
time period, there was a statistically significant break in the reimburse-
ment trend after the intervention, which is also apparent graphically in
Appendix Fig. A.2 (Panel B). If this entire changewas due to the adoption
of newDOJ prices, then the interventionwould have generated on aver-
age a 40% (exp(α1 + 4 ∗ α3) − 1) reduction in total Medicaid reim-
bursement for the drug groups affected by the policy. This effect
combines: 1) the mechanical effect of a reduction in reimbursement
for targeted drugs with 2) substitution towards competitor drugs
whose absolute prices were on average less than the initial prices paid
for targeted drugs even after their prices increased.
6. Conclusion

Current Medicaid procurement rules generate perverse incentives
for pharmacies to purchase and stock the highest-priced generic
drugs. Consequently, manufacturers of generic drugs may compete for
pharmacy market share by perversely bidding up the price on which
Medicaid reimbursement is based. The DOJ recommendations to reduce
the AWP for approximately 400 drug products provides an opportunity
to study the impact of Medicaid procurement on generic drug price
competition.
50 This response is known as “multi-tasking” in other contexts (Holmstrom and
Milgrom, 1991) and is likely to be an issue for any targeted approach to cost containment.
51 Targeted firmsmay have discontinued targeted drugs more frequently ormore rapid-
ly than otherwise also as a result of the policy. By definition, no targeted drugs were
discontinued prior to 2000, but between 2000 and 2002, 6% were discontinued.
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We find that Medicaid reimbursement per prescription declined
substantially for targeted drugs following the DOJ intervention. In re-
sponse to this negative price shock, pharmacies reduced their demand
for targeted drugs and increased their demand for competitor drugs.
Overall, the Medicaid market share for targeted drugs fell by about
45% through 2004. We also observe a differential decline in price and
market share across states, which is consistent with the time pattern
of adoption of theDOJ recommendations. Further, wefind largermarket
share responses for drug groups in which targeted drugs had higher
spreads and larger market share in the pre-intervention period as pre-
dicted. Taken together this evidence suggests that pharmacies substi-
tute away from low priced generic drugs towards high priced drugs
when making purchasing decisions. This demand response, while con-
sistent with profit-maximizing behavior, is inconsistent with a typical
competitive market in which the lowest-priced drugs capture the
highest market share. This distortion has significant consequences for
pharmaceutical spending.
Drug Group: Acetylcysteine 
NDC Product Description

00074-3307-01 ACETYLCYSTEINE 10% VIAL
00074-3307-02 ACETYLCYSTEINE 10% VIAL
00074-3307-03 ACETYLCYSTEINE 10% VIAL
00074-3308-01 ACETYLCYSTEINE 20% VIAL
00074-3308-02 ACETYLCYSTEINE 20% VIAL
00074-3308-03 ACETYLCYSTEINE 20% VIAL
55390-0211-03 ACETYLCYSTEINE 10% VIAL
55390-0212-03 ACETYLCYSTEINE 10% VIAL
55390-0213-03 ACETYLCYSTEINE 20% VIAL
55390-0214-03 ACETYLCYSTEINE 20% VIAL
61703-0203-04 ACETYLCYSTEINE 10% VIAL
61703-0203-31 ACETYLCYSTEINE 10% VIAL
61703-0204-04 ACETYLCYSTEINE 20% VIAL
61703-0204-31 ACETYLCYSTEINE 20% VIAL
And Other NDCs… 
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Fig. A.1. Illustration of DOJ intervention for acetylcysteine. Notes: This figure illustrates th
Acetylcysteine. Only a few NDCs produced by Abbott were targeted by the DOJ, all NDCs pro
DOJ recommended that states lower Medicaid reimbursement from the AWP to the audited pr
themarket share for the AcetylcysteineNDCs targeted by the DOJ declined sharply. Approximat
overall.

Appendix A

52 For example, see “Medicaid Prescription Drug Reimbursement: Why the Government Pays
Investigations, 108th Congress (2004).
Finally, we also examine whether the policy-induced reduction in
Medicaid reimbursement affected Medicaid recipients' access to pre-
scriptions or other supply side responses by manufacturers. Our results
on access to drugs in targeted drug groups are inconclusive, but we do
find suggestive evidence thatmanufacturers engaged in strategic product
introductions and discontinuations that likely mitigated the profit loss
induced by the policy.

The Affordable Care Act will significantly expand Medicaid enroll-
ment and drug spending under this program, making the need
for well-designed procurement rules that constrain distortionary
behaviors and excessive spending even more critical in the near future.
Despite calls for Medicaid payment reform,52 numerous AWP lawsuits,
and several proposed changes to drug procurement rules, the AWP is
still used as the primary reimbursement benchmark in the majority of
stateMedicaid programs. The persistence of the AWP reflects the signif-
icant challenges of designing alternative procurement policies that both
limit distortions tomarket outcomes and that are feasible to implement.
Manufacturer Targeted by DOJ?

Abbott (generic) N
Abbott (generic) N
Abbott (generic) Y
Abbott (generic) N
Abbott (generic) N
Abbott (generic) Y
Bedford (generic) N
Bedford (generic) N
Bedford (generic) N
Bedford (generic) N
Faulding (generic) Y
Faulding (generic) Y
Faulding (generic) Y
Faulding (generic) Y

ACETYLCYSTENE

2001 2003

e DOJ intervention described in Section 3.1 for selected NDCs within the drug group
duced by Faulding were targeted, and no NDCs produced by Bedford were targeted. The
ice for targeted NDCs within the group of bioequivalent NDCs. Following the intervention,
ely 50 drug groups had at least one NDC targeted by theDOJ,with about 400NDCs targeted

TooMuch,” House Committee on Energy and Commerce, Subcommittee on Oversight and
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Fig. A.2. Trends in access to prescription drugs and total spending for targeteddrug groups, 1991–2004. Notes: This figure plots rawmeans of log total number of prescriptions and log total
reimbursement using drug group level data. This is the graphical analog to the regressions in Table 7. Sample restrictions are described in Section 4.2.

Table A.1
Descriptive statistics for generic drug groups targeted by the DOJ, 1999.

Generic drug group Targeted
by DOJ?

Mean reimbursement
per prescription

Total Medicaid reimbursement
amount ($1000 s)

Total number of
prescriptions

Total reimbursement amount
for drug group ($1000 s)

Albuterol Sulfate N 17.4 87,179 5,560,183 146,139
Albuterol Sulfate Y 32.2 58,960 1,976,543 146,139
Factor VIII N 13036.1 951 40 97,551
Factor VIII Y 10493.2 96,600 9697 97,551
Lorazepam N 36.0 79,891 2,468,956 81,076
Lorazepam Y 76.9 1185 26,785 81,076
Furosemide N 8.4 33,289 6,188,582 33,478
Furosemide Y 19.8 190 8977 33,478
Sodium Chloride N 35.0 17,917 650,140 27,337
Sodium Chloride Y 72.3 9421 141,677 27,337
Cromolyn Sodium N 53.0 14,172 227,836 25,917
Cromolyn Sodium Y 55.2 11,746 225,219 25,917
Zofran N 416.9 20,641 45,407 24,882
Zofran Y 331.8 4240 30,931 24,882
Immune Globulin N 1323.3 2335 4179 24,284
Immune Globulin Y 1981.5 21,949 10,743 24,284
Factor IX Y 10159.7 18,621 1744 18,621
Tobramycin Sulfate N 189.2 17,132 172,124 18,081
Tobramycin Sulfate Y 261.7 949 3707 18,081
Acyclovir Sodium N 75.4 16,681 366,494 16,957
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Table A.1 (continued)

Generic drug group Targeted
by DOJ?

Mean reimbursement
per prescription

Total Medicaid reimbursement
amount ($1000 s)

Total number of
prescriptions

Total reimbursement amount
for drug group ($1000 s)

Acyclovir Sodium Y 734.3 277 1161 16,957
Lupron N 1209.6 7153 9819 15,871
Lupron Y 1160.1 8718 12,380 15,871
Clindamycin Phosphate N 53.5 13,040 324,187 13,462
Clindamycin Phosphate Y 150.7 422 3337 13,462
Vancomycin Hydrochloride N 184.4 3474 16,676 13,365
Vancomycin Hydrochloride Y 194.3 9892 45,095 13,365
Cimetidine Hydrochloride N 21.2 11,690 664,202 11,706
Cimetidine Hydrochloride Y 45.6 16 521 11,706
Diazepam N 24.2 11,119 1,083,068 11,141
Diazepam Y 15.2 22 1331 11,141
Calcitriol N 97.4 8906 136,094 9263
Calcitriol Y 290.1 358 24,056 9263
Methotrexate Sodium N 38.2 9014 173,751 9261
Methotrexate Sodium Y 17.4 247 20,216 9261
Kytril N 606.3 4206 7812 6780
Kytril Y 786.5 2575 12,653 6780
Dextrose N 57.6 483 9476 6246
Dextrose Y 70.2 5764 105,501 6246
Amphotericin B N 839.2 5253 5400 6027
Amphotericin B Y 120.6 774 2634 6027
Heparin Lock Flush N 39.7 3665 139,014 4506
Heparin Lock Flush Y 15.1 841 62,470 4506
Metaproterenol Sulfate N 26.7 3365 134,173 4181
Metaproterenol Sulfate Y 55.1 816 12,522 4181
Gentamicin Sulfate N 17.6 3639 340,752 3737
Gentamicin Sulfate Y 28.0 98 4477 3737
Winrho SDF Y 2080.4 3696 3162 3696
Leucovorin Calcium N 166.3 2536 21,744 3256
Leucovorin Calcium Y 322.1 720 3039 3256
Anzemet/Dolasetron Mesylate N 658.8 779 1349 3007
Anzemet/Dolasetron Mesylate Y 341.4 2227 49,613 3007
Cyclophosphamide N 123.8 1348 8444 2690
Cyclophosphamide Y 930.0 1342 4092 2690
Doxorubicin Hydrochloride N 703.1 721 703 2461
Doxorubicin Hydrochloride Y 356.0 1740 4641 2461
Acetylcysteine N 72.5 874 12,852 2081
Acetylcysteine Y 76.9 1207 15,538 2081
Etoposide N 617.7 1725 2488 2074
Etoposide Y 326.5 349 1064 2074
Dexamethasone N 14.6 2025 144,932 2063
Dexamethasone Y 15.0 38 2731 2063
Iron Dextran N 127.4 317 2614 1898
Iron Dextran Y 165.1 1581 11,768 1898
Cisplatin N 614.0 1160 1976 1160
Cisplatin Y 720.8 1 1 1160
Amikacin Sulfate N 329.2 288 739 1146
Amikacin Sulfate Y 389.1 859 3100 1146
Fluorouracil N 61.5 1090 15,166 1139
Fluorouracil Y 27.5 50 3338 1139
Methylprednisolone Sodium Succinate N 32.6 640 23,669 1064
Methylprednisolone Sodium Succinate Y 51.8 424 9749 1064
Testosterone Cypionate N 41.3 51 1286 938
Testosterone Cypionate Y 50.6 887 15,208 938
Pentamidine Isethionate N 165.4 629 5647 816
Pentamidine Isethionate Y 203.4 188 1099 816
Anti-inhibitor Coagulant Complex N 9135.9 62 12 743
Anti-inhibitor Coagulant Complex Y 16368.5 680 51 743
Bleomycin Sulfate Y 713.5 684 791 684
Testosterone Enanthate N 57.0 438 6268 452
Testosterone Enanthate Y 27.8 14 503 452
Vincristine Sulfate N 77.8 48 644 150
Vincristine Sulfate Y 59.8 101 1887 150
Mitomycin N 430.8 103 163 148
Mitomycin Y 535.0 45 93 148
Hydrocortisone Sodium Succinate N 23.3 35 1668 99
Hydrocortisone Sodium Succinate Y 23.8 65 3281 99
Cytarabine Y 95.7 76 1188 76
Vinblastine Sulfate N 135.6 12 171 48
Vinblastine Sulfate Y 51.3 36 1068 48

Notes: The sample excludes data from the five states that do not use the AWP as their primary reimbursement methodology and outliers as described in the text in Section 4.2.

61A. Alpert et al. / Journal of Public Economics 108 (2013) 44–62



62 A. Alpert et al. / Journal of Public Economics 108 (2013) 44–62
References

Abramson, R., et al., 2004. Generic drug cost containment in Medicaid: lessons from five
state MAC programs. Health Care Financ. Rev. 25 (3), 25–34.

Berndt, E., Aitken,M., 2010. Brand loyalty, generic entry and price competition in pharma-
ceuticals the quarter century after the 1984 Waxman–Hatch legislation. NBERWork-
ing Paper 16431.

Berndt, E., Newhouse, J., 2012. Pricing and reimbursement in U.S. pharmaceutical mar-
kets. In: Danzon, Patricia, Nicholson, Sean (Eds.), The Economics of the Biopharma-
ceutical Industry. Oxford University Press, New York, pp. 201–265.

Berndt, E.,McGuire, T., Newhouse, J., 2011. A primer on the economics of prescriptionpharma-
ceutical pricing inhealth insurancemarkets. ForumHealth Econ. Policy 14 (2) (Article 10).

Brekke, K., Holmas, T., Straume, O., 2011. Reference pricing, competition, and pharmaceu-
tical expenditures: theory and evidence from a natural experiment. J. Public Econ. 95
(7), 624–638.

Centers for Medicare and Medicaid Services, 2011. National Health Expenditure Data.
Available at http://www.cms.gov/Research-Statistics-Data-and-Systems/Statistics-
Trends-and-Reports/NationalHealthExpendData/index.html.

Centers for Medicare andMedicaid Services, 2013. Medicaid covered outpatient prescription
drug reimbursement information by state, quarter ending March 2013. Available at
http://www.medicaid.gov/Medicaid-CHIP-Program-Information/By-Topics/Benefits/
Prescription-Drugs/Downloads/reimbursementchart-2Q2013.pdf.

Chabner, B., 2011. Drug shortages—a critical challenge for the generic-drug market.
N. Engl. J. Med. 365 (23), 2147–2149.

Ching, A., 2010. A dynamic oligopoly structural model for the prescription drug market
after patent expiration. Int. Econ. Rev. 51 (4), 1175–1207.

Congressional Budget Office, 2004. Medicaid's reimbursements to pharmacies for
prescription drugs. Available at http://www.cbo.gov/publication/16199.

Dafny, L., 2005. How do hospitals respond to price changes? Am. Econ. Rev. 95 (5),
1525–1547.

Danzon, P., et al., 2005. Alternative strategies for Medicare payment of outpatient pre-
scription drugs—part b and beyond. Am. J. Manag. Care 11 (3), 173–180.

Drug Topics Red Book, 1999. Medical Economics Co., Montvale, NJ.
Duggan, M., Scott-Morton, F., 2006. The distortionary effects of government procurement:

evidence from Medicaid prescription drug purchasing. Q. J. Econ. 121 (1), 1–30.
Grabowski, H., Vernon, J., 1992. Brand loyalty, entry, and price competition in pharmaceu-

ticals after the 1984 Drug Act. J. Law Econ. 35 (2), 331–350.
Gruber, J., et al., 1999. Physician fees and procedure intensity: the case of cesarean delivery.

J. Health Econ. 18 (4), 473–490.
Holmstrom, B., Milgrom, P., 1991. Multitask principal-agent analyses: incentive contracts,

asset ownership, and job design. J. Law Econ. Org. 7, 24–52.
Jacobson, M., et al., 2010. How Medicare's payment cuts for cancer chemotherapy drugs

changed patterns of treatment. Health Aff. 29 (7), 1394–1402.
Kaiser Family Foundation, 2002. Medicaid: purchasing prescription drugs. Available at

http://www.kff.org/medicaid/4025-index.cfm.
Kolassa, E., 1994. Guidance for clinicians in discerning and comparing the price of phar-

maceutical agents. J. Pain Symptom Manage. 9 (4), 235–243.
Kolassa, E., 1997. Elements of Pharmaceutical Pricing. The Pharmaceutical Products Press,

Binghamton, NY.
National Association of State Medicaid Directors, 2010. Post AWP pharmacy pricing and
reimbursement. Available at http://hsd.aphsa.org/home/doc/SummaryofWhitePaper.
pdf.

National Pharmaceutical Council, 2000. Pharmaceutical benefits under state medical
assistance programs. Available at http://www.npcnow.org/Public/Issues/i_rel_research/
Medicaid_Pharmaceutical_Plan_Resources.aspx.

Office of the Attorney General, Medicaid Fraud Control Unit, State of New York, 2000. Let-
ter to Medicaid pharmacy director of West Virginia. Available at: http://www.doj.
state.wi.us/AWP/WestVirginia/TrialExhibits/WV_PLAINTIFFS_EXHIBIT_154.pdf.

Reiffen, D., Ward, M., 2005. Generic drug industry dynamics. Rev. Econ. Stat. 87 (1),
37–49.

Shea, M., et al., 2008. Association between the Medicare Modernization Act of 2003 and
patient wait times and travel distance for chemotherapy. JAMA 300 (2), 189–196.

Texas Office of the Comptroller, 2003. Texas health care claims study. Available at: http://
www.window.state.tx.us/specialrpt/hcc2003/.

U.S. Department of Health and Human Services, Health Care Financing Administration,
2000. An additional source of average wholesale price data in pricing drugs and
biologicals covered by the Medicare program. Transmittal AB-00-86, HCFA-Pub.
60AB.

U.S. Department of Health and Human Services, Office of Inspector General, 2001.
Medicaid's use of revised average wholesale prices. Report No. OEI-03-01-00010.

U.S. Department of Health and Human Services, Office of Inspector General, 2002. Medic-
aid pharmacy—additional analyses of the actual acquisition cost of prescription drug
products. Report No. A-06-02-0041.

U.S. Department of Health and Human Services, Office of Inspector General, 2004a.
Omission of drugs from the Federal Upper Limit List in 2001. Report No. OEI-
03-02-00670.

U.S. Department of Health and Human Services, Office of Inspector General, 2004b. Addi-
tion of qualified drugs to the Medicaid Federal Upper Limit List. Report No. OEI-03-
04-00320.

U.S. Department of Health and Human Services, Office of Inspector General, 2011. Replac-
ing average wholesale price: Medicaid drug payment policy. Report No. OEI-03-11-
00060.

U.S. Department of Health and Human Services, Office of Inspector General, 2012.
Analyzing changes to Medicaid federal upper limit amounts. Report No. OEI-03-11-
00650.

U.S. Department of Justice, 2010. Pharmaceutical manufacturers to pay $421.2 million to
settle false claims act cases. Available at http://www.justice.gov/opa/pr/2010/
December/10-civ-1398.html.

U.S. Department of Justice, 2012. McKesson Corp. pays U.S. more than $190 million to
resolve false claims act allegations. Available at http://www.justice.gov/opa/pr/
2012/April/12-civ-539.html.

U.S. Government Accountability Office, 2001. Medicare payments for covered outpatient
drugs exceed providers' cost. Report No. GAO-01-1118.

U.S. Government Accountability Office, 2002. Medicare outpatient drugs: program pay-
ments should better reflect market prices. Dummit, L.—Testimony before the US
Senate Subcommittee on Health, Committee on Finance, U.S. Senate.

Yurukoglu, A., 2012. Medicare reimbursements and shortages of sterile injectable phar-
maceuticals. NBER Working Paper 17987.

http://refhub.elsevier.com/S0047-2727(13)00169-2/rf0005
http://refhub.elsevier.com/S0047-2727(13)00169-2/rf0005
http://refhub.elsevier.com/S0047-2727(13)00169-2/rf0125
http://refhub.elsevier.com/S0047-2727(13)00169-2/rf0125
http://refhub.elsevier.com/S0047-2727(13)00169-2/rf0125
http://refhub.elsevier.com/S0047-2727(13)00169-2/rf0010
http://refhub.elsevier.com/S0047-2727(13)00169-2/rf0010
http://refhub.elsevier.com/S0047-2727(13)00169-2/rf0010
http://refhub.elsevier.com/S0047-2727(13)00169-2/rf0130
http://refhub.elsevier.com/S0047-2727(13)00169-2/rf0130
http://refhub.elsevier.com/S0047-2727(13)00169-2/rf0015
http://refhub.elsevier.com/S0047-2727(13)00169-2/rf0015
http://refhub.elsevier.com/S0047-2727(13)00169-2/rf0015
http://www.cms.gov/Research-Statistics-Data-and-Systems/Statistics-Trends-and-Reports/NationalHealthExpendData/index.html
http://www.cms.gov/Research-Statistics-Data-and-Systems/Statistics-Trends-and-Reports/NationalHealthExpendData/index.html
http://www.medicaid.gov/Medicaid-CHIP-Program-Information/By-Topics/Benefits/Prescription-Drugs/Downloads/reimbursementchart-2Q2013.pdf
http://www.medicaid.gov/Medicaid-CHIP-Program-Information/By-Topics/Benefits/Prescription-Drugs/Downloads/reimbursementchart-2Q2013.pdf
http://refhub.elsevier.com/S0047-2727(13)00169-2/rf0025
http://refhub.elsevier.com/S0047-2727(13)00169-2/rf0025
http://refhub.elsevier.com/S0047-2727(13)00169-2/rf0030
http://refhub.elsevier.com/S0047-2727(13)00169-2/rf0030
http://www.cbo.gov/publication/16199
http://refhub.elsevier.com/S0047-2727(13)00169-2/rf0040
http://refhub.elsevier.com/S0047-2727(13)00169-2/rf0040
http://refhub.elsevier.com/S0047-2727(13)00169-2/rf0045
http://refhub.elsevier.com/S0047-2727(13)00169-2/rf0045
http://refhub.elsevier.com/S0047-2727(13)00169-2/rf0135
http://refhub.elsevier.com/S0047-2727(13)00169-2/rf0055
http://refhub.elsevier.com/S0047-2727(13)00169-2/rf0055
http://refhub.elsevier.com/S0047-2727(13)00169-2/rf0140
http://refhub.elsevier.com/S0047-2727(13)00169-2/rf0140
http://refhub.elsevier.com/S0047-2727(13)00169-2/rf0060
http://refhub.elsevier.com/S0047-2727(13)00169-2/rf0060
http://refhub.elsevier.com/S0047-2727(13)00169-2/rf0070
http://refhub.elsevier.com/S0047-2727(13)00169-2/rf0070
http://refhub.elsevier.com/S0047-2727(13)00169-2/rf0075
http://refhub.elsevier.com/S0047-2727(13)00169-2/rf0075
http://www.kff.org/medicaid/4025-index.cfm
http://refhub.elsevier.com/S0047-2727(13)00169-2/rf0085
http://refhub.elsevier.com/S0047-2727(13)00169-2/rf0085
http://refhub.elsevier.com/S0047-2727(13)00169-2/rf0090
http://refhub.elsevier.com/S0047-2727(13)00169-2/rf0090
http://hsd.aphsa.org/home/doc/SummaryofWhitePaper.pdf
http://hsd.aphsa.org/home/doc/SummaryofWhitePaper.pdf
http://www.npcnow.org/Public/Issues/i_rel_research/Medicaid_Pharmaceutical_Plan_Resources.aspx
http://www.npcnow.org/Public/Issues/i_rel_research/Medicaid_Pharmaceutical_Plan_Resources.aspx
http://www.doj.state.wi.us/AWP/WestVirginia/TrialExhibits/WV_PLAINTIFFS_EXHIBIT_154.pdf
http://www.doj.state.wi.us/AWP/WestVirginia/TrialExhibits/WV_PLAINTIFFS_EXHIBIT_154.pdf
http://refhub.elsevier.com/S0047-2727(13)00169-2/rf0110
http://refhub.elsevier.com/S0047-2727(13)00169-2/rf0110
http://refhub.elsevier.com/S0047-2727(13)00169-2/rf0115
http://refhub.elsevier.com/S0047-2727(13)00169-2/rf0115
http://www.window.state.tx.us/specialrpt/hcc2003/
http://www.window.state.tx.us/specialrpt/hcc2003/
http://refhub.elsevier.com/S0047-2727(13)00169-2/rf0145
http://refhub.elsevier.com/S0047-2727(13)00169-2/rf0145
http://refhub.elsevier.com/S0047-2727(13)00169-2/rf0145
http://refhub.elsevier.com/S0047-2727(13)00169-2/rf0150
http://refhub.elsevier.com/S0047-2727(13)00169-2/rf0155
http://refhub.elsevier.com/S0047-2727(13)00169-2/rf0155
http://refhub.elsevier.com/S0047-2727(13)00169-2/rf0155
http://refhub.elsevier.com/S0047-2727(13)00169-2/rf0160
http://refhub.elsevier.com/S0047-2727(13)00169-2/rf0160
http://refhub.elsevier.com/S0047-2727(13)00169-2/rf0165
http://refhub.elsevier.com/S0047-2727(13)00169-2/rf0165
http://refhub.elsevier.com/S0047-2727(13)00169-2/rf0165
http://refhub.elsevier.com/S0047-2727(13)00169-2/rf0170
http://refhub.elsevier.com/S0047-2727(13)00169-2/rf0170
http://refhub.elsevier.com/S0047-2727(13)00169-2/rf0170
http://refhub.elsevier.com/S0047-2727(13)00169-2/rf0175
http://refhub.elsevier.com/S0047-2727(13)00169-2/rf0175
http://www.justice.gov/opa/pr/2010/December/10-civ-1398.html
http://www.justice.gov/opa/pr/2010/December/10-civ-1398.html
http://www.justice.gov/opa/pr/2012/April/12-civ-539.html
http://www.justice.gov/opa/pr/2012/April/12-civ-539.html
http://refhub.elsevier.com/S0047-2727(13)00169-2/rf0190
http://refhub.elsevier.com/S0047-2727(13)00169-2/rf0190
http://refhub.elsevier.com/S0047-2727(13)00169-2/rf0195
http://refhub.elsevier.com/S0047-2727(13)00169-2/rf0195
http://refhub.elsevier.com/S0047-2727(13)00169-2/rf0195
http://refhub.elsevier.com/S0047-2727(13)00169-2/rf0200
http://refhub.elsevier.com/S0047-2727(13)00169-2/rf0200

	Perverse reverse price competition: Average wholesale prices and Medicaid pharmaceutical spending
	1. Introduction
	2. Background
	2.1. AWP basics
	2.2. The AWP and Medicaid procurement incentives
	2.3. Evidence of the spread and related literature
	2.4. Policy significance

	3. Intervention
	3.1. Details of the DOJ intervention

	4. Data sources
	4.1. Data
	4.2. Sample restrictions

	5. Empirical evidence of reverse price competition
	5.1. Descriptive statistics and graphical evidence
	5.2. Main regression results
	5.2.1. Reimbursement per prescription
	5.2.2. Prescriptions purchased

	5.3. Additional specifications
	5.3.1. Effects for early adopter states versus other states
	5.3.2. Treatment heterogeneity by market characteristics

	5.4. Additional margins of adjustment
	5.4.1. Impacts on access to prescription drugs by Medicaid beneficiaries
	5.4.2. Strategic product introduction and discontinuation
	5.4.3. Effects on total Medicaid spending


	6. Conclusion
	References


