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Abstract

We study the impact of competitive bidding in the procurement of off-patent drugs. In 2019,
China introduced competitive bidding with a quantity guarantee for thirty-one molecules in
nine provinces. Using a difference-in-difference design, we show that the program reduced
average drug prices by 47.4%. Generic drug firms won the majority of the bids and on aver-
age cut prices by 59.4%. We develop a model of demand and supply to quantify the trade-off
between lower prices and choice distortions. Competitive bidding increases consumer wel-
fare if policymakers consider brand preferences welfare irrelevant. The program also reduced

government expenditures on insurance by 24.3%.
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1 Introduction

Drug prices have remained high in many pharmaceutical markets after patent expiration and
generic entry. Branded off-patent drugs continue to sell at high prices because consumers prefer
these drugs to their generic counterparts (Caves et al. 1991; Grabowski and Vernon 1992; Bronnen-
berg et al. 2015).! Prices of many generic drugs also far exceed their production costs (Dubois and
Lasio 2018; Cuddy 2020). High drug prices contribute significantly to health care expenditures in
many countries, imposing a burden on patients and governments.

In an effort to reduce prices of off-patent drugs, the Chinese government launched a competi-
tive bidding procurement program for prespecified quantities of drugs in public hospitals. While
competitive bidding may reduce drug prices and benefit consumers, the quantity guarantee could
distort consumer choices and reduce allocative efficiency. In this paper, we evaluate, both theo-
retically and empirically, the effects of the competitive bidding program on drug prices, consumer
welfare, and government expenditures.

Before the competitive bidding program, hospitals in China made their own drug procurement
decisions. Manufacturers set wholesale prices at the provincial level. Each hospital decided which
drugs to procure and then sold them to patients at the same price.” Drug prices have been high
for most molecules despite generic competition. Consumers’ brand preferences and insurance
coverage make branded drugs popular choices for hospitals despite the drugs’ higher prices. In
addition, sales costs and detailing costs add to the prices of all drugs.

The Chinese government implemented the competitive bidding program for thirty-one molecules
in nine provinces in 2019. For each molecule, the branded drug firm and all bio-equivalent (BE)
generic drug firms were eligible to participate in the bidding.> The program took place in two

rounds. The first round involved a first-price sealed-bid auction to select the winner with the lowest

'A branded drug, also known as an innovator drug, is the first drug created with specific active ingredients to
receive approval for use.

ZHospitals in China cannot charge a markup when selling drugs to consumers, as stipulated by the zero-markup
policy (Fang et al. 2021). The policy has been implemented in a staggered fashion across provinces since 2009.

3China started certifying the bio-equivalence of generic drugs and branded drugs in 2016. Bio-equivalence certifi-
cation requires rigorous laboratory evidence that the generic drug has the same clinical effectiveness and safety profile

as the branded drug.



bid, with the requirement that each participating firm must bid at least 10% below its pre-bidding
price. In the second round, government officials could negotiate with the winner of the first round
to attempt to further reduce the price. Otherwise, an agreement at the price of the winning bid
was automatically reached, and the winner could not renege. Once an agreement was reached,
the winner committed to selling at the agreed price for the year between March 2019 and Febru-
ary 2020 and was guaranteed a prespecified procurement quantity.* Agreements were reached for
twenty-five molecules, while negotiations stalled for the remaining six.

We analyze the impact of this competitive bidding program on drug prices and consumer wel-
fare in three steps. First, to provide intuition on the potential effects of the program, we consider
a stylized model of competitive bidding with one branded and one generic product. Both products
have the same therapeutic value and marginal cost, but all consumers prefer the branded prod-
uct. The two firms first participate in an auction. The winner commits to the winning bid and is
guaranteed a sales quantity. Faced with the residual demand, the loser sets its price to maximize
profits.

Our model yields four predictions. First, the generic drug firm always wins the auction. Since
the generic drug firm can only sell at a price below the winning bid should it lose the auction, it
will undercut any bid submitted by its rival. Second, the price change of the winner is ambiguous.
By requiring the winner to commit to its bid, the program turns a Bertrand game into a Stackelberg
game, which reduces competition and may more than offset the procompetitive incentive from the
quantity guarantee, in particular when the guaranteed quantity is low. This concern is addressed
by the requirement of a 10% price reduction in our setting; nevertheless, it highlights the impor-
tance of a reservation price in the design of procurement auctions with similar formats. Third,
the price change of the losing (branded) product is also ambiguous even under a lower generic
drug price, as there is a countervailing incentive to increase the price and target consumers with
stronger brand preferences. Last, the effect on consumer surplus depends crucially on how we in-

terpret consumers’ brand preferences. When we assume brand preferences are welfare irrelevant,

4The prespecified quantity was usually between 60% and 70% of the respective procurement quantity for each
of the nine provinces in the previous year. The central government split the quantity target among hospitals. A
hospital that fell short of its target was subject to punishments such as reduced government funding, lower ratings, and

demotion of hospital management.



competitive bidding always increases consumer surplus, conditional on a decrease in the price of
the generic product. When we take consumers’ brand preferences into account, the effect on con-
sumer surplus becomes ambiguous and depends on the relative magnitudes of two countervailing
forces: the price reduction and the choice distortion induced by the quantity guarantee.

Next, we turn to our empirical setting and estimate the price impact of the competitive bidding
program in China. In our baseline specification, we leverage quarterly drug price and sales data at
the product-province level for the twenty-five molecules for which agreements were reached. We
use a difference-in-difference (DID) design in which we compare market outcomes in provinces
that introduced competitive bidding with outcomes in provinces that did not.

We highlight three main empirical findings. First, generic drug firms won the bidding for

twenty-two of the twenty-five molecules.’

Second, winners on average reduced their prices by
59.4% and increased their sales by 68.4%. This large price drop provides direct evidence that
markups on off-patent drugs were high before competitive bidding despite generic competition.
Third, for the twenty-two molecules for which generic drug firms won the bidding, the losing
branded drug firms on average reduced their prices by 7.5%. Overall, the competitive bidding
program reduced average drug prices by 47.4%. Our results show that moving from decentralized
procurement to competitive bidding can significantly reduce drug prices.

Our final step is to quantify the effects of the competitive bidding program on consumer welfare
and government expenditures in the context of the market for hypertension drugs.® We focus on
a key welfare trade-off: consumers benefit from lower prices, but some consumers experience a
welfare loss because they are forced to substitute generic drugs for branded drugs because of the
quantity guarantee.

To quantify the welfare effects of price reductions and consumer choice distortions, we need to
disentangle the roles that price changes and the quantity guarantee played in reshaping consumers’

drug choices in 2019. To achieve this goal, we first use data for the period prior to the competitive

bidding program to estimate a model of drug demand and supply. The estimated price elasticity

>This result is broadly, though not completely, consistent with the first prediction of our stylized model. Branded
drug firms may win the auction for reasons not captured by the model, such as capacity constraints or differences in

marginal costs.

%The competitive bidding program covered eight main drugs that treat hypertension.



allows us to infer to what extent the sales changes in 2019 were driven by price reductions. Second,
we attribute the remaining changes in sales in provinces that participated in the program relative
to sales in other provinces to the quantity guarantee. Our estimates imply that price reductions and
the quantity guarantee explain 21.1% and 78.9% of the sales gains by the auction winners in 2019,
respectively.

Our main finding is that the net welfare effects of the competitive bidding program depend on
whether policymakers consider consumers’ brand preferences welfare relevant. On the one hand,
if policymakers focus only on the clinical value of the drugs, the program increases consumer
welfare by 39.2%, as it significantly reduces drug prices and steers consumers away from the
more expensive branded drugs. On the other hand, if policymakers also care about consumers’
brand preferences, the program reduces consumer welfare by 9.8%, because consumer choice
distortions outweigh the benefits of the price drop. In either case, the program reduces government
expenditures on insurance payments by 24.3%.

We end by highlighting one key caveat to the interpretation of our results. We focus on the
short-term effects of the policy experiment and abstract from several important long-run dynamic
considerations. Firms that lose the bidding may gradually exit the market, and the policy may
become less effective as the market becomes more concentrated. In addition, by greatly reducing
total producer surplus, the policy may limit firms’ R&D incentives in the long run. Still, we
consider this paper a first step toward understanding the potential of competitive bidding to reduce
prices of off-patent drugs.

This paper contributes to a long line of research on the pricing of off-patent drugs. An extensive
literature investigates the effects of generic entry after innovator brands go off patent in developed
countries (Caves et al. 1991; Grabowski and Vernon 1992; Frank and Salkever 1997; Saha et al.
2006; Huckfeldt and Knittel 2011; Branstetter et al. 2016). Several recent studies investigate the
nature of brand preferences (Colgan et al. 2015; Bronnenberg et al. 2015; Bairoliya et al. 2017)
and their implications for the pricing and regulation of off-patent drugs (Atal et al. 2019). Some
studies evaluate other price control policies, such as price caps (Mohapatra and Chatterjee 2016;
Dean 2019) and mandatory generic substitution (Song and Barthold 2018). We show that com-
petitive bidding has been effective in reducing off-patent drug prices in China’s pharmaceutical

industry though its welfare implications depend on the welfare interpretation of consumers’ brand



preferences. Our results point to a policy tool to promote generic substitution and reduce prices of
off-patent drugs.

This paper is closely connected to a small literature on competitive bidding in health care.
Dubois et al. (2021) use cross-country variation to study centralized drug procurement in develop-
ing countries. A number of studies have investigated competitive bidding in Medicare Advantage
(Song et al. 2013; Duggan et al. 2016; Cabral et al. 2018; Curto et al. 2021). The two papers closest
to ours are Ji (2019) and Ding et al. (2021), which leverage the staggered roll-out of competitive
bidding for the supply of durable medical equipment in the US to study its impact on equipment
prices and sales. Our study uses a similar quasi-experimental design but focuses on a policy setting
in an emerging economy. Our results show that competitive bidding can reduce drug prices in a
setting with market frictions such as sticky brand preferences. We also contribute to the literature
by quantifying the welfare effects of competitive bidding on consumers.

This paper also relates to the literature on auction theory (see Klemperer 1999 for a review).
We study a novel auction format that guarantees a prespecified quantity to the winner but requires
the winner to sell products at the winning bid. We show theoretically that this auction format has
ambiguous price effects and empirically that it can address market frictions by inducing substitu-
tion to generic drugs and reducing prices. Our results could inform the design of similar auctions
in other settings.

The remainder of the paper is organized as follows. Section 2 describes the policy background.
Section 3 outlines a simple model that illustrates the potential effects of centralized competitive
bidding on drug prices and consumer welfare. In Section 4, we describe the data and provide
our main estimates of the effects of the program on market outcomes. In Section 5, we develop
and estimate a model of demand and supply for hypertension drugs. Section 6 uses the model to
quantify the welfare effects of the policy. Section 7 concludes with a discussion of our findings

and their policy implications.

2 Background

As of 2015, pharmaceutical expenditures accounted for more than 40% of health care spending

in China, while the OECD average was less than 20% (OECD 2018, 2019). Public hospitals



account for over 70% of pharmaceutical sales in China (Mossialos et al. 2016). In this section, we
discuss major frictions in drug procurement by public hospitals in China prior to 2019 and describe

the competitive bidding program.

2.1 The Scenario Prior to Competitive Bidding

Historically, public hospitals in China made their own drug procurement decisions. Pharma-
ceutical firms set wholesale prices for their drug products at the provincial level. Each hospital
decided which products to procure and then sold the drugs to patients for inpatient use or through
hospital pharmacies. The zero-markup policy, which was first implemented in 2009, mandated
that hospitals sell drugs to consumers at the procurement cost (Fang et al. 2021). Most off-patent
drugs have multiple generic competitors. In 2016, China started certifying the bio-equivalence
(BE) between generic drugs and branded drugs. BE generic drugs have passed rigorous clinical
tests demonstrating that their therapeutic efficacy and safety profile are identical to those of their
branded counterparts.

Despite generic competition, prices of these off-patent drugs have been high because of sev-
eral market features. First, many consumers still prefer branded drugs over BE generic drugs. As a
result, branded drugs remain popular choices for hospitals despite their higher prices. Second, gen-
erous public health insurance has reduced consumers’ price sensitivity and removed an important
check on drug prices. By the end of 2018, around 96.8% of the population in China was covered
by basic medical insurance.” Public insurance covers around 72% of the costs for a list of drugs
that the government considers essential for public health. Finally, sales costs and detailing costs
further add to drug prices. Pharmaceutical firms engage in aggressive sales activities to promote
their products. Sales commissions typically amount to 20% to 30% of drug prices (Yang and Fan

2012; Zhang et al. 2014).

2.2 The Competitive Bidding Program

To mitigate market frictions and reduce drug prices, the Chinese government implemented a

pilot competitive bidding program at the end of 2018. The program covers thirty-one molecules

7See http://www.nhc.gov.cn/mohwsbwst jxxzx/qgdlcws/lcdc. shtml. Accessed September 9, 2021.



with at least one BE generic product. It was implemented in eleven major cities, which account for
around one-third of drug procurement in China and are located in nine different provinces.® For
each molecule, the branded drug firm and all BE generic drug firms were eligible to participate in
the bidding. The number of participating firms for each molecule ranged from two to six and was
on average three.

The program consisted of two rounds, as outlined in Appendix Figure A.1. The first round
consisted of a first-price sealed-bid auction to select the winner with the lowest bid, with the
requirement that each participating firm must submit a bid at least 10% below its pre-bidding
price.

In the second round, government officials negotiated with the winner from the first round to
attempt to further cut the price. If officials demanded a price lower than the winner could afford,
the winner could exit the negotiation without facing punishment. However, officials could always
return to the winning bid at any time during the negotiation, in which case a deal would be reached
automatically and the winner could not renege. As a result, the final negotiated price was always
weakly below the winning bid. Once an agreement was reached, the winner committed to selling
the drug at the agreed price for the year between March 2019 and February 2020 and was guaran-
teed a prespecified sales quantity ranging from 60% to 70% of the previous year’s sales volume in
public hospital procurement.

The stated goal of the policy was to bring about a large price reduction on the part of the
auction winner and to induce follow-on price reductions on the part of losing firms. An agreement
was reached for twenty-five molecules, while negotiations stalled on the remaining six.

To enforce the quantity guarantee, the central government imposed a quantity target on each
public hospital during the specified period. For hospitals that fell short of the target, the pun-
ishments included reduced government funding, lower hospital ratings, and demotion of hospital
management. Therefore, hospital management made it a priority to require physicians to persuade

patients to switch to the winning products to meet the target.

8In China’s administrative system, the first level is province and municipality, and the second level is city. Each
province usually consists of around ten cities, while each municipality is built around one large city. The program
covers four municipalities (Beijing, Tianjin, Shanghai, and Chongqing) and seven cities (Shenyang, Dalian, Xiamen,

Guangzhou, Shenzhen, Chengdu, and Xi’an) located in five different provinces.



3 A Stylized Model of Competitive Bidding

In this section, we develop a simple model of competitive bidding and drug pricing to illustrate

the potential effects of competitive bidding on drug prices and consumer welfare.

3.1 Model Setup

We consider a molecule for which one firm sells the branded product B and another firm sells
a BE generic product G.” Both products provide an identical clinical value of 1 to a unit mass of
consumers. Consumers have brand preferences for product B concerning how much more they are
willing to pay for B than for G. We assume brand preferences are heterogeneous in the population
and are drawn independently from a continuously differentiable distribution .# with nonnegative
support. We further assume .# has no mass at 0. The marginal costs of both products are as-
sumed to be O for simplicity. Prior to the competitive bidding, firms set prices to maximize profits
simultaneously in a Bertrand game with differentiated products.

Under competitive bidding with a quantity guarantee of 7 € (0,1],'" firms bid and set prices
in a two-stage game. In the second stage, the losing firm sets a price to maximize profits, taking
the winner’s price and the quantity guarantee as given. If it sets a price such that its unconstrained
quantity exceeds 1 — 7, it will only sell to the 1 — T consumers who value its product the most.''

Foreseeing the results of the second stage, both firms bid in a first-price sealed-bid auction
with complete information in the first stage. The winner commits to selling at the winning bid. It
is guaranteed a quantity of 7, provided that at least T consumers prefer buying the winning product
to the outside option. The reason is that while the government could mandate substitutions from
the losing product to the winning product, it cannot force consumers to buy a product whose value

is below its price.

9We consider a two-product case for simplicity of exposition. Empirically, fourteen out of the twenty-five
molecules that completed the bidding had two eligible bidders, while the remaining eleven had three to six.

19Tn all equilibria that we consider in this section, all consumers purchase one product. The quantity guarantee is
thus equivalent to a market-share guarantee.

"For example, if the branded product B loses the bidding and its price is set such that its unconstrained quantity
exceeds 1 — 7, it can sell only to the 1 — 7 consumers with the strongest brand preferences. Some consumers, even if

they prefer the branded product, would have to purchase the generic product under the quantity guarantee.



3.2 Effects of Competitive Bidding

We use the model to illustrate the potential effects of competitive bidding on drug prices and
consumer surplus. We consider an example in which .# follows a uniform distribution U|0, 1].
We discuss the intuition for four predictions from the model. Additional details on proofs and
derivations of the results are provided in Appendix A.

First, generic product G always wins the auction. The intuition is that if the generic drug firm
were to lose the bidding in the first stage, then in the second stage, it would have to set a price
below the winning bid to sell any positive quantity, as all consumers weakly prefer the branded
product. Therefore, the generic drug firm always prefers to win the bid in the first stage to secure
the guaranteed quantity and will undercut any positive bid above its cost by the branded drug firm.
A formal proof of this result for a general .# is provided in Appendix A.

Second, the price change by the bid winner is ambiguous. Figure 1 compares the winning bid
to the price of the generic product G under Bertrand competition. Competitive bidding reduces
the price of the winning product only when 7 is above a certain threshold. At low values of 7,
competitive bidding turns the Bertrand game into a Stackelberg game. The bidding allows firm G
to first commit to a price, thereby reducing price competition. More specifically, when 7 is low, for
any bid by firm G, firm B prefers targeting the remaining 1 — 7 consumers over undercutting the
bid. Thus, with complete information, firm G wins with a maximum bid of 1, which is three times
the price in the original Bertrand game.

As 7 increases, the branded drug firm B has a greater incentive to undercut the bid, and the
winning bid decreases as a result. Competitive bidding intensifies competition by decoupling brand
preferences from drug choices for 7 consumers. When 7 = 1, the auction completely eliminates
vertical product differentiation and drives prices down to marginal costs. If the policymaker’s
only objective is to reduce short-run drug prices, T = 1 is the optimal policy design. In practice,
however, the policymaker may pick some 7 < 1 to preserve product varieties and avoid inducing
excessive firm exits.

Third, conditional on a price reduction by the winner, the price response by the losing firm is
also ambiguous. On the one hand, the losing firm has an incentive to reduce the price, as prices are

strategic complements. On the other hand, it has the opposite incentive, namely, to increase prices



to target the remaining 1 — 7 consumers who have stronger brand preferences. In the example that
we consider, the second force dominates, so the price of the branded product B increases relative
to that under Bertrand competition.

Last, the effect of competitive bidding on consumer surplus depends crucially on how we mea-
sure consumer surplus. We consider two different measures. The first one ignores any brand
preferences and focuses only on the clinical value of the drugs. As both products deliver an iden-
tical clinical value of 1, consumers’ utility is simply 1 minus the price that they pay. The second
measure follows consumers’ revealed preferences and treats consumers’ brand preferences as wel-
fare relevant. Therefore, forcing a consumer to switch from the branded product to the BE generic
product might incur a welfare loss even if the consumer could pay a lower price.

Figure 2 plots the changes in consumer surplus from Bertrand competition to competitive bid-
ding under both welfare measures, focusing on the range of T where the price of the generic product
decreases. There are two main takeaways. First, when we assume brand preferences are welfare
irrelevant, competitive bidding always increases consumer surplus, conditional on a decrease in the
price of the generic product. This reflects both the price reduction and the substitution to a cheaper
product with an identical clinical value. Second, when we take consumers’ brand preferences
into account, the effect of competitive bidding on consumer surplus is ambiguous and depends
on the value of the quantity guarantee. The direction is determined by the relative magnitudes of
two countervailing forces: the price reduction and the choice distortion induced by the quantity

guarantee.

3.3 Discussion

We have analyzed a highly stylized model that abstracts from several features of the actual
competitive bidding program in our setting. We discuss three major simplifications and their im-
plications for the theoretical intuitions from the model.

First, we do not consider negotiation between the bid winner and government officials. In a
game with perfect information, the negotiation stage does not change firms’ bidding strategies or
the identity of the bid winner. Importantly, if government officials agree to accept the winning bid,

the bid winner cannot renege on it, and a deal is automatically reached. This rules out a strategy

10



to first win the auction with a low bid and then try to negotiate a better deal afterward (or quit the
negotiation and return to the status quo). Thus, the agreed price from the negotiation is always
weakly lower than the winning bid. Together with the requirement of a 10% price reduction, this
design helps preclude perverse outcomes such as a price increase by the bid winner in practice.

Second, we have considered a simple setting with one branded firm and one generic firm, which
reflects the actual case for 14 out of the 25 molecules in our sample. The main qualitative intuition
is similar in a more general setting with more than two differentiated products.'> The firm with
the lowest market share prior to competitive bidding wins the auction. The quantity guarantee
intensifies market competition, but the post-bidding pricing game could be less competitive with
one fewer firm. The second effect is weaker when the baseline number of firms is larger.

Last, we have assumed that the marginal costs of both products are the same and do not change
after competitive bidding. In practice, heterogeneity in costs may affect the identity of the winner.
In addition, the quantity guarantee could significantly cut sales and detailing costs, which could

help further reduce the winner’s price.

4 The Market Impact of Competitive Bidding

4.1 Data

The main data set for our empirical analysis contains quarterly product-level quantities and rev-
enues for the thirty-one molecules covered by the competitive bidding program in each province.
A product is defined as a molecule-firm combination.'®> The data were collected by China’s Food
and Drug Administration based on its audits of major public hospitals in twenty-four provinces in

mainland China. We divide revenues by quantities to derive the average price of each product at

121f there are two or more homogeneous generic drug products, they price at marginal cost under both Bertrand
competition and competitive bidding. In our empirical setting, we observe large variation in prices and sales among
BE generic products of the same molecule, which suggests some product differentiation.

13The raw data are recorded at the product-dosage level, where the same product could be represented in different
dosages. We convert quantity to the most common dosage of each molecule, and we aggregate quantities and revenues
to the product level. For example, if we observe 1,400 units of 10 mg lisinopril tablets and 2,000 units of 20 mg

lisinopril tablets, we convert the former to 700 units of 20 mg lisinopril tablets.

11



the province-quarter level. This is the average price that hospitals pay to procure the drugs and in
principle is equal to how much they charge patients under the zero-markup policy.

The eleven cities covered by the competitive bidding program are located in nine provinces.
We refer to them as enacting provinces and consider them directly affected by the policy. The
other fifteen provinces in our data are considered nonenacting provinces and not affected by the
policy.'* Selection of the enacting provinces was certainly not random: enacting provinces tend
to be richer, more populous and more cosmopolitan than nonenacting provinces. We refer to the
twenty-five molecules for which an agreement was reached as bidding molecules and to the other
six as nonbidding molecules.

We complement our main data set with two ancillary ones. First, we collected data on the set
of generic products that passed the bio-equivalence test for each of the thirty-one molecules by the
end of 2018 and when they passed the test. This identifies the participants eligible for competitive
bidding. Second, we observe the identity of the auction winners and the final prices after the
negotiation stage for the twenty-five bidding molecules. We verify that the prices inferred from
our quarterly sales data at the provincial level align reasonably well with the disclosed final prices,
as shown in Appendix Figure A.2.

Table | reports the summary statistics for all thirty-one molecules in our sample. These
molecules treat a wide range of common health conditions, including diabetes, cardiovascular
diseases, depression, and viral infection. We highlight three main takeaways from the table. First,
compared with bidding molecules, nonbidding molecules on average bring in much smaller rev-
enues (24.4 million versus 142.7 million RMB per quarter prior to 2019) and are sold by a signifi-
cantly larger number of competing firms (45.7 versus 10.1 in 2018). Second, the average bidding
molecule sells as three BE products, and more than half sell as only two. The BE requirement
ensures the quality of products that participate in competitive bidding but makes the bidding less

competitive. Finally, for most molecules, the branded product was significantly more expensive

'4This definition is not perfectly precise, as each province usually has around ten cities and the policy covers
only one or two cities in each province. However, we believe this is a reasonable approximation for two reasons.
First, treated cities are the largest ones in each province and account for a large fraction of the population and drug
prescriptions. Second, hospitals sampled by the data provider are mainly in large cities. As we show in Section 4.3,

our results are robust to including only the four municipalities and excluding partially treated provinces.
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than the average BE generic product prior to 2019. The median ratio of the branded to BE generic
price is 1.7. As discussed in Section 2, consumers’ brand preferences are a key contributor to high
drug prices and a main motivation for the competitive bidding program. In the following analy-
sis, we focus on medium and large firms with a cumulative market share of over 95% for each
molecule.

In Figure 3, we plot the market shares for auction winners in enacting provinces prior to (in
2018) and after (in 2019) the competitive bidding program. Each dot is a molecule-province pair
for all bidding molecules and enacting provinces. Since the quantity guarantee of the competitive
bidding program went into effect in March 2019, we drop the first quarter when we compute
2019 market shares. For most molecule-province pairs, the market shares of the auction winners
showed an increase in 2019, which could have been driven by both the quantity guarantee and
the price reductions. Even if a winner already had a market share over 70% in 2018 and did not
necessarily directly benefit from the guarantee, the price drop would still have boosted its market
share. Winners’ market shares were on average 74.9% in 2019. In a few cases, winners’ market
shares fell short of 60%. This may have occurred because of partial treatment of some provinces,
inaccurate projection of the quantity guarantee, or unsuccessful enforcement by the government.

Appendix Figure A.3 shows the market shares for branded and BE generic drugs in enacting
provinces before and after competitive bidding, regardless of whether they won the auction. The
main takeaway is that this program induced large-scale generic substitution. Branded products,
despite their significantly higher prices, commanded large market shares in 2018. Their market
shares fell significantly in 2019, while the market shares of BE generic drugs increased from an

average of 35.6% to 64.7%.

4.2 Empirical Strategy

In this section, we describe our empirical strategy for evaluating the effects of the competitive
bidding program on various market outcomes. Let j denote molecules, m denote provinces, and
t denote quarters. We estimate the effects of the policy experiment on drug prices, quantities,
and market structure using a DID framework. In our baseline specification, we focus on bidding

molecules and compare enacting and nonenacting provinces by using the following event-study
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specification:

—27

Vimt = 0 + Z ﬁqEnactmll(t =q) ‘|‘7ij+7th + Ejme- (1)
q=4

Each observation is a molecule ( j)-province (m)-quarter (¢) combination. Our primary outcome of
interest y ,, refers to the log of the average price and the log of the total quantities of molecule
j in province m and quarter . Note that these variables are aggregated across all drugs for each
molecule. In addition, we examine the effects of the policy on the level of market concentration,
using the Herfindahl-Hirschman index (HHI) and the number of firms selling the molecule as the
outcome variables. Enact,, is equal to 1 for enacting provinces and O for nonenacting provinces.

B, captures how the outcome of interest moves differently in enacting provinces and nonenact-
ing provinces g quarters before or after the policy is implemented. We normalize 3_; = 0 with the
last quarter of 2018 as the baseline period. B, with ¢ > 0 captures the effect of the policy on the
outcome variable. We include molecule-province fixed effects A;,, to control for the time-invariant
popularity of each molecule in each province, reflecting local preference heterogeneity. We also
include molecule-quarter fixed effects Aj; to control for molecule-specific time trends common to
all provinces. Standard errors are clustered at the year-province level.

Three conditions are needed for the estimates to capture the causal effects of the policy on the
outcome variable. First, we need Bq =0 for g < 0. In other words, there should be no differ-
ential time trends for a molecule between enacting and nonenacting provinces prior to the policy
experiment. This condition can be tested empirically. Second, there should be no shocks that are
contemporaneous to the policy and that differently affect enacting and nonenacting provinces. A
hypothetical example would be a disease outbreak in Beijing (an enacting province) in 2019. In a
robustness check, we examine such potential confounders by using additional variation from the
nonbidding molecules. The third condition is that bidding molecules in nonenacting provinces are
not affected by the policy. This condition is the least likely to hold because the policy could have
some spillover effects. For example, firms with losing bids might shift their focus to nonenacting
provinces and behave differently there than they would have in a counterfactual world without the
bidding. To the extent that such spillovers occur, our DID estimates pick up the difference between

the policy effects in enacting and nonenacting provinces.
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4.3 Effects of the Competitive Bidding Program on Market Outcomes

Figure 4 shows our main results from the DID specification in Equation (1). It compares
drug prices and total quantities of bidding molecules at the provincial level between enacting and
nonenacting provinces before and after 2019. Each dot represents the regression coefficient f3,
for the corresponding quarter. For 2012 to 2017, we plot only the estimates for the first quarter
to conserve space. Panel A shows that the average price drops by around 47.4% (58.5% after the
first quarter) in enacting provinces relative to the price in nonenacting provinces. The estimates
for years prior to 2019 are mostly precise zeros: although enacting provinces were not selected
randomly, province-specific time trends are not a major threat to identification. Panel B shows
that the policy has no appreciable effects on total quantities at the provincial level. With insurance
coverage, most consumers can afford the drugs that they need, and aggregate drug demand is
relatively inelastic to price changes. The competitive bidding program in large part results in
substitutions between different drug products.

Appendix Figure A.4 shows the effects of the policy on measures of market concentration,
where the outcomes are the HHI and the number of firms. The point estimates suggest that the
policy slightly increases the HHI and reduces the number of firms by around 0.3. These results
provide some tentative evidence that the policy may lead to firm exits and an increase in mar-
ket concentration. We have data for only one year after the policy, and such impacts on market
structure could be larger in the long run.

Our results are robust to a number of alternative specifications. First, we estimate Equation (1)
with each observation weighted by the total sales quantity at the province-molecule level during
2012-2018. Appendix Figure A.5 shows that the results are almost identical to our baseline results.
This confirms that our results are not driven by molecules or provinces with low sales.

Second, we define as enacting provinces only the four fully treated municipalities and drop the
five partially treated provinces from the analysis. Appendix Figure A.6 shows the results of our
baseline regressions on the basis of this new sample. We find a slightly larger reduction in drug
prices (52.7% versus 47.4%). Including partially treated provinces may lead to an underestimate
of the policy effects, but the difference is reasonably small. We consider our baseline definition of

an enacting province a reasonable approximation.
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Last, we estimate a triple-difference (DDD) specification where we incorporate variation from
nonbidding molecules to control for province-level demand shocks that are common to all molecules
(Gruber 1994). Appendix Figure A.7 shows that the results are again almost identical to our base-
line results. The remaining threat to identification is contemporaneous demand shocks that are
specific to bidding molecules and enacting provinces, which we cannot directly test but consider

to be unlikely.

4.4 Heterogeneous Effects on Auction Winners and Losers

In Section 4.3, we present the aggregate effects of the competitive bidding program at the
molecular level. In this section, we investigate the heterogeneous effects on auction winners versus
losers. Auction winners must cut prices by at least 10%, as required by the policy. Auction losers,
however, might adjust prices in either direction, as illustrated in Section 3. On the one hand, since
prices are strategic complements, the winner’s price cut might induce follow-up price reductions
by the auction losers. This was part of the government’s stated policy rationale of achieving price
reductions “across the board.” On the other hand, branded auction losers might increase their prices
to target the remaining consumers with stronger brand preferences.

We examine price changes in enacting provinces separately for the auction winners and losers,
using all firms in nonenacting provinces as the control group. Specifically, we run two versions
of Equation (1), one in which we exclude all auction losers in enacting provinces when we con-
struct the molecule-level prices and quantities and one in which we exclude all auction winners.
Everything else remains the same. The estimates then correspond to the effects on auction winners
and losers. Note that winners and losers are endogenously determined, so the results should be
interpreted with caution.

Figure 5 shows the results. We find winners on average reduce prices by 59.4% and see an
increase in sales of around 68.4%. In contrast, losing drugs show little price adjustment, and they
cede market share to the auction winners. The competitive bidding program successfully achieves
a steep price reduction by auction winners but falls short of inducing follow-up price reductions
across the board.

To summarize, our descriptive analysis shows that the competitive bidding program signifi-
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cantly reduces drug prices and induces large-scale substitutions from branded drugs to BE generic
ones. While price reductions benefit consumers, (forced) generic substitutions under the quantity
guarantee may reduce consumer welfare. Therefore, the impact of the program on consumer wel-
fare is ex ante unclear. In the next section, we develop and estimate a structural model of drug

demand and supply to quantify the welfare impact of the program.

5 Model and Estimation

In this section, we develop and estimate a structural model of drug demand and supply to
quantify the welfare impact of the bidding program. We focus on the market for hypertension
treatments since the set of bidding molecules includes seven major antihypertensive drugs.

To quantify the welfare effects of price reductions and consumer choice distortions, we need
to disentangle the roles of price changes and the quantity guarantee in reshaping consumers’ drug
choices in 2019. To do so, we first use preprogram data to estimate a model of drug demand and
supply. The estimated price elasticity allows us to infer the part of the sales change in 2019 that is
driven by price reductions. Second, we attribute the remaining sales changes in enacting provinces
relative to sales in nonenacting provinces to the quantity guarantee. We discuss each step in detail

in this section.

5.1 Demand

We assume that each patient chooses drug product j to maximize utility under the supervision
of physicians. A market is defined as province m in year . The indirect utility of patient i in

province m and year ¢t from product j and molecule g follows a nested logit specification:

Uijme = QO P jmi +BE jt B+ Ajm + At + & jont 4 Cigme + (1 — ) € jome.- (2

S
Here, ¢ p jy is patient i’s out-of-pocket expenditures and is equal to the listed price p j,,, multiplied
by ¢ = 0.28, or 1 minus the reimbursement rate. We define each molecule (or the outside option)
as a nest. jgm is consumer i’s preference shock that is common to all products of molecule g.
Both &;,,, and Cim+(1—0)g ime Tollow a type-I extreme value distribution, and o determines the

degree of the within-nest correlation in preference shocks.
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BEj; takes the value of 1 if product j has passed the bio-equivalence test by year ¢. A, and
Am are product-province and province-year fixed effects. &, represents demand shocks observed
by consumers but not by the econometrician. The outside option (j = 0) includes all other hyper-
tension treatments not included in our sample and the option of not obtaining any treatment. The
utility of the outside option is normalized to 0.

As shown in Berry (1994), our model implies the following demand equation:

ln(sjm,) — ln(s()m,) = aq)pjm, —i—BEjtﬁ —I—Ajm + A + Gln(sj/g,mz) + éjmz- 3)

Here, s is the conditional market share of product j within molecule g. The unobserved

J/g.mt
demand shock & jme 18 likely to be correlated with both the price pj;,; and the conditional market

share In(sj/, ). We use instruments to consistently estimate o and o as discussed in Section 5.3.

5.2 Supply

Firms set prices in each market to maximize profits under standard Bertrand—Nash competition.
Let _Z; denote the set of products sold by firm f in year ¢. Let mc ,,; denote the marginal cost of
product j in province m and year ¢t. Then firm f’s profit maximization problem in province m and
year ¢ is the following:

max  TTpuy (p)= Z S jmt (ijt - ijmt)-
{ijr}je/f, J€Ih

Let J,,; be the total number of products in province m and year ¢, and let A,;; be a Jy,;;-by-J,,;;

Srmt

apkmt
otherwise. Let 5y, Py, and n?:mt represent J,,;-by-1 vectors of market shares, prices, and marginal

matrix whose (k,r)-th term is — if products k and r are produced by the same firm and 0

costs for all products in market m¢. The first-order conditions in the firms’ profit maximization
problem can be written in vector notation as follows:
2 - —
Smt — Dt (pmt - mcmt) =0.
This implies
— 1z

Mmcyr = ﬁmt - A;n[ Smt - (4)

We derive elements of A,; from the demand system and use Equation (4) to compute the

marginal cost of each product.
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5.3 Identification

We estimate Equation (3) with data for years prior to 2019 at the product-province-year level.
To convert sales to market shares, we assume the market size to be 1.2 times the total quantity sold
in each market. Since we include province-year fixed effects, our demand estimates stay the same
under alternative assumptions about market size.

With product-province fixed effects, the identification of demand-side parameters relies on the
time-series variation in drug prices and sales. Year-on-year changes in prices are likely to be
correlated with unobserved demand shocks that firms observe before setting prices. The within-
nest conditional market share is also endogenous, as any demand shock that increases a product’s
market share also increases its within-nest market share. Thus, OLS regressions overestimate both
parameters. We use instruments to consistently estimate ¢« and ©.

The first instrument is the average price of the focal product in all other provinces in the same
year, which is the classic Hausman instrument (Hausman 1996). The identifying assumption is that
conditional on the fixed effects, demand shocks are uncorrelated across markets, while common
cost shocks pass through to prices in all markets. The second instrument, also known as the BLP
instrument (Berry et al. 1995), is the total number of drugs for each molecule in each market.
The identifying assumption is that product entry and exit are not correlated with contemporaneous
unobserved demand shocks. This assumption is likely to be valid since approval of new drugs takes
time. Our preferred specification is the nested logit model estimated with the two instruments. We
also estimate a simple logit model without a nest structure.

It is important to note that in estimating demand, we do not leverage the policy variation that we
document in our reduced-form analysis in Section 4. This is because while we could measure the
effects of the competitive bidding program on both auction winners and losers, we cannot separate
the effects of the price changes from those of the quantity guarantee. As a result, we take a two-step
approach whereby we first use data for the period prior to the policy to estimate consumers’ price
elasticity and then recover the effects of the quantity guarantee from residual sales changes not
explained by the price effects. We discuss how we quantify the effects of the quantity guarantee in

more details in Section 5.5.
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5.4 Estimation Results

Column (1) in Table 2 presents the results from an OLS estimation of a simple logit model. The
estimate implies an average own-price elasticity of around 0.61. Column (2) presents the results
of an instrumental variables (IV) regression with the Hausman instrument. The estimated average
own-price elasticity is 1.46. Note that in the logit model, we do not allow drugs within the same
molecule to substitute more strongly with each other than drugs across different molecules do,
which could bias our estimates.

Therefore, we also employ the nested logit model shown in Columns (3) and (4) in Table 2,
estimated using OLS and IV regressions, respectively. The estimated own-price elasticity is similar
to the estimate under the simple logit model for both the OLS and IV regressions. In Column (4),
the coefficient of 0.41 on conditional market share suggests that consumers are indeed more likely
to substitute between different products of the same molecule than between products of different
molecules. In addition, our estimates suggest that passing the BE test does not have an appreciable
impact on drug sales, which reflects limited awareness or understanding of BE certification among
consumers.

Appendix Table A.1 shows the results of the first-stage regressions. The first column summa-
rizes the first stage of the logit model, and the last two columns summarize the nested logit model.
Comparing the three columns, we can see that the Hausman instrument is highly predictive of the
average price while the BLP instrument mainly helps identify the coefficient of the conditional
market share. The F statistics are reasonably large.

The drug-province fixed effects represent province-specific drug preferences. We plot the dis-
tributions of the drug-province fixed effects separately for branded drugs, BE generic drugs, and
other generic drugs in Figure 6. The branded drugs on average have higher values of fixed effects
than both types of generic drugs. This is direct evidence of the existence of brand preferences: that
is, consumers derive more utility from consuming branded drugs. On the other hand, the difference
between generic drugs with and without a bio-equivalence certificate is not significant. Combined
with the small and nonsignificant effect of passing the bio-equivalence test in Table 2, this implies
that patients may have lacked the information needed to choose higher-quality generic drugs in the

pre-auction period.
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With the demand estimates at hand, we derive the price elasticity and recover the marginal
costs of each product by means of Equation (4). Figure 7 presents the distribution of markups
for branded and generic drugs separately. Compared with generic drugs, branded drugs sell with
higher markups. In addition, we find that the distribution of markups for BE generic drugs is

almost the same as that for non-BE generic ones.

5.5 Effects of the Quantity Guarantee

So far, we have estimated the price coefficient and the within-nest preference correlation based
on data for the period prior to 2019. Under the assumption that these parameters remain the same
in 2019, we can recover the effects of price changes after competitive bidding on drug sales in
2019. We estimate demand shifters at the product-province level that explain changes in sales in
2019 that are not driven by the price change.

Define consumer i’s utility from product j in market m in 2019 as follows:

i jm,2019 = 0jm 2019 + Cigm,2019 + (1 — O) & jm.2019- )

Here, Sjmﬂz()lg = 0jm,2019 + ¥jm.2019, and ¥jm 2019 is the demand shifter. We calculate 6, 2019 based
on the estimated values in 2018, adjusting for price changes in 2019. We then estimate ¥j, 2019
for each product-province pair by matching the observed market shares and the predicted market
shares in 2019."

Part of the demand shifter may capture changes in consumer preferences across time instead of
impacts of the quantity guarantee. We use the average demand shifter in nonenacting provinces as

an estimate for the time trend from 2018 to 2019 in consumers’ preferences for each drug product:

R 1

ti=—— Y 2000
INE| , &p

130ne minor issue is that the set of products is not identical in 2018 and 2019 because products entered or exited
some provinces. We exclude products that were new to some provinces in 2019, as we do not have marginal cost
estimates for these products. We calculate the demand shifter for the set of product-province pairs in 2018. For a
few losing drugs sold only in 2018 and not in 2019 in some provinces, we impute J;,.2019 by means of the estimated
demand shifters of the same product or products in the same molecule in other provinces. Appendix B provides more

details on the imputation.
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Here, NE is the set of nonenacting provinces. We then subtract it from the estimated §;,, 2019 in

enacting provinces to recover the net policy demand shifter:
¥im2019 = Vjm2019 — ;.

We assume that absent the competitive bidding program, consumers’ preferences for each drug
product would have trended similarly in enacting and nonenacting provinces.

These policy demand shifters provide a reduced-form description of the effects of the quantity
guarantee on consumer demand. Appendix Figure A.8 shows the distribution of the policy demand
shifters. We see that the quantity guarantee significantly shifts consumer demand from losing
products to auction winners. Such choice distortions may potentially reduce consumer surplus and
offset the welfare gains from price cuts. In the next section, we quantify the welfare effects of the

competitive bidding program.

6 The Welfare Effects of Competitive Bidding

In this section, we use the model described in Section 5 to quantify the welfare effects of the
competitive bidding program in the market for hypertension treatments. The standard measure
of consumer welfare, which is based on the revealed preference paradigm, does not capture the
possibility that consumers’ preferences for specific drug products may be driven by misinformation
rather than by true utility. We first introduce an alternative welfare measure in the same spirit as
the welfare analysis in Section 3 and then quantify the welfare effects of the competitive bidding

program under the standard and alternative welfare measures.

6.1 Welfare Measures

We follow Train (2015) and distinguish between consumers’ decision utility and actual utility.
The former determines consumer choices, while the latter determines consumer welfare. In our
setting, decision utility includes both the policy demand shifter (that is, the effects of the quantity
guarantee) and consumers’ brand preferences. Actual utility does not include the policy demand
shifter and may or may not include brand preferences, depending on whether one deems brand

preferences welfare relevant.
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Formally, let 5]’-m’2019 denote the intrinsic therapeutic value of product j in market m in 2019.
For a non-BE generic product, we define &' im2019 1O be equal to the perceived value 8, 2019. For a
branded or BE generic product, we define &', im,2019 O be the average perceived value of all branded
and BE generic products of the same molecule g in market m (excluding the price component
0P pjm). This definition relies on the fact that all BE generic products are certified to have the

same therapeutic value as the branded product. Specifically,

l D
{k S g,k € BEm,2019}| keg.k

KEBE 2019

8im2019 = AOPjm 2019 + | (Okm.2019 — OO P 2019)

where BE,, 019 is the set of branded and BE generic drugs available in province m in 2019.

Consumer 7’s decision utility in 2019 is as follows:

af}mgmg = 8m2019 + Tj + ¥jm2019 + Cigmi + (1 — ) €ijms- (6)

Her actual utility is as follows:

,;ﬁin 2019 = 0jm2019 + Tj + Cigmi + (1 — O)€;ju  if brand preference is relevant;
(7)

uAJm 2019 = Ojm 2019 + Tj + Cigmi + (1 — G)&;jny  if brand preference is irrelevant.

l

Weltare loss occurs when consumers’ choice utility is misaligned with their actual utility. We

discuss additional details on the calculation of consumer surplus in Appendix C.

6.2 Welfare Analysis

We measure the effects of the competitive bidding program on consumer surplus, producer
surplus, and government expenditures. To shed light on the trade-off between price reductions and
potential choice distortions, we first examine two separate scenarios in which we consider effects
from just the price changes or just the quantity guarantee. We then consider the full policy scenario,

which combines the two effects. The policy scenarios are described as follows:

* Baseline (status quo): No policy intervention. Consumers’ decision utility follows Equation
(6) but without the ¥;,, 2019 (quantity guarantee) term. All firms set prices freely in Bertrand—

Nash competition.
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» Case 1 (price constraint only): Consumers’ decision utility follows equation (6) but with-
out the ¥;,, 2019 term. Auction winners set the observed negotiated prices. Other firms adjust

prices strategically.

* Case 2 (quantity guarantee only): Consumers’ decision utility follows Equation (6). All
firms set prices freely in Bertrand—Nash competition. In particular, auction winners’ prices

are not constrained by the observed negotiated prices.

* Case 3 (full policy): Consumers’ decision utility follows Equation (6). Auction winners’
prices are set at the observed negotiated prices, and other producers can respond strategically.

This scenario essentially replicates the actual policy setting.

Figure 8 summarizes the results on consumer surplus. As expected, price reductions increase
consumer surplus.'® The effects of the quantity guarantee depend on the nature of consumers’
brand preferences. When consumers’ brand preferences are welfare relevant, the quantity guaran-
tee distorts consumer choices and reduces consumer welfare. When consumers’ brand preferences
are welfare irrelevant, the quantity guarantee improves consumer welfare by offsetting choice dis-
tortions caused by brand preferences. Under the full policy, when brand preferences are welfare
relevant, the choice distortion effect looms large, and consumer welfare decreases by 9.8%. When
brand preferences are welfare irrelevant, however, price reductions and generic substitutions both
improve consumer welfare and add up to a 39.2% increase in consumer surplus.

Turning to firms and government spending, we find that the competitive bidding program re-
duces producer surplus by 24.4% and reduces government expenditures on insurance reimburse-
ment by 24.3%, as shown in Figure 9. When these effects are taken together, total social surplus
decreases by 14.5% under revealed preference but increases by 7.8% if policymakers consider
brand preferences welfare irrelevant.

Overall, our analysis shows that the competitive bidding program was effective in reducing
drug prices. The quantity guarantee, which is usually distortionary in ordinary market settings,
may also improve consumer welfare by correcting choice distortions due to misjudged brand pref-

erences. Competitive bidding is an appealing tool to reduce the prices of off-patent drugs and to

16 Appendix Figure A.9 shows that price reductions by the auction winner also lead to a modest reduction on prices

of other drug products, which contributes to the welfare gains.
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guide consumers to switch toward generic drugs if policymakers deem consumers’ brand prefer-

ences welfare irrelevant.

7 Conclusion

In this paper, we evaluated a novel policy experiment run by the Chinese government to limit
the prices of off-patent drugs: competitive bidding with a quantity guarantee. We first built a simple
model to predict the moving forces behind this competitive bidding initiative. Our model predicts
that the generic drug firm always wins the bidding; however, the price changes are ambiguous ex
ante.

Our empirical analysis yielded three main findings consistent with the model predictions. First,
competitive bidding was effective in reducing drug prices: auction winners on average cut prices
by 59.4%, and the average drug price fell by 47.4%. However, the losing firms did not cut prices
significantly in response, and the policy fell short of achieving price reductions across the board.
Second, the bidding program led to large-scale generic substitution. We built a simple model to
quantify the welfare impacts for hypertensive drugs that were included in the bidding. Under the
assumption that consumers’ choices of branded drugs over cheaper BE generic ones are driven
by misinformation or misperceptions, we found that this policy increased consumer surplus in
China’s pharmaceutical market by 39.2%. In addition, government expenditures decreased by
24.3%. Finally, the policy resulted in heavy losses for drug firms and has led firms that lost auctions
to exit. Over time, such effects may increase market concentration and make competitive bidding
less effective in limiting drug prices.

Overall, our results show that competitive bidding with a quantity guarantee is a useful addition
to the toolkit of policy instruments for limiting drug prices. A unique advantage of competitive
bidding over common policies such as cost-plus price regulations and reference pricing is that it
leverages market forces to identify a price level that is still profitable for the winner. This en-
sures that the product remains available to consumers after the price restriction is imposed, and it
therefore allows all patients to benefit from cheaper drugs. This could be a useful approach for
policymakers to consider, especially in countries in which public hospitals and pharmacies consti-

tute a large part of the pharmaceutical market. That said, policymakers should be mindful of its

25



negative impact on firms’ surplus and its long-term effects on the market structure.
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Table 2: Demand Estimation

o) 2) 3) 4)
Logit OLS LogitIV NLogit OLS NLogit IV
Price -0.587 -1.414 -0.681 -1.362
(0.230) (0.486) (0.0856) (0.388)
Passed BE 0.175 0.141 -0.0210 0.0601
(0.0733)  (0.0756) (0.0219) (0.0618)
Cond. Mkt Share 0.939 0.412
(0.0176) (0.188)
N 3205 3191 3205 3191
Province-Drug FE Yes Yes Yes Yes
Province- Year FE Yes Yes Yes Yes

Notes: This table shows the estimation results of the demand system in Equation (3). Price is the out-of-pocket price
paid by patients. Columns (1)—(2) use the logit specification, and Columns (3)—(4) use the nested logit specification.
We use data for 2012-2018, the period prior to the competitive bidding program. We include province-drug and
province-year fixed effects. Columns (1) and (3) show the OLS estimates with no instruments used. Columns (2) and
(4) show the IV estimates based on the instruments described in Section 5.3. Appendix Table A.1 shows the first-stage
regressions. Standard errors are clustered at the province-year level and are reported in parentheses.
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Figure 1: Equilibrium Prices under Bertrand Competition and Competitive Bidding

2 —
— — Bertrand, generic
— — Bertrand, branded
Auction, generic
1.5 Auction, branded

Price

0.4 0.5 0.6 0.7 0.8 0.9 1
Sales guarantee to the winner

Notes: This figure shows equilibrium prices under both Bertrand competition and competitive bidding as in
the model from Section 3. See Appendix A for the derivations.

32



Figure 2: Changes in Consumer Surplus from Bertrand Competition to Competitive Bidding
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Rational brand preferences
Irrelevant brand preferences

Change in consumer surplus
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Sales guarantee to bid winner

Notes: This figure shows the changes in consumer surplus with the move from Bertrand competition to
competitive bidding as in the model from Section 3. See Appendix A for the derivations.
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Figure 3: Market Shares of Auction Winners in Enacting Provinces
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Notes: This figure plots the market shares for auction winners in enacting provinces for the periods prior to
(2018) and after (2019) the competitive bidding program. Since the quantity guarantee of the competitive
bidding went into effect in March 2019, we drop the first quarter when computing the 2019 market shares.
Each dot is a molecule-province pair for all bidding molecules and enacting provinces.
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Figure 4: Policy Effects on Drug Prices and Sales

A. Price
ﬂ:_
o_
(0]
9
8
(=]
o
—
~
|
@« |
N NN NN S AN
R o X (X (D AR oD o o o o oV (R X
NN N N N N N N N
Quarter
B. Quantity
Q_
ﬁ:_
=
€
©
20 41
(on
(o))
o
—
~
!
w—
I||||||||||||||
NN N NN NN o5 N XN 5 X
S o W D D AS o o o o o oY o o
NN NN NN NN N RN I
Quarter

Notes: This figure shows the effects of competitive bidding on drug prices and sales, estimated using the
specification shown in Equation (1). Each dot represents the regression coefficient for the corresponding
quarter, and each line segment represents the 95% confidence interval with standard errors clustered at the
province-year level. The coefficient of the fourth quarter in 2018 is normalized to zero. For 2012 to 2017,
we show only the coefficients for the first quarter of each year to conserve space.
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Figure 5: Heterogeneous Effects on Auction Winners and Losers
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Notes: Similarly to Figure 4, this figure pools the results from two regressions where we estimate the effects
of competitive bidding on drug prices and sales based on the specification shown in Equation (1) separately
for firms that won (in blue) and lost (in red) the auction. Each dot represents the regression coefficient
for the corresponding quarter, and each line segment represents the 95% confidence interval with standard
errors clustered at the province-year level. The coefficient of the fourth quarter in 2018 is normalized to
zero. From 2012 to 2017, we show only the coefficients for the first quarter of each year to conserve space.
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Figure 6: Illustration of Brand Preferences
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Notes: This figure illustrates brand preferences. We treat the estimated drug-province fixed effects in Equa-
tion (1) as province-specific drug preferences and plot the distribution of these fixed effects for branded
drugs, BE generic drugs, and non-BE generic drugs separately. The dash lines represent the average drug-
province fixed effects for the three types of products.
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Figure 7: Markup for Branded and Generic Drugs
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Notes: This figure plots the distribution of markups in 2018 for branded and generic drugs separately. The
markups are calculated from Equation (4) as the differences between prices and marginal costs.
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Figure 8: Changes in Consumer Surplus
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Notes: This figure shows the change in consumer surplus under three counterfactual scenarios, as in Figure
A.9. We measure consumer surplus in two ways. In red bars, we measure consumer surplus by using
consumers’ revealed preferences. In blue bars, we assume that brand preference is misjudged and welfare
irrelevant, as discussed in Section 6.1.
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Figure 9: Changes in Total Surplus
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Notes: This figure shows the change in total surplus from full competitive bidding and decomposes the
change into changes in consumer, producer, and government surplus. The left four bars show the results
if we measure consumer surplus based on consumers’ revealed preferences. The right four bars show the

results if we assume that brand preference is misjudged and welfare irrelevant. See Section 6.2 for more
details.
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A Proofs and Derivations

In this section, we provide details of the proofs and derivations for the stylized model outlined
in Section 3.

Consider a molecule with one firm selling a branded product B and another firm selling a BE
generic product G. Both products offer an identical clinical value of 1 to a unit mass of consumers.
Consumers have heterogeneous brand preferences for product B that are drawn independently from
a continuously differentiable distribution .# with non-negative support. We further assume .% has
no mass at 0. Marginal costs of both products are the same at c. Prior to the competitive bidding,
firms set prices to maximize profits simultaneously in a Bertrand game with differentiated products.
We use pp and pg; to denote equilibrium prices under the Bertrand competition.

The government introduces a competitive bidding with sales guarantee 7 € (0, 1]. The format is
first-price sealed-bid auction, and we assume firms have complete information on .% and marginal
costs. The winner commits to selling at the winning bid, and is guaranteed a quantity of 7, or all
consumers who value the winning product no less than the winning bid if there are fewer than 7
such consumers. Then the losing firm sets a price to maximize profits taking the winner’s price and
quantity guarantee as given. If it sets a price such that its unconstrained quantity exceeds 1 — 7, the
losing firm will only sell to 1 — 7 of consumers who value its product (relatively) the most. We use

pg and pg; to denote equilibrium prices under the competitive bidding.

A.1 The Generic Drug Always Wins

We prove this result for a general .% with non-negative support by contradiction. Let F' denote
its cumulative distribution function. Suppose there exists an equilibrium where the branded drug
submits a bid p; < 1 and the generic drug submits a bid p| > p;, and the branded drug wins the
auction. The generic drug chooses a price p; to maximize profits after losing the auction. We must
have p, < pi, otherwise, the generic drug will have a market share of 0.

The generic drug’s profit is (p2 — ¢) min{1 — 7, F(p; — p») }. Note that the generic drug always
chooses p; such that F(p; — p2) < 1 — 7 because its market share is at most 1 — 7. Its profit thus
simplifies to (pp —¢)F (p1 — p2), subject to F(p; —p2) < 1 —1.

Now consider a unilateral deviation by the generic drug: the generic drug cuts its bid to p; — € >
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0 and wins the auction. Let p?(&) represent the best response by the branded drug. We must
have pB(e) > p; — €. Otherwise, the branded drug will have an unconstrained market share of 1.
That contradicts to the fact that the loser can only receive a maximum quantity of 1 — & due to
the quantity guarantee. Therefore, the branded drug could be better off by increasing the price,
thus it should always choose p? (&) such that 1 — F(p®(e) — p; +€) < 1 — 1. The generic drug’s
profit under this deviation is (p; — € — ¢)max{t, F(p®(€) — p; +¢€)}, which can be simplified to
(p1—&—c)F(p”(e) — p1 + &) subject to F(pP(e) — p1+€) > 7,01 p°(€) > p1 +F ' (1) — &,

For this deviation to be unprofitable, we need:

£P2—C)F(P1—P222£P1—S—C)F(PB(S)—P1+€)- (A.1)
Generic losi;ljg the auction Generic winn%g the auction

By continuity, this inequality holds for € — 0T, which is

(P2 —)F(p1 —p2) > (p1 —c)F(p3 — p1), (A.2)

where p3 = p2(0) > p; + F~'(1) > p1. The fact that F~!(7) > 0 for any T > 0 comes from the
assumption that .# has no mass at 0.

Next, consider a unilateral deviation by the branded drug: the branded drug increases its bid
above p/| and loses the auction. Let p represent its optimal price after losing the auction. Similarly,

for this deviation to be unprofitable, we need:

(p1—¢)(1=F(p1 —p2)) > (P5—c)(1 =F(p3—ph))

N (.

Branded wim:i;g the auction Branded losi;lrg the auction
> (p3—c)min{l — 7,1 —F(p3—p})}
> (p3—c)min{l —7,1-F(p3—p1)}

= (p3—c)(1=F(ps—p1))- (A3)

The second line comes from the fact that pj is a best response to p} and weakly more profitable
than p3. The third line comes from p| > p;. The last line comes from F(p3z — p1) > a.

As py < py, inequality A.2 implies F(p; — p2) > F(p3 — p1). As p3 > pi, inequality A.3
implies F'(p3 — p1) > F(p1 — p2). It follows that F(p3 — p1) = F(p1 — p2) > 0. Then equation
A.2 holds only if p, > p;, which contradicts to the fact that p, < p;. So there does not exist an

equilibrium where the branded drug wins the auction.
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A.2 Derivations of Equilibrium Prices

To analytically solve the equilibrium prices, we assume .# follows a uniform distribution
U(0,1). For simplicity, we also assume the marginal costs of both firms are 0. Then firms’ profits

under the Bertrand competition are given by:

g = pp(l—pp+pc)
nc = pc(pG—Pra)

+ PG
2

1 2
Pe= 3 Equilibrium market shares are s = 3 and s;; =

,and pg = I%B. Equilibrium prices are pp = 3 and
1
3

The best response functions are pp =

Now consider a competitive bidding with a quantity guarantee T between % and 1. From
Appendix A.1, the generic product always wins the auction. We solve the equilibrium prices.

Let p;; < I denote the winning bid of the generic drug G. When pj; < 1, in equilibrium,
this bid must make the firm B exactly indifferent between undercutting and conceding to the bid.
Otherwise, if the bid is higher, firm B has the incentive to undercut; if the bid is lower, firm G has
the incentive to raise the bid and still wins the auction. When pj; = 1, this bid must make firm B
weakly prefer conceding to the bid than undercutting, because firm G cannot further increase the
bid, otherwise, it will receive zero market share despite the guarantee, as no consumers value the
product more than 1.

We hope to write py; as a function of 7 and proceed case by case. When p/; < 1, the indifference

condition is
p/
p’meaX{l—TG,‘c}:(1—‘5)(p/(;—|—1') (A.4)

The left-hand side of Equation (A.4) is the profit of firm B from undercutting the bid by € — 0.
When it undercuts the bid, firm B will win the auction. In response, firm G will either set a price

/
of 1 — 7 so that it has a market share of exactly 1 — 7, or a price of % and has a market share of

/ /
%. It will choose the formerif 1 — 7 > I%G and the latter otherwise.
The right-hand side of Equation (A.4) is the profit of firm B from conceding to the bid. It’s
easy to see that firm G’s best response is to target the remaining consumers, set a price of py; + 7,

and captures all the remaining 1 — 7 consumers.
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/
CaseI: 1 — pTG < 1. Equation (A.4) reduces to p;T = (1 — 7)(p + 7), which gives us

;-7
Pe =21
5—-12
For this to hold, we need 2(1 —7) < p; < l,or 7 € (\/_2 ’§)
P Pe
CaseII: 1 — 7G > 1. Equation (A.4) reduces to pg(1 — TG) = (1—1)(pg+ ), which gives us

P =1T—\312-21.

2
For this to hold, we need 372 — 27 > 0 and Pp<2(l—1),0orte [5, 1].

Case III: p;; = 1. Firm B must weakly prefer conceding to the bid than undercutting. Similarly,
we need

1 x max{0.5,7} < (1 —1)(1+1).

It follows that 7 <

. We also need to impose the incentive compatibility constraint, i.e.,

V5—1
2
firm G must be weakly better off participating in the auction than the Bertrand competition. Its

1 1
profit under the Bertrand competition is 3 so this implies T > 3 No equilibrium would exist if

‘L'<1
3
Collecting the cases, we have:
1 V5-1
1 <1<
’ 3~ 2
) t(l—=1) V5—1 2
PG = < —
201 2 =73
2
T— /37221, gS‘CSl
\

The branded product always sets pj = pi; + T to target the remaining 1 — T consumers:

\

( 1 V5 -1
1471 <7
+1, 3 ST<
2
/ T V5—1 2
Pp={ — <r<Z.
71 > =<3
2
27— /312 —-21, §§T§1

The results are plotted in Figure 1.
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B Imputation of Policy Demand Shifters

As in Section 5.5, the estimated demand shifter for drug j in province m in 2019 is denoted as
¥im,2019 in Equation (5). Since drugs might enter or exit the market across years, our sample is not
a balanced panel of product-year-province combinations. As discussed in Section 5.5, we exclude
products that were new to some provinces in 2019, as we do not have marginal cost estimates
for these products. For a few losing drugs that were only sold in 2018 but not in 2019 in some
provinces, we impute ¥;,,2019 using the estimated demand shifters of the same product or products
in the same molecule in other provinces. There are a total of 38 such observations.

More specifically, in the first step, if the product is missing in an enacting province in 2019,
we impute its policy demand shifter using the average estimated policy effect of the same product
across all other enacting provinces. If it is missing in an non-enacting province, we use the average

estimated policy effect of the same product across all other non-enacting provinces.

Y, Fik2om

keEM,je Fi 2019
{k:keM,je Fraonol}

where _Z,, 2019 is the set of available drugs in province m in 2019, E is the set of enacting provinces,

Vimem 2019 = | where M € {E,NE},

and NE is the set of non-enacting provinces. In this way, we can impute the policy demand shifters
for 32 out of the 38 product-province observations.
We impute the rest 6 drug-province pairs using the average estimated policy demand shifters
across all products of the same molecule, excluding the auction winner.!” Specifically,
Z Z ik 2019
keMieg e 7i%,

Y {li:tegle 755l

keM

Viegmem 2019 = where M € {E,NE},

where g is the molecule that drug j belongs to and nll‘%’lg is the set of available drugs in province

m in 2019, excluding the auction winner if the province is an enacting province.

17 All auction winners are not missing in 2019. So these products are all losing products or products in the non-

enacting provinces.
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C Welfare when Decision Utility and Actual Utility Differ

As discussed in Sections 5.5 and 6.1, in our setting, a consumer’s decision utility can differ
from her actual utility in two ways. First, under the quantity guarantee, consumers’ decision utility
for drug j is shifted by ¥;,2019. Second, consumers’ brand preferences could be a misperception
and welfare irrelevant, which might only contribute to decision utility but not actual utility. In this
section, we describe the calculation of consumer surplus when the decision utility differs from the
actual utility.

Our method builds on Train (2015)’s example where the consumers’ anticipated and experi-
enced attributes differ. Suppose the decision utility is given by u;;,; and the actual utility is given

by i jmy = Wjjm + At j;. The true consumer surplus is given by
1 1 1
CS = aE(”ijmz) = aE(“t’jml) + EZSJ'”” X Atk jm €5

where s, 1s the market share of drug j chosen under the decision utility u; .
Now we apply this method to different utility functions in Section 6.1. First, we consider the
case without the policy demand shifters, but we assume consumers’ brand preferences are welfare

irrelevant, thus does not affect the actual utility. Consumer i’s decision utility is given by:

Al ~

2019 = 8jm 2019 + 2 + Cigme + (1 — O)€ijmr,
while her actual utility is

~AQ A N

1im2019 = Ojm 2019 + Tj + Cigme + (1 — O) Eijme
The consumer surplus is given by
cs= Le@) : by )
~ (”ijm,2019) + azsj"" x ( im.2019 — jm,2019),

where s j;;; is the market share of drug j chosen under the choice utility ﬁf‘j}n,zolq
Second, we consider the case with the policy demand shifters, but assume consumers’ brand

preferences are welfare relevant. Consumer i’s decision utility is given by:

D N -
Uiim2019 = Ojm2019 + % + ¥jm,2019 + Cigmt + (1 — O) €& jmr,
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while her actual utility is given by:
~ij1n,2019 = 0jm,2019 + £ + Cigmr + (1 — ) &ijm-
The consumer surplus is given by

1 1 -
S = EE(ugm,ZOW) T 28 jmt X Yjm 2019,

where s, is the market share of drug j chosen under the choice utility ﬁiDjm,2019'
Last, we consider the case with the policy demand shifters, and assume consumers’ brand

preferences are welfare irrelevant. Consumer i’s decision utility is given by:

¥)) A -

i jim.2019 = Ojm,2019 + 2 + ¥jm,2019 + Cigme + (1 — O)&ijumt,
while her actual utility is given by:

7A0 -5 2o F .
ijm,2019 — 6jm,2019 + Tj + Clgml + (1 - G)Stjmt
The consumer surplus is given by
1 ~D 1 ! 5
CS= aE(uijm,2019) T2 Y $jmt X (82019 — 6jm,2019 — Fjm,2019),

where s, 18 the market share of drug j chosen under the choice utility ﬁgm,zow-

D Supplemental Tables and Figures
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Table A.1: First Stage of Demand Estimation

Logit IV Nested Logit IV
(1) (2) 3)
Price Price Cond. Mkt Share
Hausman IV 0.126 0.126 -0.0106
(0.0113) (0.0112) (0.0514)
BLP IV -0.00722 -0.173
(0.00347) (0.0288)
Passed BE -0.0238 -0.0239 0.197
(0.00848) (0.00852) (0.0679)
N 3191 3191 3191
F 67.20 48.33 14.55
Province-Drug FE Yes Yes Yes
Province-Year FE Yes Yes Yes

Notes: This table shows the first-stage regressions of the demand estimation using instrumental variables,
corresponding to columns (2) and (4) in Table 2. Hausman price 1V is defined as the average price of the
same product sold in other provinces in the same year. BLP IV is defined as the total number of drugs in
each molecule in the market. Standard errors are clustered at the province-year level and are reported in the
parentheses.
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Figure A.2: Compare Sales Price and Disclosed Final Price
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Log sales price
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Notes: This figure compares the final negotiated prices disclosed by the government and the sales prices
observed in the data. The x-axis represents the log of final prices disclosed by the government, and y-axis
represents the log of sale prices of the winning product in enacting provinces observed in our data. We
categorize provinces by whether they are fully-treated (i.e., four municipalities including Beijing, Shanghai,
Chongqing and Tianjin) or partially-treated with only one or two large cities covered by the competitive
bidding. The gray dotted line represents the 45-degree line.
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Figure A.3: Market Shares of Branded and Generic Drugs in Enacting Provinces
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Notes: This figure plots the market shares for branded drugs (Panel A) and BE generic drugs (Panel B) in
enacting provinces prior to the competitive bidding (2018) and after (2019). Since the market guarantee of
the competitive bidding went into effect in March 2019, we drop the first quarter when computing market
shares in 2019. Each dot is a molecule-province pair for all bidding molecules and enacting provinces.
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Figure A.4: Policy Effects on Market Concentration
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Notes: This figure shows the effects of the competitive bidding on the number of active firms and Herfindahl-
Hirschman Index (HHI), estimated using the specification shown in Equation (1). Each dot represents the
regression coefficient for the corresponding quarter, and each line segment represents the 95% confidence
interval using standard errors clustered at the province-year level. The coefficient of the fourth quarter in
2018 is normalized to zero. From 2012 to 2017, we only show coefficients for the first quarter of each year
to conserve space.
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Figure A.S: Policy Effects on Drug Prices and Sales, Sales Weighted
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Notes: This figure shows the effects of the competitive bidding on drug prices and sales, similar to Figure 4.
The only difference is that each observation is weighted by the total sales quantity at the province-molecule

level during 2012-2018 in this figure.
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Figure A.6: Policy Effects on Drug Prices and Sales, Excluding Partially Treated Provinces
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Notes: This figure shows the effects of the competitive bidding on drug prices and sales, similar to Figure 4.
The only difference is that only four municipalities, Beijing, Tianjin, Shanghai, and Chongqing, are included
as enacting provinces in this figure. We drop provinces where seven other enacting cities are located, as these
provinces are only partially treated.
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Figure A.7: Policy Effects on Drug Prices and Sales, DDD Specification
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Notes: This figure shows the effects of the competitive bidding on drug prices and sales, estimated us-
ing the DDD specification described in Section 4.3. Each dot represents the regression coefficient for the
corresponding quarter, and each line segment represents the 95% confidence interval with standard errors
clustered at the province-year level. The coefficient of the fourth quarter in 2018 is normalized to zero.
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Figure A.8: Distribution of Policy Demand Shifters
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Notes: This figure shows the effects of the policy on drug demand. We assume there exists a policy demand
shifter for each available product in each market during the post-auction period, and consumers’ price sen-
sitivity and the within-nest preference correlation remain unchanged after the auction. We estimate policy
demand shifters at the province-product level such that the observed and predicted market shares during the
post-auction period are perfectly matched. Panel A plots the distribution of the policy demand shifters for
auction winners and losers in enacting provinces and products in non-enacting provinces separately. The
policy effects for products in non-enacting provinces can reflect the time trend, so we normalize all policy
demand shifters such that the mean for these products is 0. In Panel B, we plot the net policy shifters for
auction winners and losers in enacting provinces by subtracting the corresponding average policy shifters
in non-enacting provinces for the same product. The dash lines represent the average value of each group
separately.

A.17



Figure A.9: Price Changes under Counterfactual Scenarios
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Notes: This figure shows price changes under three counterfactual scenarios. The status quo is the pre-
auction period in 2018. In the first scenario, consumer demand remains fixed, prices of auction winners
are fixed at the post-auction prices, and other firms can freely adjust their prices. In the second scenario,
consumer demand is distorted by the quantity guarantee and all firms can freely adjust their prices. In the
third scenario, consumer demand is distorted by the quantity guarantee, prices of auction winners are fixed
at the post-auction prices, and other firms can freely adjust their prices. The third scenario corresponds to
the actual competitive bidding that took place. We calculate price changes for auction winners and losers
separately. Panel A shows the price changes for winners and losers separately. Panel B shows the price
changes for branded and generic losers separately. See Section 6 for more details.
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