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Abstract

This paper studies how resale price maintenance (RPM), a vertical practice that
allows upstream manufacturers to directly control downstream retail prices, affects wel-
fare. This effect is theoretically ambiguous because RPM can increase consumer welfare
by eliminating double markups, but decrease it by facilitating price coordination across
competing retailers. I provide empirical evidence of these effects by examining a high-
profile antitrust case involving a pharmaceutical firm that was found to practice RPM
and ruled to stop. Difference-in-differences estimates using a novel retail pharmacy-level
dataset suggest the net effect of RPM decreases retail prices and is pro-competitive in
this setting. The results also suggest that RPM reduces retailer markups and suppresses
price dispersion across retailers. These findings are consistent with manufacturers’ in-
centives of using RPM to both eliminate the double markup and coordinate the retail
price. I build and estimate a structural model to disentangle these incentives. The
model confirms that RPM is overall welfare-improving in this setting. However, the
consumer surplus gain from RPM would have been 77% higher absent of price coordi-
nation incentives. In addition, I show that under different market conditions RPM can

lead to anti-competitive outcomes.
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1 Introduction

Producers usually reach consumers through intermediaries (retailers) and may seek to increase
profits via vertical control of the supply chain. Whether various forms of vertical control

! One important example is Resale Price

should be allowed is an open regulatory question.
Maintenance (RPM), a practice wherein upstream manufacturers control downstream retail
prices. RPM is prevalent in many industries, including gas, automobile, pharmaceutical,
and digital platforms, but regulation of RPM is controversial.? On the one hand, RPM can
achieve vertical efficiency gains by eliminating double marginalization along the supply chain
(Spengler, 1950). On the other hand, RPM can facilitate price coordination across competing
retailers and soften downstream competition when a brand is sold by many retailers (Clark
et al., 2023). Furthermore, RPM may be used to foreclose rival brands and limit upstream
competition (Asker and Bar-Isaac, 2014). Thus, the welfare effect of RPM is theoretically
ambiguous.

Despite the prevalence and controversy of RPM, an FTC commissioner once complained:
“The truth is, there is very little empirical evidence to support any of these conflicting eco-
nomic theories of benefit or harm (of RPM).”® The lack of evidence is partly due to the
difficulty in observing business contracts, especially so for RPM, which is not always legal
(MacKay and Smith, 2017). In addition, the data requirement for an empirical analysis is
high. The researcher ideally needs to observe wholesale prices, retail prices, and quantity
extensively at different retailers to study RPM because it is essentially a vertical practice
between a manufacturer and many retailers.

This study empirically examines the welfare implications of RPM with two goals. The
first objective is to test the pro-competitive and anti-competitive hypotheses of RPM. The
second objective is to decompose the welfare effects of RPM, link the effects to market funda-

mentals, and compare them relative to other pricing contracts to offer regulatory insights. To

The 2020 version of vertical merger guidelines issued by the Federal Trade Commission (FTC) and Depart-
ment of Justice (DOJ) were withdrawn due to the “flawed discussion of the purported procompetitive benefits.”
The 2023 version of the guideline downplays the efficiency arguments. On the other hand, the courts have fa-
vored firms in all recent vertical merger cases— e.g., ATE&T/Time Warner (2018), UnitedHealth/Change(2022),
and Illumina/GRAIL(2022) on the basis of insufficient real-world evidence of competitive harm.

’In the U.S., RPM agreements were per se illegal under Section 1 of the Sherman Act for decades. State
Oil Co. v. Khan, 522 U.S. 8 (1997). and Leegin Creative Leather Products Inc. v. PSKS, Inc., 551 U.S. 877
(2007) made maximum and minimum RPM no longer illegal per se, respectively, under federal law. China,
the E.U., and many U.S. state laws still take a more stringent approach to RPM practice.

3Pamela Jones Harbour’s Opening Remarks of FTC’s Resale Price Maintenance Workshop on February
17, 20009.
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answer the research question, my paper exploits an anti-trust case concerning RPM. Yangtze
River Pharma Group (YRPG), a top pharmaceutical manufacturer in China, was found to be
involved in using RPM to fix retail prices of five top-selling herb-based health supplements and
OTC drugs in retail pharmacies. The regulatory agency eventually banned and terminated
this instance of RPM because of its illegal per se status in China. To achieve the first objec-
tive, I use design-based methods to estimate the treatment effects of terminating the RPM
practice on retail prices, wholesale prices, quantities, and assortments of RPM products and
competing products. To achieve the second objective, I estimate a flexible structural model
of the supply chain, including demand for drugs and Nash-in-Nash bargaining among drug
manufacturers and retail pharmacies with or without RPM.

I exploit this quasi-natural experiment on RPM with a monthly panel of drugs sold in
more than 80,000 retail pharmacies. The dataset’s broad coverage of drugs and pharmacies
provides insights into both brand and retailer competition. Also, critically for our analysis,
the dataset includes retailer-specific wholesale prices of each drug, along with retail prices and
quantities sold, enabling a detailed analysis of mechanisms of RPM, and a rich structural model
of vertical relationships and bargaining power. To my knowledge, this dataset constitutes the
most comprehensive data in the context of the Chinese pharmaceutical market.

To begin with, I map the institutions into a research design to get a causal effect of
RPM on prices and quantities. I identify five products manufactured by YRPG under RPM
before the investigation, henceforth referred to as “RPM products.” The investigation led to
a ban on the RPM practice of these products. I define two additional groups of products:
rival products, which are products within the same category of RPM products and directly
competing with them, and control products, which encompass drug products in categories
that do not include any products produced by YRPG. I use a difference-in-differences design
comparing the performance of products under RPM and those in the control group before and
after the investigation to estimate the treatment effects of banning RPM, and test whether
data evidence supports each theoretical hypothesis.

The design-based findings are as follows. First, I find that the retail prices of RPM
products increased by approximately 5%, and the wholesale prices dropped by around 3%
after RPM was banned. As a result, retail margins for these products nearly doubled, and
the quantity sold dropped 12%. This is consistent with the efficiency argument that RPM
eliminates the double markup and expands the market. Second, I find evidence consistent

with the theory that RPM facilitates price coordination across competing retailers because of



the rise of within-city across-retailer price dispersion of RPM products after the investigation.
Third, I do not find evidence supporting exclusivity enforced via RPM because the product
assortments remained stable after RPM was banned.

Motivated by the findings from the design-based analyses, I develop a structural model
that examines the trade-off between eliminating double markups and facilitating price coordi-
nation. In this model, I assume that the manufacturer and retailers negotiate wholesale prices,
with this flexible assumption encompassing the take-it-or-leave-it offer scenario. Retailers set
retail prices without RPM, while under RPM, the manufacturer directly controls retail prices,
with retailers selling at the prices determined by RPM. The manufacturer sets retail prices
with two primary incentives: first, to eliminate double markups by applying the markup to
marginal cost rather than wholesale price, and second, to achieve price coordination by se-
lecting retail prices that maximize joint brand profit across retailers. The first incentive tends
to drive prices up, while the second tends to drive them down.

The relative size of the two incentives is shifted by three critical model primitives: brand
and retailer differentiation along with bargaining powers. When brands are (horizontally)
differentiated, consumers are more likely to view the same brand sold in different retailers as
close substitutes. When retailers are (horizontally) differentiated, consumers view different
brands sold in the same retailer as close substitutes. Upstream bargaining power characterizes
vertical relations by capturing the ability of the upstream to receive a larger share of the
channel’s profits. The intuition is as follows. Holding product differentiation fixed, higher
manufacturer bargaining power yields higher wholesale prices, aggravating the double markup
issue. Similarly, the double markup problem is more salient if retailers are differentiated from
each other and have strong market power. RPM can help mitigate double markup, and so is
likely to be pro-competitive when upstream holds more bargaining power or when retailers are
differentiated. On the other hand, when the RPM brand is differentiated from rival brands,
the RPM brand can raise its retail prices across all retailers without losing many profits to
rival brands, so RPM is likely to be anti-competitive with large brand differentiation.

I estimate a random coefficient nested logit model to capture consumer demand for herb-
based sleep disorder drugs. This drug category is affected by the antitrust investigation, and
Bailemian, one of the top three products in this category, is an “RPM product” produced by
YRPG. I recover flexible brand and retailer differentiation via a consumer panel that docu-
ments the rich substitution patterns of consumers. The results show that both brands and

retailers are differentiated in this market, with the former being 3.6 times stronger measured



by the diversion ratio. On the supply side, I use the post-investigation period data to estimate
a Nash-in-Nash bargain model between drug manufacturers and retail pharmacies. Rich vari-
ations of wholesale prices across retailers allow me to recover pairwise bargaining parameters.
I find a strong upstream bargaining position, capturing 70% of the profit compared to when
upstream holds all bargaining power and makes a take-it-or-leave-it offer. I also find that
larger pharmacy chains hold more bargaining power. I validate my model estimates by sim-
ulating the market outcomes of the pre-investigation when YRPG adopted RPM. The model
predicts the price effects aligned with the design-based evidence. In addition, the model shows
that RPM achieves a ¥20 million (80%) gain in profit for YRPG, a ¥16 million (5%) loss of
category profit for downstream retailers, and a ¥10 million gain in the consumer surplus.

Next, I use counterfactual simulations to disentangle the countervailing forces of elimi-
nating double markups and facilitating price coordination. I do so by simulating the counter-
factual retail prices that only eliminate double markup but do not seek to coordinate prices
across retailers. In the model, such counterfactual prices still mark up on top of marginal
costs but maximize each retailer’s profit instead of brand profit across retailers. As a result,
the consumer surplus gain could have been 77% higher in the absence of price coordination
incentives. This highlights that ignoring retail competition when evaluating RPM leads to
upward biases in welfare effects.

In the second counterfactual, I shift model primitives and find that RPM is more likely
to be anti-competitive with a strong upstream bargaining power, low retailer differentiation,
and large brand differentiation. For example, if the diversion ratio of RPM brand to the
same brand in a different retailer is 40% higher, the model would predict that the RPM used
by YRPG is anti-competitive. This finding delivers a key policy message: the same vertical
contract can work differently in different market environments. Whether it is pro-competitive
or anti-competitive depends on the relative market power of upstream and downstream, as
well as the severity of the double markup issue along the vertical chain.

Lastly, I use my framework to compare various types of vertical contracts: fixed-price
RPM, maximum-price RPM (specifying the maximum retail price), minimum-price RPM
(specifying the minimum retail price), and a benchmark two-part tariff contract, where the
wholesale price is at the marginal cost and the manufacturer uses licensing fees to extract the
retail profit. I show that YRPG’s fixed-price RPM contract effectively establishes price ceilings
for most retailers and is closer to a de facto maximum-price RPM. However, shifting to the

two-part tariff discussed above would increase consumer surplus gain by 31% (16%) compared



to fixed-price (maximum-price) RPM. The gap is explained by the price coordination achieved
by RPM, which drives retail prices higher than under a two-part tariff. Hence, even when
RPM serves as an effective price ceiling, regulators may still want to encourage other non-
linear contracts that only mitigate double markups but do not lessen competition via price

coordination.

Related Literature This research is related to four strands of literature. The paper pri-
marily contributes to the literature of RPM by offering the first direct design-based evidence
on the welfare effects of RPM. RPM has long generated interest from regulatory agencies
(OECD, 2008) and economists— but theorists find ambiguous results under different model-
ing assumptions (for instance, Shaffer, 1991; Dobson and Waterson, 2007; Foros et al., 2011;
Rey and Vergé, 2010; Heywood et al., 2018). Empirical exercises that study RPM are limited
due to the scarcity of visible RPM contracts and granular data. The most relevant empirical
exercise is Bonnet and Dubois (2010), wherein the authors estimate a demand model for a
bottled water brand and use conduct testing to conclude the data cannot reject the hypothesis
that firm behavior is consistent with RPM. My paper benefits from observing the RPM from
an anti-trust investigation so I can directly study the effects of RPM.

The second set of literature focuses on vertical arrangements. It is well-established that
vertical arrangements shape competition and market performance since Sudhir (2001) and
Villas-Boas (2007). However, it is still largely an open question of how vertical arrangements
should be restricted. Many papers focus on vertical integration (Crawford et al., 2018; Luco
and Marshall, 2020; Chen et al., 2023). RPM is different from vertical integration because
RPM only controls downstream retail price, and is usually implemented between one upstream
and many downstream firms. Others study various types of vertical contracts: parallel trade
(Dubois and Seethre, 2020), bundling (Crawford and Yurukoglu, 2012), rebates (Conlon and
Mortimer, 2021), slot payments (Hristakeva, 2022), relational contracts (Luo, 2024), and non-
linear wholesale pricing (Bonnet et al., 2013). This paper’s findings contribute to the literature
on vertical contracts by highlighting the importance of understanding market fundamentals in
regulating vertical arrangements. I show that RPM can be pro-competitive when retailers are
differentiated and hold weak bargaining power. RPM can be anti-competitive when brands
are differentiated and hold weak bargaining power.

Third, this paper contributes to the methodology of the vertical literature by accommo-

dating RPM in a Nash-in-Nash bargaining framework. Nash-in-Nash bargaining has been a



powerful model in characterizing vertical relations in healthcare (Grennan, 2013; Gowrisankaran
et al., 2015; Ho and Lee, 2017, 2019), broadcasting (Crawford et al., 2018), retail industry
(De los Santos et al., 2021; Draganska et al., 2010; Noton and Elberg, 2018), and many others.
This paper highlights the importance of incorporating bargaining along the supply chain while
evaluating RPM.

Finally, studying firm conducts by using government investigations as an exogenous shock
has gained attention in the literature, such as Miller and Weinberg (2017); Cuddy (2021); Clark
et al. (2023); Chaves and Duarte (2023); Starc and Wollmann (2022); [gami and Sugaya (2022).
My paper is another example of exploiting an anti-trust investigation to evaluate RPM. I utilize
the shock as a quasi-natural experiment to document the design-based treatment effects and
assist model estimation. Furthermore, I use the model to isolate and quantify the competing
welfare considerations and investigate the scenarios under which RPM is likely to be pro-

competitive versus anti-competitive.

Outline The remainder of the paper is organized as follows. Section 2 offers the details of
the investigation on YPRG, a glance at regulatory debates about RPM, and information about
the dataset. Section 3 uses design-based tools to examine how RPM affects market outcomes.
Section 4 describes the structural model of the supply chain, along with identification and

estimation. Section 5 shows counterfactual results. Section 6 concludes.

2 Institutional Background

Investigation on YRPG In early 2019, the Chinese State Administration for Market Regu-
lation (SAMR) initiated an investigation into the potential fixed-price resale price maintenance
(RPM) behavior of Yangtze River Pharma Group (YRPG).? YRPG is a top 10 pharmaceuti-
cal company in China and produces more than 100 different products, with total revenue in
2021 reaching ¥78.6 billion (or around $11 billion). At the time of the investigation, RPM was
considered illegal per se under antitrust law, meaning that the regulatory agency only needed
legal evidence of RPM practices, rather than proof of anti-competitive harm, to impose a ban
on RPM.”

4There were no investigations against any pharmacy stores, indicating RPM is largely initiated and enforced
by the upstream manufacturer.

5Technically speaking, though the Chinese approach is closer to “prohibition plus exemptions”, many law
researchers tend to compare the antitrust agencys approach to per se illegal in the U.S., as the exemptions
were seldom applied in practice. I list other notable cases in Appendix A.2. RPM practice was banned and




In April 2021, the final decision made by the State Administration for Market Regulation
(2021 No. 29) found YRPG guilty of abusing its power to control downstream prices. YRPG
was ordered to stop their RPM behaviors and fined ¥764 million (US$116.84 million, Quote
1 in Appendix A.1), which was the largest fine on RPM in the anti-trust history in China.
YRPG accepted the decision and did not further appeal to the court.

There are several notable features of this RPM case. First, YRPG signed contracts
with retail pharmacies specifying the fized retail prices (see Quote 3 in Appendix A.1).°
In addition, 92% of the interviewed pharmacies admitted to the implementation of RPM
(Quote 5 in Appendix A.1). Hence, RPM was widespread and affected almost all retailers.
Furthermore, YRPG split the national market into nine regions and formed “regional bureaus”
to set retail prices in nine regions (Quote 2 in Appendix A.1). This centralized pricing strategy
raised anti-trust concerns on price coordination. To ensure that retailers follow the prices set
by YRPG, YRPG also hired a third-party agent to monitor retailers’ prices (Quote 4 in
Appendix A.1). If YRPG found that retailers were not complying with prices specified in
RPM, it sent out notifications to pharmacies via telephone, APP message, and direct door-
to-door communication. In some cases, YRPG even threatened to stop drug supplies to the
downstream retailers (Quote 5 in Appendix A.1). Since YRPG is one of the leading drug
producers in China, the threat of withdrawing its supply presented a substantial threat to
retail pharmacies. It is notable that certain downstream pharmacies expressed dissatisfaction
with the RPM and had incentives to deviate. Consequently, enforcing and monitoring the
RPM was costly for YRPG. Moreover, YRPG exposed itself to the legal risk in implementing
the RPM contract, implying that such a contract must have benefited YRPG economically.

Finally, the report lists five popular products produced by YRPG (Quote 6 Appendix
A.1), where SAMR finds strong evidence of RPM practices. This paper focuses on these
five “RPM products.” They are popular drugs for sleep disorders, anti-coughing, sore-throat,
diabetes-relieving, and restorative indications. The appearance of the drug package can be
found in Appendix Figure D.1. The market performance of these products can be found in
Table 1. All five RPM products are in the top 20 products produced by YRPG in terms of

monetary sales. Their combined revenues account for 15% of the total revenues of YRPG.

fined in all these cases, but the fines were smaller than the YRPG case. For a thorough discussion on the legal
approach towards RPM in China, see Jiang and Sokol (2015).

6Since YRPG adopted fixed-price RPM contracts, I use RPM to refer to fixed-price RPM and primarily
focus on fixed-price RPM in this paper. In the counterfactual, I compare the welfare effects of maximum or
minimum-price RPM contracts.



Resale Price Maintenance There are conflicting theories of RPM. In this section, I link
how various effects are related to the YRPG case. The discussion focuses on fixed-price RPM,
which YRPG adopted.

Economists have recognized that RPM can sometimes offer efficiency gains and be pro-
competitive (Gilligan, 1986). Two primary pro-competitive arguments are that RPM promotes

T Note that the classical retail service

retail services and reduces double marginalization.
argument is unlikely to apply to the YRPG case. First, there are no valuable presale retail
services related to OTC drugs that can benefit consumers. Second, even if such a service
exists, consumers are unlikely to get the service from a store and buy the drug in another.
The elimination of double markups, on the other hand, is a more plausible channel in this
environment. Double markups are severe in environments where upstream manufacturers and
downstream retailers both have pricing power. The downstream pricing power is supported
by substantial profit margins, as evidenced by the data and the financial statements of retail
pharmacies.® RPM grants upstream the power to recalibrate the final prices to internalize
the double marginalization. In the empirical analysis, I abstract away from retail service and
focus on the welfare gain from the double marginalization channel.”

Critics of RPM mainly focus on the possibility that it facilitates price “coordination”
among manufacturers or among retailers.'” Retailer coordination is a prominent concern since
RPM directly specifies the retail price, which prevents retailers from undercutting. RPM may
facilitate manufacturer coordination by making retailer prices transparent and thus easy to
monitor, so producers can credibly penalize the deviating retailers (Jullien and Rey, 2007;
Holler and Rickert, 2022). In the YRPG case, the alleged RPM agreement is unlikely to
support brand coordination for two reasons. There were no government investigations in
companies other than YRPG, nor did I observe any data patterns suggesting rival brands

participating in RPM in Section 3. Instead, retail coordination is more concerning since

"Valuable retail services, such as presales advice and on-site trials, may be provided by high-quality retailers.
However, without RPM, consumers may “free ride” by getting premium services in high-quality stores but
purchasing from discount stores that do not provide those services. Eventually, this leads to a bad equilibrium
where stores have a disincentive to provide valuable services.

8For example, according to financial reports of six pharmacy chains in China, the markups range from 30%
to 40%. The gross margins of pharmacies in the U.S. are around 20% to 30%. Pharmacies’ ability to mark
up prices may be due to the relatively weak pharmacy competition within a local geographic area.

9Notably, Pitofsky (1982) and Ippolito (1991) reports that RPM appears in many industries that have
nothing to do with retail service. Similarly, incentives for vertical control exist even without service argument.
Therefore, though this study abstracts from the service story, it still applies to many broader settings.

10Note that I slightly abuse the term “retailer coordination” in this setting since an upstream manufacturer
achieves de facto downstream coordination prices via RPM. Downstream retailers do not actively coordinate
because they are not in charge of setting retail prices.



four out of five “RPM products” are highly differentiated and popular herb-based health
supplements, which are less substitutable than chemical medications. Hence, the scope of
brand coordination is more limited than retailer coordination.'!

Another concern of RPM — which perhaps applies to all vertical contracts — is its
potential to motivate downstream retailers to exclude rival brands. The argument is that
downstream retailers may have incentives to block new upstream brand entries to preserve
the “monopoly rent” sustained by the incumbent brand’s RPM (Asker and Bar-Isaac, 2014).
A priori, exclusions may not be the first-order concern in this instance. First, multisourcing is
a common feature in the retail pharmacy market.'? Second, all the RPM products and their
rivals have been on this market for over 20 years. So, retailers are unlikely to gain “monopoly
rent” by supporting upstream brand foreclosures in this saturated market.

To sum up, RPM can positively or negatively impact the competition when market power
is present both upstream and downstream. The theoretical ambiguity of RPM motivates the

empirical exercises of this paper in which I study the case of YRPG.

Data [ combined several proprietary datasets from Sinohealth, a publicly listed health con-
sulting firm, for the empirical analysis.'® I discuss the construction of the variables in this
section.

The primary dataset of the paper includes monthly level sales for around 80,000 sampled
retail pharmacies in 150 cities in China from 2018 to 2021. In the main results, I aggregate the
data at the quarterly level.!* The sample period covers one year before the public announce-
ment of the investigation and roughly one year following the final decision. The store-level
dataset covers around 30% of all pharmacy stores in China and covers stores affiliated with
chains better than independent stores. I additionally construct a sample of cities with better
coverage (>50% of total stores) for robustness checks in the design-based evidence and the

structural model. The variables in the dataset include the total quantity sold, the number of

U7 revisit the effect of an industry-wide RPM in the counterfactual analysis. The results confirm that
downstream collusion raises a bigger concern in the YRPG case. However, industry-wide RPM may be costly
under other market conditions.

2Multisourcing means that retailer pharmacies usually work with multiple competing suppliers under each
category.

13Sinohealth’s data is widely utilized by major international and domestic pharmaceutical companies, in-
cluding Pfizer, Roche, Bayer, AstraZeneca, GlaxoSmithKline, Merck, and Eli Lilly, among others. It has the
unique advantage of covering retailer-level drug sales, which suits the goal of this paper.

14Demand over a longer time horizon is more robust to dynamic behaviors such as stocking. In the data,
a median consumer purchases an 18 days’ usage amount in each shopping. The 95th percentile consumer
purchases 48 days’ usage amount for each shopping trip. Hence, stocking behavior is unlikely to affect quarterly
demand.



orders, total sales, total costs (pharmacies’ payments to manufacturers), and the pharmacy
markups of each SKU (stock-keeping unit).

I construct the average retail price of a product by dividing its total monetary value
of sales (TS) by the total quantity of units sold (TQ) across all different packages.'”” That

. _ TSy
1S, Pjt = TQj:

for product j in market ¢. Total monetary values of sales include retailer
discounts and promotions. The observed total inventory costs are what retailers pay to the
manufacturers for drugs. These costs are credible because they are collected for VAT (value-
added tax) purposes. I define the wholesale price as the average per-unit cost. Therefore, I
construct the wholesale price of a product by dividing its total monetary value of inventory

costs (TC) by the total quantity of units sold (TQ) across all different packages. That is,
_TCy,
T TQjy
In addition, I obtained a consumer panel dataset that tracks a sample of consumers’

w;y for product j in market ¢.'6
purchasing records in pharmacies in ten cities. The raw data is at the receipt level, where I
observe the drugs consumers buy from 2018 to 2021 across brands and stores. This dataset

helps identify how consumers substitute across brands and stores.

3 Design-Based Evidence

I begin the empirical analysis by exploring the data patterns of the YRPG case. I organize
the findings to test the theory that RPM eliminates double markup, facilitates coordination,

and forecloses competitors, respectively.

3.1 A Case Study

I begin with a visualization of the pricing of an “RPM” product in a city that is representative
of the general patterns in our data. In Figure 1(a), each dot denotes a monthly average retail
price per pill of Bailemian (an “RPM” product by YRPG) in a pharmacy store in a city in

northern China. The color of each dot indicates the density of stores in each price range,

15T aggregate the same pill sold under different package sizes as a single product by converting the quantity
into the number of pills. Most products are sold only in one SKU in a market.

16 A common issue in vertical literature is that there may be non-linear contracts between manufacturers
and retailers that are unobservable to researchers. If so, the average wholesale prices may not capture those
side payments. While the possibility of unobservable non-linear contracts between manufacturers and retailers
exists, this may not be a primary concern in this context. As mentioned in Section 2, non-linear contracts are
prohibited in the pharmaceutical industry. According to industry experts, domestic firms like YRPG mostly
adopt linear contracts. Consequently, this paper assumes linear contracts.

10



where darker colors correspond to higher density. The horizontal axis corresponds to months
from January 2018 to December 2021. The first vertical line denotes the start of the SAMR
investigation, and the second vertical line denotes when the final decision was made. There
are two key takeaways. First, the average retail price increases after the final decision made
by SAMR. Second, the price dispersion across retailers before the investigation was small but
surged after.

The pricing patterns (both level and dispersion) of this city represent the large majority
of regions in the sample. Figure 1(b) shows the distributional plot of retail prices nationwide
before and after the investigation. Similarly, there was a clear increase in both the level and

dispersion of retail prices after the investigation.
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Figure 1: Raw Data Patterns of RPM

Note: Both plots use monthly store-level data. In Panel (a), each dot represents a monthly average price
in a store in a representative city in the sample (around 200 stores). Panel (b) plots the distribution of
mean-adjusted retail prices in the RPM period and after the final report. The dashed vertical line denotes the
interquartile range of the retail prices in both periods.

3.2 Empirical Strategy

RPM, rival, and control products To interpret the changes in pricing pattern as the
causal effect of RPM, a primary threat to identification is the simultaneity of cost or demand
shocks that differ across retailers. In addition, some retailers may enter, exit, or merge with
others over time, resulting in changing market concentrations in some cities and affecting
outcome variables.

To address these concerns, I adopt a difference-in-differences approach. I do not use rival

11



products that compete with RPM products as the control group since rival products may be
affected by the spillover effects of RPM or the investigation. Instead, I picked six popular
OTC health supplements with different medical indications as the control group.'” They are
chosen such that they do not directly compete with any YRPG products (including the ones
outside the investigation) to rule out potential spillover effects from RPM. In addition, these
control products are produced by other top drug manufacturers in China and share many
ingredients similar to those of the treated products. Therefore, control groups capture some
of the co-movement in cost and demand shocks of RPM products. The summary statistics of

all treated and control products used in the design-based analysis can be found in Table 1.

Table 1: Summary Statistics of Products

Producer Indication Sales Retail P Wholesale P  Distribution

Product Group (million ¥) (¥/DDD) (¥/DDD) Rate
RPM products

Bailemian YRPG sleep disorder 3.5 4.23 3.52 0.35
Suhuang YRPG anti-coughing 8.0 33.70 24.69 0.40
Langin YRPG sore-throat 24.6 10.73 7.39 0.78
Huangqi YRPG restorative 18.2 7.75 3.72 0.48
Tanglin YRPG ARI 6.3 10.78 8.61 0.23
Rival products

Wauling Zuoli sleep disorder 3.2 3.40 3.01 0.28
Aodong Aodong sleep disorder 8.6 3.92 3.31 0.72
Sweet Sleep Rongchang  sleep disorder 1.2 4.45 4.20 0.20
Pipagao NinJiom anti-coughing 21.9 3.73 2.99 0.91
Zhikebao Yeyi anti-coughing 10.3 6.38 3.69 0.64
Bailing Huadong anti-coughing 15.8 20.77 19.91 0.49
Feilike (liquid) Jianxing anti-coughing 9.5 10.74 9.27 0.74
Feilike (capsule)  Jianxing anti-coughing 3.0 7.32 6.25 0.37
Pudilan Jichuan sore-throat 27.2 12.51 11.27 0.84
Jinzhen Kangyuan sore-throat 9.9 17.56 11.55 0.36
Huangqi Jurong restorative 9.3 9.13 4.05 0.17
Huangqi Nanfeng restorative 7.9 7.67 2.70 0.15
Huangqi Kangyuan restorative 1.1 3.16 2.35 0.21
Yiheng Dayin ARI 7.1 9.60 7.39 0.18
Control products

Weitai Sanjiu abdominal pain 12.4 4.39 3.86 0.67
Xijanlinggubao Guoyao osteoporosis 12.1 4.87 3.90 0.36
Huanglian Hayao internal heat 17.8 6.04 4.69 0.53
Ganmaoling Sanjiu common cold 70.2 3.64 3.55 0.74
Qizhiweitong Guangyao indigestion 5.9 6.15 5.44 0.39
Biyankang Guoyao rhinitis 8.7 0.89 0.80 0.59

Note: This table summarizes the products used in the design-based analysis. All the variables are calculated using sampled
pharmacies. The sample includes around 80,000 stores and 1,369 chains. The sales reflect the national monthly average sales.
Retail and wholesale prices are reported at the defined daily dose (DDD) level. RPM products are the products that were
investigated. “Rival products” are the major rivals to the “RPM products” in the same category. The consumer panel also
confirms that the rival products are the closest brand substitutes that a consumer would switch to. “Control products” are sold
by other competing drug manufacturers but do not directly compete with “RPM” products.

1"Their indications are abdominal pain, indigestion, common cold, rhinitis, heat-clearing, and osteoporosis,
respectively.
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Specification To quantify the impact of RPM on price dispersion, I stack the five treated
“RPM” products and six chosen control products together and estimate a pooled model with

variables of interest y;m,: for product j in city m at time ¢:
Yjme = p1 - Interim, - 1(j € RPM) + py - Post, - 1(j € RPM) + 4, + &t + €jme, (1)

where y;,¢ could represent price, quantity, and distribution. The independent variables
include Interim;, an indicator for the investigation period (from October 2019 to February
2021), and Posty, an indicator for the period after March 2021. 1(j € RPM) indicates whether
a product is one of the five RPM products. ji;,, is the market-product fixed effect, and &, is
the market-time fixed effect. The parameters of interest, p; and ps, capture the relative change
of the dependent variable after the investigation. I calculate robust standard errors clustered
at the product-province level. The model assumes a uniform effect on dependent variables
for all five “RPM” products in the entire interim or post-period, which may be restrictive. I

further relax this assumption to allow time-varying p, in the following event study design:

Yjimt = Z Pr - IL(Xte = T) : 1(] € YRPG) + Him + gmt + €imt, (2)
T#—1
where Y, is the period t relative to the start of the investigation, and the omitted group 7 = —1

is one period before the investigation. Finally, I allow product-specific coefficients (p;;) as a

robustness check.

3.3 The Effect of RPM on Eliminating Double Markups

I first document changes in average prices and quantities of RPM products. Table 2 summa-
rizes the results of estimation Equation (1). Event study results of Equation (2) are shown in

Figure 2 and Figure D.2. T show the product-specific estimates for five RPM brands in D.5.

Prices I observe a significant increase in the average final retail price (5.4% increase after
the final report as in Column (1) of Table 2), which indicates that the RPM imposed by
YRPG was effective in containing drug prices and thus likely increases consumer surplus. This
price increase is consistent with the efficiency gains from the elimination of double markups
dominating the downstream price coordination as the main incentive for RPM. The wholesale

price dropped slightly after the investigation (-4%, as shown in Column (3) of Table 2),
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Figure 2: Event study: Market Performance of RPM Brands

Note: This figure plots the time-varying coefficient in Equation (2) for downstream margins in logarithms and
market shares. The first vertical dashed red line denotes the start of the investigation, and the second one
denotes when the final decision was released. The blue dashed lines denote 95 percent confidence intervals of

estimated coeflicients based on standard errors clustered at the city level.

also indicating the mitigation of double markups as the main incentive. To see this, note
that in the case of RPM, the wholesale price is not passed through to retail prices because
manufacturers choose both. However, without RPM, the wholesale price is passed through
to the retail price. Hence, upstream producers are incentivized to drop wholesale prices
to mitigate double markups. The increasing retail prices and decreasing wholesale prices
broadened the downstream margins (exp(0.563)-1= 76% increase in Column (2) of Table 2)
and increased downstream profits after RPM was banned, as shown in D.2. The net effect on

prices supports the theory that RPM alleviates double markups in this market.

Quantity Another critical dimension is quantity responses. Figure 2(b) shows a 2.5 percent-
age point decrease in market share of RPM products post-investigation. To measure quantity
change in the difference-in-differences framework, I add a secular trend variable, which is
constructed by using pre-investigation data following Dobkin et al. (2018), and extrapolated
trends are subtracted from observed quantities in later years.'® The results show a 12% de-
crease in the total quantity of “RPM” products (Column (4) of Table 2), which supports that

double markup limits the quantities sold.'?

18T do so because the observed demand change may be due to market expansions of all health supplements.
The underlying assumption of using pre-trend to estimate the trajectory is that the increasing trend of “RPM”
products in 2018 would persist in the following years.

9The retail price increased by 5.4%, this indicates an aggregate demand elasticity= 3142(;? = —2.2. The
elastic is small because the quantity response is calculated at the market level, therefore smaller than the

estimated price elasticity (-3.4) at the retailer level in structural estimation in Section 4.
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Table 2: Market Performance after the Investigation

log(p) log(p-w) log(w) log(q) dist.
retail downstream wholesale quantity rate
price margin price
(1) (2) (3) (4) (5)
Panel A: RPM products
Interim 0.048%** 0.356%** -0.005 0.008 0.003
(0.011) (0.083) (0.008) (0.036) (0.005)
Post 0.054*** 0.563*** -0.040**  -0.120%**  -0.002
(0.012) (0.144) (0.015) (0.043) (0.005)
Panel B: Rival products
Interim -0.003 0.068** -0.010** 0.023 0.017***
(0.004) (0.031) (0.005) (0.022) (0.003)
Post -0.001 0.007 -0.011 0.044**  0.026***
(0.006) (0.038) (0.008) (0.018) (0.003)
City-time FE Yes Yes Yes Yes Yes
City-brand FE Yes Yes Yes Yes Yes

Note: The regression is based on difference-in-differences design (Equation (1)) at the city-product-quarter
level (observation=24k for RPM products, 130k for rival products, and 51k for control products), and the
standard errors are clustered at the city level. The dependent variables are the logarithm of sales-weighted
average values. Column (4) additionally controls for pre-investigation trends. Panel (A) shows the performance
of five RPM products. Panel (B) reports the performance of rival products that compete with RPM products.
*R* p<0.01, ** p<0.05, * p<0.1.

3.4 The Effect of RPM on Rival Brands

This subsection discusses how RPM affects rival demand, and I find no evidence of using RPM

to exclude rival brands in this setting.

Rival price and quantity Panel B of Table 2 shows the responses of rival products. First,
in Column (4), I find a 4% increase in rival quantities, which supports the cross-substitution
between RPM and rival products. Second, in Column (1), I find rival brands’ retail prices
remain roughly the same because of the simultaneous increase in downstream margins and
decrease in wholesale prices. In Column (2), the downstream margin for rival products in-
creased by 0.7%-6.8%, but the increase was much smaller than that of “RPM products.” This
simultaneous increase is consistent with downstream competition because retail markups are
strategic complements. I also find a small (1%) decrease in wholesale prices in Column (3).The
increasing bargaining leverage of downstream retailers explains this change. After the investi-

gation, downstream retailers can gain higher profits from selling YRPG products in the event
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of a failed negotiation because retailers regain pricing autonomy. Thus, carrying rival brands
is not as profitable as when YRPG adopts RPM. This allows downstream to bargain lower

wholesale prices for rival products.

Exclusion One critical point made by Asker and Bar-Isaac (2014) is that RPM can facilitate
foreclosure.?’ I test whether there is any evidence of such foreclosure by using the distribution
rate (the proportion of stores carrying a brand) as an outcome variable in the difference-in-
differences specifications. Column (5) of Table 2 shows that the distribution rate does not
change for RPM products but slightly increases for rival products (2.6 percentage points),
which is also small compared to the average distribution rates (54%). The effects are small,
partly because of the multi-sourcing feature of the market, where retailers carry multiple

brands and a brand is usually sold across many retailers.

3.5 The Effect of RPM on Retailer Price Coordination

As discussed in Section 2, YRPG implemented RPM via a centralized manner, which raises
a red flag for potential price coordination. To see if the data pattern is consistent with
price coordination, I check whether the price dispersion of RPM products across retailers is
low during the RPM period. The idea is that if YRPG uses RPM to coordinate prices across
retailers, I should see retailers charge similar prices and rarely undercut, which depresses price
dispersion across retailers.?! I define three different sets of measures of price dispersion across
retailers at the product-city-time level: standard deviations, inter-quartile, and inter-decile
range of product prices. I further normalize these metrics by the average price level.??
Figure 3 (a) plots the trends in within-city retail price dispersion of the three groups
measured by standard deviations. Prior to the SAMR investigation, there was a gap between
the dispersion of RPM products and control products (7 percentage points), while the dis-
persion of rival products resembles that of control products (<1 percentage point). After the
finalization of the SAMR investigation that challenged RPM, the trend of price dispersion

looked similar across three groups. Figure 3 shows the estimation results of Equation (2)

20This argument is that a monopolistic upstream firm may offer downstream firms extra rents via RPM
that would disappear once the retailer begins carrying rivals’ products. As a result, retailers are motivated to
refuse to carry rival brands to preserve the collusive rents.

21Technically speaking, it can be shown that in a market with vertically differentiated products, the price
level will be higher, and the price dispersion will be lower when the prices are coordinated.

22Normalizing enables cross-product comparisons— I can interpret a one-unit increase in the dependent
variable as a 100 basis point increase in dispersion around the mean.
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Figure 3: Retail price Dispersion of “RPM” Products Increase after SAMR, Investigation
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Note: Figure (a) plots the simple average of retail price dispersion (within-city-across-store standard devi-
ations) across the RPM group, the rival group, and the control group after partialling out the brand fixed
effects. Figure (b) plots the time-varying coefficient p, in Equation (2) for retail price dispersion. In both
figures, the first vertical dashed red line denotes the start of the investigation, and the second one denotes
when the final decision was released. In Figure (b), the blue dashed lines denote 95 percent confidence intervals
of estimated coefficients based on city-clustered standard errors. The increasing coeflicients during the interim
period and right after the collapse of “RPM” show that the “RPM” was effective in restricting downstream

price dispersion.

with normalized standard deviations as the dependent variable. I find a five percentage point
increase in standard deviations of within-city retail prices. The results are consistent when I
use different sets of measures for price dispersion, weighted by sales or not, as shown in Ap-
pendix Table D.2. In addition, Appendix Table D.2 shows the base level of dispersion in the
pre-investigation period for RPM and non-RPM products. I find that the surging dispersion
mainly comes from the low price dispersion of “RPM” products converging to the normal level

of control products.

Robustness First, I calculate the changes in within-city price dispersion for each of the
five RPM products separately in Appendix Figure D.4 in which all products exhibit an in-
creasing dispersion range from 3 to 18 percentage points. Second, as a placebo test, I find an
economically small and insignificant increase (<1 percentage point) in the level of retail price
dispersion for rival products after the investigation in Appendix Table D.3. Third, as another

supporting evidence, I find that downstream retailers revised prices for RPM products less
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frequently during the RPM period, as shown in Appendix Table D.4.?® Lastly, Appendix

Figure D.3 reports the wholesale price dispersion in which I also find a small increase.**

3.6 Summary of the Design-Based Evidence

To sum up, this section offers empirical evidence to examine each theory regarding RPM
using a novel retailer-level dataset. Increasing average prices combined with surging down-
stream markups after the investigation aligns with the theory that RPM can eliminate double
markups, supporting the efficiency justification for RPM. At the same time, the low dispersion
under RPM suggests the presence of price coordination. I find limited evidence of product

exclusion, which is likely not a first-order concern in this case.

4 Structural Model

In this section, I model and estimate the upstream and downstream incentives in a structural
model to disentangle the different effects of RPM and link them to the underlying market
primitives. I focus on the category of herb-based sleep disorder drugs and describe a static
model of price competition of all products in that category. There are four upstream manu-
facturers, each producing one brand in the market. Bailemian is produced by YRPG and was
under RPM before the investigation, while there was no evidence of RPM for other brands.?

I first discuss some features of this market and then introduce the model.

4.1 The Retail Pharmacy market in China

All four products in the sleep disorder drug category are OTC drugs and do not require a
prescription. A distinctive feature is that OTC drugs are mainly sold in retail pharmacies

(92% on average) in China, while hospitals and online virtual pharmacies (trending only since

23The intuition is that, under RPM, downstream retailers are forced to charge the upstream-specified price;
without RPM, downstream retailers may revise prices more actively when there are chain-level promotions or
other local sales events.

24The effects on wholesale prices are ex-ante ambiguous. An increasing wholesale price dispersion indicates
that manufacturers also charge retailers differently when they cannot directly manipulate the downstream
prices. This may suggest that upstream manufacturers maintain relatively more uniform pricing in both
wholesale and retail prices during the RPM period.

25Bailemian is representative of YRPG’s investigated product lines. Herb-based drugs account for 61% of
YRPG’s total revenue, and Bailemian is a typical and popular herb-based drug, accounting for 3% of the total
revenue of YRPG.
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2022) account for a tiny market share. Hence, this paper abstracts away from the hospital
competition and focuses on retail pharmacies as the downstream market.

In the pharmaceutical industry, upstream drug manufacturers display a significant market
concentration. The categories studied in this paper have four to six competing brands. In
contrast, the downstream pharmacy market is more fragmented. In 2020, the retail market
was characterized by a few prominent national or regional pharmacy chains in tandem with
a considerable fraction (44% in terms of number of stores) of small, independent pharmacies.
Essentially, downstream retailer pharmacies function as market intermediaries. They choose
what brands to carry and negotiate wholesale prices with upstream drug suppliers while also
setting retail prices charged to consumers. I show five key features of this market, which
justifies some of my model assumptions. The data evidence can be found in Appendix Table
D.1.

First, assortments, retail, and wholesale prices across different stores within a chain are
close to uniform. Sixty percent of the variation in store-level carriage decisions is at the
chain-brand level. In addition, stores affiliated with a chain have similar retail (wholesale)
prices in the data. Chain-brand fixed effects explain 72% (82%) of retail (wholesale) price
variations, suggesting that chains make uniform decisions for all stores. Therefore, I aggregate
the stores in a market at the chain level and use a retailer to refer to a retailer chain in my
model, effectively treating each chain as a single agent and abstracting away from competition
within a chain, reducing the computational burden. Second, linear contracts are the most
popular form of contract in the industry, according to both regulatory reasons and anecdotal
evidence.?® Third, the observed wholesale prices of the same brand are dispersed across retailer
chains, consistent with a bilateral negotiation between brands and chains. Fourth, consumers
generally cannot use insurance to purchase OTC drugs from private pharmacies; they pay
entirely out-of-pocket. Lastly, multisourcing is a common feature in this market. I also find
no evidence of complete exclusion due to RPM in Section 3.4. Therefore, I assume product

assortments in each retailer are fixed with or without RPM.

26 According to Article 88 of the Chinese Drug Management Law, “Drug marketing groups, drug manufac-
turers, and medical institutions are prohibited from giving or receiving kickbacks or other illegitimate benefits
in the purchase and sale of drugs.”
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4.2 Timeline

The model is a three-stage game, as shown in Figure 4. In the first stage, upstream drug
manufacturers set wholesale prices via multilateral negotiation with downstream retailers si-
multaneously for all products. In the second stage, downstream retailers take these wholesale
prices as given and set retail prices for non-RPM products to maximize retailer profits. RPM
manufacturers directly control downstream retail prices for RPM products to maximize the
brand’s joint channel profit.?” Finally, consumers make purchasing decisions conditional on
the observed retail prices of all products. I solve the model backward. I first present consumer

demand and then move on to the profit-maximization problem of manufacturers and retailers.

Figure 4: Timeline of the game

Stage 1 Stage 2 Stage 3
\ \ \ .
o Wholesale prices (w) are  Retail prices (p) are o Idiosyncratic demand
chosen via pairwise chosen by retailers for shocks are realized.
Nash-in-Nash bargaining non-RPM products.

e Consumers purchase
o Retail prices (p) are products.
chosen by manufacturers
for RPM products.

between manufacturers
and retailers.

4.3 Demand

A product j € {1,2,..., J} is defined as a brand-retailer pair. That is, a product is a specific
drug brand (K(j) € K) sold by a specific retailer (R(j) € R). K is the set of upstream brands,
and R is the set of retailers. The choice set GG includes all product j sold in the market plus
the outside option. I assume that the utility of consuming drug j in market ¢ (a market is

defined as a city-time pair) for individual i follows a random coefficient nested logit structure:

Wije = —Pjr + Aj + 1 + e + Z o L(K(j) = k) + €ire + (1 = p)eije,
keK
where pj; denotes out-of-pocket costs, which are the same as the retail prices since OTC drugs
are not insured. J\; is the product fixed effects and 7, is the market-time fixed effects. §j; is

an unobserved quality valuation of the product j in market t.

2"The joint channel profit of a brand is the sum of upstream and downstream profit from selling the brand.
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I allow flexible substitution patterns via both random coefficients and nesting structure in
the main specification. The brand-specific random coefficient o; ~ MV N(0, Y), governs the
consumers’ horizontal preference for brand k. A larger o;;, indicates weaker brand competition,
as consumers are more likely to stick with the same brand when substituting. Following nested
logit assumptions, I assume that €;;; and €;,; + (1 — p)e;;; follow TIEV. I define a nest as the set
of products sold at a given retailer, with the number of nests equal to the number of retailers in
each market. The nesting parameter p governs consumers’ horizontal preferences for retailers,
where higher p indicates a stronger correlation in unobserved preferences for products sold by
the same retailer, leading to weaker retailer competition. All together, random coefficients oy,
and nesting parameter p break the IIA property, so substitution patterns are not solely based
on market shares. Lastly, I define market size as proportional to the population and include
an outside option that aggregates chemical drugs, other unobserved retailers, or no purchase,
assuming outside option prices are non-strategic.

For the purpose of estimation, the observed portion of a patient’s utility function is further
divided into two parts: the utility specific to individual ¢, p;;; = >, 0 1(IC(j) = k), and the
product intrinsic utility, d;; = \; + 1 + &+, where o, denotes a individual ¢ specific taste for
brand k. I can then express the market share of good j in market ¢ by integrating over the

distribution of consumers F'(7):

o0 / exp((9je + pie) /(1 — p)) el'p(Iir(j)t)dF(l.)? )
exp(Lingye/ (1 —p))  exp(lir)

where the mean indirect utility of the outside good is equal to zero due to normalization.

The inclusive value of the products at a retailer  is given by I;,(j;: = (1 —p)log Z]Er exp(d;e+

pije/ (1 —p)) and the inclusive value of all goods is given by I;; = log(1+ ), I;r(j):). Note that

this random coefficient nested logit model reduces to a nested logit when ¥ = 0.

Estimation The estimation combines GMM and MLE objective functions. The GMM
part follows Berry et al. (1995): for a given set of non-linear parameters 0 = {II, p, a},
I calculate the mean utility levels 6;;(¢) that match the predicted market share §; to the
observed market share sj;. Specifically, I solve for ¢, such that s(z,p,d5;0) = sj. The
structural error w(f) is then estimated following Somaini and Wolak (2016), where I first
transform ¢ to remove brand-retailer and market-time fixed effects A\; = Ay¢)r(;) and 7,

resulting in 0}, = d;; — A; — ;. Similarly, X* and Z* are the transformed product attribute

and instrument matrices, respectively.
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The GMM estimator exploits the orthogonality condition F [Z*'w (0*)} = 0, which im-
plies, at the true value of the parameters (6*), the instruments Z* are orthogonal to the

structural errors w (0*), that is, The GMM objective function is:
Loym(0) = w (0) Z*W* 2w (0),

for some positive definite weighting matrix W*. To efficiently incorporate information
from the consumer panel, instead of constructing micro-moments from consumer-level data, I
combine a likelihood function based on consumer-level data with the defined GMM objective
as suggested in Grieco et al. (2022) to achieve efficiency. In the consumer-level dataset, I
observe a group of consumers denoted by n = 1,...N. I also observe multiple choices made
by a consumer n repeated D, times. Each time is denoted as d,, = 1, ..., D,,, which helps me

construct the following (log) likelihood function:

N H D
1 : . .
l0gLarnn(0) = — Zlog{ﬁ SIS 16 chosen in dy) Pgin(9, 5(9))}, where
n=1 h=1dn=1jeC(n)

Log likelihood of individ?l,al n with random draw h
exp((9je + pnjen) /(L = p)) exp(Lur(iyen)
exp(Luryn/ (1 = p))  exp(Lun)

Pnjth<97 5) =

where pinin = Y, 0 L(KC(5) = k), where h in 0,4, refers to the halton draw h =1,...H.
[ take H = 200 draws for the estimation. Finally, a grid search is performed over the non-linear

parameter 6 to minimize this combined objective function:

04 = argeinin {Lemm(0) +logLarre(0)}, s.t. 50 = s(w,p, 05 0).
Identification of price coefficients Prices likely correlate with the structural error term
&jt, i.e., unobserved local demand shocks. I use the following sets of instruments for esti-
mation. First, I use the investigation shock, which the design-based evidence shows affects
retail prices. The investigation is led by SAMR, a central government agency, so its timing is
likely orthogonal to any downstream market shocks. I construct an instrument by interacting
the post-investigation dummy with each upstream brand. Second, I use cost shifters defined

by the wholesale prices of other retailers within the same chain. These instruments shift re-
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tail prices as long as the passthrough is positive.?® However, if negotiated wholesale prices
anticipate demand fluctuations, the instruments may be invalid. To address this, I follow
DellaVigna and Gentzkow (2019) and use average wholesale prices of the same chain from dif-
ferent regions as instruments. Ideally, this variation reflects differences in retailer bargaining
power and is uncorrelated with local demand shocks.?” Lastly, I include Gandhi and Houde
(2020) differentiation instruments to proxy for local competition intensity. I use the number

of direct competitors (chains that carry the same products).

Identification of substitution coefficients The consumer panel identifies substitution
patterns governed by {II, p}.** Consumers’ choices and substitution patterns are governed
by both horizontal and vertical preferences but with different implications. Strong vertical
preferences suggest consumers are more likely to purchase popular products with high market
shares, while strong horizontal preferences imply some consumers will stick to their preferred
brand. Big brand random coefficients II indicate that consumers are unlikely to switch brands,
while a large nesting parameter p suggests they are unlikely to switch retailers. The MLE
objective function estimates the non-linear parameters to fit the observed substitution patterns
in the panel.

Table 3 presents the demand estimates of my preferred specification of the RCNL model
using the estimation procedure outlined above. The parameters are precisely estimated. The
logit model in Column (1) delivers a relatively inelastic demand (mean elasticity -1.37) while
price elasticity (-3.46) is more reasonable under the IV approach in Column (2). The first
stage Kleinberg-Paap F-statistic is 76, indicating strong instruments. Columns (3)-(5) deliver
similar price elasticities. I focus on Column (5) in the discussion as the preferred specification
because it allows the most flexible substitution patterns. On average, I find a large and
significant X for all four brands, indicating that consumers who buy a brand tend to prefer it
when substituting. Cross-brand substitution is limited, especially for Zuoli, where o is highest.
I also estimate a significant retailer nesting parameter p = 0.463, showing that products
within the same retailer are closer substitutes than those from different retailers. In summary;,

consumers are more likely to stick with the same brand and retailer when substituting.

28The wholesale-retail price passthrough relationship is unclear for RPM products under RPM. Therefore,
I don’t use this instrument for YRPG products in the RPM periods.

29A reassuring fact is that wholesale prices do not adjust as frequently as retail prices in the data, so
wholesale prices may not be sensitive to demand shocks.

30Gince sleep disorder drugs are maintenance drugs, the consumers usually make repeated purchases over
time in the consumer panel. On average, each consumer in the panel makes six purchases of sleep disorder
drugs.
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Table 3: Demand Estimates: Non-linear Parameters

Data frequency: Chain-Quarterly

Logit  Logit IV  NL RCNL RCNL

Coefficients (1) (2) (3) (4) (5)
Random Coefficient
o1 (Zuoli) 6.165  7.244
(0.020)  (1.721)
o2 (YRPG) 4.482 5.313
(0.030)  (1.271)
o3 (Rongchang) 4.004 5.010
(0.011)  (1.142)
o4 (Aodong) 6.784 5.562
(0.117)  (1.499)
o; ;¢ (Covariance) Zero Any

Nesting Coefficient
p (retailer nest) 0.715 0.517 0.463
(0.072)  (0.005)  (0.089)

Price Coefficient
a -0.345 -0.871 -0.299 -0.986 -0.992
(0.024)  (0.093)  (0.079) (0.045)  (0.046)

Mean own elasticity -1.37 -3.46 -3.07 -3.46 -3.14
Median own elasticity -1.34 -3.38 -3.08 -3.45 -3.07
Own elasticity<-1 79.0% 100% 100% 100% 100%
Manufacturer-Retailer FE Yes Yes Yes Yes Yes
Market-Time FE Yes Yes Yes Yes Yes

Note: The number of markets is 2,286, and the micro-sample includes 17,336 consumers in 10 represen-
tative cities. Columns (2)-(5) include the three sets of instruments defined in 4.3. The brand-specific
distribution is specified as a joint normal distribution, where covariance is set to zero in Column (4)
and estimated in Column (5). Standard errors are displayed below parameter estimates.

Demand parameter estimates To quantify substitution magnitudes, Panel (A) of Ta-
ble 4 shows diversion ratios for each product, grouped into four categories: (1) same brand,
different retailers, (2) different brands, same retailer, (3) different brands, different retailers,
and (4) outside options. These ratios closely match observed substitutions from the consumer
panel in Panel (B). The high same-brand, different-retailer substitution suggests strong brand
differentiation, while smaller same-retailer, different-brand substitution indicates weaker re-
tailer differentiation. Substitution across different brands or retailers is rare. For example, for
Brand 1 (Zuoli), same-brand, different-retailer substitution is larger than for Brand 2 (YRPG)
as 0.648 > 0.348. Overall, the demand estimates yield reasonable substitution patterns that
align with the data.

Turning to the own-price responsiveness of demand, the estimates in Table 4 imply an
average elasticity for a given product of -3.5.%" The elasticity estimates are also robust in var-

ious price instrument choices. The model-implied average markup (40%, with 95% confidence

31These elasticities are similar but slightly bigger than those reported in Cao and Chatterjee (2022) estimated
demand for chemical drugs using aggregated brand-level sales data.
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Table 4: Summary of Estimated Substitution Patterns

Panel A: Estimated Diversion ratio D;;
Product j: Same Different  Different Outside
Brand Brand Brand goods
Different Same Different
Retailer Retailer Retailer

Product i:

Firm 1 (Zuoli) -0.648 -0.021 -0.003 -0.328
Firm 2 (YRPG) -0.348 -0.101 -0.076 -0.475
Firm 3 (Rongchang) -0.432 -0.014 -0.005 -0.549
Firm 4 (Aodong) -0.245 -0.165 -0.179 -0.411
Average -0.449 -0.051 -0.045 -0.455

Panel B: Empirical Diversion Probability
Same Different  Different Outside
Brand Brand Brand goods
Different Same Different (= Panel A)
Retailer Retailer Retailer

Primary choice:

Firm 1 (Zuoli) -0.548 -0.091 -0.032 -0.328
Firm 2 (YRPG) -0.344 -0.134 -0.047 -0.475
Firm 3 (Rongchang) -0.351 -0.079 -0.021 -0.549
Firm 4 (Aodong) -0.401 -0.152 -0.036 -0.411
Average -0.411 -0.114 -0.034 -0.455

Note: This table shows the model-predicted diversion ratio and observed second choices in the consumer
panel. In Panel (A), the diversion ratio D;; from the primary choice i to product group j is defined

as Dj; = > " Z: ;jg Z It describes the proportion of consumers who switch to product group j when
they switch from product 7. Higher absolute values of the diversion ratio of ¢« and j denote higher
substitutability of ¢ and j. In Panel (B), I group consumers based on their most frequently purchased
products. Each entry shows the fractions of their other purchases j conditional on having i as the
primary choice. For example, “Same brand, different retailers” denotes purchases of the same brand in
a different retailer. I do not observe outside options (or no purchase) in the consumer panel, so I set
them equal to the diversion ratio to outside options in Panel (A), and I normalize choice probabilities
SO rows sum up to one.

interval [34%- 46%)]) is broadly consistent with the average observed markup (32%) in the
data. The wedge can be potentially explained by the retailer’s marginal cost.*? T also project
linear parameters from the fixed effects and they mostly align with expectations. Discussions

can be found in Appendix Table D.5.

32Note that my model sometimes predicts negative retailer marginal costs. This can be explained by the
category’s potential to attract retailer traffic. To fully model this incentive is beyond the scope of this paper.
Still, it can be captured by the negative retailer marginal cost or the shadow value of lowering prices to obtain
revenues from the other products in the store, as discussed in Ellickson et al. (2022).
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4.4 Supply

Wholesale price The wholesale prices are determined in the first stage via Nash-in-Nash
bargaining between retailers and manufacturers. As shown in Figure 4.** The profit function

for upstream manufacturer k (II;) and downstream retailer r (7,) is defined as follows:

(G) = Y _ 55 (G;p) (w; — mc}), Vk, (4)
T (G) = Z s; (G;p) (pj —w; — mcg) ,Vr, (5)
j€JIr

where the quantity depends on G, the choice set, which includes all products j in the
market, and p, the vector of retail prices of all products in the choice set G. w; denotes the
wholesale price of product j, mcj (me}) denotes the retailer r (manufacturer k) marginal cost
of selling product j. The profit II, for manufacturer k is defined over the combined profit
of all products produced by k (Ji). Similarly, the profit 7, for retailer r is defined over the
combined profit of all products sold in retailer r (.J,).**

In the first stage, to characterize the optimal wholesale price of a product ;7 via Nash-in-
Nash bargaining, I define threat points, which are the profits of manufacturers and retailers
if they cannot make a deal on product j so j is excluded from the choice set G: Il (G\ {j})
and 7, (G\ {j}), where G\ {j} denotes the new choice set when product j is excluded. Gains-
from-trade to the upstream manufacturers k, which produces j, and downstream retailer r
that carries j are derived from the value addition of forming a contract over their respective

threat points:

AL (G) = 10, (G) — I (G\ {j})
Ajﬂ'r (G) = Ty (G) - Ty (G\ {J}) :

Note that demand primitives influence bargaining outcomes (wholesale prices) through

bargaining leverage. If consumers tend to switch brands within the same retailer, the retailers

33In the vertical literature, while some papers adopt simultaneous timing assumptions on both wholesale
and retail prices (Draganska et al., 2010; Ho and Lee, 2017; Crawford et al., 2018), papers on the retail sectors
tend to assume that wholesale and retail prices are sequentially determined (Crawford and Yurukoglu, 2012;
Miravete et al., 2018; De los Santos et al., 2021). In addition, as I will illustrate, the model has the advantage
of nesting a canonical linear pricing game (when upstream make the take-it-or-leave-it offer).

34Throughout the paper, I use capital II to denote upstream profits and lowercase 7 to denote downstream
profits.
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gains from carrying each brand are relatively low, giving them more leverage to negotiate
lower wholesale prices. Conversely, if consumers switch to the same brand sold by other
retailers, the retailer has less leverage. Thus, accurately capturing the consumer substitution
pattern is crucial for understanding the bargaining mechanics. Nash-in-Nash wholesale prices

are determined by the following J first-order conditions:
w; = argmax [A;TTy (G)]” [Aym, (G)]' ™7 V), where k = K(j) and r = R(j),  (6)

which is a solution to the bilateral Nash-in-Nash bargaining problem of manufacturer k£ and
retailer » with Nash bargaining parameter 7; € [0, 1]. Bilateral Nash implies optimality con-
ditioning on the outcomes of other contracts. Following Crawford and Yurukoglu (2012), I
assume that agreements are binding in all contingencies. In other words, if a pair disagrees, all
other firms do not renegotiate wholesale prices. Note that the question becomes a standard
successive markup game when 7; = 1 (when the upstream has full negotiation power and
makes a take-it-or-leave-it offer). The double markup is eliminated when 7; = 0 (when the

downstream has full negotiation power and makes a take-it-or-leave-it offer).

Retail price The second stage is a standard Bertrand-Nash game, taking the first stage to
negotiate wholesale prices as given. To clarify the notation, I further divide manufacturers
into a set of RPM adopters Krpy; and non-adopters Ky, where k € K = Kgpy U Ky.
Manufacturers choose retail prices of RPM products, while retailers choose retail prices of
non-RPM products. I define a modified profit function that manufacturers and retailers

optimize in the second stage as follows:

I, = Y 5, (G;p) (p; — mck —mc}),Vk € Krp (7)
JEJk

7= 355 (Gip) (s — wh —me), Vr (®)
€T

Note that the objective function of the RPM manufacturers ﬁ; differs from retailers’
objective m,. First, the RPM manufacturer considers marginal costs of production instead of
wholesale prices when choosing retail prices p;. In other words, manufacturers care about the
joint channel profit (manufacturer plus retailer profit). This reflects the elimination of double
markups, which is the vertical efficiency gain from RPM. Second, the manufacturer maximizes

joint profits of selling its brand across all retailers (j € Ji) when picking p;. The incentives
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to maximize joint profits across retailers means that the manufacturer internalizes business
stealing across retailers, hence softening the downstream competition, which may drive up
retail prices. The problem is more complex because there are multiple upstream brands, and
RPM firms need to take the brand competition into account when setting retail prices.

I can write the J first-order conditions for RPM and non-RPM products separately as

follows:
1L}, 0s; , . .
#:sj—i-zaf(pj—mcf—mcj):(),w:K(])EKRPM (9)
J jET, J
on, 0s; & . . . .
op. 55+ Z %(pj —w; —mc;) =0,Yj : R(j) =7, K (j) € Ky (10)
J jed, J

I characterize the solution of the game in the next subsection.

Solution concept From Equation (9) and (10), the first-order conditions of the retail prices,

I can rearrange the joint system of J first-order conditions in matrix form:
s+ﬁ~A><(p—mcr)—ﬁ"(l—w)~Axw—ﬁ~¢-Axmck:0, (11)

where s is the market share of each product, TD is the modified downstream ownership
matrix, with 7D — (1—4)-TP +4-TY, where TV and TP are the upstream and downstream
ownership matrix, and v is a #(J) x 1 row vector with ¢ (j) = 1if K(j) € Kgpas.>® Intuitively,

1 specifies whether the manufacturer sets the retail price of a product via RPM contract.*
A(j1,72) = Z;fl denotes the elasticity matrix of demand of product j with respect to retail
J2

prices. p and w indicate the retail and wholesale price vector, respectively, and mc¥ (mcF)

denotes the marginal cost of the manufacturer (retailer).
To get more intuition from the retail pricing first-order conditions, it is be useful to

rearrange Equation (11) into a familiar markup equation:

(p—w—mcr):—(ﬁ-A>_lx s—i—]f’b-w-Ax(w—mck) : (12)
N s

coordination

~
mitigation of double markup

35T use dot product (+) to denote element-wise product multiplication and cross product (x) to denote matrix
multiplication throughout the paper.

6TD(jy, ) = 1 if R(j1) = R (j2) and K (j1) € K, or K(j1) = K (j2) and K (j1) € Krpar. In other words,
TP = TP for non-RPM products, while TP = TV for RPM products.
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Compare this equation with the regular markup equation under the non-RPM setting:

(p—W—mc‘"):—(TD-A)_1

X (s).

There are two differences. The price coordination incentives are captured by replacing
the standard ownership matrix 7' with ﬁ, reflecting that the upstream firm is coordinating
retail prices of its brand across retailers. This tends to increase the retail margin of RPM
products when retailer competition is stronger than brand competition. On the other hand,
the mitigation of the double markup effect is captured by the term ﬁ-@/}-A X (w — mck) added
to the market share. It takes the value of zero for non-RPM products and negative values for

the RPM products, decreasing downstream markups of RPM products on the left-hand side.
ONE

I can rewrite Equation (6), i.e., the first order condition for wholesale prices =5~ = 0 in
J
matrix forms (derivations can be found in Appendix Section C.1):
7 (TP -SY x (p—w—mc")) - (w+ (TY-Z") x (w—mcF)) +
X o,
(TY - SY x (w—mc¥)) - (1 —=7)- (=s+ (T” - pl) xs+ (T” - Z*) x (p — w — mc"))

(13)

which can be written into the following upstream margin equation:

-1
(w — kY U ryw (1-7)= v
W —mc") = (T Z") +—A T8 X S, (14)
T
linear pass-through barg;,ining

downstream and upstream margins, respectively. where Z%(ji, ja) = gi? = (A X pw)T.
2

The exclusion matrix SY(ji, j2) = sj1 — sj1,—jo reflects the changes in demands of product j;

when j, is excluded.®” py,(j1,72) = gz L is the commonly called pass-through matrix in the
J2

vertical literature.®®

s = 81 (G) = 85, (G\{ja})-

38Tt shows how the second-stage retail price responds to the wholesale price, which is solved by applying
the implicit function theorem in the second-stage first-order conditions: p,, = — (pw)_1 (pp) where p =
s+TP .- Ax(p-—mc") —TP.(1—-9)-Axw~—TP -9 A xmcK. Appendix Section C.1 provide useful
implementation details on how to calculate values of p,, under a random coefficient nested logit framework
with RPM.
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The wholesale pricing equation (14) consists of two parts. The first part (TUZ“’) is the
standard pass-through effect in a two-stage game, reflecting the double markup effect. The
pass-through matrix p,, for RPM products takes the value of zero for RPM products because
p will not depend on w. Thus, only the second term matters for RPM products.?” The
%T USU reflects the bargaining effect. The numerator equals 0 when 7 = 1.

So, the bargaining degenerates to an upstream take-it-or-leave-it offer. The denominator = 0

second term

when 7 = 0, therefore driving (w — mc*) = 0. This corresponds to the downstream take-
it-or-leave-it offer. When 7 € (0, 1), bargaining effects move wholesale prices between those
two extremes. The equilibrium retail and wholesale price vector (p, w) solves the equation
system (11) and (13). Discussions of the model property with simulated data can be found in

Appendix Section B.1.

Identification & Estimation There are two challenges in the supply-side estimation.
First, it is difficult to disentangle the retailer’s marginal costs (mc") and the manufacturer’s
marginal costs (mc¥). Second, it is difficult to separate marginal costs from bargaining pa-
rameters 7 in Equation (14). I can address the first challenge because I observe both retail
and wholesale prices from the data. All demand side parameters are recovered via demand
estimation, so the retailer markup (mk") is known from Equation (12). Therefore, I can infer
the retailer’s marginal cost at the product level nonparametrically as the residual from the

following equation without imposing any structures on the costs:

mc" =p—w+ (T”- A)_ls = mcj; = pjr — wjp — Mk,
——————

=—mkKk"

To address the second challenge, note that given demand and bargaining parameter 7, up-
stream markup mkX is known via Equation (13). If the negotiation parameter 7 is known,
under the non-RPM regime, the marginal cost of production (mc¥) can be expressed as a

function of bargaining parameter 7 and observables:

-1

1—7)=
mc* = w + (TUZ“’) + %TUSU s = mc" (1) = wj; — mk:?t(Tjt). (15)
T
) e ’

39This argument simplifies the equilibrium effects because rising wholesale prices w of RPM products can
still affect p of RPM products by affecting p of rival non-RPM brands. In practice, p,, is small but non-zero
for RPM products.
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I specify the marginal cost of production as mcé?t = Nx@) + wjs, where it depends on
brand-market-time fixed effects (1x(j):) and product-time specific cost shocks uj;. The implicit
assumption is that marginal costs of production do not depend on retailers (R(j)), implying
that the same brand sold by different retailers in the same market has the same expected
marginal cost of production. Hence, holding demand fixed, observed differences in wholesale
prices of a brand across retailers are driven solely by bargaining parameters. In the estimation,
I further assume that 7 is chain type-brand specific, and I define three chain types according
to their sizes: national chain, local chain, and independent retailer, so I estimate 3 x 4 = 12
bargaining parameters. If I plug the specified mc* back to equation (15), I can express the

error uj; as follows:

Ujt = Wit — mkft(Tjt) — TIK ()t

which is a function of the non-linear parameter 7. I use non-linear GMM to estimate 7
with the orthogonality condition E(u;(7)|Z;;) = 0. To identify parameters 7, I construct the
following instruments. The first set of instruments (Z},) includes the dummy variable that
denotes chain type interacted with brand dummies. Importantly, Zjlt is excluded from the
marginal cost equation, and residuals w;; are assumed to be orthogonal to Z}t. Intuitively, if
demand conditions are the same, differences in observed wholesale prices of the same brand in
two retailers can be explained only by differences in bargaining power but not differences in
the marginal cost of production. This exclusion condition helps pin down bargaining powers
across retailers.

The second set of instruments is the downstream gain from trade. As discussed in Ho
and Lee (2017), the correlation between retailer gains and wholesale prices helps identify
bargaining parameters. If wholesale prices remain unchanged when downstream gains from
trade increase, retailers have full bargaining power, i.e., 7 = 0. If upstream firms use high
retail gains from trade from their products to extract favorable wholesale prices, 7 will be
large. In practice, I define Z% = $TVs" in Equation (13). To address the endogeneity of w;,
on the right-hand side, I evaluate ijt at the lagged brand-market average whole price w1

following Grennan (2013).

Supply parameter estimates In the supply side estimation, I limit my analysis to cities
where the dataset has better coverage, defined as the observed number of downstream phar-

macy stores > 50% of the total pharmacy stores in that city. This decreases the number
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Table 5: Upstream Bargaining Parameter Estimates

Panel A: Upstream bargaining power T
Zuoli YRPG Aodong Rongchang

National Chain  0.19 0.82 0.47 0.67
(0.06) (0.11)  (0.03) (0.07)

Local Chain 0.29 0.67 0.42 0.72
(0.03) (0.03)  (0.04) (0.06)

Independent 0.33 0.84 0.76 0.83

(0.03) (0.04)  (0.10) (0.21)

Panel B: marginal cost of production (¥/DDD)
Zuoli YRPG Aodong Rongchang

Northeast 1.67 3.08 2.06 2.88
North 1.66 2.57 2.19 2.90
East 1.53 2.34 2.14 2.91
South 1.51 2.34 2.28 3.19
Central 1.51 2.69 2.08 3.13
Northwest 1.68 3.12 2.11 2.86
Southwest 1.49 2.85 2.22 2.48

Note: This table shows the results from supply-side estimation. Panel (A) shows estimated upstream bargain-
ing parameters for each retailer category-brand pair. Panel (B) shows the brand-region average marginal cost

aggregated from the fixed cost estimates 7y (;);- Standard errors are in parenthesis.

of regional markets to 110." The results of estimated bargaining parameters of my main
specification can be found in Table 5. On average, upstream firms capture 70% of the profit
compared to an upstream take-it-or-leave-it offer. Upstream bargaining parameters in Panel
(A) are intuitive— YRPG, the biggest company in this market, is estimated to have the
strongest bargaining power. National and local chains tend to have higher bargaining weights
than independents, except when negotiating with YRPG, where I find statistically insignifi-
cant differences across chain categories. Marginal costs of production for brands are relatively
similar across regions. Nonetheless, recovered marginal costs tend to be greater in more distant
areas (such as the Northeast and Northwest), which could result from varying transportation

costs associated with delivering products to these regions.*!

40The biases of observing only a partial set of retailers are likely minor because the dataset contains most
big-player chain retailers. Besides, the validation exercise in Section 5 indicates that the model replicates well
the observed effects of RPM in the data.

41 verify the supply estimates using the financial reports of two brands (Zuoli and Aodong) produced by
public-listed firms. The reported production costs of the products of interest in their financial report from
2018-2021 match their products’ estimated national average quantity-weighted predicted marginal cost with
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5 Counterfactual Analysis

The counterfactual analysis relates to the ongoing policy debate on RPM regulations. Re-
cent discussions focus on when RPM’s efficiency gains outweigh its potential anti-competitive
effects. The roadmap of the counterfactual analysis is as follows. I begin with a validation
exercise, demonstrating that the model accurately predicts the estimated design-based effects
of YRPG-led RPM. I then report how RPM affects consumer surplus, firm profits, and market
efficiency, where I also decompose the pro-competitive effect of eliminating double markups
and the anti-competitive effect of facilitating price coordination. I further change model prim-
itives and illustrate how RPM interacts with market fundamentals and subsequently affects
welfare outcomes. Lastly, I compare the effects of RPM with several other vertical contracts

to offer regulatory insights.

5.1 Validation

By estimating the supply model only using the post-investigation data (None of the products
adopted RPM), I can validate the model by simulating the outcome if YRPG adopts RPM
and compare the model-predicted effects of YRPG-led RPM to the design-based treatment
effects of YRPG.*? Table 6 reports the results. Panel A shows a 13.1% decrease in retail
prices, a 5.7% increase in wholesale prices, and a 41% (=exp(0.537)-1) increase in quantities
under the YRPG-RPM regime. These numbers are very close to the design-based estimates
of the RPM effect reported in Panel B. The model does well in level terms and also predicts
the reduced price dispersion due to RPM.

5.2 Welfare Effects of RPM

All scenarios are compared to a baseline scenario in the second half of 2022 when RPM did
not exist for the rest of my counterfactual analysis. In this subsection, I break down the
welfare effects of RPM and show that RPM adopted by different brands may lead to het-
erogeneous welfare implications by solving the new equilibrium under two different scenarios:
(1) only YRPG imposes RPM, (2) only Zuoli (another brand) imposes RPM. Scenario (1)

resembles the pre-investigation market, while scenario (2) is hypothetical. The results are

the reported average costs.
42Tt’s important to note that this is an out-of-sample validation exercise, as no information about RPM was
used, and I can obtain the model estimates and compute model-predicted effects even without the RPM case.
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Table 6: Validation: Model Predicted Effects of RPM and Design-based Estimates

Level terms (in logs) Dispersions

Retail Wholesale Quantity Retail Markup
price price price

Panel A: Model

1(RPM)xYRPG -0.131%%* 0.057#** 0.537H** -0.033*#*  -0.024***
(0.012) (0.010) (0.018) (0.004)  (0.006)

Panel B: Data

1(RPM)xYRPG -0.131%%* 0.090%** 0.446%** -0.075%#%  _0.018%**
(0.020) (0.024) (0.079) (0.014) (0.006)

Post-period level ~ ¥4.36/DDD  ¥3.24/DDD 26 mil. DDD 0.16 0.07

Note: In Panel A, the model predicted effects are obtained via the regression of outcomes (prices, quantities,
dispersion) over RPM dummy and market fixed effects. The estimated effects from data in Panel B are based
on Equation (1) with the sample restricted to Bailemian and control products in 2018-2021.

summarized in Figure 5, and detailed numbers can be found in Appendix Table D.6. Details

of implementation are discussed in Appendix C.2. There are four takeaways.

Effects of RPM by YRPG First, the results clearly indicate that the RPM contract
established by YRPG enhances market efficiency. YRPG gains from the RPM contracts
by expanding their quantities (+71%) via the elimination of double markups. YRPG also
negotiates higher wholesale prices (+3%) due to RPM. These two effects jointly contribute
to an additional ¥20 million profit (80%) increase in YRPG profit, where quantity expansion
explains 88% of the profit increase, and the bargaining leverage explains the remaining 12%.
The YRPG gain comes at the cost of the downstream retailers, who jointly experience a loss
of ¥16.8 million or a 52% drop in the profits of selling YRPG products. Consumers benefit
from RPM, gaining ¥10.4 million due to a significant reduction in retail prices. The social
surplus amounts to ¥15.2 million. The joint upstream and downstream surplus also rises by
¥4 million.** Counterfactual results also show that RPM has a small spillover effect on rival

brands. The impact on rivals seems negligible because the market stealing across brands is

43This indicates that RPM can be incentive compatible with a transfer from upstream to downstream in
a static setting. Note the RPM practice is self-enforcing in a repeated game even when retailers lose from
RPM, because upstream firms can use supply cuts as a threat (Buehler and Gértner, 2013). If there were any
transfers not observed by the author, they would not affect the results on consumer/social surplus; only the
distributional effects between upstream and downstream would be different.
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Figure 5: Overview of the Counterfactual Results

Note: This figure illustrate counterfactual changes in market outcomes under YRPG RPM and Zuoli RPM.
Subplot (a) summarizes counterfactual retail prices, wholesale prices, and quantity with or without RPM.
Panel (b) depicts changes in consumer surplus (CS), upstream profit, downstream profit, and total social
surplus relative to the baseline. More details can be found in Appendix Table D.6.

relatively low.**

44 Theoretically speaking, the RPM’s effects on rivals are ambiguous. On the one hand, since retail markups
are strategic complements in a Bertrand-Nash game, rivals should adjust their prices in the same direction
as YRPG, which is referred to as the competition effect. However, since downstream retailers’ profits from
selling YRPG products are low under RPM, gains from trade of including rival brand are higher for retailers,
resulting in increased wholesale prices. In the YRPG RPM scenario, the wholesale prices of all products
increase by ¥0.01-0.09, while the competitor’s retail price decreases slightly. Hence, the competition effect
prevails over the bargaining leverage effect. This partially explains why we observe relatively small responses
of rival prices in the design-based evidence.
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Effects of RPM by another brand The pro-competitive effects of RPM vary by brand. In
the counterfactual where only Zuoli adopts RPM, the model predicts a 6% increase in average
retail prices and anti-competitive outcomes. The differences in market fundamentals explain
these effects. Zuoli faces weaker brand competition than YRPG, with a higher same-brand-
different-retailediversion ratio (0.548 vs. 0.344, Table 4). In addition, Zuoli faces stronger
retailer competition than YRPG— the sales of Zuoli products are much more diverse across
retailers, while YRPG’s sales are concentrated chiefly on big chains, and downstream HHI for
Zuoli is 410 lower than YRPG. Zuoli also has a relatively minor double markup issue— retailers
have big bargaining power and have a significant influence on the wholesale prices of Zuoli
products (Table 5.) Therefore, in Zuoli’s case, downstream retailer competition undermines
the pricing power that Zuoli could have exerted. Hence, Zuoli has stronger incentives to
use RPM to soften retailer competition than to eliminate double markups. From an anti-
trust standpoint, Zuoli’s RPM would reduce welfare for consumers (-¥14.33 million) and
downstream retailers (-¥9.4 million), and they outweigh the manufacturer gain, leading to a
-¥8.9 million net loss in social surplus. This highlights that RPM’s welfare effects can differ

greatly across brands, even within the same market.

Disentangle the price coordination incentives [ decompose overall welfare changes into
incentives for price coordination and eliminating double markups. This is done by replacing
the "conduct matrix" under RPM, 7D — Y -TY 4+ (1 =) - TP, with the standard downstream
ownership matrix 7P.*> The welfare gain from this practice is ¥18.2 million, 77% higher than
RPM. The net gain from RPM is ¥10.4 million. Thus, the coordination incentive leads to
a ¥7.8 million (=¥18.2-10.4) loss in consumer surplus. A similar analysis of Zuoli’'s RPM
contract shows a ¥51 million gain from reducing double markups, offset by a ¥65.4 million
loss from coordinating prices, explaining its anti-competitive effect. These results underscore
the risk that RPM can soften retail competition, even when primarily aimed at eliminating

double markups.

Effects of RPM by all brands Lastly, if RPM is adopted independently by all four brands,
the welfare effects remain pro-competitive in this context, as shown in Column (4) of Table

D.6. Prices decrease for three out of four brands (except Zuoli), resulting in the highest

45Intuitively, this implies that YRPG has individual sales representatives in each retailer to set retail prices,
and sales representatives in each retailer maximize solely on YRPG’s profit for that particular retailer.
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consumer welfare gains of my counterfactuals (¥18 million).*

Policy Implications To sum up, the counterfactual analyses in this section show the sub-
tlety required to investigate RPM. RPM can lead to different welfare outcomes for two brands
in the same market and share a similar supply chain. Therefore, the “rule of reason” analysis
on RPM practice should be conducted on a brand rather than an industry basis. In addi-
tion, I show that under some market conditions, granting drug manufacturers more control
along the supply chain can shift profits from retailers to manufacturers without harming con-
sumers, which may be deemed desirable if the government wants to encourage innovation from

pharmaceutical manufacturers, as discussed in Dubois and Seethre (2020).

5.3 Importance of market primitives

In this exercise, I shift different primitives of the model to simulate how the effects of RPM

change. The results are summarized in Table 7.

A log(retail price)

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

o (YRPG differentiation) 0.043 0.044
(0.002) (0.001)

p (retailer differentiation) -0.075 -0.087
(0.022) (0.007)

7 (upstream bargaining power) -0.505  -0.510
(0.016)  (0.007)

Constant -0.240  0.040 0.251 0.058
(0.011) (0.014) (0.009) (0.007)

R? 0.369 0.011 0.508 0.900

Table 7: The Effect of RPM depends on Model Primitives

Note: This table shows how the effects of RPM on retail prices depend on different model primitives. I
simulated the model 1000 times, and each time with varied model primitives: ¢ € {0,1,...,9} (YRPG brand
random coefficient), p € {0,0.1,...,0.9} (retailer nesting parameter), and 7 € {0.05,0.1,...,0.95} (upstream
bargaining power). I compute changes in the quantity-weighted average equilibrium retail prices from no RPM
to (YRPG) RPM and regress the changes on parameter values: Ap; = 10, + B2p; + f37; + €. The results

confirm that RPM tends to benefit consumers by decreasing retail prices when ¢ and 7 are high and p is low.

Column (4) of Table 7 confirms that the effect of RPM on the retail price of a brand can

46 Additional counterfactual results indicate that the welfare improvement persists even when upstream firms
collude under industry-wide RPM in Column (5) of Table D.6. Supporting the findings in the government
report, brand collusion seems not to be the primary concern in this market compared to retailer collusion.
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be explained mainly by the three model primitives (R = 0.9). If the RPM brand is different
from its rivals, this means a bigger scope for price coordination since the brand can use RPM
to raise retail prices of all retailers without losing sales to rival brands (or outside options),
making RPM more likely anti-competitive. On the other hand, large retailer differentiation
or large upstream bargaining power aggravates the double markup issue, making RPM more
likely pro-competitive.

From a regulatory standpoint, the exercises emphasize the importance of understanding
market primitives when evaluating RPM. For instance, assuming that retailers are monopolists
and ignoring retailer competition (effectively having p — 1) can result in substantial biases in
welfare assessments. A vertical model helps decompose the forces behind observed markups:
brand market power, retailer market power, and double markups. If inefficiency stems from
high brand market power, RPM complements price coordination, making it anti-competitive.
However, if inefficiency comes from high retailer market power or double markups, RPM can

reduce double markups and be pro-competitive.

5.4 Comparisons with Other Vertical Contracts

RPM’s legal status has changed in the U.S. in the past years. While State Oil (1997) applies
the rule of reason to maximum-price RPMs, and Leegin (2007) to minimum-price RPMs at
the federal level, many states, such as California, still regulate minimum-price RPM as illegal
per se. I offer insights into this ongoing policy debate by evaluating the effects of different
types of RPM.

As a recap of fixed-price RPM in the model, I can write down the objective function of

a RPM manufacturer k for setting retail prices follows:

n;akaRPM = Z s; (G;p) (pj — mci —md}),VYK(j) € Krpu.
! g€k

Under maximum-price RPM, the upstream manufacturer does not set the retail prices.
Rather, I assume that the manufacturer picks a price ceiling p; for each product j. Conse-
quently, the retailers face a constrained optimization problem in which they cannot pick a

price higher than p;:

HZ][)@X’]TT = Z Sj (va) (p] —w; — mc;f), s.t. bj < p_j7 VIC(j) € KMax—RPM-
! e
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A similar argument holds for minimum-price RPM, but retailers now face a price floor, p;:

n;)?xm = Z sj (G;p) (pj — w; —mc}), s.t. p; > D) VI(5) € Knrin—rpu-
Jje€Jr

In principle, p; and pj should be chosen by upstream retailers optimally. For compu-
tational reasons, I simplify the problem by assuming that the upstream manufacturer sets
P =Dj = pfp M Tn other words, the manufacturer uses the optimal price they would have
chosen under fixed-price RPM as the price ceiling (floor) for maximum (minimum) price RPM
contracts, which may not be optimal but serves the purpose of this exercise. Furthermore,
note if all the constraints are binding for a one-sided RPM, then the one-sided RPM is equiv-
alent to the fixed-price RPM. Some constraints may be non-binding— for example, a retailer
with low costs facing a price ceiling may be willing to sell below the ceiling. It is thus an
empirical question to measure the wedge between the fixed and one-sided RPM.

Finally, I consider a two-part tariff as a benchmark, where upstream manufacturers can
charge a linear wholesale price and a lump-sum payment (sometimes called a franchise fee)
from downstream retailers. I consider a classical scenario, where the wholesale price is set
at the marginal cost of production (w = mc¥) to eliminate double markups and upstream
demands a lump-sum payment that extracts all the downstream profits.*” Therefore, in the

second stage, retailers solve the following problem:

max 7, = g si (G;p) (pj — w; —mc}), s.t. w; = mc?,VlC(j) € Krr.
P; ;
JEJIr

Simulation outcomes The results are presented in Figure 6, where I show the changes in
consumer surplus and producer (sum of upstream and downstream) surplus under YRPG’s
or Zuoli’s different types of contracts. There are three main findings. First, a minimum-
price RPM always hurts consumers, and a maximum-price RPM always benefits consumers.
The fixed-price RPM led by YRPG is close to a de facto maximum-price RPM, while Zuoli’s
is close to a minimum-price RPM. This is not surprising because the results indicate that
YRPG mainly uses RPM to contain prices to mitigate double markups, while Zuoli’s primary
incentive is to raise prices to achieve price coordination.

Second, I find that compared to the fixed-price RPM, YRPG’s maximum-price RPM

4"Note that when retailers compete with each other, this two-part tariff scheme may not be optimal for the
upstream manufacturer. Upstream would prefer to set a wholesale price that elicits the optimal retail price.
However, it serves as a benchmark for comparison.
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Figure 6: Welfare Effects of Maximum-, Minimum-, Fixed-price RPMs, and Two-Part Tariffs

Note: The counterfactual results are based on estimates from Column (6) of Table 3. The horizontal axis
denotes the changes in consumer surplus under different vertical contracts compared to the baseline (linear
contracts). The vertical axis denotes the changes in producer surplus (joint upstream profit plus downstream
profits). The grey region denotes a net loss in social surplus. Pink solid circles denote the effects of Zuoli-only
contracts, and blue hollow circle denotes the effects of YRPG-only contracts. The effect of Zuoli’s two-part
tariff is not shown because it is outside the plotting region (at (ACS=50, APS=-31)).

achieves a significantly 13% higher gain in consumer surplus. Zuoli’s minimum-price RPM
further decreases consumer surplus by 13%. The differences between fixed-price RPM and
one-sided RPM are due to non-binding constraints for some retailers. Also, fixed-price RPM
achieves higher joint producer surpluses than one-sided contracts, which explains why up-
stream firms prefer specifying downstream prices over imposing a one-sided constraint.
Lastly, the two-part tariff achieves the highest consumer and social surplus gains. The
intuition is that the specified two-part tariff eliminates double markups without raising con-
cerns about price coordination, which can be substantial given strong brand differentiation
and (relatively) smaller retailer differentiation in this industry. In YRPG’s case, the two-part
tariff would have increased consumer (social) surplus by 31% (8%) compared to a fixed-price
RPM. However, the joint producer gain is 50% lower. This explains why firms would prefer

RPM over non-linear contracts such as a two-part tariff.
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To sum up, contrary to the common wisdom, even in markets where firms adopt maximum
RPMs as effective retail price ceilings, there can be a substantial gap in consumer surplus
of maximum RPMs compared to a contract that solely eliminates double markups. This
is because RPM can further distort prices due to upstream price coordination incentives.
Therefore, despite the empirical evidence in this paper that shows RPM achieves net efficiency
gains, regulatory agencies may still want to promote the usage of non-linear contracts that do

not facilitate potential price coordination.

6 Conclusion

In this article, I empirically investigate an RPM case in the pharmaceutical industry. This
papers first contribution is to combine an anti-trust investigation with a novel dataset to
provide direct empirical evidence of how RPM affects market outcomes. I illustrate that
when retailers have market power and manufacturers have strong bargaining power along the
vertical relationship, RPM is mainly used by the upstream to eliminate double markups and
expand quantity to a more efficient level. T also offer suggestive evidence that RPM may
facilitate retailer price coordination.

The second contribution is to build an empirically tractable framework to disentangle
these two incentives, show how they interact with market fundamentals. I find that whether
RPM aligns with consumer interests depends on which incentives dominate, further depending
on whether the inefficiency of the market is from the lack of brand/retailer competition or
the conflicts of interests along the vertical chain. I offer a unified framework that incorpo-
rates flexible model primitives to evaluate the potential outcomes of RPM and other vertical
contracts, which can be applied in broader contexts.

The result also supports the current rule of reason approach to maximum-price and fixed-
price RPM in the U.S.. In June 2022, the Chinese legislature revised Article 14 of its antitrust
law to revoke RPM’s illegal per se status. The findings in this article offer a positive and

reassuring note on this policy revision.
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Supplemental Appendix

A Additional Institutional Background

A.1 Quotes from SAMR Investigation Documents
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Figure A.7: Quotes From Original Document (in Chinese)

Quote 1. (1) Ordering the party concerned (YRPG) to stop the illegal act. The
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parties should immediately and comprehensively revise the agreement, abolish fixed and fixed
price clauses, strengthen internal control, and must not interfere with the independent
pricing power of downstream retailers. (2) Impose a fine of 3% of the 2018 annual sales

volume on the party concerned, totaling RMB 764,007,948.

Quote 2. The RPM of the party concerned (YRPG) is carried out through a sale network
covering the whole country. The party (YRPG) has set up nine regional sales bureaus
(non-legal entities), which are responsible for the implementation of the

pricing strategy across the country and by region.

Quote 3. From 2015 to 2019, in order to control the behaviors of chain pharmacies and
other retail pharmacies, the party (YRPG) signed the “YRPG Strategic Service Agreement”,
“Online Sales Agreement”, and “Commercial In-depth Distribution Agreement” etc., with the
pharmacy chains and other retail pharmacies. The above agreement is a standard contract

between the parties, which includes fixed and limiting price-related content.

Quote 4. (1) In addition to reaching a fized price agreement with the retailers through
various agreements, the parties sometimes require the retailers to adjust the price of the drug
by issuing a price adjustment letter or price adjustment notice to reach a de facto
fized and fized price “agreement” with them. (2) The party (YRPG) also directly requests the
counterparty (retailers) to set or adjust the sales price of the drug in accordance with the
price policy of the party (YRPG) through their sales staff, using telephone notification,

WeChat notification, and direct door-to-door notification.

Quote 5. Some of the price adjustment letters mentioned above issued by the party (YTPG)
also included threats of cutting supply, cancellation of selling qualifications, etc. 92%
of the interviewed retailers admitted the existence and implementation of the RPM set by
YRPG.

Quote 6. According to the investigation, ..., the types of medicines that the party
concerned (YRPG) focused on firing and limiting prices were: Langin Oral
Liquid, Bailemian Capsules, Huangqi Jing, Tanglin (Epalrestat Tablets),
Suhuang Zhike Capsules, etc.

A.2 China’s Regulatory Approach toward RPM

As mentioned in the main text, the Chinese “prohibition plus exemptions” approach toward

RPM was close to the “per se illegal” approach in the U.S., as the exemptions were never
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applied in practice in SAMR-led anti-trust investigations. Table A.8 shows all notable RPM
cases (defined by fines > ¥30 million) from 2013 to 2023. Overall, SAMR investigations
focus on establishing the legal evidence of RPM conduct rather than the economic analysis

of the welfare consequences.

Table A.8: Notable RPM Cases

Case Investigation Industry Fine Types of RPM
Year (in million ¥)
Maotai and Wuliangye 2013 Alcohol 447 Minimum
Biostime and six companies 2014 Baby Formula 670 Fixed
FAW-Volkswagen 2014 Automobile 248 Fixed
Dongfeng-Nissan case 2015 Automobile 123 Fixed
Medtronic 2018 Medical Supply 118 Fixed
Bull 2021 Power sockets 249 Fixed
Yangtze River Pharma 2021 Pharmaceutical 764 Fixed
Straumann 2022 Medical Supply 34 Minimum

First, most investigations focused on the legal evidence rather than economics analysis due
to the “illegal per se” status of RPM.*® Second, SAMR usually uses the market shares of the
upstream brand to illustrate the brand’s dominant positions in the market. As discussed in
the main text, focusing solely on brand market share ignores downstream market structure
and vertical relations, which is problematic when we study vertical contracts. Third, because
of the lack of economic analysis, the expected illegal gains from RPM are unknown.
Therefore, the fine in all the cases is set based on the firm revenue (1%-7% of past-year
revenues and 2.7% on average.) In some cases, like YRPG, Maotai, and Biostime, only
manufacturers were fined, but in other cases, such as Nissan and FAW-Volkswagen, both

manufacturers and retailers were fined.

B Theory Appendix

B.1 Linear demand system

When I assume a linear demand system, I can obtain closed-form solutions to learn the

effects of RPM. For example, suppose that the (inverse) demand function of product j,

48Most cases did not discuss RPMs alleged anti-competitive effects. More recent reports (for example, Bull,
YRPG, and Straumann) mentioned potential anti-competitive effects (dampening intrabrand and interbrand
competition) but only touched upon them briefly and did offer evidence of price coordination or exclusion.
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defined as kr pair, follows a simple linear form (Dobson and Waterson, 2007):

Prkr = 1— (ri + qu,fr) - (qfk,r + 5(],]{7,7") 7Where 0 S ﬁ77 < L (16)

I can invert the indirect demand equation system to solve for the direct demand function.

The demand for brand k at retailer r is:

(1—=8)1 =) = prr + Bk~ + YDk — BYP—k—r
(1-5%)(1—-79% '

A nice feature of this demand function is that the diversion ratio is captured by parameters

ri(p) =

[ and . To see this, note that the within-brand inter-retailer diversion is defined as

Dy1,a2 = —% = —~, while the within-retailer inter-brand diversion is defined as
Daip1 = —% = — (. Therefore larger values of 8 and ~ imply greater substitutability.

For example, v takes a value of one when upstream firms are completely homogeneous, so
consumers view different brands as very close substitutes, and zero when upstream firms are
differentiated.

I can plug the demand into equation system (11) and (13) to obtain the equilibrium retail

and wholesale prices:

L l—n T(1—19)
2-y7(1-7)+(1=B)(1-7)
PRV 1=y
2—7
on—RPM T(1-8)(2+8)1—17)
@-B-P)2-m)+1-7)FE2+F- P
won RPM _ w"on—RPM _ |
p = —9_3 3

Based on the solutions, it is easy to prove the following three propositions:

Proposition 1. Final retail price changes induced by RPM (Ap = pftPM — pnon=RPM)
increase as 3 increases (‘%p >0). Further, Ap = > 0 when =1, Ap <0 when = 0.

RP]\[

<0

Proposition 2. Final retail prices under both regzmes decrease when 7y increases (

cmdapn+RPM<0) When v = 1, Ap = pRPM _ pron= RPM——l—l—ﬁSO.
Proposition 3. Final retail price changes induced by RPM (Ap = pRPM — pnen=RPM )
decreases as T increases (w <0). Further, Ap = % <0 when T =1,

Ap = % when 7 = 0. Note that sign(Ap) = sign(s — ) when T = 0.
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B.2 Discussion of the model solutions and implications

This subsection aims to provide some simulations on how RPM shapes market outcomes in

my model and how the predictions of my model change under different market conditions.

Retail pricing My model highlights two ways retail prices may differ under RPM versus
non-RPM regimes: an incentive to eliminate double markups and an incentive to mitigate
downstream competition. To begin with, I abstract away from the discussion of bargaining
parameters and fix wholesale prices to focus on the second-stage retail price setting.
Intuitively, when interbrand substitution is strong, or when different brands are more or less
homogeneous, the intense competition between two brands A and B limits each brand’s
upstream pricing power; thus the threat of downstream price coordination is minor. At the
same time, the gain from eliminating double markups can still be substantial, which drives
down the final retail prices. In contrast, when the intrabrand (cross-retailer) substitution is
strong, consumers view different retailers as close substitutes. Upstream manufacturers have
stronger incentives to use RPM to alleviate downstream competition. Without RPM,
downstream firms will fiercely undercut each other, eventually leading to fully competitive
prices close to marginal costs in the extreme. Under RPM, the upstream manufacturer can
intervene and prevent downstream retailers from pricing against each other, maintaining
higher prices. At the same time, double markups are a minor concern when retailers are
homogeneous because downstream firms cannot charge a high markup anyway (otherwise,
consumers switch to competing retailers). The intuition is confirmed in Figure B.8(a): retail
prices tend to increase under RPM when oy, is more significant (so upstream competition is

weak) or when o, is smaller (downstream competition is strong).

Wholesale pricing Wholesale prices are characterized by two key forces. First, the
passthrough channel is the effect of wholesale prices (w) on retail prices (p). Second, the
bargaining channel splits profits between upstream and downstream firms, since high w
indicates the high upstream margin (w — mc¥) and low downstream margins (p — w). In
non-RPM cases, both effects are active. From an upstream standpoint, raising w leads to
higher retail prices p, potentially reducing market shares and impacting the collective
profits. However, the high w can yield a larger upstream profit. In the presence of RPM, the

direct passthrough effect disappears while the bargaining effect persists. Thus, w no longer
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Figure B.8: Effects of RPM on Own and Rival Retail Prices

Note: Simulation based on mixed logit utility function u;; = d; +0(;) + 0ir(j) +€ij. Parameter values: K = 2
(# of brands), R = 6 (# of retailers), J = 12 (# of products), 7 = 0.5, so upstream and downstream have
the same bargaining power. a = —4,6;; = 1,04 = 0p * Vi, Oi(j) = Op * vi. v; and v, are drawn from
standard normal distributions (1000 times in the simulation), and I vary values of ¢, and oy in the simulation

exercise. Each color square represents a percentage change in retail price after Firm A adopts RPM, i.e.,
RPM non—RPM
Apa = pAanf‘mrM—. Warmer colors denote an increase in retail prices after RPM. Colder colors denote a
A

decrease in retail prices.

directly impacts p.** Consequently, given fixed negotiation parameters 7, upstream
manufacturers always have incentives to raise w compared to non-RPM cases. The intuition
is confirmed in the Appendix Figure B.9(a).

In addition, note that high wholesale prices align with a pronounced double-markup issue.
This double-markup issue emerges due to retailers failing to internalize the manufacturer’s
profit loss when setting retail prices. Such “uninternalized” profit is higher when wholesale
prices are higher. Therefore, when upstream bargaining power (7) rises, wholesale prices
increase, accentuating the double-markup issue.’® Conversely, with full downstream

negotiation power, or when 7 approaches zero, double markup vanishes (w = mck).

Rival brands Note that regardless of whether Firm A imposes an RPM contract, the
market structure for B1 and B2 does not change— Firm B still sells its brands to retailers

via linear contracts. Therefore, the spillover effects of RPM of rival brands in my model

494 still affect p indirectly through general equilibrium effects because rising w for RPM products can still
affect the downstream price p of RPM products by affecting the downstream price p of rival brands. In
practice, p,, is small but non-zero.

50The reason is that high values of 7 must increase upstream profits. The envelope theorem applied to the
upstream profit function shows that w has to increase.
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Figure B.9: Effects of RPM on Own and Rival Wholesale Prices
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Note: Simulation based on mixed logit utility function u;; = d; +0(;) + 0ir(j) +€ij. Parameter values: K = 2
(# of brands), R = 6 (# of retailers), J = 12 (# of products), 7 = 0.5, so upstream and downstream have
the same bargaining power. a = —4,8;; = 1,03(;) = 0p * V4, 04(j) = 0 * V. v; and vj are drawn from
standard normal distributions (1000 times in the simulation), and I vary values of ¢, and oy in the simulation

exercise. Each color square represents a percentage change in retail price after Firm A adopts RPM, i.e.:
RPM wnen— RPM

Awy = Tnf‘mq— Warmer color denotes an increase in retail prices after RPM. Colder color denotes
a decrease in Tetail prices.

come from strategic responses to price changes of products Al and A2.

The retail pricing behaviors of competing products in response to RPM are ambiguous. On
the one hand, considering the strategic complementarity of retail prices in the
Bertrand-Nash game, each manufacturer should adjust its price in the same direction as its
rivals. This is referred to as the retail competition effect. In particular, when brand A gains
a comparative advantage via eliminating double markups by an RPM contract, it also steals
business from rival brands, partially excluding rival brands.

However, as a brand A-RPM reduces each downstream retailer’s profit from selling product
A, the value added by including brand B (m({Al, A2, B1, B2}) — m({Al, A2, B2}))
becomes higher, thereby shifting bargaining leverage toward rival brands. This bargaining
leverage effect prompts negotiated wholesale prices, exerting upward pressure on the final
retail prices. The relative size of these two incentives will govern how pg moves. When RPM
increases the prices of RPM products, rival brands will unanimously increase prices since the
retailer competition and bargaining leverage effects are in the same direction. Otherwise, the
responses of rival brands can move in either direction under different parameterizations.

This is illustrated by the simulation Figure B.8(b). I observe a decrease in RPM retail prices
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but an increase in rival retail prices in some regions of the parameter space (for example,
when 0, = 8 and 0, = 1.6). That is because the bargaining leverage effects dominate the

market competition effects.

Welfare A full set of welfare results from the simulation analysis can be found in the
Appendix (Figure B.10 and B.11). The key insights are as follows. First, the welfare effect of
RPM is ex-ante ambiguous and determined by demand primitives and relative negotiation
power. RPM tends to be pro-competitive in a market with elastic interbrand substitution,
inelastic intrabrand substitution, and large upstream bargaining parameters. °' Second,
consumer surplus is closely tied to the retail prices of all products in the market, including
RPM products and rival products. Therefore, ignoring spillover effects on rival responses
will bias the welfare estimates. Lastly, there are winners and losers of RPM. While the
upstream manufacturers benefit from RPM contracts so long as they hold some bargaining
power, these gains often occur at the expense of downstream retailers, potentially also

hurting upstream rivals and consumers.

C Solution Algorithm

C.1 Derivation of Equilibrium Conditions

Price Derivatives From Equation (3), I can construct group share derivatives and
conditional share derivatives. The group share s, denotes the joint market share of all
products in the nest g, which is a R x J matrix, and the conditional share 5;, denotes the
conditional share of product j conditional on the nest g, which is a J x J matrix (Miller and
Weinberg, 2017).

S ik (1 — 8;) dF (3 if kisi t
054 / 0Sig JF(i /3 k(1 —38ig)dF (i) if kis in nest g
0% 90 /—Sigsikdp(i) if k is not in nest g

5! Another way to intuitively understand how market primitives determine the effects of RPM is to ask the
following question: when the price of a product increases, what proportion of consumers switches to other
brands at the same retailer, and what proportion goes to the same brands at other retailers? If the former
is stronger and the latter weaker, retailers are more differentiated than brands. Hence, RPM tends to be
pro-competitive and vice versa.
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T _ _ N e
/Esljg (]_ — Sij|g) dF(Z) lf] = k’
955 95ijlg 1
= dF —_— G§... G- 1 1 ) 1
35, / 95, (i) = / . Uswlgszklng(Z) if 7, k are both in nest g
\O if 7, k are in different nests

The first-order derivatives can be written elegantly into the following matrix, which is

computationally easy to construct:

Os; 0sij D53l 0554
dF (i i i dF
apk /apk a Sg+sj|ga ()

Similarly, the second-order derivatives can be written into a J x J x J high-dimensional

matrix. The (j, k,[) element takes the form:

0%sj / Sy ., O5ifly 05y 051y 05y 0Sig
OprOpi Oprdpr Opi Opx Opr. Opi Wl OprOpi
Passthrough I assume a sequential game, where choices of retail prices take wholesale
prices as given. In the negotiation stage, firms understand that wholesale prices will be
passed through to retail prices and affect the market shares and profits. Therefore, to solve
for the optimal wholesale prices, it is critical to get the passthrough matrix p,,. Solving for
Pw Tequires usage of the implicit function theorem on Equation (11) (retail price FOC) by
totally differentiating the retail price’s first-order conditions: p, = — (pw) " (p,) where
0=s+TP-Ax(p—me’)—TP-(1—1)-Axw—TP - A xmek. In order to get gy, I first
define a product-specific profit 7TJD = sj(p; — @/Jmc;? — (1 = ¥)w; — mcf), which is the retailer
profit created by the product j if 7 is not under RPM, and the channel profit created by j if
j is under RPM. Note that I define this product-specific retailer profit to avoid dealing with

the complicated ownership matrix in the elasticities. For simplicity, I additionally define
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pj — wmc§ — (1 = ¥)w; — mcf. Hence, product-specific price elasticities are given by:

( [Osy |, OmTOsy 4 Psy
- dF fi=k
O’} — Ipu +d3pl Ip; m Op;Opy (1) 3t J
Opipi Omj0sij | 4 OSij oo
ms§ dF(7) if k
L dpr Opy 1 OpOpy ( ) J#
/_%dF(l) if j =k, j=1,K(j) & Krpum
O*my afj
Oprdwr / ~ap AFD 11 # k. =1.KG) & Krea
0if K(j) € Krpu

\

The last step is to generate joint profit derivatives from the product-specific profit

derivatives. Apply this trick:

— 0?*mP
k) = TP (k,:) x (k1
o) = TP (k) x 2 (s )
— o?nb
w (k) = TP(k,: I (k1
pulhl) = TP () x5 2 (kD

Bargaining First Order Condition First, I show how to derive upstream markup mkX

in Equation (14) from first-order conditions of Equation (6):

(9Hk aﬂ'r
A ] =— 4+ (1 —7)[AII] =— = 0, 17
7_[ ]T(]aw]_F( 7—)[] k’]aw] ( )
om,
where <" can be written as:
awj
T, = Zsl (pr — w; — mey)
ledy
on, opy -~ 08
oo, sj+ ; (sl o + (pj — w; —mdc}) P,
= —s+TP.BPv 4 (TD-Zw) X (p—w—mc"),
a *
where BPv = slaﬁ, so BPY = pI' x s (p,, is the passthrough matrix previously defined) in
Wy
matrix form, and Z3j = ggl_ L4 = (A X pw)T in matrix form.
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oIl
Similarly, 8_k can be written in matrix form:
Wy

II, = Z S (wl — mcf)

ley

0s
= s;+ Z(wl — mcf)a—uj
1€y /
= s+ (TY-Z") x (w —mdc").

oIl

awj

Lastly, gains from trade can be written in matrix form:

S1 S92 — 821 ... S5 —S5j-1

51 — S1,-2 S92 R ) . .
(exclusion matrix),

9!
S
Il

§1 — S1,—5 S2 — 825 ... Sj

where s; _; = 5;(G) — s;(G\{k}) denotes the market share of j if k is excluded.

Then I can rewrite A;m, and AjII; into matrix form:

Ajm, = TP -SYx (p—w—mc")=T" - SY x mk"

AL, = TY-SY x (w—mc*) =T - SY x mk*

Plugging M 9me Az AT, into Equation (17) gets Equation (13):

L) L)
ow; ' Jw;

T-(TD-SUkar)-(s—I—(TU-Zw) kak)—|—

A —
(TV-SY xmk*) - (1—=7)- (=s+T"- B + (T" - Z*) x mk")

m-<

TAs+ [(TATYZ") + (1 — 7)ETVSY] x mk* =

-1
mk* = — {(ATUZ“’)+1_—TETUSU] As
T
1—17)= -
mk* = —{(TUZM)JF( TAT) TVSY| s
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C.2 Simulation Algorithm

There is no closed-form solution for equilibrium prices when the demand function follows the
nested logit (or random coefficient nested logit). I use the following two-step computational

program to solve for the fixed point {p, w}:

1. Outer loop: guess a vector of {w}:

(a) Solve for fixed points p(w) that satisfies the condition (with the trick to make

markup equation contraction mapping (Morrow and Skerlos, 2011)):
p(w) —w —me* < —(TP - A) s+ TP -4 A x (w— meX))

(b) Given p(w) and w, find w’ that satisfies the Nash-in-Nash first-order conditions:*

1

(1 _T):TUSU s

w' — mck « — (TUZw)—i- A

2. Update w’. Verify if ||w —w'|| < e. If so, the fixed points are found. Set w = w" and go

back to the first step otherwise.

52This wholesale price iteration is not necessarily a contraction mapping, and I do not prove the existence
or uniqueness of the equilibrium. In practice, I tried different initial values and confirmed that they converged
to the same equilibrium wholesale price vector.
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Figure B.10: Simulation: How Surpluses Change with respect to Model Primitives

Note: This figure plots how the consumer surplus and social surplus change in response to an A-only RPM
contract or an industry-wide RPM contract. Consistent with the theoretical results, RPM tends to be more
pro-competitive when the diversion ratio to products of the same brand products is low (low o}), the diversion
ratio to other products in the same retailers is high (high o, and when upstream negotiation power is higher
(high ).
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Figure B.11: Simulation: How Producer Profit Change with respect to Model Primitives

Note: This figure plots how the consumer surplus and firm A’s profits change in response to an A-only RPM
contract or an industry-wide RPM contract. Consistent with the theoretical results, upstream manufacturers
almost always benefit from RPM contracts, and downstream retailers always get hurt by RPM contracts unless
the upstream negotiation power 7 is very small (in which case, RPM contracts are most likely to be initiated

by downstream retailers).
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D Additional Tables and Figures

Table D.1: Descriptive Evidence on Pricing and Assortment Decisions

Panel A: Uniform Pricing

Retail Wholesale

Fixed Effects Price Price

R2:

Chain 0.718 0.808
(0.065) (0.053)

City 0.736 0.821

(0.624)  (0.529)

Panel B: Assortment Decision

Fixed Effects 1(Carry) 1(Carry)
R2:

firm-chain-time 0.138 0.171
firm-store-time 0.260 0.284
brand-chain-time 0.533 0.609
firm-chain 0.122 0.156
firm-store 0.190 0.235
brand-chain 0.480 0.563
brand-store 0.654 0.790

Note: Panel (A) reports the evidence of uniform pricing. The sample includes the products investigated in
this paper. The R? shows what proportion of store-specific retail and wholesale prices can be explained by
chain-uniform pricing. It comes from the regression: pj; = 7(;)¢ + €;¢, where p;; denotes price in store j that
belongs to chain ¢ at time t for a product. The R? are averaged over 25 products. Panel (B) reports the
carrying decisions of each product-store pair over time by estimating the likelihood that store ¢ carries product

j over different fixed effects n: 1(carry)ij: = n + €ij¢-
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Table D.2: Price Dispersion of “RPM” Products Increase after SAMR Investigation

Unweighted Weighted

(1) (2) (3) (4) (5) (6)
SD p75-p25  p90-p10 SD p75-p25  p90-pl10

Treatedxinterim  0.009  0.024%**  0.013 0.007  0.016%*  0.014
(0.006)  (0.008)  (0.013)  (0.006)  (0.007)  (0.013)
Treatedxpost  0.048%FF 0.060%%* 0.089%F* 0.040%F* 0.042FF*% (.074%**
(0.008)  (0.012)  (0.018)  (0.007)  (0.010)  (0.016)

Base level

YRPM 0.038 0.041 0.078 0.032 0.034 0.065
Ynon—RPM 0.11 0.122 0.21 0.099 0.105 0.192

Note: All dependent variables are normalized by the average level of price. The regression is at the city-
product-month level (N=130k), and the errors are clustered at the city level. I control for city-time and
city-product fixed effects. The base level reflects the dispersion of “RPM” and control products before the
investigation. Under all three types of measurements, within-city price dispersion of “RPM products” across

stores increases substantially after the investigation period. “Weighted” columns weight each observation of

retailer by the sale quantity. *** p<0.01, ** p<0.05, * p<0.1.

Table D.3: Price Dispersion of Competing Products after SAMR Investigation

Unweighted Weighted

(1) (2) (3) (4) (5) (6)
SD p75-p25 p90-pl0 SD p75-p25 p90-pl0
Treated xinterim -0.002  -0.004 -0.008 0.001 -0.002 -0.005
(0.002) (0.004)  (0.006)  (0.002) (0.004) (0.005)
Treated x post 0.003 -0.001 0.002 0.006*  -0.003 0.006
(0.004) (0.009) (0.011)  (0.003) (0.006)  (0.008)

Base level
Yrival 0.112 0.103 0.196 0.01 0.086 0.174
Ynon—RPM 0.11 0.122 0.21 0.099 0.105 0.192

Note: SD= —2<1)_ The regression is at the city-product-month level (N=160k), and the errors are clustered

mean(-) "

at the city level. I control for city-time and city-product fixed effects. The base level reflects the dispersion of
competing and control products before the investigation. Under all three types of measurements, within-city

price dispersion of competing products does not significantly change. *** p<0.01, ** p<0.05, * p<0.1.
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Table D.4: Frequencies of Downstream Price Adjustment of RPM Products Increase after
SAMR Investigation

Dependent: 1 (price adjustment)
|Apt/pr—1| > 5% |Apt/pe—1] > 10%
Variables (1) (2) (3) (4)

Treated xinterim  0.012*** 0.011*** 0.016*** 0.015%**
(0.002) (0.002) (0.002) (0.002)
Treated x post 0.032%**  0.032***  0.031*** (0.031***
(0.003) (0.003) (0.002) (0.002)
Pre-event mean 0.197 0.197 0.096 0.096
Storextime FE Yes Yes Yes Yes
Storexbrand FE Yes Yes

Note: The regression is at the store-product-month level (N=1.9 million), and the errors are clustered at the
store level. I control for store-time and store-brand fixed effects. In Columns (1) and (2), the dependent
variable equals one if the average price change is greater than 5% of the average price in the previous month.
In Columns (3) and (4), the dependent variable equals one if the price change is greater than 10%. Under
both measurements, pharmacy stores are three percentage points more likely to adjust the price for “RPM
products” after the investigation period. *** p<0.01, ** p<0.05, * p<0.1.
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Table D.5: Demand Estimates: Linear Parameters

(1) (2) (3) (4) (5)
All brands Zuoli YRPG Aodong Rongchang

Seasonality (base: ql)

q2 0.083  -0.014 -0.172 -0.101 -0.067
(0.046)  (0.065) (0.065) (0.057)  (0.082)
q3 0.155  -0.033 -0.231  -0.151 -0.194
(0.046)  (0.065) (0.065) (0.057)  (0.081)
¢4 0.047 0025 -0.071  -0.039 -0.039

(0.046) (0.065) (0.065)  (0.057) (0.081)
Region (base: northeast)

north -0.612 -0.220 -0.478  -0.435 -1.355
(0.057) (0.091) (0.082) (0.071) (0.085)
east -1.163 -1.240 -1.549  -1.159 -1.024
(0.060) (0.095) (0.083) (0.071) (0.106)
south -1.087 -0.917  -1.343  -1.650 -1.290
(0.073) (0.112)  (0.117)  (0.086) (0.219)
central -1.263 -1.146  -1.825  -0.984 -1.139
(0.062) (0.095) (0.086) (0.072) (0.107)
northwest -0.885 -0.899  -0.757  -0.625 -0.407
(0.077) (0.113) (0.112) (0.105) (0.130)
southwest -0.506 -1.244  -1.022  -0.789 -1.042
(0.084) (0.144) (0.106)  (0.100) (0.282)
home province 0.109 1.363 0.253 1.449 -0.262

(0.079)  (0.131) (0.162) (0.121)  (0.103)
Chain Size (base: independent)

national 0.717 0.791  1.274  0.731 0.895
(0.058)  (0.093) (0.094) (0.077)  (0.104)
regional 0.221 0.118  0.581  0.357 0.670

(0.035)  (0.050) (0.049) (0.044)  (0.060)

R? 0.035 0.094  0.141 0.118 0.165

Note: The estimates of product characteristics are constructed as projections on estimates of fixed
effects d;; from Column (6) of Table 3. Mean utility estimates for seasonality and regions are
constructed as projections of market-time fixed effects A\; onto corresponding characteristics after
controlling for price endogeneity. Similarly, mean utility estimates for chains are constructed from
brand-retailer fixed effects 1. Column (1) reports average effects across brands. I also report the
estimates by different brands in Columns (2)-(5). Standard errors are clustered at the market level.
The estimates align with expectations: consumers in colder regions (northern and northeast parts
of China) and in winter months (the first and last quarter) value sleep disorder drugs more. The
region preference is stronger than the quarter-of-year preferences, consistent with the fact that sleep
disorder drugs are maintenance drugs. Consumers also prefer brands produced by manufacturers
in the same region and prefer buying from chains.
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Table D.6: Counterfactual: YRPG-RPM, Zuoli-RPM, and Industry-Wide RPM

A from (1)
1) 2) 3) @) 5)
Non-RPM YRPG-RPM  Zuoli-RPM  Industry-RPM  (4)+ Collusion
Average retail price (¥/DDD)
PZuoli 3.57 -0.0001 0.22 0.23 0.24
PYRPG 4.53 -0.70 -0.01 -0.77 -0.59
PAodong 3.92 -0.0003 0.0002 -0.27 -0.25
PRongchang 4.42 -0.14 -0.003 -0.85 -0.42
Average wholesale price (¥/DDD)
W Zyoli 2.26 0.00 0.22 0.22 0.24
Wy RPG 3.30 0.09 0.002 0.07 0.25
W Aodong 2.73 0.01 0.001 0.17 0.18
WRongchang 3.18 0.01 0.002 0.001 0.39
Total quantity (mil. DDD)
4Zuoli 106 -0.01 -7.37 -7.69 -8.15
4y RPG 2 18.46 0.19 18.33 13.60
qAodong 148 -0.50 0.05 26.61 25.59
qRongchang 7 -0.76 -0.02 5.14 1.76
Producer surplus (mil. ¥)
U zuots 78 -0.01 14.70 14.56 15.93
Iy rpa 26 20.76 0.08 20.26 23.27
W Aodong 123 1.14 0.13 51.45 53.03
I rongchang 6 -0.35 0.00 3.66 5.39
>, T 357 -16.82 -9.36 -73.26 -77.85
Consumer surplus (mil. ¥) 10.42 -14.43 18.00 10.40
Social welfare (mil. ¥) 15.15 -8.88 34.67 30.17

Note: The counterfactual results are based on estimates from Column (6) of Table 3. Column (1) is based on
the 2022 second-half sample with 110 representative markets where the number of observed retailers is >50%
of total retailers. Columns (2)-(5) change the market structure and calculate market outcomes regarding retail
and wholesale prices, quantities, profits, and surpluses. Column (2) assumes that only YRPG adopts RPM.
Column (3) assumes that only Zuoli adopts RPM. Column (4) makes all four upstream brands participate in
RPM but not internalize each other’s profits. Column (5) additionally allows upstreams to internalize each
other’s profits, effectively making upstream a single monopolist.
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Figure D.1: Physical Appearance of Five “RPM” Products

Note: This figure shows images of the five investigated products. They are standard products on the shelf in

retail pharmacies.
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Figure D.2: Event study: market performance

Note: This figure plots the time-varying coefficient in Equation (2) for retail prices, wholesale prices (Plot a),
retailer margin (Plot b), retailer profits of selling RPM products (Plot ¢) and market shares (Plot d). The
first vertical dashed red line denotes the start of the investigation, and the second one denotes when the final

decision was released. The blue dashed lines denote 95 percent confidence intervals of estimated coefficients
based on city-clustered standard errors.
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Figure D.3: Event Study: Alternative Measures of Dispersion

Note: This figure plots the time-varying coefficient in Equation (2) for within-city dispersion measure by the
interquantile range and p90-p10. The first vertical dashed red line denotes the start of the investigation and
the second dashed line denotes when the final decision was released. The blue dashed lines denote 95 percent

confidence intervals around the estimated coefficients based on city-clustered standard errors. Price dispersion
increased substantially after the SAMR investigation.
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Figure D.4: Price Dispersion changes of each RPM product

Note: This figure plots the coefficients of (2) for within-city dispersion measured by the standard deviation
and the interquartile range. The bars denote 95 percent confidence intervals of the estimated coefficients based

on city-clustered standard errors. The price dispersion increased for all five RPM brands.
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Figure D.5: Market Performance of “RPM” Products After SAMR Investigation: by Product

Note: This figure plots the coefficients from a product-specific regression on equation (1). I observe widening
gap between retail prices and wholesale prices in four of the five products, consistent with the double markup

story as the main motivation for the RPM contract.
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Figure D.6: Diagram Representation of RPM

Note: This diagram shows how RPM contracts change the market structure in a 2 (brands) x 2 (retailers)
market. Arrows denote which party is in charge of setting which price. RPM gives the upstream manufacturer
to directly set downstream prices (fully as in the fixed price RPM) or partially (as in the one-sided RPM).
For instance, if Manu A adopts RPM, it directly controls downstream retail prices of products Al and A2.

Retail 1 only chooses the price for product B1.
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