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1 Introduction

Governments contract with hundreds of thousands of private firms to deliver public goods and
services. Competition among these firms theoretically reduces costs for the government, but the
difficulty of verifying the quality and integrity of suppliers creates opportunities for unscrupulous
firms to defraud the government by overcharging for the contracted goods and services or failing
to provide them altogether. This problem is particularly acute in health care, where the US
government pays trillions of dollars each year to private suppliers, a sizable fraction of which
may be fraudulent (Centers for Medicare & Medicaid Services, |2024).

The relationship between competition and fraud is not obvious. Although increased com-
petition could eliminate the incentive to commit fraud by reducing prices and profits, it could
instead exacerbate it if the low quality of fraudulent firms allows them to crowd out legitimate
suppliers with higher costs. This is a pressing concern in health care, where quality has a direct
influence on patients’ outcomes but can be difficult to monitor effectively.

We examine the relationship between competition and fraud in Medicare’s procurement of
durable medical equipment (DME), a market with more than $15 billion in government spending
each year and a rate of improper payments estimated at over 20% (Centers for Medicare &
Medicaid Services, [2023). Historically, Medicare obtained DME for its beneficiaries by allowing
suppliers across the country to sell equipment at a fixed, regulated rate, which in some cases
resulted in profit margins exceeding 1000% and attracted a large number of fraudulent sellers.
In response to the outsize levels of spending and fraud, Medicare began piloting a series of
procurement auctions in 2011 that forced suppliers to compete with one another to sell DME
to beneficiaries within a particular product category and region. Past research has shown the
switch to competitive bidding achieved Medicare’s primary aim of reducing spending, mostly
through a decline in the prices paid for DME (Ji, 2023; |Ding et al., 2025|). Left unexplored is the
effect of competitive bidding on the incidence of fraud, the market structure of suppliers, and
the quality of products received by beneficiaries.

We find that fraudulent firms disproportionately benefited from Medicare’s switch to pro-
curement auctions. After competitive bidding reduced prices for DME, the firms we identify
as fraudulent increased their market share at the expense of legitimate firms. We further show
that fraudulent firms participated in the auctions at a much higher rate, bidding behavior within
the auctions was similar for fraudulent and legitimate firms, and quality — both in terms of
the physical attributes of DME and patients’ match-quality for medical necessity — remained
largely unchanged. Taken together, our results show that increased competition benefited fraud-
ulent firms by reducing prices to the point where legitimate firms no longer remained profitable,
leading them to exit the market and relinquish their sales to fraudulent competitors.

For our empirical analysis, we begin by identifying fraudulent and suspicious DME suppliers.



We hand collected data on hundreds of firms ever subject to anti-fraud enforcement, either
through civil whistleblower litigation, criminal lawsuits, or administrative exclusion from the
Medicare program. We use this set of sanctioned firms to identify a set of “suspicious” firms that
did not face enforcement yet appear to be fraudulent from their connections to those formally
charged, including common ownership, a shared address, or an inordinate number of referrals
from complicit physicians.

We then use the staggered rollout of competitive bidding across geographic regions and DME
categories to identify the causal effects of increased competition on fraud. Consistent with past
research, we find competitive bidding led to a 40% reduction in firm revenue, driven largely
by a decrease in the prices of DME (Ji, 2023; Ding et al., 2025). Building on these studies,
we find the reduction came almost exclusively from legitimate suppliers, as their exit from the
market resulted in a 10 percentage point increase in the market share of fraudulent firms despite
fraudulent firms’ revenue remaining largely unchanged.

Several potential mechanisms could explain why fraudulent firms gained market share under
competitive bidding. First, fraudulent firms tend to be larger than legitimate firms, potentially
leaving them better positioned to bear the administrative costs associated with procurement
auctions or better able to compete on price due to the lower average costs from economies of
scale. We find that, although larger firms do experience a smaller reduction in revenues, this
cannot fully explain our results. Even conditional on firm size, fraudulent firms increase their
market share.

Second, fraudulent firms’ behavior could differ within the procurement auctions themselves.
Past work has shown these auctions were poorly designed, such that submitting a very low,
bad-faith bid was a non-dominated strategy (Cramton et al., [2015). Using the universe of bids
submitted from 2011 to 2013, we find no meaningful differences in bidding behavior conditional
on participating in the auctions. Although bids from fraudulent firms were slightly lower on
average, bid distributions are nearly identical across fraudulent and legitimate firms, with no
notable difference in the probability of submitting very low bids. At the same time, fraudulent
firms are more likely to participate in the auctions: 9.5% of bids come from fraudulent firms
despite these firms making up just 1.5% of the market. Our results are therefore consistent with
fraudulent firms having lower costs that make them more likely to participate in the auctions
rather than gaining market share by manipulating their bids.

Finally, competitive bidding may have led to a change in the quality of equipment provided
by suppliers. In this setting, quality encompasses both the physical properties of the DME itself
as well as the match-quality between the patient and product, as the government intends only
to provide DME to beneficiaries who have a medical need for it (Office of the Inspector General,
2011; Whoriskey and Keating), [2014)). Heightened price competition could lead to lower-quality

DME for a number of reasons, such as compressed profit margins forcing firms to cut costs in



ways that reduce quality or making it so that only low-cost, low-quality rms earn pro ts large
enough to remain in operation. Despite this possibility, we nd evidence of only small changes
in rm-level quality: the repair rate for DME supplied by fraudulent rms did not change after
competitive bidding and fraudulent rms appear to only slightly redirect their business towards
older patients (i.e., who may be more susceptible to fraud) and patients with fewer comborbidities
(i.e., patients who are less likely to have a medical need for DME). Given the small magnitude
of these quality changes, we can rule out the possibility that competition causes fraudulent rms
to \go straight" and stop committing fraud.

Our work complements existing studies in health and public economics that have largely
examined questions of competition and fraud in isolation. Most directly, our results contribute
to broader debates about the e ect of competition on quality in health care. Cooper et al. (2011)
and Gaynor et al. (2013), for instance, show that greater competition among hospitals in England
improved health care quality, whereas Colla et al, (2016) nd mixed results considering a broader
class of conditions. Beyond quality, heightened competition can also lead to more waste, as in
Kessler and McClellan|{(2000), where it spurred hospitals to provide more unnecessary services.

Competition can also bring about unethical behavior. Building on a series of theoretical
papers (Shleifer, 2004; Dewatripont and Tirole, 2019), studies across various empirical settings
have found, for example, that both pharmacies and physicians sell more opioids when faced with
more competition (Janssen and Zhang, 2023; Currie et|al., 2023). Beyond health care, Bennett
et al. (2013) show that increased competition among vehicle emissions testers is associated with
more lenient inspections. We extend this literature by demonstrating that competition can spur
illegal activity even without relying on demand-side preferences. In particular, we nd evidence
that asymmetric information allows suppliers contracting with the government to in ate their
revenues by misreporting what they provide.

Our ndings also add to the literature on fraud and overbilling in Medicare. The seminal
works of | Silverman and Skinner|(2004) and Dafhy (2005) lay out the incentives for hospitals
to upcode care to receive larger reimbursements, while other studies, such as Fang and Gong
(2017), Sanghavi et al. (2021), and Shekhar et al. (2023), have documented the extent of such
overbilling. A more recent literature has discussed anti-fraud policy, with research on the e ects of
civil litigation by whistleblowers (Howard and McCarthy, 2021; Leder-Luis, 2023) and comparing
regulation to litigation (Eliason et al., 2025). We build on this research by examining the role of
competition and rents in providing incentives for rms to commit fraud.

In addition, our research contributes to work on procurement auctions, including a growing
literature that evaluates the impact of competitive bidding on DME. Past studies have shown
the competitive bidding program's e ects on prices and quantities, with Ji (2023) and Ding et al.
(2025) both nding signi cant reductions. Newman et al. (2017) further note that the resulting
prices were similar to those negotiated by private insurers, while Ji and Rogers (2024) argue



the price cuts hindered innovation. These past studies did not focus on the connection between
market structure and rm behavior, however, particularly as it relates to fraud.

Finally, our work relates to an older literature in political economy on the incentives of rms
that contract with the government. In the framework of Hart et al. (1997), the government
faces a tradeo between reducing costs and providing high-quality goods and services, where
incomplete contracts lead to ine ciently large cuts to quality. In health care, where quality is
often di cult to monitor, mechanisms like competitive bidding may favor rms with lower costs,
even if they achieve these e ciencies through fraud or substandard equipment. By empirically
demonstrating that fraudulent rms thrive under competitive bidding, our study provides a novel
application of these theories, reinforcing the importance of understanding the nuanced incentives
faced by government contractors.

2 Background

Medicare's DME program spends nearl$16 billion per year to supply 10 million bene ciaries
with equipment such as wheelchairs, medical beds, and CPAP machines. To sell DME through
Medicare, a physician must rst prescribe it to the patient, after which a Medicare-approved
supplier can take assignment and supply the product. Covered under Part B, bene ciaries
typically pay 20% of the Medicare-approved amount, with Medicare covering the remaining
80%.

Prior to competitive bidding, Medicare paid for DME on a fee-schedule basis using rates
based on supplier charges adjusted over time for in ation. This approach often resulted in
products with prices far above costs, with Medicare's payment rates sometimes three to four
times higher than what suppliers paid to purchase from manufacturers or wholesalers (CMS,
2013). A 2006 OIG report, for example, found that Medicare was payirgy,215 to rent oxygen
concentrators for 36 months that cost an average 8687 to purchase (OIG, 2006), while another
report found that Medicare paid$17,165 for negative pressure wound therapy pumps that cost
suppliers$3,604 (OIG, 2007). A 2018 MedPAC report concluded that these high payment rates
increased expenditures and likely encouraged inappropriate utilization (MedPac, 2018).

Improper payments and outright fraud have long been a problem among government health
programs. In 2023, HHS estimated a total 0o$100 billion in improper payments for Medicare
and Medicaid, implying that over 40% of the government's improper payments originate from
health care (GAO, 2024)t Contributing to the billions in inappropriate payments, DME fraud
primarily involves providing Medicare bene ciaries with equipment they do not need and never
requested, a form of fraud called \medical necessity fraud," as well as billing for equipment never

IMedicare improper payments are payments that do not meet CMS requirements, including overpayments,
underpayments, or payments where insu cient information was provided CMS (2024b).



provided ( Leder-Luis and Malani, 2025).

In many cases, a health care provider receives a kickback from the supplier in exchange
for writing DME prescriptions, which the supplier can then use to bill the insurer. Typically,
recruiters nd bene ciaries either by advertising free products and requesting bene ciaries' Medi-
care numbers at an event, sales pitch, or phone call. In one case, bene ciaries testi ed they were
promised vitamins, diabetic shoes, and other items for providing their bene ciary numbers (USA
v. Shubaralyan, 2008; DOJ, 2009). In another, a bene ciary attempting to purchase a hospi-
tal bed was told that to get one she had to accept a power wheelchair she did not need (USA
v. ljewere et al., 2009; DOJ, 2010). Medicare numbers are also allegedly sold to other nearby
DME suppliers for the purposes of false billing, and suppliers routinely bill for costly products
with additional accessories or features the patient does not require. Some of the most billed-for
fraudulent products include oxygen, oxygen equipment, and CPAP machines. More recently,
telehealth has been used to recruit illegitimate patients or conduct sham screenings to provide
patients with prescriptions for DME (CMS, 2023).

DME suppliers regularly face legal action for health care fraud. The False Claims Act (FCA)
allows whistleblowers to sue fraudulent health care providers under civil law for up to triple dam-
ages and receive a share of the recoveries, as in the recent suit against Lincare Holdings, which
agreed to pay$29 million for the improper billing of oxygen equipment (DOJ, 2023). The US can
also pursue criminal enforcement, which may result in both nes and prison sentences. The De-
partment of Justice (DOJ), Health and Human Services O ce of Inspector General (HHS-OIG),
and other federal agencies often collaborate to investigate and prosecute fraud, with initiatives
like the Medicare Fraud Strike Force targeting high-risk regions and providers. As one prominent
example of this approach, a months-long investigation of DME fraud dubbed \Operation Brace
Yourself* resulted in signi cant criminal convictions and lengthy prison sentences (DOJ, 2024).

In an e ort to reduce DME spending and fraud, Medicare established the DME Competitive
Bidding program as part of the Medicare Modernization Act in 2003 (CMS, 2024a). Under
the program, DME suppliers submit bids to compete for Medicare contracts to supply specic
products in designated competitive bidding areas for a period of three years, with the auction
price set at the median of the winning bids, meaning half of the winning bidders receive a price
below what they bid? Winners of the auction can then sell at the median price and face no
guantity limits on the amount of DME they can supply. Because this auction format does not
prevent bidders from later withdrawing their supply commitment, Cramton et al. (2015) show
that submitting a very low bid before deciding whether to accept the price determined by the
auction is a non-dominated strategy, although CMS attempted to authenticate bids to screen
out those believed to be made in bad faitA. Despite the nonstandard auction format, previous

2The number of winning bids is chosen so that the amount of DME expected to be supplied does not exceed
the reported capacities of the winning bidders.
3Appendix E provides more details on the auction format.



Figure 1: Geographic Rollout of Competitive Bidding Auction Program.

Notes: Data on competitive bidding rollout timings from the competitive
bidding archives. Data is plotted for ZIP codes and only includes the rst
two waves. Gray ZIP codes are those that did not experience competitive
bidding. White areas are those that do not have ZIP codes.

studies have shown Medicare's switch to competitive bidding led to substantially lower prices
and spending for DME (Ji, 2023; Ding et al., 2025).

Medicare piloted the rst round of bidding for nine product categories in nine areas starting
in 2009, and the resulting prices went into e ect on January 1, 2011. The program was later
expanded across additional product categories and geographies, with prices going into e ect July
2013, January 2017, and January 2021 Figure 1 shows the geographic rollout of competitive
bidding over the rst two waves, where Medicare targeted product groups they anticipated had
the greatest potential for cost savings. Following round one, prices for many products had signif-
icant reductions: the average Medicare-allowed monthly payment amount fell 33% for stationary
oxygen equipment, for example, and 37% for semi-electric hospital beds (CMS, 2013).

3 Data

We use claims data for the universe of patients who received DME through Medicare between
2008 and 2019. Each observation represents a unique product or service within a claim and
is linked to a speci c bene ciary. For DME, this is typically an individual product or item
accessory and is denoted using the product's Healthcare Common Procedure Coding System

4Additional rounds or recompetes also occurred. The full set of dates is: Test rollout in 2007 with prices
e ective July 1, 2008; Round 1 Rebid in 2009, prices e ective January 1, 2011; Round 2 and National Mail-Order
in 2011, e ective July 1, 2013; Round 2 Recompete in 2014, e ective January 1, 2016; Round 2017 in 2015,
e ective January 1, 2017; and Round 2021 began 2019, with prices e ective January 1, 2021.



(HCPCS) code. Each observation includes the claim date, supplier's National Provider Identi er
(NPI), HCPCS code, and line payment amount. We use bene ciary ZIP codes from the master
bene ciary summary les to determine the geographic location of the claim.

For DME suppliers, we use the full set of NPIs that supplied DME in the claims data,
resulting in a total of 154,042. We then use the National Plan & Provider Enumeration System
(NPPES) to obtain rm-level information related to these NPIs, including a supplier's name,
mailing address, business address, and authorized owner.

We use two distinct sources of data to identify fraudulent rms. First, we create a novel
dataset based on press releases from the DOJ that mention health care fraud related to DME.
For each press release, we extract the date of the press release and the name of the rm involved,
and then use the rm's name to manually search for and identify any NPIs associated with the
rm. In total, we analyzed 389 press releases, which we linked to 981 unique NPIs, of which
743 appear in our DME claims data. We also use the List of Excluded Individuals and Entities
(LEIE) dataset, which contains records of health care providers excluded from participation in
federally funded health care programs for a variety of reasons, including a conviction for Medicare
or Medicaid fraud. From this we extract the date they were excluded and the NPIs of excluded
providers. The LEIE provides a total of 7,674 excluded NPIs, of which 109 appear in the DME
claims data. Three rms appear in both the press releases and the LEIE.

With 743 rms named in the press releases, 109 excluded rms, and 3 found in both, we have
849 unique fraudulent NPIs. We classify these rms as \sanctioned." Figure 2 plots the number
of fraudulent rms sanctioned over time. We nd that rms have steadily continued committing
| and getting caught | for fraud.

We obtained the competitive bidding data through a FOIA request and include information
from rounds one and two of the auctions in 2011 and 2013, respectively. Each auction consists
of a HCPCS, CBA, and bidtype, which is either a rental or purchase. The dataset includes
rm names, the prices submitted by bidders for products in each geography, and the estimated
capacity of each rm. Because the data do not include NPIs, we connect bidders to possible
NPIs using fuzzy string matching on rm names. We match each rm name in the bidder data
to rms that provide DME in the claims data using rm names obtained from the NPPES.

For our measures of quality, we rst look at the number of repairs using our claims dataWe
also consider patient-match quality (i.e., the appropriateness of bene ciaries who receive DME)
using a simpli ed version of the Charlson Index from the Medicare Chronic Conditions le.

To identify fraud among DME suppliers, we must account for both rms sanctioned for
committing fraud as well as those that remained undetected. To identify the full set of fraudulent
rms, we start with the set of rms sanctioned for fraud and then search for other rms that

SWe consider a DME repair claim as any claim with a HCPCS modi er code of \RA", \RB," or \RP." The
RP modi er was superseded by RA and RB in 2009



Figure 2: Sanctioned Firms Over Time

Notes: The sample includes rms sanctioned for engaging in fraud by the
DOJ and named in a press release or excluded from the LEIE. Dates used are
the date of the press release or date of exclusion listed.

have clear links to them. Following the approach of previous studies, we consider a rm to be
\suspicious" if it shares its name, owner, or address with a sanctioned rm (McDevitt, 2011,
2014). We also label as suspicious any rm that receives a high share of their DME referrals
from physicians who also refer extensively to sanctioned rms. Appendix A provides the full
details of our suspiciousness measures.

For the majority of our analysis, we combine \sanctioned" and \suspicious” rms into one
category we call \fraudulent” rms. We label rms not agged as fraudulent as \legitimate."
Figure 3 shows a map of the ZIP codes of suspicious rms as well as those subject to sanctions.



Figure 3: Location of Sanctioned and Suspicious Firms

Notes: ZIP codes where rms were sanctioned for fraud in blue. Additional
suspicious rms are located in ZIP codes marked in green. Both sanctioned
and suspicious rms are located in ZIP codes shaded in red.

Table 1 presents summary statistics for the rms in our sample. Overall, we nd that fraud-
ulent rms are larger than legitimate rms by a number of measures. They have also been active
for longer, sell more types of products, and sell in more geographies.

Table 1. Summary Statistics by Firm Type

Total Legitimate Sanctioned Suspicious

Line Payment ($) 683K 548k 6.4M 7.4M
(10.7M) (9.9M) (1.92M) (3.21M)
Quarters Active 26.9 26.8 29.6 35.0
(17.8) (17.8) (17.2) (16.1)
HCPCS Sold 37.4 35.8 94.8 116.9

(59.5) (57.7) (70.9) (94.4)
MSAs Active 16.6 15.3 74.7 79.2
(35.3) (32.7) (80.5) (73.7)

Observations 154,042 150,869 849 2,324

Notes: Sample includes all rms submitting a DME claim to Medicare Part
B. We calculate mean line payment, number of quarters active, number of
HCPCS products sold, and MSAs active for each rm-type.

We also nd signi cant variation in fraudulence by product category. Table 2 presents the
total and share of spending from fraudulent rms in each product category in the period before



competitive bidding. Prior to competitive bidding, the most fraudulent categories were oxygen
& oxygen equipment, CPAP machines, power mobility devices, and nebulizers.

Table 2: Share from Fraudulent Firms by Product Category Prior to Com-
petitive Bidding (2008-2010)

Payments
Category Total Fraudulent Share

Oxygen & Oxygen Equip. $5.37B  $2.55B 47.58%

CPAP $1.76B $787M 44.71%
Power Mobility Devices  $2.02B  $814M 40.37%
Nebulizers $167M  $66.7M  39.86%
Hospital Beds $566M $125M 22.07%
Commode Chairs $103M  $22.7TM  22.07%
Standard Wheelchairs $999M $218M 21.83%
Enteral Nutrition $1.21B  $261M 21.55%
Walkers $221M $6M 20.83%
Patient Lifts $97.5M  $15.9M 16.35%
Support Surfaces $250M  $31.5M  12.60%

O -the-shelf Back Braces $4.12M  $231.9K  5.63%
O -the-shelf Knee Braces $4.25M  $145.2K  3.42%
NPWT Pumps $414M $8.14M 1.97%
TENS Devices $132M  $2.07M 1.57%
Notes: For all DME claims from 2008-2010, we sum both the total payments

and payments received by fraudulent rms and then calculate the share of
payments to fraudulent rms by product category.

4 Empirical Results

We use the staggered rollout of competitive bidding across MSAs and di erent DME products
to identify the causal e ect of competition on fraud. We perform all analyses at the MSA-HCPCS
level by quarter, which is the level of treatmenf. For traditional TWFE results, we estimate

X
(1) Ymht = eTmht (e) + mtt Tt mn Tt IImht
e= K6 1

SWe drop any HCPCS in the category of power mobility devices due to a change in regulations around the
same time as the introduction of competitive bidding.
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for MSA m and HCPCS producth in quarter t; Yy IS our outcome of interest, such as total
payments in an MSA-HCPCS-quarter; andlny (€) is an indicator for beinge quarters from the
treatment date (i.e., introduction of competitive bidding). We setK = 8, estimating coe cients
for eight quarters on either side of competitive bidding.

We rst consider the e ect of competitive bidding on total revenue. As shown in Figure Al,
rm revenues decrease by an average of approximate$10,000 after the start of competitive
bidding for a geography and product (MSA-HCPCS). Figure 4 shows the dynamic di erence-in-
di erences results, or estimates of . for e 2 [ 8;8]= 1g in (1), with inverse hyperbolic sine
(asinh) transformed total payments as the dependent variable. Following the introduction of
competitive bidding, we estimate an average decrease in revenue of almost 40%. The e ect of
competitive bidding was large, immediate, and persistent.

Figure 4: E ect on Payments

Notes: Estimates of . fore2 [ 8;8]f 1g from equation (1). Dependent
variable is total line payment transformed by taking the inverse hyperbolic
sine. The data include payments from 2008 to 2019. An observation is an
MSA-HCPCS-quarter. Standard errors are clustered at the MSA-HCPCS
level. Error bars represent the pointwise 95% con dence interval

We then replicate the ndings of previous papers that show the decrease in revenue stems
from a decrease in both prices and quantities. As shown in Figure A2, the price of a product
exposed to competitive bidding decreases 30%, for an averageb®®. In terms of quantities,
Figure A3 shows claims decrease by an average of 15%, or about 40 claims.

Although competitive bidding clearly reduced Medicare spending, the decline masks hetero-
geneity among the types of rms a ected by the new procurement process. We nd that price
competition disproportionately a ects legitimate rms. From a di erence-in-di erences speci -
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cation that separates rms of di erent types, we show in Figure 5a that the revenue of legitimate
rms declines more than 50%, whereas fraudulent rms lose about 10%. In dollar terms, Figure
A4 shows total revenue losses &B,000 for legitimate rms compared t0o$3,000 for fraudulent
ones.

Figure 5: E ects on Payment and Claims by Firm Type

(a) Payments (b) Claims

Notes: Estimates of . for e 2 [ 8;8]f 1g from (1). Panel (a) shows
estimates for total payment transformed by taking the inverse hyperbolic
sine for legitimate rms, fraudulent rms, and all rms estimated separately.
Panel (b) shows estimates for total claims transformed similarly. The data in-
clude claims from 2008 to 2019. An observation is a rm-type-MSA-HCPCS-
guarter. Standard errors are clustered at the MSA-HCPCS level. Error bars
represent the pointwise 95% con dence interval

The change in revenue for legitimate relative to fraudulent rms can be explained by their
respective number of claims. Although both types of rms are exposed to the same decline in
prices, the total number of claims paid to fraudulent rms increases 5{10%, whereas legitimate
rms' falls 30{40%.

We also nd that the composition of active rms in each product market changes after
competitive bidding. De ning active rms as those with a positive line payment in an MSA-
HCPCS in a given quarter, the total number declines by an average of 20%, as shown in Figure
6a, or approximately ve rms per market in Figure A5. The decline in the number of rms is
almost entirely concentrated among legitimate rms, which decrease 30% compared to virtually
no decrease among active fraudulent rms.

12



Figure 6: E ects on Number of Firms and Market Share by Firm Type

(&) Number of Firms (b) Share of Payments

Notes: Estimates of o fore2 [ 8;8-f 1g from (1). Dependent variable in
panel (a) is the number of rms transformed by taking the inverse hyperbolic
sine for legitimate type, fraudulent type, and all types estimated separately.
Panel (b) plots estimates for the share of line payments in a given market for
legitimate rms and fraudulent rms estimated separately. The data include
payments from 2008 to 2019. An observation is a rm-type-MSA-HCPCS-
quarter. Standard errors are clustered at the MSA-HCPCS level. Error bars
represent the pointwise 95% con dence interval

We also calculate the revenue share for legitimate and fraudulent rms within each MSA-
HCPCS market for each quarter of our sample. We nd fraudulent rms gain market share at
the expense of legitimate rms. The estimates in Figure 6b show fraudulent rms gain nearly
10% of the revenue share, while Figure A6 shows the breakdown for sanctioned rms compared
to those deemed fraudulent by our suspiciousness measures.

Taken together, our results show that increased price competition led to a large decrease in
the participation of legitimate rms supplying DME and a corresponding rise in the market share
of fraudulent rms.

5 Mechanisms

We consider three possible reasons for why price competition disproportionately bene ted
fraudulent rms. First, it is possible that fraudulent rms are larger and therefore better able
to navigate the introduction of price competition. Second, we consider whether fraudulent rms
engage in anticompetitive behavior during the procurement auctions. Third, we examine whether
fraudulent rms have lower costs from providing lower-quality products or facilitating lower-
guality matches with bene ciaries.

13



5.1 Firm Size

Fraudulent rms tend to be larger, and larger rms may be better equipped to bear the
administrative burdens of procurement auctions. Such economies of scale may therefore give
fraudulent rms an advantage in light of heightened competition. To explore this possibility, we
rst label rms as small, medium, or large according to their lifetime revenue, summarized in
Table A2. We de ne rms with lifetime revenue less than the 95th percentile, 0$2.6M, as small;
rms with lifetime revenue between$2.6 million and $10.3 million, corresponding to the 95th
to 99th percentiles, as medium; and rms with lifetime revenue greater tha810.3 million, or
above the 99th percentile, as large. Based on these classi cations, we have 146,340 small, 6,161
medium, and 1,541 large rms.

For each MSA-HCPCS, we then calculate revenue shares by rm size and consider how these
change following the introduction of competitive bidding. The results of the estimations using
(1) plotted in Figure 7a show that large rms gain approximately 6% market share, while small
and medium rms lose approximately 5% and 1%, respectively.

Figure 7: E ects on Share of Payment by Firm Size and for Large Firms

(a) Share of Payment by Firm Size (b) Share of Payment For Big Firms

Notes: Estimates of . fore2 [ 8;8- 1g from (1). Panel (a) shows esti-
mates for the share of payments for small, medium, and large rms, estimated
separately. Panel (b) plots estimates for share of payments for legitimate
large rms and fraudulent large rms, estimated separately. The data include
payments from 2008 to 2019. An observation is a rm-type-MSA-HCPCS-
quarter. Standard errors are clustered at the MSA-HCPCS level. Error bars
represent the pointwise 95% con dence interval.

We then use our measure of fraudulence to separate rms into six categories, crossing le-
gitimate and fraudulent with small, medium, and large. Table A3 summarizes the number of
rms in each category. For each MSA-HCPCS market for each quarter, we also calculate total
line payments and revenue shares by each rm-type and estimate how the composition of the
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market changes after the start of competitive bidding, taking into account rm size and fraud
status. We nd that the gains in revenue share for large rms are concentrated among fraudu-
lent rms: Figure 7b shows that large fraudulent rms gain 6% market share compared to 2%
for large legitimate rms. Figure A7 shows the equivalent comparison of market share e ects
across fraudulent and legitimate rms also holds among small and medium suppliers: fraudulent
medium rms gain, legitimate small and medium rms lose, and fraudulent small rms remain
at.

5.2 Bidding Behavior

We next examine whether fraudulent rms engage in undesirable behavior during the bidding
process, such as lowballing or colluding on bids. As a median price auction without commitment,
submitting a very low bid before deciding whether to accept the price determined by the auction
is a non-dominated strategy (Cramton et al., 2015). Each rm that participates in the bidding
process has the option to choose which auctions it participates in, with separate auctions for each
DME product in each geographic area for each bidding cyclewWe have bidding data for rounds
one (prices e ective January 2011) and two (prices e ective July 2013). Over the two bid cycles,
we have 20,219 unique auctions. For each auction, a rm submits a bid price at which they
would supply the relevant product in the relevant geography, as well as an estimated capacity
the rm could supply. CMS awards contracts to the rms with the lowest bids whose estimated
total capacity meets current market demand, subject to a few caveats discussed in Appendix E
along with further details on the auction format.

Matching the rm names reported in the bid data to our NPI-level information on rms'
fraudulence, we rst measure whether fraudulent rms disproportionately participate in the
auctions® We nd that fraudulent rms comprise 290 of the 3,061 bidders, or 9.47%. This rate
is much higher than the 1.5% of rms found to be fraudulent in the claims data. Furthermore,
fraudulent bidders participate in more auctions than legitimate bidders do. On average, a bidder
participates in 468 auctions, with fraudulent bidders participating in an average of 1,113 and
legitimate bidders participating in an average of 401.

In contrast to the vastly di erent levels of participation, we nd little evidence that fraudulent
and legitimate rms bid di erently within an auction. Normalizing bids as a share of the pre-

"When analyzing the bidding data, we treat the collection of bids submitted for each procedure code as a
separate auction. In practice, participants submitted a single bid outlining their price and estimated capacity for
each procedure code within a product category, with winners for each product category being determined based
on the composite bids. Because the relative importance of each component of the composite bids is not available,
we consider the distribution of bids at the component (rather than composite bid) level. Also note the geographic
areas are called competitive bidding areas (CBAs) and correspond very closely to metropolitan statistical areas
(MSAS).

8Appendix F provides more details on this matching process.
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auction fee schedule amount, we present the distributions of bids in Figur€ 8The bids submitted
by fraudulent rms are slightly lower, on average, than those submitted by legitimate rms, but
the distributions have a very similar shape overall. In particular, we nd no evidence that
fraudulent rms were more likely to submit very low bids. Despite the unusual auction format
potentially leading to bad-faith bids, fraudulent rms were not more likely to engage in this
behavior, perhaps indicating CMS's attempts to authenticate bids proved e ective.

Figure 8: Cumulative Distribution Function of Normalized Bids

Notes: We plot the CDFs of normalized bids across all auctions for legitimate
and fraudulent rms. Bids are normalized by product for bid cycle 1 using
fee schedule prices from 2008, and for bid cycle 2 using prices from 2012.

5.3 Quality

Finally, we consider di erences in quality using two measures: (i) the quality of the product
and (ii) the quality of the patient-match (i.e., the appropriateness of the patient receiving the
equipment). Fraudulent rms may have lower costs due to providing lower-quality products on
either of these dimensions, which may therefore allow them to gain market share in the face of
heightened price competition.

We rst measure the quality of the equipment delivered using claims marked as repairs or
replacements. We nd that following the introduction of competitive bidding, the share of
repairs or replacements among claims increases 2%, as shown in Figure 9a. The increase stems

9This allows for comparability across auctions for products that cost drastically di erent amounts. Further-
more, the maximum bid price that could be submitted was the fee schedule amount, meaning the highest allowable
normalized bid has a value of 1.
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