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My dissertation consists of four chapters which address important questions in empirical in-

dustrial organization and platform economy.

Chapter 1 presents the joint work with Castiel Chen Zhuang 1 and Zhentong Lu 2. This chapter

studies the “Zero-Markup Drug Policy” (ZMDP) in China’s pharmaceutical industry. The main

motivation of the policy is to break the integration between drug prescription and dispensation so

that the known agency problem between physicians and patients can be alleviated. This chapter

estimates a structural model of China’s prescription drug market and quantifies the general equilib-

rium effects of the ZMDP on drug prices, patient welfare, firm profitability and market structure.

Our results suggest that: physicians’ prescription decisions are more sensitive to patients’ out-of-

pocket costs than hospitals’ drug markups, unless the coinsurance rate is above 35 percent; pricing

is mostly dominated by provincial governments that are assumed to represent the joint welfare of

patients and physicians; the ZMDP makes generic drugs relatively more favorable and thus more

profitable; while total sales is negatively affected by the ZMDP, overall patient welfare improves by

a sizable amount because of the lowered prices.

1Castiel Chen Zhuang is a Ph.D. student in the Department of Economics at the University of Washington. Email:
cczhuang@uw.edu.

2Zhentong Lu is a senior economist at the Bank of Canada. Email: zlu@bankofcanada.ca.



Chapter 2 is a joint work with Castiel Chen Zhuang, which was originally published in Eco-

nomics of Transition and Institutional Change [Huang and Zhuang, 2022]. This chapter tests the

famous theory by Acemoglu and Pischke [1998]. We estimate a structural model where labor qual-

ity can be affected by firm’s optimal training decision. We use the data of China’s manufacturing

enterprises in an era of privatization (2004-2007). Training increases both marginal labor product

and wages, but the productivity premium is larger due to the labour market rigidity, which explains

the voluntary provision of on-the-job training and supports the theory by Acemoglu and Pischke

[1998]. Our results also indicate that: state-controlled enterprises’ investment in training could

be both privately and socially efficient; unions play a positive role in facilitating training and in-

creasing workers’ bargaining power; female workers and low-educated workers have higher training

premium.

Chapter 3 is based on the joint work with Castiel Chen Zhuang and Saizi Xiao3, which has

been accepted by Applied Economics [Huang et al., 2022]. This chapter investigates how demand,

pricing and income distribution in digital platforms respond to the two-sided Covid-19 shock. We

focus on a live-streaming platform, where fans could send gifts to streamers. We resort to the

generalized quantile regression in Powell [2019] to quantify the unconditional quantile treatment

effects of Covid-19 on the virtual gifting. Our result suggests that the pandemic severity on the

fans side instead of the anchors side increases virtual gifting. Based on this result, our theoretical

model predicts that the platform would cross-subside the anchors. This prediction is consistent with

the reality, where the platform spent 1 billion RMB in subsiding anchors. Our estimation results

also suggest that Covid-19 leads to the de-polarization of the anchors’ gift income distribution,

while other researches find Covid-19 exacerbates income polarization. One possible explanation

to this puzzle is that the digital platform serves as the sanctuary and provides flexible working

opportunities for those relatively unlucky people.

Chapter 4 describes a joint work with Ying-Chin Chen 4 and Castiel Chen Zhuang . It provides

3Saizi Xiao is a research fellow at Malaysian Institute of Economic Research. Email: saizixiao@gmail.com.

4Ying-Chin Chen is a Ph.D. student in the Department of Economics at the University of Washington. Email:
ycchen62@uw.edu.



new evidence to a classical economics question: how would market competition affect product

variety? We propose a novel multi-task graph convolutional neural network approach to measure

market competition intensity. To get a clean identification of the treatment effect, we leverage a

natural experiment in a live-commerce platform: the account of a top live streamer with strong

market power was suspended by accident. Our results indicate that market competition increases

product variety, while retail prices are sticky and do not adjust to the exogenous competition shock.
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1

Chapter 1

EXAMINING THE ZERO-MARKUP DRUG POLICY IN CHINA: A
STRUCTURAL APPROACH

1.1 Introduction

Policymakers around the world have been regulating their pharmaceutical industries for decades

to lower drug prices and make health care more affordable, and China is not an exception. Since

2010, there have been a series of important regulatory changes in China’s pharmaceutical industry,

which affect the pricing decisions of firms and the drug choices of hospitals, physicians, and patients.

One influential reform is the “Zero-Markup Drug Policy” (ZMDP), which requires that hospitals

cannot profit from dispensing drugs. Although previous work has documented some aggregate

effects of the policy on equilibrium outcomes such as drug prices, little is known about the underlying

mechanism of how it works, e.g., how it changes physician choices, drug prices, firm profitability,

and consumer welfare. This paper tries to fill this void by first estimating a structural model

of China’s pharmaceutical industry and then quantifying the impacts on different parties in the

market using counterfactual simulations.

One important feature of the demand for drugs in China is that there is an “expert-client”

relationship such that a physician acts as a patient’s agent. This relationship naturally generates

agency problems because physicians concern both hospitals’ profit from selling drugs and patients’

welfare.1 Since the 1950s, due to the lack of funding, the Chinese government explicitly allowed

public hospitals to add a 15% markup to the wholesale prices of drugs when selling them to pa-

tients. Part of hospitals’ profit became physicians’ income. Consequently, Chinese physicians had

been taking hospitals’ drug markups into account when making drug choices for or with patients by

1The integration between drug prescription and dispensation has a long history in China, dating back to the Eastern
Han Dynasty. Inspired by Zhang Zhongjing (A.D. 150–219), Chinese physicians started to “sit” in the pharmacies
to provide services and name themselves after zuotangyi (on-site physicians). It cultivated the partnership of
physicians and drug sellers. Sometimes, physicians may even open pharmacies themselves, known as langzhong.
With the rapid transformation of the pharmaceutical and healthcare systems in Mao Era, on-site physicians flooded
in public hospitals and became their employees.
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deliberately prescribing more and expensive drugs. Although this agency problem was somewhat

restricted by the 15% markup itself and a direct price upper limit regulation, these pricing con-

straints are not stringent enough to eliminate “distortions” in physicians’ prescription decisions.

To mitigate this incentive problem, in 2015, China started the ZMDP in prefecture-level public

hospitals. This policy was then implemented nationwide in 2017. 2

Eliminating hospitals’ drug markups affects drug retail prices through three mechanisms. (1)

Direct effect: if wholesale prices are fixed, it would directly lower retail prices. (2) Dethronement

effect: it makes the expensive branded drugs less attractive than before (because of changes in

physicians’ incentive), which might decrease the market power of branded drugs and lower their

prices (either wholesale or retail); on the contrary, the market power of generic drugs will likely

increase, which leads to higher prices. (3) Push-out effect: removing markups also makes physicians

less likely to prescribe in general (such as encouraging patients to go on a healthy diet instead),

so the overall market power of prescription drugs decreases, which might lead to lower prices.

Through these mechanisms, the ZMDP is very likely to reduce the retail prices of branded drugs.

However, the overall impact on prices of generic drugs is ambiguous. The policy effects on retail

prices translate into those on manufactures’ profitability, patient welfare, etc., and quantifying these

different aspects is the main goal of this paper.

One difficulty is how to single out the effect of ZMDP from those of other policy changes that

happen around the same time and aim for the same objectives. To tackle this problem, we develop

a structural model of demand and supply of China’s pharmaceutical market that exploits some

institutional features and help us tease out the impact of ZMDP. This structural model will be

more sensitive to the ZMDP than to other policy changes. Using data on drug sales and observed

binding constraints on the prices of lipid-lowering drugs between 2012 and 2018, we first estimate the

structural parameters in the model and then simulate the counterfactual unregulated equilibrium

outcome in the absence of ZMDP. The comparison between the actual and counterfactual market

outcomes gives us a quantitative account of the impact of ZMDP.

Our first step is to estimate the demand for differentiated lipid-lowering drugs. We follow the

standard approach in empirical IO [Berry, 1994, Berry et al., 1995, Iizuka, 2007, Berry and Jia,

2The pilot reform was launched earlier for county-level or township hospitals. But due to the lack of detailed data,
in this research, we focus on prefecture-level public hospitals.
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2010], and set up a two-type mixed nested logit model of the joint preference of a physician-patient

pair based on observed drug characteristics, where the mixture captures the unobserved preference

heterogeneity due to our partial observation on whether a hospital is subject to the ZMDP. We find

that the estimated demand is strongly affected by hospital drug markups, implying that physicians

do not fully represent the patients’ interests. Also, physicians put more weight on patient welfare

than hospitals’ profits from drugs, as long as the coinsurance rate for drugs is low enough.

Once we have estimated demand and the implied substitution patterns, we explore the impact

of the ZMDP on retail prices in a setting where competing drug manufacturers simultaneously

negotiate with the provincial government about wholesale prices in a Nash bargaining game [Horn

and Wolinsky, 1988, Crawford and Yurukoglu, 2012, Grennan, 2013, Gowrisankaran et al., 2015, Ho

and Lee, 2017, Dubois et al., 2019a] given the observed constraints imposed by the regulator. The

model allows us to separately identify costs and bargaining parameters, the latter of which captures

how the provincial policymakers in China trade off between firm profits and patients’ welfare.

Finally, given the estimated parameters of preference, production cost, and bargaining power,

we can quantify how much the observed decline in China’s prescription drug prices can be explained

by ZMDP using counterfactual simulations. In particular, we calculate the new equilibrium prices

in a hypothetical scenario in which ZMDP did not happen. Then, conditional on all other policies

implemented in 2018, we can compare the counterfactual retail prices without the ZMDP and the

observed actual retail prices in 2018. The market shares, revenues, profits and social welfare under

our counterfactual scenario are also compared to the estimates under the actual situation.

Our results have a few implications. First, though the prescription choices of physicians can

be influenced by drug markups, physicians are more sensitive to patient’s medication costs than

hospitals’ profits from drug markups, as long as the coinsurance rate is lower than 35 percent.

Second, if we assume that the provincial government represents the consumer welfare, and simplify

the centralized drug procurement into a 1-to-1 bargaining process between each firm and the gov-

ernment, then the pricing equilibrium is mostly dominated by provincial governments due to their

strong bargaining power. Third, branded drugs are more preferred than generic drugs in China,

and the demand elasticity for generic drugs is about 23 percent more elastic than branded drugs

on average, suggesting a higher market power of the latter. Fourth, ZMDP makes generic drugs

relatively more favorable, and thus can increase their profitability. Lastly, overall drug demand are
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weakened by the ZMDP, but due to the reduced prices, overall patient welfare is improved by more

than 12 percent.

Our work is related to several strands of literature. First, it builds upon the broad research on

estimating demand for pharmaceuticals using various methods to estimate preferences for drugs and

substitution patterns, from the log-log models [Berndt et al., 1995] to the discrete choice models

such as logit [Berndt et al., 2003a], nested logit [Iizuka, 2007, Donohue and Berndt, 2013, Song

et al., 2017], and random coefficient logit [Björnerstedt and Verboven, 2016, Dubois and Lasio,

2018, Dubois et al., 2019a]. Also, it relates to the research on physicians’ agency problem. For

example, Ho and Pakes [2014] investigate the agency problem in physicians’ referral decisions, and

Lu [2014] studies physicians’ overprescription behaviours. Furthermore, the demand model in our

paper is similar to Iizuka [2007], which shows Japanese physicians’ prescription decisions respond

to drug markups when diagnoses and drug sales are vertically integrated. Moreover, it relates to

the empirical studies of double marginalization [Berto Villas-Boas, 2007, Bonnet and Dubois, 2010,

Gayle, 2013].

Our paper belongs to the literature on the program evaluation of China’s healthcare reforms

such as the ZMDP [Zhou et al., 2015, Yi et al., 2015, Fu et al., 2018], Samming model and “two in-

voices” system [Meng et al., 2019], and Shenzhen’s experiment with group purchasing organizations

[Yang et al., 2020]. These existing studies are either case studies using data from only a sample city

or are based on county-level hospitals. Case studies may fail to distinguish the effects of different

components of a systemic reform, while studies that focus on county-level hospitals leave the effects

in the cities unanswered. Our work fills the gap by evaluating the nationwide implementation of

ZMDP among public hospitals in China using a nationally representative sample.

Finally, we contribute to the discussion on how a drug procurement system affects market

outcomes. Baldi and Vannoni [2017] use the data on tender prices of selected drugs for hospital

usage provided by 52 Italian local health service providers during 2009–2012 and find that central-

ized procurers pay lower prices than decentralized units, conditional on measures of institutional

quality, corruption, and some other covariates. Duggan and Scott Morton [2006] study the effects

of government drug procurement using the data on Medicaid prescription drug purchasing, and find

that a set fraction of the average price paid by non-Medicaid consumers can not only increase the

overall prices but also lead to the introduction of new products that are free of the Medicaid price
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regulation and thus more expensive. In this paper, we investigate the role that centralized procure-

ment plays in lowering the prescription drug prices. Different from Duggan and Scott Morton [2006]

, we focus on China’s basic medical insurance that covers more than 95% of its population. Similar

to Baldi and Vannoni [2017], we are also able to compare a centralized system with a decentralized

system, through replacing the Nash bargaining between the government and firms by the Bertrand

competition among firms.

The remainder of the paper is organized as follows. Section 1.2 describes the empirical setting,

including the prescription drug market in China, the incentive problem, the regulatory efforts to

solve the problem, the recent policy changes, the data used, and a reduced-form evidence of price

drop. In Section 1.3, we present the structural model of the demand and supply for each market,

as well as the identification and estimation strategy. Section 1.4 presents the estimation results

of the structural model. In Section 1.5, we then provide the counterfactual price equilibrium and

profitability calculations in the absence ZMDP in 2018, and then calculate the welfare change for

patients. Finally, we conclude in Section 1.6.

1.2 Background and Data

1.2.1 Drug procurement reform in China

In 2009, the Chinese government formally initiated a nationwide centralized drug procurement

(henceforth CDP) scheme after 9 years of development and experiment in 4 provinces since 2000.

The scheme is outlined in two documents released in 2010, namely Notice on the Issuance of the

Centralized Drug Procurement in Health Facilities [Ministry of Health, 2010] and State Council

Office’s Notice on Establishing and Standardizing Essential Drug Procurement in Government-

sponsored Primary Health Facilities [State Council’s General Office, 2010]. The new policy required

that all public healthcare institutions could procure drugs only via their provincial governments’

CDP platforms.

The procurement procedure can be described as follows. First, each hospital takes physicians’

advice into account and submits a proposal of drug demand. Then, the provincial government

evaluates those proposals and approves a list of drugs to participate in the procurement process.

Finally, drug suppliers (e.g., manufacturers, domestic agencies of foreign pharmaceutical companies)
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compete on the drugs they would like to provide via a rather complicated bidding process.3 The

bidding process is not a standard scoring auction and the specific rules are different across provinces.

Without detailed information, it’s hard to exactly model this process. So in our empirical analysis,

we proceed with a parsimonious model of bargaining between the governments and drug suppliers

on drug prices a la Dubois et al. [2019a,b]. After December 2018, the procurement process is

changed/enhanced,4 and so the data in 2019 are only used to generate summary statistics but not

for estimating the structural model.

The major players in the CDP scheme, who are the subjects of our research, are included in

Figure 1.1. As mentioned in Ministry of Health [2010], the bargaining should be between pharma-

ceutical companies and provincial governments. Renegotiation between pharmaceutical companies

and hospitals is prohibited.

1.2.2 The ZMDP and price regulations

We briefly summarize the major regulatory policy changes that may affect drug prices during

2014-2018 in Table 1.1. The key policy change during this period is the ZMDP, which was imple-

mented only among prefecture-level public hospitals in May 2015 and later extended to all public

hospitals nationwide in September 2017.

To explain the implications of the price regulations on the retail price of a drug, let us denote

pW as a wholesale price, which is the same for all hospitals in the same province and is decided by

the bargain between the firm and the provincial government. Let pR denote the retail price of the

drug at the hospital. Before April 2014, the regulations require that:

pR − pW

pW
≤ 15% and pR ≤ pHighest, (1.1)

where pHighest is the price cap imposed by the provincial government (may be different across

3For example, one popular bidding framework is the so-called “two envelope” bidding, in which drug suppliers are
required to submit prices in one envelope (termed a price envelope) and the information of their drugs (such as
indications) and suppliers (such as reputation) in another envelope (termed a quality envelope). The government
then groups suppliers according to their proposals. Next, for each group, the government does a quality screening
and chooses qualified candidates based on the quality envelope. Within each group, if there are only a few candidates
(e.g., two), the government would directly negotiate with them, otherwise the government may simply choose several
low bids (not necessarily the lowest one) as the winning suppliers.

4Joint procurement was carried out by “4+7” large cities in December 2018 and then by 27 provinces in September
2019.
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Figure 1.1: Basic structure of China’s drug market (at provincial level)
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Table 1.1: Major policy changes between 2014 and 2018

Time Description

Apr 2014⋄ Remove the retail price caps for Lovastatin, Fenofibrate, Gemfibrozil, Xuezhi-

ang, and Zhibituo.

May 2015* Initiate the ZMDP among prefecture-level public hospitals (start of the phase-

in period).

Jun 2015⋄ Remove retail price caps for all other lipid-lowering drugs.

2015–2017 Based on State Council’s General Office [2015], the revenue from drugs should

be no more than 30% of the total medical revenues in the urban public hospitals

by 2017.

2016–2018 Encourage local governments to experiment with joint procurement. For ex-

ample, Shanghai and Shenzhen experimented with some Group Purchasing

Organizations (GPOs) in 2016; Beijing, Tianjin, and Hebei united in the pro-

curement of medical supplies in 2017.

Mar 2016 Launch the Generic Consistency Evaluation (GCE) program to test the quality

and efficacy of generic drugs. The deadline for chemical drugs that entered be-

fore October 2007 was set to December 2018 but then it was canceled/extended.

2017–2018 Based on State Council’s Healthcare Reform Committee [2016], a “two in-

voices” system should be phased in among publicly owned medical institutions

and implemented nationwide by 2018.

Sep 2017* Zero hospital drug markup for all public hospitals.

Dec 2018 “4+7” large cities joint procurement of Atorvastatin and Rosuvastatin. Win-

ners take 60%–70% public hospital market shares in those cities.
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provinces). We can rewrite (1.1) as

pR ≤ min{pHighest, 1.15pW }. (1.2)

After June 2015, the price cap is removed, so we simply have pR ≤ 1.15pW . Finally, it is replaced

by pR = pW since 2017Q4.

1.2.3 Data and descriptive statistics

We obtain quarterly data between 2012Q1 and 2019Q3 from the Pharmaceutical DataBase

(PDB) on revenues and quantities of the prescription drugs in China’s “national drug catalog”5

treating hyperlipidemia in the sample hospitals. The sample covers around 700 hospitals in 24

provinces of China. Among these hospitals, about 79% are tertiary and about 20% are secondary.6

In the raw data, the same drug can come with different forms (e.g., tablets and capsules) and

sizes (e.g., 5mg and 10mg). We aggregate drug products (defined by a molecule-firm pair) with the

same name but with multiple forms and sizes by “standard unit“, the recommended daily dose of

a given molecule produced by a given firm.7 We obtain aggregate sales of different drug products

at the province-quarter (defined as a “market” later) level, and then compute quarterly wholesale

prices as the ratio of total revenue to total quantity in standard units. Retail prices are not directly

observed from the data. We calculate them by assuming that the price constraint (1.2) is binding.8

Drug characteristics (including standard units, indications, contraindications, and side effects)

are manually collected from the package inserts provided by yaozh.com and various sources (most

of which are publicly available). Information on price caps are from yaozh.com as well. Firm

characteristics (such as the time a firm was first allowed to produce each drug in China, and the

time each firm was certified by GSP for distribution) are obtained from menet.com.cn. We also

manually collect the county-level minimum wages facing each manufacturer each quarter from the

policy documents posted by local governments. Table 1.2 lists all of these variables.

5The “national drug catalog” is designed for the basic medical insurance, work-related injury insurance, and
maternity insurance.

6Very few hospitals are either lower-level or not classed and thus are negligible. For more details, visit http:

//pdb.pharmadl.com.

7We treat firms that share the same parent company as one firm.

8That is, we assume that the hospitals set the highest possible retail prices, as hospitals typically add a 15% drug
markup when they can. Anecdotal evidence suggests that this assumption almost certainly hold in reality.

yaozh.com
yaozh.com
menet.com.cn
http://pdb.pharmadl.com
http://pdb.pharmadl.com
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Table 1.2: Definitions of main variables

Variable Definition

Drug characteristics

Dose Amount (mg) of drug taken at one time

Frequency How often each drug is taken every day

Standard unit Daily dose = dose × frequency

# of indications Number of indications

# of contraindications Number of situations in which the drug should not be used with another drug

(termed a drug contraindication) or by a patient (termed a patient contraindi-

cation)

Chinese Dummy = 1 if the drug contains Chinese herbal medicine ingredients

Old Statins Dummy = 1 for the first / second generation of Statins

New Statins Dummy = 1 for the third generation of Statins

Fibrates Dummy = 1 if the drug belongs to Fibrates

Niacin Dummy = 1 if the drug belongs to Niacin

# of forms Number of drug forms by each firm

# of sizes Number of drug sizes by each firm

Firm characteristics

First generic drug Dummy = 1 if the drug is the first generic drug available in China

Branded Dummy = 1 if the drug is branded

Time from entry Number of quarters from entry in Chinese market

Foreign Dummy = 1 if the firm is foreign-invested

Cost shifters

Min wage Minimum hourly wage of the county in which the manufacturer is located

Imported Dummy = 1 if the drug is imported

GSP Dummy = 1 if the firm has the GSP certification for distribution

Policy shocks

Pilot rate The proportion of cities in a province that pilot the systemic public hospital

reform

Start GCE Dummy = 1 if the firm has started the generic consistency evaluation

Market performance

Retail price Price charged by each hospital per standard unit

Wholesale price Procurement price per standard unit

Hospital markup Difference between retail price and wholesale price

Market share The ratio of the sales volume of a firm/drug to the total market sales volume
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We present the average wholesale prices in Figure 1.2 for some best-selling drugs, i.e., Ator-

vastatin, followed by Simvastatin, Rosuvastatin, and Fluvastatin since 2012. As shown, each of the

best-selling prescription drugs treating hyperlipidemia experienced a modest decline in price before

2017Q3 and a drastic decline in price after the nationwide implementation of the ZMDP.

Figure 1.2: Average prices of top-selling lipid-lowering drugs in China

Finally, the summary statistics of drug characteristics and other variables used in this paper

are shown in Table 1.3. Patient-day unit retail prices vary across molecules, but it is 3.67–3.70 CNY

on average before ZMDP pilot kicked in (roughly speaking 1 CNY equaled $0.16 during 2012–2014).

Physicians/hospitals in turn earned 0.43–0.46 CNY on average per patient-day (or 157–168 CNY

per patient-year) by prescribing a lipid-lowering drug. Starting from 2017Q4, physicians could not
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Table 1.3: Summary statistics

Obs. Mean St. Dev. Min Max

Price and markup (CNY)

(2012Q1–2014Q4)

Retail price 10,178 3.70 2.74 0.06 14.94

Hospital markup 10,178 0.46 0.36 -5.07 1.95

(2015Q1–2017Q3)

Non-pilot retail price 8,944 3.79 2.81 0.04 19.47

Non-pilot hospital markup 8,944 0.49 0.36 -0.19 2.54

Pilot retail price 8,944 3.30 2.45 0.03 16.93

Pilot hospital markup 8,944 0 0 0 0

(2017Q4–2018Q4)

Retail price 4,025 3.28 2.49 0.12 14.4

Hospital markup 4,025 0 0 0 0

Product and firm features

# of indications 23,147 3.05 0.97 1 4

# of contraindications 23,147 5.31 1.71 2 7

First generic drug 23,147 0.22 0.42 0 1

Branded 23,147 0.25 0.43 0 1

Time from entry 23,147 48.97 20.16 4 138

Foreign 23,147 0.28 0.45 0 1

Chinese 23,147 0.06 0.24 0 1

Old Statins 23,147 0.43 0.49 0 1

New Statins 23,147 0.28 0.45 0 1

Fibrates 23,147 0.19 0.39 0 1

Niacin 23,147 0.04 0.19 0 1

Cost shifters

Min wage 23,147 18.71 13.61 6 80.39

Imported 23,147 0.22 0.42 0 1

GSP 23,147 0.72 0.45 0 1

Policy shocks

Pilot rate 23,147 0.41 0.40 0 1

Start GCE 23,147 0.02 0.15 0 1

Note: Please refer to Table 1.2 for variable definitions.
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earn such profits directly from dispensing drugs anymore. According to the number of quarters

from first entry, we learn that some drugs are relatively new while some are quite old. And most

of the drugs entered the Chinese market before our sample period.

1.2.4 Reduced-form analysis of price and quantity

As listed in Table 1.1, there are several regulatory changes that might affect demand or supply

of lipid-lowering drugs in China during the period of study. Before showing how we structurally

identify and estimate the impact of ZMDP on prices, demand, and profitability, we run reduced-

form regressions of wholesale price and quantity over the three implementation phases of the ZMDP:

pre-reform (2012–2014), partial reform (2015–2017Q3), and post-reform (2017Q4–2018) periods.

Admittedly, we do not intend to explore any causal relationship with the reduced-form regressions

as we may not completely rule out the effects of the “two invoices” system, GCE program, local joint

procurement attempts, restricted revenue composition (e.g., revenues from drugs should account for

less than 30 percent of total hospital revenues), and other regulations that were phased in during

the same period of time. Nevertheless, the reduce-form regressions portray the trends of price and

quantity over the three policy periods.

To make the price and quantity comparisons across different phases of the ZMDP meaningful,

we control for the firm and drug fixed effects, and other characteristics of the drug products. We

also try our best to control for measures of policy shocks that are uneven to different markets and

firms in each quarter. Table 1.4 reports the results of the fixed-effect regression of the log wholesale

price and quantity of drugs on the reform phase dummies and drug characteristics. When we control

for the fixed effects, we see an evident price drop following the implementation of the ZMDP. In

the first column, we can also see that branded drugs and those with more indications are more

expensive; drugs with more contraindications are cheaper; older generic drug tends to have a lower

price. Other policy shocks are also associated with lower wholesale prices. In the second column,

we notice that the zero-markup drug policy was associated with lower quantity as well, seemingly

indicating the “push-out” effect.9

This reduced-form evidence seems to confirm that vertical separation was associated with lower

9The results are similar when we jointly estimate both equations.
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Table 1.4: Fixed-effect regressions of log wholesale price and quantity

(1) (2)

log price log quantity

2012–2014 (pre-reform) (reference group)

2015–2017Q3 (partial reform) -0.042∗∗∗ -0.197∗∗∗

(0.005) (0.027)

2017Q4–2018 (post-reform) -0.074∗∗∗ -0.246∗∗∗

(0.007) (0.037)

# of indications 0.461∗∗∗ 1.848∗∗∗

(0.090) (0.466)

# of patient contraindications -0.239∗∗∗ 0.685∗∗∗

(0.035) (0.178)

# of drug contraindications -0.684∗∗∗ -0.460∗

(0.054) (0.278)

First generic drug -0.083∗∗∗ 0.681∗∗∗

(0.020) (0.103)

Branded 0.075∗∗ 3.209∗∗∗

(0.035) (0.182)

Pilot rate -0.033∗∗∗ 0.936∗∗∗

(0.006) (0.033)

Start GCE -0.220∗∗∗ 0.512∗∗∗

(0.016) (0.083)

Firm fixed effect Yes Yes

Molecule fixed effect Yes Yes

Observations 23,147 23,147

R2 0.551 0.394

Notes: (1) Standard errors in parentheses under each coefficient. (2) Dependent variables are the natural log of

wholesale price in CNY, and the natural log of quantity in ”standard unit”. (3) Data for China in 2012–2018. (4)

***, **, * denote significance level at 1%, 5%, and 10%, respectively.
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prices, conditional on other environmental changes being modest. Our structural estimation will

allow us to interpret those results, test whether observed price changes are due to demand or

supply conditions, and separate the effect of the ZMDP from other regulations and environmental

changes. As a result, we can tell how much of the price drop can be explained by vertical separation.

Moreover, our structural approach will allow us to perform simulations of counterfactual policies.

1.3 Model

In this section, we set up an empirical model of demand, supply and market equilibrium in the

Chinese lipid-lowering drug market (focusing on hospital pharmacies).

1.3.1 Demand side

Given our data, we define a market as a province-quarter pair and label it by t = 1, ..., T .

Each market t consists a set of competing products, labeled by j = 1, ..., Jt, which are defined as

molecule-firm pairs.

A patient and her physician jointly decide on which drug product to buy and use. So we model

the joint preference of a patient-physician pair, labeled by i, using a standard nested-logit random

utility model, i.e., the utility that i obtains from choosing product j is

Uijt = Xjtθ1 + ξjt︸ ︷︷ ︸
≡δjt

−αPijt + γMijt + ζigt(λ) + (1− λ)εijt, (1.3)

where

• δjt represents the mean utility, in which Xjt is a vector of observed product or market char-

acteristics, including molecule dummies, the proportion of public hospital reform pilot cities

in market t (to control for reform intensity), the indicator for the start of GCE process, and

a constant term, and ξjt is an unobserved product-market level demand shock;

• Pijt and Mijt are the retail price and (hospital) markup that patient-physician i faces for

drug product j in market t, and α is the dis-utility of price and γ measures the severity of

the expert agency problem [Iizuka, 2007];
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• Depending on whether the hospital associated with i is subject to the ZMDP, Pijt and Mijt

differ across i’s: Pijt = pWjt and Mijt = 0 if i is subject to the ZMDP and Pijt = pRjt and

Mijt = mjt otherwise;10 also, for the partial ZMDP periods, we do not observe whether i

is subject to the ZMDP, so Pijt and Mijt become unobserved heterogeneity and we shall

estimate the fraction of i’s that are not subject to the ZMDP as a parameter ϕ ∈ [0, 1];

• ζigt is a random variable that is common to all products in nest g, whose distribution depends

on λ. λ ∈ [0, 1) is the “nesting parameter” capturing the within-group correlation between

choices. Larger λ means nests matter more. εijt is an i.i.d. idiosyncratic preference shock

following the standard Type I extreme value distribution. In our empirical analysis, a group

g is defined by a molecule and there are 17 of them (0 for outside goods, and 1–16 for the 16

molecules in Table A.1 except Jiaogulan).

Each decision maker i in market t maximizes her utility by choosing the best option in Jt.

Given nested-specification, the choice probability that i chooses j in t can be written as

σj (δt, Pit,Mit) =
exp

(
δjt−αPijt+γMijt

1−λ

)
∑

j∈g exp
(
δjt−αPijt+γMijt

1−λ

)
︸ ︷︷ ︸

within-group share

(∑
j∈g exp

(
δjt−αPijt+γMijt

1−λ

))1−λ

∑
g∈Gt

(∑
j∈g exp

(
δjt−αPijt+γMijt

1−λ

))1−λ

︸ ︷︷ ︸
group share

. (1.4)

Thus we can obtain the aggregate market share E [σj (δt, Pit,Mit)] by integrating out the hetero-

geneous Pit and Mit. For the pre-2015 periods, all the i’s are not subject to ZMDP and thus

E [σj (δt, Pit,Mit)] = σj
(
δt, p

R
t ,Mijt

)
. (1.5)

Also, between 2015Q1 and 2017Q3 (partial implementation of ZMDP), whether each i is subject

to the ZMDP is an unobserved heterogeneity and thus

E [σj (δt, Pit,Mit)] = ϕσj
(
δt, p

R
t ,Mijt

)
+ (1− ϕ)σj

(
δt, p

W
t , 0

)
. (1.6)

Finally, after 2017Q3 (full implementation of ZMDP), the market share equation is

E [σj (δt, Pit,Mit)] = σj
(
δt, p

W
t , 0

)
. (1.7)

10The variation in pHighest across markets will ensure non-colinearity between pR and the markup m, which will
help us identify how the retail price and hospital drug markup affect the utility of consumers separately.
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With the above specified market share function, we can write the demand system as

sjt = σ̄jt (δt; θ2) , ∀j, t (1.8)

where sjt is the observed market share of j in t, σ̄jt (δt; θ2) ≡ E [σj (δt, Pit,Mit)], and θ2 =

(θ1, α, γ, λ, ϕ).

To estimate the model, we invert the demand systems11, (1.5), (1.6) and (1.7), to obtain

Xjtθ1 + ξjt = σ̄−1
jt (st; θ2) (1.9)

and assume the following identification condition

E
[
Zd
jtξjt

]
= 0, (1.10)

where Zd
jt is a vector of exogenous variables, including arguably exogenous product characteristics,

cost shifters (“Min wage” and “Imported” in Table 1.2) and BLP-type IVs: (1) the number of drugs

and the sum of characteristics for other drugs sharing the same molecular class at market t (the

crowdedness of the product space), and (2) the number of drugs and the sum of characteristics for

other drugs sold by the same firm at market t (the ownership pattern).

Based on the moment condition (1.10), We estimate the demand model using GMM. Standard

errors of the estimates are calculated according to the formulas provided in section A.1.

1.3.2 Supply side

As discussed earlier, the wholesale price of a drug is determined jointly by its pharmaceutical

company and the local government, which typically have distinct objective functions. In particular,

we assume that pharmaceutical firms try to maximize their profits while governments concern the

welfare of patients and physicians, following the literrature convention [Crawford and Yurukoglu,

2012, Grennan, 2013, Gowrisankaran et al., 2015, Ho and Lee, 2017, Dubois et al., 2019a]. This is a

parsimonious characterization of the trade-offs facing policymakers, who should balance producer

profits against consumer welfare.

11We solve the following contraction mapping and obtain ξjt, whose validity has been proven by Iizuka [2007] and
Berry and Jia [2010]:

δMjt = δM−1
jt + (1− λ)

{
ln sjt − ln sjt(δ

M−1
jt , θ2)

}
where M is the iteration number.
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To capture the clear conflict of interests between firms and governments, we model the de-

termination of wholesale prices of drugs using a simultaneous “Nash-in-Nash” bargaining model

[Dubois et al., 2019a], in which each drug’s wholesale price is negotiated bilaterally between its

firm and a local government given the equilibrium prices of other bargain pairs. Following Dubois

et al. [2019a], we assume that bargaining takes place at product-by-product level.

In each market t, the profit function of a firm supplying a set of products Ft is

ΠFt,t

(
pW
t

)
= Nt

∑
j∈Ft

(
pWjt − cjt

)
σ̄jt (δt; θ2) (1.11)

where Nt is the market size of t. Note that we can write the profit function as a function of

wholesale price only (given everything else) because the retail price is a fixed function of wholesale

price (recall the discussion in Section 1.2.2).

For a given market t, the welfare is defined as the sum of the expected patient-physician joint

utility produced by each drug available in market [Small and Rosen, 1981],

Λt

(
pW
t

)
= NtE

ln
∑

g∈Gt

∑
j∈g

exp

{
δjt − αPijt + γMijt

1− λ

}1−λ

 (1.12)

where the expectation is taken with respect to the heterogeneity in Pit and Mit.

In each market t, the equilibrium prices solve the Nash-in-Nash bargaining problem

max
pWjt

{[
ΠFt,t

(
pW
t

)
−ΠFt\{j},t

(
pW
t

)]ρj [
ΛJt,t

(
pW
t

)
− ΛJt\{j},t

(
pW
t

)]1−ρj
}
, ∀j (1.13)

where ρj ∈ [0, 1] represents the relative bargaining power of the firm in the bargaining of product

j’s price. The firm’s objective is the change in profit generated by offering drug j in market t. The

government’s objective is the change in consumer welfare generated by the presence of drug j in

market t. Note that we have assumed the bargaining power parameter of a product does not vary

across markets. It’s different from Dubois et al. [2019a], who studied seven countries while we only

focus on China.

The first order condition of product j in market t is

cjt = pWjt +
1

∂ ln σ̄jt (δt; θ2)

∂pWjt︸ ︷︷ ︸
Demand semi-elasticity

+
1−ρj
ρj

∂ ln ΛJ ,t

(
pW
t

)
∂pWjt︸ ︷︷ ︸

Welfare semi-elasticity

. (1.14)
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Note that (1.14) collapses to the first order condition of standard Bertrand-Nash equilibrium when

ρj equals to 1, i.e., when government’s preference is not taken into account.

Next, we parameterize the marginal cost as follows:

cjt =
(
Zs
jt

)′
β + ωjt, (1.15)

where Zs
jt includes a constant, the three cost shifters from Table 1.2, duration since entry, molecule

and province-year dummies. Combining (1.14) and (1.15), we estimate the β and (ρ1, ..., ρJ) based

on the least square criteria, i.e.,

min
β∈Rkβ ,(ρ1,...,ρJ )∈[0,1]J

∑
j,t

ω2
jt. (1.16)

Given that β enters the first order condition linearly, We simplify the optimization problem by

concentrating out β in close-form

ω̃jt (ρj) =

[
1−

(
Zs
jt

)′ [
Zs
jt

(
Zs
jt

)′]−1
Zs
jt

]
c̃jt (ρj) , (1.17)

where

c̃jt (ρj) ≡ pWjt +
1

∂ ln σ̄jt(δt;θ2)

∂pWjt
+

1−ρj
ρj

∂ ln ΛJ ,t(pW
t )

∂pWjt

. (1.18)

Then we solve the simplified optimization problem

min
(ρ1,...,ρJ )∈[0,1]J

∑
j,t

[ω̃jt (ρj)]
2 . (1.19)

1.4 Estimation results

1.4.1 Demand estimation results

Demand estimation results are reported in Table 1.5. We can see that the physicians care

both patients’ and hospitals’ interests, since the coefficients on retail price and hospital markup are

significant. To make sense of the estimated coefficients, we illustrate how physicians trade off the

markup and patients’ out-of-pocket cost via a simple example. Suppose that patients on average

pay 20% of the cost of medication. Since the coefficient of hospital drug markup is approximately

2.89 times of that (absolute value) of retail price, a patient-physician pair is willing to give up 1
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dollar of markup for a reduction of drug price (to a patient) by 58 cents (≈ 2.89 × 0.2). That

is, a patient-physician puts a greater weight on patient welfare than hospital profit (derived from

drug) unless the coinsurance rate is higher than 35%. This finding resembles Iizuka [2007]’s results

on Japanese market, where Japanese physicians are willing to give up 1 dollar if patient’s cost is

reduced by 28 cents, suggesting that the agency problem of physicians in Japan might be lighter

than China.

Other parameters in Table 1.5 also provide some interesting insights. For example, the number

of indications significantly increases the demand, and branded drugs are also favored over generic

ones. First mover advantage appears to exist in China’s prescription drug market as the first

generic drug marketed in China in its molecular class has a significantly higher demand. There is

an upward trend in the demand for lipid-lowering drugs after entry, but the growth rate drops a

little over time. Molecule dummies suggest that the demand for Statins is usually larger than drugs

of other therapeutic class, except for Probucol. Public hospital reform seems to negatively impact

the market share, while the generic consistency evaluation program may increase the market share

(although not significant, probably due to a small sample issue because it’s relatively new).

From the estimated demand model, we calculate the price elasticities and summarize them in

Table 1.6 and Table 1.7. First, the mean own-price elasticity across products and markets in China

in 2018 is -2.84 and ranges from -3.44 to -1.68 across markets. As expected, generics are more

elastic than branded drugs (-2.98 versus -2.42), suggesting that even in 2018, after ZMDP is fully

implemented, the branded drugs generally have higher market power in China. To see how the price

elasticities change over time, Table 1.6 and Table 1.7 also report own- and cross-price elasticities for

the main lipid-lowering drugs in China from 2012 to 2018. Own-price elasticity tends to be lower for

both branded and generic drugs. Also, lipid-lowering drugs becomes less substitutable as indicated

by lowering magnitudes of cross-price elasticities. These drugs are more substitutable within a

molecular class (e.g., Atorvastatin produced by Pfizer versus Jialin, or Rosuvastatin produced by

AstraZeneca versus Lunan) than between branded and generic groups.

The decreasing price sensitivity might seem a bit surprising given that retail prices are also

decreasing, because standard oligopoly theory tells us that they should be inversely related. How-

ever, recall that the overall demand becomes much weaker (less prescriptions from physicians) after

ZMDP so the market become more competitive, which explains the decreasing price.
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Table 1.5: Demand estimation results

Coef. St. Err.

# of indications 5.085∗∗∗ 0.519

# of patient contraindications -0.188∗ 0.102

# of drug contraindications -2.266∗∗∗ 0.260

First generic drug 0.251∗∗∗ 0.057

Branded 1.148∗∗∗ 0.063

Time from entry 0.034∗∗∗ 0.007

(Time from entry)2 -0.000∗∗∗ 0.000

Pilot rate -0.042∗∗∗ 0.012

Start GCE 0.176 0.240

α 0.439∗∗∗ 0.080

γ 1.268∗∗∗ 0.264

λ 0.668∗∗∗ 0.005

ϕ 0.796∗ 0.440

Constant -14.63∗∗∗ 1.100

Molecule dummies

(Reference: Acipimox, Rosuvastatin, Simvastatin, Xuezhikang)

Atorvastatin 0.146 0.151

Bezafibrate -5.784∗∗∗ 0.347

Ezetimibe -0.161 0.236

Fenofibrate -7.855∗∗∗ 0.618

Fluvastatin 0.617∗∗∗ 0.210

Gemfibrozil -11.991∗∗∗ 0.987

Inositol Nicotinate -2.270 1.601

Lovastatin -2.384∗∗∗ 0.321

Pitavastatin 1.904∗∗∗ 0.361

Pravastatin 2.082∗∗∗ 0.282

Probucol 6.436∗∗∗ 0.572

Zhibituo -0.854∗∗∗ 0.258

Observations 23,147

Objective function value 0.140

Notes: (1) ***, **, * denote significance level at 1%, 5%, and 10%, respectively. (2) See Table 1.2 for

variable definitions. (3) α measures the disutility of price, γ measures physician’s marginal utility from

drug markup (or the severity of expert agency problem) if there is any, λ is the nesting parameter, and

ϕ measures the average proportion of type 1 consumers between 2015Q1 and 2017Q3.
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Table 1.8 shows that since 2015 the total revenue of all drugs keeps decreasing, which could be

attributed to the push-out effect. Also, the total revenue of top 10% generic drugs is increasing in

the meantime, which may be due to the dethronement effect (i.e., the market power of top generic

drugs is increasing).

1.4.2 Supply side estimation

Figure 1.3: Distribution of bargaining parameters

We first present our estimates of bargaining power parameters ρj in Figure 1.3. It’s not surpris-

ing to see that most firms/products have lower bargaining power than the provincial governments

(indicated by ρj < 0.5), and only a small fraction of firms/products show higher bargaining power

than the government.

To show the goodness of fit of the bargaining model, we predict the wholesale prices using

our estimated marginal cost function cjpt(ρj), following Pakes [2017] and Wollmann [2018]. The

predicted prices and actual prices are largely centering around a 45-degree line. The linear regression
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of actual prices on predicted prices without a constant gives a coefficient of 0.998, which is almost

1.

Figure 1.4: Predicted prices versus actual prices

We also look at the predicted price index and compare it with the actual one (like the one

in Table A.2). As shown by Figure 1.5, predicted price index is rather close to (although slightly

lower than) the actual one and captures the general declining trend over time.

Using our estimated demand parameters, bargaining power parameters, and pricing equilib-

rium, we can then estimate total revenue and profit of each market. Before showing the total

revenues and total profits, we provide the distribution of estimated margins of each product in

2018 in Figure 1.6 and Figure 1.7. The average profit per each standard unit across products and

markets (i.e., each observation is weighted by the corresponding amount of standard units sold) in

2018 is 0.63 CNY, ranging from nearly 0 to 2.15 CNY. Profit margin, or price-cost margin (also

known as the Lerner index), is 0.27 on average, and most products exhibit a relatively low market

power.

We noticed that branded drugs typically have a higher price-cost margin than generic drugs.12

12Price-cost margin is defined as the difference between wholesale price and marginal cost as a fraction of wholesale



26

Figure 1.5: Predicted price index versus the actual one

As pointed out by Dubois and Lasio [2018], it is known in the industry that generic firms have lower

marginal costs. Our calculations suggest that, in 2018, the (weighted) average cost of a standard

unit of generic drugs is 2.48 CNY, compared to 2.91 CNY for branded drugs. The prices of generic

drugs, however, are much lower than branded drugs (2.79 versus 3.69), suggesting lower margins of

generic drugs.

We summarize the average revenue and profit per market in Table 1.9. In an average market,

branded drugs take up the majority (61 percent) of the market share, and the top 10 percent best

selling branded products account for 83 percent of the branded market share, indicating high market

concentration. The total manufacture revenue of an average market (defined by a season-province

pair) in 2018 is 2.46 billion CNY, and the total manufacture profit of a market is 0.45 billion CNY.

Due to higher market shares and higher prices, branded drugs are more lucrative. The average

revenue of all branded drugs is 110 percent higher than that of all generic drugs, while total profit

is 321 percent higher.

price. Weighted averages are 0.28 versus 0.19.
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Figure 1.6: Estimated profit per standard unit in 2018

Figure 1.7: Lerner index in 2018
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Table 1.8: Revenue per market in 2012-2018 (China)

Year All firms Bottom 90% Top 10 %

2012

All drugs 24.62 6.17 18.45

Branded 18.11 2.48 15.63

Generic 6.51 3.69 2.82

2013

All drugs 25.20 6.02 19.18

Branded 18.44 2.43 16.01

Generic 6.76 3.59 3.17

2014

All drugs 25.42 5.72 19.70

Branded 18.55 2.24 16.31

Generic 6.87 3.48 3.39

2015

All drugs 25.31 5.89 19.42

Branded 17.60 2.17 15.43

Generic 8.05 4.06 3.99

2016

All drugs 25.33 6.18 19.15

Branded 17.28 2.28 15.00

Generic 8.05 3.9 4.15

2017

All drugs 25.03 5.87 19.16

Branded 17.09 2.28 14.81

Generic 7.94 3.59 4.35

2018

All drugs 24.59 5.70 18.89

Branded 16.67 2.25 14.41

Generic 7.92 3.44 4.48

Notes: (1) Market is defined by a specific quarter of a year in a province in China. (2) Revenue is sample

estimation, which is just 20-30% of the real-world values. (3) Revenue is in 100 million CNY.



29

Table 1.9: Market Share, Revenue and Profit per market in 2018 (China)

All firms Bottom 90% Top 10 %

Market share (%)

All drugs 38.99 11.97 27.02

Branded 23.73 3.93 19.80

Generic 15.26 8.04 7.22

Revenue

All drugs 24.59 5.70 18.89

Branded 16.67 2.25 14.41

Generic 7.92 3.44 4.48

Profit

All drugs 4.47 0.87 3.60

Branded 3.61 0.27 3.34

Generic 0.86 0.60 0.26

Notes: (1) Market is defined by a specific quarter of a year in a province in China. (2) Revenue and profit

are in 100 million CNY.

1.5 Counterfactual: quantifying the effects of ZMDP

In this section, we examine how profit and consumer surplus were affected by ZMDP that breaks

the integration between prescribing and dispensing drugs [Iizuka, 2007]. To avoid the complication

of price caps that were in place during the transition periods, we conduct the counterfactual simu-

lation based on on the data of the post-reform era, i.e., 2018. Specifically, we assume the absence of

ZMDP such that pre-reform hospital markup, i.e., 15 percent of wholesale price, is restored. Then,

we calculate counterfactual equilibrium prices, market shares, profits, etc., using the estimates and

data of 2018 . 13

Figure 1.8 compares the counterfactual retail prices to the actual prices, showing that the

distribution of counterfactual prices shifts to the right, i.e., if the 15% hospital drug markup still

existed, the average retail price would be higher. The profit from selling a standard unit of lipid

lowering drug (defined by the difference between the retail price and the marginal cost) is shown

13We solve for new equilibrium prices using firms’ first-order conditions. A fixed point algorithm was used to solve
the system with a numerical tolerance level smaller than 10−6.
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Figure 1.8: Counterfactual versus actual retail prices in 2018

in Figure 1.9. Again, it is clear that hospital drug markup would generate higher profits.

Based on the counterfactual market equilibrium, we calculate the implied market shares, rev-

enues, and profits that are summarized in Table 1.10. The share of an average market could expand

to nearly 51 percent of the hyperlipidemia population with the hypothetical 15 percent hospital

drug markup in 2018. Compared to the estimates in Table 1.9, branded drugs could experience

a much larger increase in market share, and become even more concentrated; this again suggests

that, without ZMDP, top selling branded drugs are more preferred by physicians.

Comparing to actual data, the total revenue under the counterfactual scenario goes up by 37.5

percent, and the total profit increases by 8 percent. Generic drugs would lose some profit if ZMDP

were removed in 2018. This is consistent with our conjecture – without the drug markup, the

dethronement effect should lead to a higher relative market power of generic drugs compared to the

branded drugs. Note that this result is also consistent with the estimated revenues in Table 1.8.

Finally, we measure the changes in patients’ welfare due to the counterfactual drug markup. This

is done by assuming that the utility function fully represents patients’ preference (so γ is fixed at
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Table 1.10: Counterfactual share, profit, revenue, and surplus per market (2018)

All firms Bottom 90% Top 10 %

Market share (%)

All drugs 50.58 13.52 37.06

Branded 34.57 4.69 29.88

Generic 16.01 8.83 7.18

Revenue

All drugs 33.81 7.53 26.28

Branded 24.29 2.93 21.36

Generic 9.52 4.61 4.92

Profit

All drugs 4.83 0.82 4.01

Branded 4.09 0.26 3.83

Generic 0.74 0.56 0.18

Patient surplus change -12.24%

Notes: (1) We use 2018 product attributes for all counterfactual exercises. The counterfactuals assume

that there is a 15% drug markup just like 2012-2014. (2) Other cautions are in Table 1.9. (3) Revenue and

profit are in 100 million CNY.



32

Figure 1.9: Counterfactual versus actual industry profit per unit in 2018

0). Our calculation suggests that, patient’s welfare would drop by 12.24 percent if there were a 15

percent hospital drug markup. This results suggest that the ZMDP is overall beneficial to patients.

1.6 Concluding remarks

In this paper, we develop a structural model of China’s prescription drug market to investi-

gate the impact of the ZMDP. Using the data from PDB and various sources (e.g., menet, yaozh,

package inserts, policy documents, etc.) on wholesale transactions of lipid-lowering drugs in a

sample of hospitals during 2012–2018, we first estimate a mixed nested-logit demand model that

accommodates the consumer heterogeneity due to zero-markup drug policy pilot programs. The

demand estimation suggests that lipid-lowering drugs are highly differentiated. Brand-name drugs

are preferred to their generic versions, which is in line with the literature. Moreover, physicians’

prescription decisions are affected by the hospital markups, although they care more about patient

welfare and choose drugs that have less out-of-pocket costs, unless coinsurance rate is high.

Under the assumption that prices are set according to Nash bargaining between each firm
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and the corresponding provincial government in China, we separately identify costs and bargaining

parameters, the latter of which can be interpreted as the degree to which the government leaders

choose to trade off between firm profits and immediate consumer welfare. Results suggest that

most policymakers value consumer welfare more, and thus firms typically have a bargaining power

parameter that is less than 0.5.

We then perform a counterfactual analysis by removing the ZMDP in 2018 and then quantify

its impact on firms’ profitability and patients’ welfare. Our calculations indicate that, ZMDP leads

to an increase in patients’ welfare by about 12 percent. Moreover, ZMDP benefits generic drugs

more than branded ones and make the branded drugs less concentrated. Overall, this counterfactual

exercise confirms that ZMDP largely achieves its policy goal of reducing drug prices and increasing

patients’ welfare.

Finally, we close our paper by mentioning some caveats and limitations of our work left for

future research. First, our results are based on a static model and does not include dynamic

considerations, such as investment, entry and exit, etc., so they only reflect a short-term evaluation

of the policy effects. Also, we only focus on lipid-lowering drugs in a selected sample of hospitals

in this paper, a more comprehensive investigation that covers more hospitals and types of drugs

would be helpful to understand ZMDP to a greater extent.
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Chapter 2

TRAINING, PRODUCTIVITY, AND WAGES: AN INVESTIGATION
OFCHINAS MANUFACTURING ENTERPRISES IN A PRIVATIZATION

ERA

2.1 Introduction

The accumulation of human capital is generally believed to be the driver of economic growth,

especially in developing and transition economies. As a result, economists have studied human

capital investment intensively. However, most scholars focus on the school system and emphasize

the importance of education attainment, but work-related training provided by firms is less explored

in the literature due to at least two reasons: (i) the limited availability of detailed firm-level data,

and (ii) the potential bias in econometric estimation due to the unobserved firm heterogeneity and

the endogeneity problems [Konings and Vanormelingen, 2015, Liu and Lu, 2016]. Three important

questions waiting for more discussions in the context of economic transition are: (i) is on-the-job

training important in increasing productivity, (ii) would training increase labor costs, and (iii) why

would firms provide training to their workers voluntarily? Our paper tries to address all three of

them amid a massive privatization of labor market.

We begin with jointly investigating the first two questions. According to Becker [1964]’s human

capital theory, wages can be a proxy for productivity, and education or training can increase

both.1 However, according to the theory of “compensating wage differentials” conceived by Adam

Smith, training can be a “pleasant” characteristic of a job and compensate for lower wages.2 As a

result, it’s theoretically unclear whether training can increase wages or not. Furthermore, training

may be a signaling tool (of firms to attract workers) in the labor market and is not necessarily

productive. Thus, whether training can increase productivity is an empirical question. Empirical

1In a perfect and complete labor market where laborers flow freely, if education or training can increase labor
productivity and if worker contribution is only rewarded by wages, firms have to raise wages to attract/keep better
educated or trained employees.

2Both theory and empirical studies suggest that an increase in minimum wages can lead to lower on-the-job
training [Hashimoto, 1982, Ho and Lee, 2017]. That is, training and wages can be complementary.
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studies typically are limited to using industry-level data [Conti, 2005, Dearden et al., 2006] and

mostly are done in developed countries [Konings and Vanormelingen, 2015]. In developing countries,

there are quite few empirical studies of the two questions using firm-level data. To the best of our

knowledge, this is among the first few attempts to use a large firm-level data of a transition economy

to estimate the productivity and wage effects of training.

Then, our answer to the third question is related to the first two. Acemoglu and Pischke

[1998] suggest that it is exactly the positive gap between the increasing rate of productivity and

that of wages (costs) brought by employee training (i.e., a positive training premium) that gives

firms a motivation to offer training. In most countries, employee training is not mandated by the

government and it’s up to the firms to decide whether and how to invest in training. Therefore,

it’s important to verify and understand this incentive.

This paper contributes to the literature in a few ways. First, we provide a new perspective

of economic transition—the transition of training decisions of firms. We explain why privatization

can raise productivity, as suggested by Brown et al. [2006] and Estrin et al. [2009], by investigating

the relationship between productivity, wages and training amid a massive privatization of labor

market. Our results suggest that, the gap between productivity and wage increases could be widen

by training amid privatization, and can incentivize firms to further invest in the human capital,

which in turn can raise productivity more. The combination of the research of training and the

transition context can generate new insights and policy implications.

Second, China is an interesting case for the research of training and economic transition. China,

as one of the largest and fastest-growing developing countries, has been experiencing massive and

rapid changes since its market reforms. According to the World Bank, China’s average annual GDP

growth rate from 1978 to 2018 is 9.5%. In the early 1990s, the Chinese central government started

to introduce far-ranging reforms into the state-owned sector, transforming the stated-owned enter-

prises into corporations. In 1998, the government started to “grasp the large and let go the small”,

and according to our data (see Table B1), it is proven successful. The number of state-controlled

manufacturing enterprises fell by over a half within just 5 years after its initiation. In the 2003

Third Plenum, the Chinese government started to call for “putting people first” and “establishing

a human capabilities-based perspective on growth”. In the eleventh “5-year plan”, the Chinese

government again emphasized that “accelerating the development of education was the basic path
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to convert the enormous pressure of population in China into the comparative advantage of abun-

dant human resources”. As suggested by Fleisher et al. [2005], China experienced a slow increase

in returns to schooling during transition, compared to Central and Eastern European countries and

Russia.3 Thus, it would be interesting to know how training contributed to productivity and if

there was any return to training amid China’s transition. As argued by Liu and Lu [2016], since

the Chinese education (especially professional education) system was not that effective and qual-

ified skilled workers were unabundant, training was expected to play critical roles in the process

of China’s structural change. However, it is surprising that there is little research on its effects in

China, and we will complement the literature by doing so. The lesson from China can be applicable

to other transition economies and developing countries.

Third, we modify the most recent production function estimation framework by Ackerberg

et al. [2015] to estimate the effect of training and total factor productivity (TFP) jointly in a single

structural equation, which is a novel and efficient way of studying the effect of training. The only

significant work similar to ours is Konings and Vanormelingen [2015]. In the previous literature,

most studies adopt a two-step procedure by estimating TFP first and then study the effect of

training on TFP such as Liu and Lu [2016]. In our estimation, we deal with the endogeneity

of training by using intermediate goods (raw materials) as a proxy for time-varying firm-specific

productivity shocks, and we introduce heterogeneity into the structural model, which can help us

further understand how the relationship varies with context and population of interest.

Last but not least, we contribute to the literature by using a large firm-level data set with

nearly a million observations (compared to most existing studies that used industry-level data with

only a thousand observations). The scalability of firm-level data enables us to get more accurate

estimations.

The remaining of the paper is structured as follows. Section 2.2 briefly introduces the empirical

framework of the paper. Section 2.3 discusses the identification strategy and estimation procedures.

Sections 2.4 and 2.5 describe data and discuss results, respectively. Section 2.6 concludes the paper

with policy implications.

3For example, Münich et al. [2005] found drastic increases in returns to education in the Czech Republic.
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2.2 Empirical Framework

To estimate the impacts of training on productivity and wages simultaneously, we adopt Heller-

stein et al. [1999]’s framework that has been widely applied to compare returns to characteristics of

workers such as gender and race on both productivity and wages. We extend this framework a la

Konings and Vanormelingen [2015] by allowing for continuous labor characteristics. The following

subsections briefly outline the empirical model, as well as the endogeneity and heterogeneity issues.

2.2.1 Training Affects Marginal Product of Labor

Following Konings and Vanormelingen [2015], we assume a Cobb-Douglas production function

for firm i in period t:

Yit = AitL̂
βl
itK

βk
it e

µit (2.1)

where Yit is the total output of firm i in period t, L̂it represents the effective labor endowment, Kit

is capital endowment, Ait is the total factor productivity (TFP) that represents technical efficiency

and assumed to be predictable (or even observed) by firms when they make input decisions, µit

represents shocks to productivity or production that are not predictable by firms. Note that, both

Ait and µit are not directly observed by econometricians.

Workers are assumed to be distinguished by their skill level, and it enters the effective labor

input as in a Mincer [1974] wage equation, then as proven by Konings and Vanormelingen [2015],

L̂it satisfies:

ln(L̂it) = ln(Lit) + ϕTCit + uit (2.2)

where Lit is the number of employees, Cit is the average training cost (represents intensity), ϕT is

the percentage increase in marginal product of labor brought by training, and uit represents the

“unobserved” labor quality (e.g., health conditions, inter-personal skills, etc)—this is assumed to

be partially predictable (or observed) by firms (e.g., during a job interview the firm can observe

a candidate’s inter-personal skills), but not observed by econometricians. Thus, the term “unob-

served” is from the perspective of a researcher instead of a firm. To proceed with estimation, we
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take the natural logs of (1) (and use lowercases to denote logs), plugging in equation (2) to get the

following estimation equation:

yit = β0 + βllit + βlϕTCit + βkkit + ρit + µit (2.3)

where ρit includes both the technological progress term Ait and the unobserved labor quality term

uit:

ρit = log(Ait) + βluit := f−1
t (mit, lit, cit, kit) (2.4)

Following Konings and Vanormelingen [2015], we assume ρit is a monotonically increasing

inverse material demand function. We assume labor input, capital and training to be set before

the choice of material input. The main parameter of interest in (3) is ϕT , which reflects the effect

of training on labor productivity (termed “training productivity effect”).

2.2.2 Training Affects Average Wages

As proven by Konings and Vanormelingen [2015], under this framework, the average wage paid

by firm i in period t has the following form:

ln(Wit) = ln(W0) + λTCit + αρρit (2.5)

where W0 refers to the average “base” wage level. We are interested in the parameter λT , which

measures how wages change in response to training. Note that, wages are affected by unobserved

labor quality, and αρ represents the return to the labor quality. We can rewrite (5) as:

wit = w0 + λTCit + αρρit (2.6)

Similar to Hellerstein et al. [1999], we add industry (indexed by j) and year specific effects to

the estimation equation as well as observed firm characteristics Xit such as the capital-labor ratio

and an additive i.i.d. error term ϵit:

wit = w0 + λTCit +Xitγ + αρρit + χj + χt + ϵit (2.7)
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2.2.3 Endogeneity and Heterogeneity

Due to the fact that the components ρ (technological progress and labor quality) in (3) and (6)

are predictable by firms but not observed by econometricians, and the fact that the firm’s profit-

maximizing choice variables (e.g., training) can correlate with these components, we cannot apply

OLS directly to obtain consistent estimates of the parameters. If we apply OLS by ignoring those

unobserved components, they will enter the error term and render the estimates of productivity and

wage effects inconsistent. Such endogeneity issue is dicussed as early as Marschak and Andrews Jr.

[1944] in the literature. We will show how we can obtain consistent estimates for the parameters

using a control function approach in Section 2.3.

To address heterogeneity across firms (for example, to see how the effects vary by firm own-

ership, union representation, etc.), we estimate (3) and (6) simultaneously in subgroups of firms

separately. To exploit the heterogeneous effects within a firm (termed “worker heterogeneity”), we

decompose the effects based on the proportions of different types of workers. For example, training

can affect male and female workers differently. If we assume that training resources are distributed

evenly across different genders within a firm,4 the effects can be decomposed using the following

formulae:

ϕT = ϕT, type 1 × ratio of type 1 + ϕT, type 2 × ratio of type 2

λT = λT, type 1 × ratio of type 1 + λT, type 2 × ratio of type 2

Similarly, we can decompose the effects based on education and professional levels of workers within

a firm. Potential bias will be discussed in the result section.

2.3 Estimation

Identifying the differential effect of training on both productivity and wages requires consistent

estimation of ϕT = βlϕT
βl

in (3) and λT in (6). In this section, we describe how we are able to do so

by estimating a production function using the procedure of Ackerberg et al. [2015] (ACF in short).

The key identification challenge is ρit, which represents a firm’s TFP and labor quality. To

control for this, we rely on a few assumptions. First, we assume that the capital stock satisfies a

4If more training resources are allocated to male workers, then the effects on female workers will be underestimated.
We will take into account this potential bias when discussing our results.
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dynamic investment process. That is, investment in period t− 1 becomes capital stock in period t.

Then, we assume ρit to follow a first order Markov process, which is standard in the literature:

ρit = E[ρit|Ii,t−1] + ξit = E[ρit|ρi,t−1] + ξit = g(ρi,t−1) + ξit (2.8)

where Ii,t−1 refers to all the information a firm can have access to in period t − 1, and ξit reflects

the changes of technical progress and labor quality that will affect the firm’s choices in period t.

According to the Markov process, a firm’s expected ρit in period t only depends on information

in period t − 1 and before. As kit is pre-determined in period t − 1, it can be supposed that

E[ξit|kit] = 0. Third, similar to Konings and Vanormelingen [2015], we further assume E[ξit|lit] = 0

and E[ξit|cit] = 0. That is, recruitment and training plans are decided when firms made financial

budget in period t− 1. If there is any labor/training adjustment within period t, we assume that it

happens before intermediate goods are purchased. Our estimation of the production function can

then be divided into the following two stages.

In the first stage, we rely on the firm’s demand for raw materials (intermediate goods) in period

t, which according to the assumptions above can be expressed as a function of the firm’s TFP and

unobserved labor quality, capital stock, labor input, and training cost in period t. Variables in

previous periods (e.g., t− 1) have no influence on the demand for raw materials. That is to say:

mit = ft(ρit, lit, cit, kit) (2.9)

If mit is a monotonic and increasing function of ρit, conditional on capital, labor and training,

we can then invert the demand function to express ρit as:

ρit = f−1
t (mit, lit, cit, kit) (2.10)

Combining Equations (9) and (3), we can get:

yit = β0 + βllit + βlϕT cit + βkkit + f−1
t (mit, lit, cit, kit) + µit (2.11)

In this stage we cannot identify all coefficients, since lit, cit and kit are included in the inverse

function f−1(·) as well. Nevertheless, the level of the whole Equation (10) can be estimated non-

parametrically. We will use cubic polynomials of mit, lit, cit and kit. By the end of the first stage,

we obtain an estimate of:

Θit = yit − µit = βllit + βlϕT cit + βkkit + ρit (2.12)
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Notice that, if we have an estimate of Θit, then ρit can be estimated given the estimates of

coefficients in Equation (11), i.e.,

ρit(βl, βK , ϕT ) = Θit − (βllit + βlϕT cit + βkkit) (2.13)

Therefore, in the second stage, we choose a set of candidate coefficient vectors (β̃l, β̃K , ϕ̃T )

and get ρ̃it using Equation (12). According to Equation (7), we can regress ρ̃it on ρ̃i,t−1 to obtain

estimates of ξ̃it. At the same time, we evaluate the sample analogue of the moment conditions

following Equation (7):

1

T

1

N
ΣtΣiξ̃it


kit

lit

cit

 = 0 (2.14)

After non-linear search using a computer, we can obtain the GMM estimators (β̂l,β̂K ,ϕ̂T ), and

hence ρ̂it. This completes the estimation of the production function.

After estimating the production function based on the above ACF procedure, We can then

use the estimates in Equation (3) to help with the consistent estimation of Equation (6), in which

we’re interested in the effect of training on wages, λT .

wit = w0 + λT cit +Xitγ + γρρ̂it + χj + χt + ϵit (2.15)

where ρ̂it is estimated from production Equation (3). If ρ̂it includes factors other than labor quality,

then the estimated λT can be upward biased. We will discuss the potential impact on interpreting

the results and thus our conclusions.

To confirm whether ϕ̂T is significantly larger than λ̂T in terms of their value, the standard error

of each coefficient is calculated by applying block bootstrap. We also do a Chow test to investigate

if there is heterogeneity in ϕ̂T − λ̂T .

2.4 Data Source and Descriptive Statistics

To answer our research question, we resort to the Chinese Industrial Enterprises Database

(CIED). Although the database spans from 1998 to 2013 (see Table B1), information about training

is only available in 2004–2007, which happens to be the privatization period we are interested in.
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This database has been exploited by well-known scholars such as Hsieh and Klenow [2009], Song

et al. [2011], and Brandt et al. [2017]. The CIED is constructed by China’s National Bureau of

Statistics and the data sources are mainly the annual or quarterly reports submitted to local bureau

of statistics. The database contains all industrial enterprises that are “large-scale”5 and non-state-

owned or state-owned. In the database, about 90% of the enterprises are manufacturing firms,

which are what we’re going to focus on in this research.

Table 2.1: Descriptive Statistics of Main Variables

Total 2004 2005 2006 2007

Gross output (thousand yuan) 126,635 – 103,428 124,682 151,942

Wages or salary (thousand yuan) 15.80 12.82 14.45 16.44 19.49

Training cost (thousand yuan) 0.135 0.114 0.126 0.144 0.155

Training rate (%) 43.60 44.87 42.40 43.53 43.64

Male employees (%) 63.13 72.61 58.93 60.00 61.07

Well-educated employees in 2004 (%) 11.53 11.53 11.56 11.53 11.51

Highly-skilled employees in 2004 (%) 30.10 30.10 30.10 30.09 30.10

Union rate in 2004 (%) 46.94 47.02 46.89 46.91 46.94

SOEs rate (%) 3.40 3.68 3.49 3.25 3.20

Number of employees 272 253 272 279 283

Capital-labor ratio 90.37 86.07 79.95 93.51 101.98

Observations 674,106 167,642 169,456 168,594 168,414

Notes: (1) SOEs = state-owned enterprises. (2) Well-educated employees are those with at least 15

years of education (e.g., college, graduate); highly-skilled employees are those with at least intermediate

professional titles. (3) Total output is not available in 2004, while well-educated employees, highly-skilled

employees, and union establishment status are not updated after 2004.

Between 2004 and 2007, around 168 thousand firms met our inclusion criteria (manufacturing

firms established before 2004 that did not go out of business before 2007 and had reported infor-

mation we need) every year, which gives us a total of 674 thousand observations to construct an

unbalanced panel. The ACF procedure makes use of the 2005-2007 panel, which includes about

5That is, the main business income of an enterprise was larger than 5 million RMB, and this standard was revised
to 20 million RMB in 2011.
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506 observations. The descriptive statistics of the main variables of interest are shown in Table 2.1.

The gross output of manufacturing firms grew at an annual rate of around 21% between 2005 and

2007, which was faster than other industries on average at the time in China. The average size of

a manufacturing firm grew modestly, while capital grew faster, showing the transition to a more

capital-intensive economy. Wages increased at an increasing rate from about 13% to about 19%

during 2004-2007, but it was slower than the increasing rate of gross output. Training costs were

about 0.8% of employees’ annual income, and less than half of the firms actually provided training.6

There were more male workers in these manufacturing firms, among which only around 3.4% were

state-owned and 47% had a union representation in 2004. In 2004, only 11.5% of the workers in

the manufacturing industry had a college degree or above, and 30.1% of the workers had an inter-

mediate or advanced professional titles. These facts show that training could potentially play an

important role in a firm’s production decision amid privatization.

To get a better idea of the trends in data before doing any estimation, we plot the average log

deflated gross output (in million RMB yuan) and average log wage per worker-year (in thousand

RMB yuan) against different levels of training cost per worker-year (in RMB yuan) in Figure 2.1.

Note that, this is an illustrative graph and is not trying to replicate any regression or estimation

hereinafter. From this descriptive figure, we can see that both output levels and wages increase with

training spending in general (at an average rate of 12% and 5% per 1 yuan spent on each worker

each year, respectively). In the next section, we will resort to the empirical strategy discussed

above to investigate the effects of training on output, labor productivity, and wages. Specifically,

we will explore if there is a gap between the effects on labor productivity and wages.

2.5 Results

2.5.1 Overall Effects

We begin by taking a look at the overall effects of training on productivity and wages. Table 2.2

shows the results of estimating Equations (3) and (6) for all active firms. The first column reports

the results by applying ordinary least squares (OLS), and the second column presents the coefficient

6Due to the limit of our data, we are not able to distinguish general training from firm-specific training and thus
we treat it as general training.
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Figure 2.1: Gross Output, Wage, and Their Relations with Training

Notes: (1) Each scatter represents the average log output/wage level between two adjacent training

levels (not equally spaced as the distribution is highly right-skewed). (2) Each dashed line is a linear fit

of the corresponding group of scatters.
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estimates obtained by following Section 2.3, where we control for the endogeneity of input and

training choices of firms by a control function approach using information on raw materials.

For the production function, the OLS results suggest that training has a positive and statisti-

cally significant effect on productivity. Specifically, a 1,000 RMB (about 121 US$ in 2004) increase

in the average training cost per worker-year is associated with a 8.9% rise in gross output. The ACF

approach that controls for the endogeneity of inputs and training lowers the coefficient estimates

significantly (indicated by the Chow test), and implies that a 1,000 RMB increase in the average

training cost per worker-year can lead to a 4.2% rise in gross output. This is still a pretty decent

effect. Note that, the marginal product of labor increases by 9.4% (ϕT =0.042/0.447) in response

to a 1,000 RMB increase in the average training cost per worker-year.7

For the wage equation, the natural log of average wage is regressed on the average training

cost together with year and industry dummies. The coefficient on training cost drops from 0.067

to 0.043 once we control for endogeneity by including the estimated ρ (technological progress and

labor quality) in the ACF model, suggesting that the average wage can increase by 4.3% in response

to a 1,000 RMB increase in the firm’s training investment per worker-year. It’s interesting that the

“compensating wage differentials” theory (predicting a negative effect) is outweighed by the human

capital theory (predicting a positive effect) in overall during China’s transition to a more privatized

market economy. This result compensates Münich et al. [2005] and Fleisher et al. [2005]’s findings

by suggesting that returns to on-the-job training could outweigh its compensating effect during

transition in China and thus could be pretty significant.

From Table 2.2, we can clearly see that, in general, while the labor productivity effect and the

wage effect of training are both positive, the former is significantly larger than the latter, and the

difference is statistically significant (indicated by the Wald test of the equality of ϕT and λT ). The

labor productivity effect is twice as high as the wage effect for the same increase in a firm’s training

spending, which supports Acemoglu and Pischke [1998]’s hypothesis that explains why firms would

provide general training to employees willingly.

7We do not observe which workers are trained within a firm, so this effect includes both the direct effect on trained
workers and indirect (spillover) effect on untrained workers within the same firm. There might also be spillover
effects between firms and our measure includes those—nevertheless, they are not expected to be the major part of
our effect.
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Table 2.2: Overall Effects of Training on Gross Output and Wages

(1) (2) (3)

OLS ACF Chow Test: (1) = (2)

Production Function

Training (βlϕT ) 0.089∗∗∗ 0.042∗∗∗ –

(0.006) (0.005)

ln(L) (βl) 0.501∗∗∗ 0.447∗∗∗ –

(0.002) (0.010)

ln(K)(βk) 0.290∗∗∗ 0.261∗∗∗ –

(0.001) (0.005)

Wage Equation

Training (λT ) 0.067∗∗∗ 0.043∗∗∗ 158.51∗∗∗

(0.005) (0.004) [0.000]

ln(K/L) (γ) – 0.080∗∗∗ –

(0.001)

TFP (γρ) – 0.167∗∗∗ –

(0.001)

ϕT 0.179∗∗∗ 0.094∗∗∗ 41.44∗∗∗

(0.011) (0.011) [0.000]

ϕT − λT 0.111∗∗∗ 0.050∗∗∗ 28.71∗∗∗

(0.007) (0.011) [0.000]

Wald Test: ϕT = λT

χ2 283.00∗∗∗ 19.26∗∗∗ –

p-value 0.000 0.000

Observations 506,464 506,464 506,464

Firms 171,717 171,717 171,717

Notes: (1) ***, **, * denote significance level at 1%, 5%, and 10%, respectively. (2) In ACF, we control for

the endogeneity of input and training choices. (3) Standard errors in parentheses are computed using a block

bootstrap procedure and are robust against heteroskedasticity and intragroup correlation, and p-values are

in square brackets. (4) ϕT is computed as the ratio of the training coefficient over the labor coefficient. (5)

Chow tests are achieved by jointly estimating the OLS and ACF models in a single procedure.



47

2.5.2 Firm Heterogeneity

In this subsection, we explore the potential heterogeneous effects of training across different

firms. One important source of heterogeneity can be the ownership. One concern is that different

firms may have different production technology and wage structure, and thus training can affect

productivity and wages differently. In China, state-owned enterprises (SOEs) are systematically

different from other types of firms, and so the differential effects of training could just reflect the

productivity-wage gaps of these two different ownership structures. To address this heterogeneity,

we now assume different production technologies, wage grids, as well as training effects across

different types of firms.

Table 2.3 reports results for SOEs and non-SOEs separately. As for the production technology,

the non-SOEs show more decreasing returns to scale as the average sum of exponents of the inputs

in the Cobb-Douglas function is smaller for non-SOEs than SOEs. As we can see, the labor

productivity effect of training is much larger for SOEs (significant at 5%), and the increase in

wages due to training (higher skills or better performances of the workers) is also slightly higher.

As a result, the training premium (the gap between productivity effect and wage effect) is larger for

SOEs. Both SOEs and non-SOEs have significant training effects as well as the training premiums,

which explain why firms could provide training willingly regardless of their ownership. Due to also

the fact that SOEs account for only a small portion of our sample, our main result does not seem

to be driven by ownership.

According to the hypothesis of Acemoglu and Pischke [1998], SOEs should have slightly more

private incentives to provide training than non-SOEs, as the training premium is higher for SOEs.

Interestingly, we do observe a larger proportion of firms among the SOEs that provide training

than non-SOEs (67% vs 43%) as well as a larger average training spending per worker-year (192

vs 132 RMB yuan) in our data. This suggests that during China’s massive privatization process

the motivation for the remaining SOEs to provide training could also be profit maximization. In

fact, it is also considered socially efficient for SOEs to provide more training because their training

productivity effect, ϕT , is higher. In China, SOEs often follow the government to undertake some

political/national tasks (for example, the “scientific developmentalist viewpoint”). Those political

actions during transition in China are observed to coincide with private incentives according to our
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Table 2.3: ACF Estimations by Registered Type

(1) (2) (3)

SOEs Non-SOEs Chow Test: (1)=(2)

Production Function

Training (βlϕT ) 0.091∗∗ 0.041∗∗∗ –

(0.029) (0.008)

ln(L) (βl) 0.588∗∗∗ 0.441∗∗∗ –

(0.015) (0.004)

ln(K)(βk) 0.255∗∗∗ 0.263∗∗∗ –

(0.044) (0.003)

Wage Equation

Training (λT ) 0.051∗∗∗ 0.043∗∗∗ 5.85∗∗

(0.022) (0.001) [0.016]

ln(K/L) (γ) 0.079∗∗∗ 0.080∗∗∗ –

(0.002) (0.001)

TFP (γρ) 0.164∗∗∗ 0.167∗∗∗ –

(0.008) (0.001)

ϕT 0.154∗∗∗ 0.094∗∗∗ 5.27∗∗

(0.045) (0.019) [0.022]

ϕT − λT 0.103∗∗ 0.050∗∗ 5.19∗∗

(0.043) (0.020) [0.023]

Wald Test: ϕT = λT

χ2 5.64∗∗ 6.17∗∗ –

p-value [0.018] [0.013]

Observations 16,785 489,679 506,464

Firms 6,589 165,128 171,717

Notes: (1) ***, **, * denote significance level at 1%, 5%, and 10%, respectively. (2) Standard errors in

parentheses are computed as in Table 2.2, and p-values are in square brackets. (3) ϕT is computed as the

ratio of the training coefficient over the labor coefficient. (4) To carry out the Chow test, we estimate the

parameters for SOEs and those for non-SOEs in a joint procedure.
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results.

Another dimension of firm heterogeneity can come from union representation. As suggested

by Yao and Zhong [2013], the unions’ role in providing training services to employees are well

documented in the literature, and they verified that in Chinese firms. However, does this fact

coincide with private incentives? Table 2.4 shows the results for firms that established a union in

2004 and firms that did not. It turns out that firms that established a union (earlier) experienced

both a larger productivity effect and a larger wage effect of training. The training premium is also

larger for firms with earlier union establishment, while both of them are positive and statistically

significant. Indeed, the private incentives of firms would favor the role of union in promoting

training during privatization. Admittedly, this could also suggest that our main result partially

reflects the role of union. Nevertheless, the firms without (early) union establishment also show

sufficient private incentives for providing training, and thus at least union is not the only driver of

our main result.

Finally, we investigate sector heterogeneity by reporting results for firms in each two-digit

sector code separately. Due to the space limit, we only report the effects of training on marginal

product of labor and wages in Table B2. As we can see, for most of the sectors, both the productivity

effect and wage effect go down when controlling for the possible endogeneity of labor and training

choices. For 28 out of 29 sectors, the productivity effect is larger than the wage effect with the ACF

procedure, suggesting a positive training premium.8 The largest productivity gains from training

are seen in the beverage products, furniture, and artware sectors.

2.5.3 Worker Heterogeneity

Similarly, we address concerns that the worker heterogeneity is not fully controlled by our

method. In this section, we decompose the effects by gender, education, and professional levels

based on Section 2.2.3.

Table 2.5 shows that, if we assume that training resources are allocated evenly between men

8Similar to Konings and Vanormelingen [2015], due to the relatively low number of observations and the nonlinear
search over the parameters, the difference is also not significant for quite a few sectors with the ACF procedure—
only 11 out of 29 sectors have a statistically significant (and positive) difference at the 10% level; nevertheless,
when the wage effect is larger than the productivity effect (only one case), the difference is not significant. For the
OLS results, all 29 sectors have positive training premiums and 26 of them are statistically significant at the 10%
level.
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Table 2.4: ACF Estimations by Union Representation

(1) (2) (3)

With Union Without Union Chow Test: (1)=(2)

Production Function

Training (βlϕT ) 0.083∗∗∗ 0.036∗∗∗ –

(0.003) (0.007)

ln(L) (βl) 0.524∗∗∗ 0.432∗∗∗ –

(0.005) (0.001)

ln(K)(βk) 0.293∗∗∗ 0.225∗∗∗ –

(0.002) (0.001)

Wage Equation

Training (λT ) 0.050∗∗∗ 0.043∗∗∗ 93.03∗∗∗

(0.002) (0.001) [0.000]

ln(K/L) (γ) 0.085∗∗∗ 0.074∗∗∗ –

(0.001) (0.001)

TFP (γρ) 0.165∗∗∗ 0.166∗∗∗ –

(0.001) (0.001)

ϕT 0.159∗∗∗ 0.083∗∗∗ 31.68∗∗∗

(0.003) (0.017) [0.000]

ϕT − λT 0.109∗∗∗ 0.040∗∗ 28.98∗∗∗

(0.005) (0.018) [0.000]

Wald Test: ϕT = λT

χ2 394.46∗∗∗ 4.97∗∗ –

p-value 0.000 0.026

Observations 237,601 268,863 506,484

Firms 80,481 91,236 171,717

Notes: (1) ***, **, * denote significance level at 1%, 5%, and 10%, respectively. (2) Standard errors in

parentheses are computed as in Table 2.2, and p-values are in square brackets. (3) ϕT is computed as the

ratio of the training coefficient over the labor coefficient. (4) To carry out the Chow test, we estimate the

parameters for firms with union establishment and those without union establishment in a joint procedure.
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and women within a firm, then the productivity effect of training is larger for women than for men

(although not significantly different), and so does the wage effect of training (significant). As a

result, the training premium for female workers are not so different from that for male workers—

according to Acemoglu and Pischke [1998], firms should not have less incentives to provide training

when they have more female workers. However, in our data, we observe that the provision of training

is slightly higher among firms with higher proportion of male workers, unconditional on other

characteristics of firms. For male-dominated firms (male ratio > 50%), the per capita training cost

is 145 RMB yuan, while the number is only 102 RMB yuan for female-dominated firms. To reconcile

the observed facts and profit-oriented incentives of firms, we might say that we overestimated the

effects of training on female workers, which could be due to the fact that training resources might

in fact lean more toward female workers within a firm, while in our model we assume that female

workers use the same training resources as male workers to generate the (insignificantly) larger

effects.

Of course, the reason for the observed association between more male workers and more train-

ing spending could go beyond simply the profit-maximizing incentive. It’s observed that gender

discrimination (mostly “male preference”) existed in the labor market in the context of training

support [Halldén, 2015]. That is, it’s likely that a firm would pay more to train their male workers

or would give more training chances to workers simply due to the perception about gender. If this

is the case, then the effects on female workers could be underestimated, and female workers could

have an even larger productivity effect of training than estimated. As a result, the training of

female workers is likely to be under-invested from both the private and social points of view.

We then explore the dimension of education and professional levels in Columns (2) and (3) of

Table 2.5. Similar trends are observed. On the one hand, a significantly larger training premium

is observed among the lower-educated, which indicates higher private incentives to train lower-

educated workers; on the other hand, in our data, we observe that firms with more than 10% of

workers who received higher education (15 years or above) spent more on training (on average 205

RMB yuan), and so did firms with more than 30% of senior/advanced workers (on average 172 RMB

yuan).9 To reconcile private incentives with these observations, training resources could actually

9These trends are robust even when we control for other characteristics of the firms such as ownership.
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Table 2.5: Worker Type Decompositions

(1) (2) (3)

Gender Education Professional Level

(Type 1: Female) (Type 1: ¡15 yrs) (Type 1: Low)

Production Function

ln(L) (βl) 0.452∗∗∗ (0.011) 0.447∗∗∗ (0.009) 0.451∗∗∗ (0.005)

ln(K)(βk) 0.259∗∗∗ (0.004) 0.263∗∗∗ (0.005) 0.260∗∗∗ (0.006)

Training Type 1 (βlϕT, type 1) 0.053∗∗∗ (0.011) 0.043∗∗∗ (0.007) 0.047∗∗∗ (0.010)

Training Type 2 (βlϕT, type 2) 0.038∗∗∗ (0.012) 0.037 (0.028) 0.037∗∗∗ (0.013)

Wage Equation

ln(K/L) (γ) 0.080∗∗∗ (0.001) 0.080∗∗∗ (0.001) 0.080∗∗∗ (0.001)

TFP (γρ) 0.167∗∗∗ (0.002) 0.167∗∗∗ (0.001) 0.167∗∗∗ (0.001)

Training Type 1 (λT, type 1) 0.059∗∗∗ (0.005) 0.005 (0.008) 0.034∗∗∗ (0.004)

Training Type 2 (λT, type 2) 0.044∗∗∗ (0.007) 0.150∗∗∗ (0.043) 0.064∗∗∗ (0.013)

ϕT, type 1 0.116∗∗∗ (0.025) 0.097∗∗∗ (0.014) 0.104∗∗∗ (0.021)

ϕT, type 2 0.084∗∗∗ (0.028) 0.082 (0.063) 0.081∗∗∗ (0.029)

ϕT, type 1 − λT, type 1 (A) 0.057∗∗ (0.029) 0.092∗∗∗ (0.010) 0.070∗∗∗ (0.017)

ϕT, type 2 − λT, type 2 (B) 0.040∗ (0.021) -0.068 (0.052) 0.017 (0.031)

Wald Test: χ2 [p-value]

ϕT, type 1 = λT, type 1 4.00∗∗ [0.046] 87.79∗∗∗ [0.000] 16.92∗∗∗ [0.000]

ϕT, type 2 = λT, type 2 3.63∗ [0.057] 1.71 [0.191] 0.29 [0.588]

ϕT, type 1 = ϕT, type 2 0.58 [0.445] 0.05 [0.829] 0.28 [0.595]

λT, type 1 = λT, type 2 8.18∗∗∗ [0.004] 8.44∗∗∗ [0.004] 3.91∗∗ [0.048]

A = B 0.19 [0.665] 9.36∗∗∗ [0.002] 1.76 [0.185]

Observations 506,484 506,484 506,484

Firms 171,717 171,717 171,717

Notes: (1) ***, **, * denote significance level at 1%, 5%, and 10%, respectively. (3) Standard errors in parentheses

are computed as in Table 2.2, and p-values are in square brackets. (4) ϕT is computed as the ratio of the training

coefficient over the labor coefficient. (5) The compositions of workers by education and professional levels are based

on information in 2004.
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lean toward these workers within a firm so that the effects for them are overestimated. If we continue

to assume that training resources are allocated evenly within a firm, then for some reason those

firms might under-invest in these workers from the private (profit-maximizing) perspective. From

the social perspective, it seems that investing more in training these workers (instead of the higher-

educated and skilled) can yield a larger output, and so the social efficiency might be improved.

Nevertheless, in either case, firms have invested or should invest more on training lower-educated

and perhaps also junior workers to obtain better effects. Admittedly, due to the limitation of our

data (lacking employee information), the interpretations of the results in this section depend on

our assumptions. We hope that future research can extend this section by merging employee-level

data with firm-level data.

2.6 Conclusion

This paper is among the first to use a large firm-level penal data set to estimate the effects of

on-the-job training on productivity and wages in a transition economy. Based on a control function

approach, we jointly estimate the production function and wage equation for Chinese manufacturing

enterprises amid a privatization era (2004-2007), which happens to be the first few years after the

proposal of the “scientific developmentalist viewpoint”, taking the endogeneity in input and training

choices of firms into account. Our results support the theory of Acemoglu and Pischke [1998] in

general. That is, there existed a positive gap between training productivity effect and wage effect,

which could be part of the reason why firms were willing to provide training. There could still be

under-investment in training (especially for specific types of workers) from a social point of view.

We can clearly see that better trained workers have a higher marginal product of labor, which can

benefit not only their current employers but also future employers, if any. It’s common that firms

only consider the cost of training but not its externalities, and so they typically would not have

incentives to provide enough training.

We also find several interesting context-specific results: the provision of training by state-

owned manufacturing enterprises might be both privately and socially efficient in China; Chinese

unions played a role in promoting the training benefits of workers; during privatization, it could

be more privately and socially efficient for manufacturing firms to prioritize training resources to

lower-educated workers (and perhaps female and junior workers), if they had not done so.
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This opens a window for government intervention such as training subsidies. In fact, training

(or personnel education) has always been one of the tax deductible items in China since the 1990s,

which is meant to encourage the provision of training. However, it remained a very small proportion

of a firm’s tax deductible expenses until recently. In 2018, the Chinese government raised the

standard of tax deduction regarding training from 2.5% of wages to 8% of wages, which broke

the decades long standard. It would be interesting to see how this policy change can affect the

provision of training and thus productivity and wages—which is beyond the scope of this research

and requires future studies using more recent (and preferably employer-employee pairwise) data.

Another limitation of this research is the inability to distinguish general training from firm-specific

training, and we hope that it can be addressed in future research. Moreover, it would be interesting

to see research done in another context of transition economy.
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Chapter 3

UNCONDITIONAL QUANTILE TREATMENT EFFECT OF COVID-19 IN
A TWO-SIDED MARKET: EVIDENCE FROM A LIVE-STREAMING

PLATFORM

3.1 Introduction

Our economy is made of myriad markets, many of which are “two-sided” nowadays. That is,

an intermediate firm enters a market and provides services to two distinct groups of participants of

the market to encourage their interaction. Then, the involvement of one group can affect that of the

other group, which is known as the cross-group externality [Rochet and Tirole, 2003]. Two-sided

markets are now increasingly based on digital platforms, such as live-streaming platforms. On such

a platform, the two distinct groups of end users are usually known as “fans” and “anchors”. On

the one hand, fans watch live shows produced by anchors, send virtual gifts to reward the anchors

they admire, and buy products from their stores; anchors, on the other hand, use the platform

to broadcast their shows, receive virtual gifts with monetary value, and do live commerce to sell

products and gain profits. A firm that provides different functions of a platform to two groups of

end users typically believe that having more users on one end increases the participation of users

on the other end. This paper investigates how the digital platform and the emerging group of

flexible workers (e.g., live streamers) can be affected by an economy-wide shock which could affect

the both sides of the platform. Particularly, we study how virtual gifting, the major income source

of the online anchor and the platform, can be affected by an exogenous and positive demand shock

Covid-19. We are also interested in its implication for the polarization of labor market, which has

recently become a common issue in the United States, Germany, and other countries [Acemoglu

and Autor, 2011, Bachmann et al., 2021, David and Dorn, 2013, Vom Lehn, 2020]. The recent study

[Cortes and Forsythe, 2020] shows Covid-19 leads to the increase in job polarization and job loss

among disadvantaged groups. Since early 2020, the world has been gripped by the COVID-19 virus.

China was the first country to report the outbreak and then control it at the national level. This

provides us with a unique chance to study the impacts of an unexpected, universal, and potentially
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positive shock (to both groups of end users) in a two-sided market.

We first present the two-sided nature of a digital platform using an illustrative theoretical

model by extending Rochet and Tirole [2003]. In this model, we model the COVID-19 pandemic

as a ”two-sided” shock (affects both online anchors and fans) to the digital platform. The key

insight from our theoretical analysis is that when the shock to fans is positive and large enough,

the platform tends to cross-subside anchors. This theory prediction is consistent with the empirical

fact in reality. We estimate a reduced-form model in a quasi-experimental setting. We first obtain

a unique data set from one of the largest live-streaming platforms via web spiders. At the same

time, we keep track of the daily number of COVID-19 cases in each city and that of the related

local policies. Then, we control for macroeconomic conditions of each city. Under conditional

exogeneity, we run an ordinary least square (OLS) regression to estimate an average treatment

effect (ATE). In our data, we observe a large variation in the value of virtual gifts per show,

indicating a wide range of popularity among live streamers. To further inspect and incorporate the

heterogeneity into our model, we allow the effects of COVID-19 to vary by side as well as along

the distribution of total gift value per show by adopting the general quantile regression (GQR)

framework [Powell, 2019]. Our empirical results confirm a positive ATE of COVID-19 on virtual

gifting. The COVID-19 severity in fans’ cities increases virtual gifting from fans to anchors, while

the COVID-19 severity in anchors’ cities does not affect virtual gifting on average. In the GQR

estimation, we further find that this positive effect is mostly driven by the bottom of the per-show

gifting volume distribution, suggesting that anchors who receive fewer gifts can benefit more from

a positive demand shock in their fans’ cities. In robustness checks, we estimate a model of single

binary treatment instead of a model of multiple continuous treatments. This thus allows us to

apply the semiparametric estimator developed by Firpo [2007]. Our alternative settings all confirm

that the impact of COVID-19 on the virtual gifting behaviors on the platform is heterogeneous and

“pro-small”. Understanding heterogeneous effects of an economy-wide shock in a two-sided market

can help us design policies that aim to mitigate the polarization in a labor market and help with the

growth of smaller producers that rely on the other side of the market. We document how the least

popular anchors as well as the most popular ones converge to the “middle class” when a positive

shock to the platform demand is introduced. In addition to the total demand, we also explore how

COVID-19 affects the quasi-demand of anchors and fans. We find the results are consistent with
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the main conclusion.

This research complements the literature in a few ways. First, it provides new insights and

empirical evidence to the literature on two-sided markets, featured by the work of Armstrong [2006],

Rochet and Tirole [2003, 2006a], and Rysman [2009]. In the context of a two-sided market, very

few empirical studies have discussed external shocks that can affect both sides simultaneously. For

example, Baker et al. [2020] used the data from an online savings platform called Saver Life but did

not distinguish the COVID-19 shocks from two sides. Chang and Meyerhoefer [2021], Glaeser et al.

[2020] and Raj et al. [2020] also studied COVID-19 impacts using data from two-sided markets

(online food shopping services, Yelp, and Uber Eats) but they also did not model shocks as two-

sided shocks. We show that, by distinguishing the shocks from two sides, we can obtain new insights

about the effects of shocks in a two-sided market. Second, this paper is among one of the very few

studies that investigate a positive effect of COVID-19. The current COVID-19 literature is mostly

focusing on the negative impacts of this pandemic, while soft-pedalling the fact that the COVID-19

pandemic also provides opportunities for new economies and businesses. Some studies explore the

macroeconomic impacts of COVID-19 and their plausible mechanisms[Baker et al., 2020, Binder,

2020, Chetty et al., 2020, Coibion et al., 2020a, Jordà et al., 2020]. They typically find that the

economic impacts of COVID-19 are much worse in comparison to the previous pandemics such as the

1918 Spanish Influenza [Keogh-Brown et al., 2010, Barro et al., 2020]. Some document the negative

impacts of the pandemic on physical health, mental health, and/or well-being [Adams-Prassl et al.,

2020, Brodeur et al., 2020, de Pedraza et al., 2020]. Additionally, researchers also study its negative

impacts on various (mostly one-sided) markets. For example, Baker et al. [2020] and Kirk and

Rifkin [2020a] examine the impacts of COVID-19 on the overall goods market based on the theory

of demand shocks [Lorenzoni, 2009]; other researchers suggest the negative impacts of COVID-

19 on labor markets, e.g., reduced working hours, increased unemployment, income losses, job

offerings [Aum et al., 2020, Bui et al., 2020, Coibion et al., 2020b, Forsythe et al., 2020]. Although

this latest pandemic has brought a series of negative shocks to the macroeconomic environments,

health, and various market outcomes, there are some positive influences that are less studied and

documented. This paper complements a large—and rising—group of studies studying the (mostly

negative) impacts of COVID-19. Third, our work is related to the literature on estimating quantile

treatment effects. Similar to Autor and Kerr [2017], we are among the first to investigate the effects
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of multiple treatments on a type of earnings at different quantiles. The major difference between

of our papers is that we are estimating the effects at unconditional quantiles, instead of conditional

quantiles, which can make the interpretation of the results less straightforward sometimes. This is

one of the first applications of Powell [2019]’s GQR framework, other than Powell and Goldman

[2021]. Last, this work discusses polarization in a special labor market where laborers are live

streamers and content creators, and their efforts are rewarded by virtual gifting from fans and

revenue from sales. If we can regard less popular anchors as low-skill workers, and the most

popular anchors as high-skill workers, then we find that they tend to converge to the middle class

during COVID-19. Our explanation is that the digital platform serves as the sanctuary for them.

The remainder of the paper is organized as follows. In Section 3.2 , we introduce an illustrative

model to analyze the effects of two-sided COVID-19 shocks theoretically and concluded that while

there may be a clear price prediction, the predicted change in transaction volume is ambiguous—this

motivates our empirical investigation in Section 3.3 in which we present the statistical model and

estimation framework. In Section 3.4, we illustrate the data sources and basic characteristics. In

Section 5, we provide estimation results and discussions, along with robustness checks. Finally, we

note our concluding remarks in Section 6.

3.2 An Illustrative Theoretical Model

In this section, we use a simple model to show that COVID-19 shocks (either positive or

negative shocks) to the demand for a two-sided platform have ambiguous effects on transaction

volume. It is thus important to investigate the effects empirically. We do not intend to structurally

recover the parameters and/or functions introduced below, and our empirical investigation will

focus on figuring out the relationship between COVID-19 cases and the equilibrium transaction

volume.

Our theoretical model modifies the benchmark model in Rochet and Tirole [2003]. In a live-

streaming platform like Kuaishou, fans could give virtual gifts to online anchors. Let’s call one

dollar of such gift as one transaction. For each transaction, the platform charges the anchor a

fee of pA and a fan a fee of pF , which could be explained as commission fee or subsidy (negative

price). Benefits bA and bF correspond to the utility of anchors and fans gained from the gifting

behavior. They are two random variables. We assume the utility functions of anchors and fans
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from a transaction are:

UA =
(
bA + θA − pA

)
NF

UF =
(
bF + θF − pF

)
NA

Where θA and θF are Covid-19 shocks to anchors and fans.

We normalize the utility of outside options are 0, so the “quasi-demand” functions of anchors

and fans are as follows:

DA
(
pA, θA

)
= Pr

((
bA + θA − pA

)
NF ≥ 0

)
= Pr

(
bA + θA − pA ≥ 0

)
= NA

DF
(
pF , θF

)
= Pr

((
bF + θF − pF

)
NA ≥ 0

)
= Pr

(
bF + θF − pF ≥ 0

)
= NF

We assume they are both log-concave. Here another key assumption is there are network exter-

nalities in the utility/surplus functions but not in the “quasi-demand” functions. Following Rochet

and Tirole [2003], the actual platform demand is the product of DA
(
pA, θA

)
and DF

(
pF , θF

)
:

Q(pA, pF , θA, θF ) = DA(pA, θA)DF (pF , θF )

For simplicity we assume the platform is a private monopoly, which chooses prices to maximize

total profit:

π =
(
pA + pF − c

)
DA(pA, θA)DF (pF , θF )

The equilibrium is specified as:

φ(p, θ) =

 λA
(
pA, θA

)
− 1

pA+pF−c
= 0

λF
(
pF , θF

)
− 1

pA+pF−c
= 0

where λA
(
pA, θA

)
=

−(DA(pA,θA))
′

(DA(pA,θA))
, λF

(
pF , θF

)
=

−(DF (pF ,θF ))
′

(DF (pF ,θF ))
, p = (pA, pF ) and θ = (θA, θF ).

We have the following propositions:

Proposition 1 If we assume the quasi-demand functions of anchors and fans are both log-concave,

we have:

(1) If more COVID-19 cases implies a higher θF (a positive demand shock to fans), then, ceteris

paribus, pA decreases and pF increases. Vice versa.
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(2) If more COVID-19 cases implies a higher θA (a positive demand shock to anchors), then,

ceteris paribus, pA increases and pF decreases. Vice versa.

Proposition 2 Assume bA and bF both follow uniform distribution over [b1, b2], which means their

quasi-demand functions are linear. If more COVID-19 cases implies a higher θA or a higher θF ,

then, ceteris paribus, the welfare of both anchors and fans increases.

The proofs are in section C.1 and section C.2. Proposition 1 says facing a strong positive

demand shock to fans, the platform would cross subside anchors and vice versa. Proposition 2 says

due to the network externality, the positive demand shock to fans would also increase the welfare

of anchors and vice versa. The illustrative model could help us to rationalize the empirical facts.

But due to the data restriction, We do not intend to structurally recover the demand functions.

3.3 Statistical Model and Estimation Method

In our main specification, we resort to the generalized quantile regression (GQR) in Powell

[2013, 2019] to estimate unconditional quantile treatment effects of multiple continuous treatments.

Let’s denote di, xi, yi,di
as the treatment vector, covariate vector and potential earning outcome

of live video i. We impose the following linear structure on potential outcome yi,di
:

yi,di
= d′

iβ (u∗
i ) ,

where u∗
i ∼ U(0, 1) is a rank variable determining placement in the unconditional distribution of

yi,di
and β refers to the marginal quantile treatment effect(s). In addition, we denote

τxi ≡ Pr
(
yi,di

≤ d′
iβ(τ) | xi

)
and its estimate τ̂xi . We assume with probability one:

(1) Monotonicity of Potential Outcome: d′
iβ (u∗

i ) is increasing in u∗
i

(2) Conditional Independence:
(a) Pr (u∗

i ≤ τ | di,xi) = Pr (u∗
i ≤ τ | xi)

(b) E [di(τ̂xi − τxi)] = 0

(3) Full Rank: If Pr (d′c = 0 | xi) = 1 for all xi, then c = 0
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(4) Continuity: yi,di
is continuously distributed conditional on di and xi

The above assumption implies the following moment conditions and the proof is shown in

Powell [2013, 2019]:

E {di [1 (yi,di
≤ d′

iβ(τ))− τ̂xi ]} = 0

E [1 (yi,di
≤ d′

iβ(τ))− τ ] = 0

Let’s define di = (1, d̃i). Let γ(τ, β̃) be the τ th quantile of the distribution of yi,di
− d̃′

iβ̃.

Following Powell [2013, 2019], We rewrite τxi as a more parametric form F (x
′
iδ). The form of F (·)

is flexible, for example we could use logit or probit specification here. The estimation framework is

Generalized Method of Moments (GMM). The estimation procedure is as follows:

For each b̃ (candidate values of β̃, which are treatment coefficients except for the constant γ

and we denote β = (β̃, γ)) in the grid:

(1) solve γ̂(τ, b̃) from sample moment 1
N

∑N
i 1

(
yi − d̃′

ib̃ ≤ γ̂(τ, b̃)
)

= τ where γ̂(τ, b̃) is the

estimated constant

(2) solve δ̂(b, τ) by likelihood maximization:

argmax
δ(b,τ)

N∑
i=1

1
(
yi,di

≤ d′
ib
)
lnF

(
x′
iδ(b, τ)

)
+ 1

(
yi,di

> d′
ib
)
ln
(
1− F

(
x′
iδ(b, τ)

))
.

Then calculate τ̂xi = F̂ (x
′
iδ̂(b, τ))

(3) calculate the objective function ĝ(b)′Âĝ(b), where Â is a weight matrix and

gi(b) = di

[
1
(
yi,di

≤ γ̂(τ, b̃) + d̃′
ib̃
)
− τ̂xi(b)

]
ĝ(b) = 1

N

∑N
i=1 gi(b)

(4) keep step 1–3 until b minimizes the objective function

For more details of GQR, please refer to Powell [2013, 2019].

In our robustness checks, we also resort to the localized debiased machine learning (LDML)

developed by Kallus et al. [2020] and a semiparametric estimator developed by Firpo [2007]. Details

are not presented here.
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3.4 Data, Variables, and Summary Statistics

For our empirical investigation, we obtained a unique live-streaming data set via web crawler.

The data set contains snapshots of around 5% of all the live videos on the Kuaishou platform (with

more than 300 million daily active users) from October 2019 until July 2020. It covers information

on anchors, their fans, listings (of goods and gifts) and transactions between them.

Figure 3.1 features a typical user interface of the Kuaishou platform. In Figure 3.1a, “Anchor

1” is trying to persuade his fans to purchase a bottle of olive oil by showing how to cook shrimps

with it; in the comment section, “Fan 1” is asking how big is the stone pot; fans can click “Suscribe”

to follow the activities of this anchor, “Watch more” to switch to other live videos, “Purchase” to

view the anchor’s online store (Figure 3.1b), and/or “Gift” to send a virtual gift (Figure 3.1c) to the

anchor that can be later converted to real money. The upper right corner of the screen shows who

are currently watching this live video, from which we obtain the information on average attendance.

To compensate our Kuaishou data, we gathered daily data of COVID-19 cases from thou-

sands of authoritative news pieces, local policy documents from websites of local governments,

and macroeconomic indicators (such as GDP and population) from national and local bureaus of

statistics.

In Figure 3.2, we show how our sample points are distributed across China. The blue circles

are proportional to the total numbers of live-streaming videos hosted in each province during our

study period. As we can see, most live-streaming videos are hosted in coastal areas. The green-scale

shades illustrate how many confirmed COVID-19 cases are accumulated during the study period,

and there seems to be a positive correlation between the number of live videos and the number of

confirmed cases, except for Hubei in which Wuhan is located.

To further illustrate our data, we present summary statistics of our key variables by the Wuhan

Lockdown period in Table 3.1. First, let’s talk about the anchors: while there are more male than

female anchors, we observe a slight decrease in the proportion of female anchors (from 34.8% before

the lockdown to 31.9% after the lockdown) in our study period; on the other hand, the average

number of fans per anchor increases during and after the pandemic. As for fans, we also observe

slight decreases in the proportion of female fans. In either the cities of anchors or the cities of fans,

we observe increases in the average number of policies per month; of course, the average number
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(a) Main Interface (b) Click “Purchase” (c) Click “Gift”

Figure 3.1: User Interface of Kuaishou

Notes: (1) Faces of the example anchor have been blurred. (2) Screenshots have been edited to replace

some Chinese words by their English translations. Additional English words are added to provide

information about the functions of some buttons. (3) 1 kuaishou coin = 0.1 RMB yuan.
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Figure 3.2: COVID-19 cases (green) and live videos (blue), Oct 2019–Jul 2020

Notes: (1) The size of the blue circle represents the total number of live-streaming videos in the province;

the larger it is, the more live videos; for example, there are in total 12,523 live videos in Beijing, but

only 1,765 in Xinjiang. (2) The darkness of the shade in each area represents the COVID-19 intensity

measured by total confirmed cases; the darker it is, the more cases.
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Table 3.1: Summary Statistics (Oct 2019–Jul 2020) by Lockdown Period

(1) (2) (3)

Before Wuhan Lockdown After

Mean SD Mean SD Mean SD

Anchors

Female 0.348 0.476 0.337 0.473 0.319 0.466

Total fans (1M) 5.423 4.624 6.103 5.281 6.866 5.782

City characteristics:

—COVID-19 cases (14 days) 0.087 4.230 105.996 1394.173 5.244 26.407

—Lockdown policies (30 days)∗ 0.643 1.997 22.539 6.947 32.097 15.588

—Reopening policies (30 days)∗ 0.000 0.000 10.313 9.557 16.478 7.408

—Population (100K) 84.831 58.499 87.783 61.224 88.555 62.163

—Area (10K km2)∗ 1.839 2.375 1.823 2.584 1.751 2.020

—Quarterly GDP (1T yuan)∗ 0.239 0.309 0.199 0.269 0.236 0.257

Fans

Female ratio 0.466 0.252 0.454 0.242 0.436 0.221

City characteristics:

—COVID-19 cases (14 days) 0.039 0.466 59.210 133.770 3.407 5.920

—Lockdown policies (30 days)∗ 0.645 1.950 22.155 5.346 31.055 12.854

—Reopening policies (30 days)∗ 0.000 0.000 10.331 9.455 16.112 5.688

—Population (100K) 74.166 10.281 74.213 9.995 78.229 14.749

—Area (10K km2)∗ 2.509 1.483 2.510 1.350 3.049 11.093

—Quarterly GDP (1T yuan)∗ 0.198 0.065 0.147 0.054 0.245 0.192

Live Streaming

Length (hours) 2.106 1.642 2.221 1.642 1.969 1.474

Average attendance (1K) 4.624 11.360 7.090 14.914 7.045 15.209

Log of gift value+1 (yuan) 9.555 2.860 10.015 2.662 9.329 3.135

Observations 71,565 47,205 75,059

Notes: (1) Before the Wuhan lockdown, there were already suspicious COVID-19 related cases, and

the government already started some quarantine measures to prevent spreading of these cases. (2)

Wuhan lockdown is defined as the period between January 23, 2020 and April 8, 2020. (3) * denotes

the proneness variables. (4) The monthly summary statistics is provided in Table C1.
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of newly confirmed cases per fortnight reached the peak during the lockdown period; nevertheless,

the quarterly GDP was in a slump during the lockdown period. Finally, we characterize the live

streaming: during the lockdown, the videos were on average longer, and there were more viewers on

average, and the value of the gifts from fans to anchors was on average higher; after the lockdown,

the time length and gift value both dropped below the pre-lockdown levels, while average attendance

remained relatively stablely high.

To get an idea of the (unconditional) distribution of the gift earnings of these anchors, Fig-

ure 3.3 provide histograms of the log values of gifts per live video before, during, and after Wuhan

Lockdown. We notice that the distribution became more concentrated (the kurtosis is higher) and

left-skewed (the skewness is more negative). Histograms by month (see Figure C1) show similar

trends.

Figure 3.3: Histograms of gift values per live streaming video around Wuhan lockdown
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3.5 Results and Discussions

3.5.1 Main Specification

The first row of Table 3.6 reports the average treatment effects (ATEs) of the COVID-19

intensity (measured by the number of newly confirmed cases in the past 14 days per 10,000 people)

in an anchor’s city and its average in their fans’ cities. Interestingly, on average, the severity of the

COVID-19 pandemic in an anchor’s city does not seem to affect the equilibrium of virtual gifting,

while that from the fans side increases virtual gifting. Particularly, an additional case of COVID-19

in the past 2 weeks per 10,000 people in the fans’ cities increases the total value of virtual gifts

received by the anchor per show by 0.12 to 0.15 log points, based on columns (1) to (3) of Table 3.6.

Based on the summary statistics in Section 3.4, there are very likely heterogeneous COVID-19

impacts on gift income along its distribution. Understanding this heterogeneity is meaningful since

we do observe wide-ranging earnings among anchors, and they are representing a special and growing

workforce. Therefore Table 3.6 further shows the estimated unconditional quantile treatment effects

(QTEs) of COVID-19 from both the anchors and fans sides. The estimates suggest that the effects

of COVID-19 from the anchors side are insignificant and likely homogeneous. On the contrary, we

find significantly positive effects of COVID-19 shocks from the fans side on virtual gifting, especially

at the lower quantiles of the earning distribution. Based on columns (1) to (3), an additional case

of COVID-19 in the past 2 weeks per 10,000 people in the fans’ cities increases the total value of

virtual gifts received by the anchor per show by 0.31 to 0.35 log points at the 20th percentile of the

gifting distribution, and by around 0.18 log points at the 40th percentile. Both QTEs are higher

than the ATE (and the QTE at the median).

Our main result suggests that anchors who earn less from virtual gifts benefit more under the

COVID-19 shocks (considered as positive demand shocks) from the cities of their fans. This tends

to be a de-polarization process of this special labor market—the “high-skill” anchors (who manage

to obtain a lot of virtual gifts from fans) and the “low-skill” anchors (who are only able to receive a

few virtual gifts per show) are now converging to the middle-skill class. This result also corresponds

to the middle panel of Figure 3.3 where the gifting distribution becomes more concentrated around

the center.
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Table 3.2: Treatment Effects of Two-Sided COVID-19 on Gifting Behavior

(1) (2) (3)

ATE

Anchor side 0.000 0.003 0.001

(0.003) (0.004) (0.003)

Fans side 0.133∗∗ 0.121∗∗ 0.148∗∗

(0.004) (0.057) (0.052)

QTE at Percentile

20

Anchor side -0.002 0.001 0.001

(0.001) (0.002) (0.002)

Fans side 0.350∗∗∗ 0.312∗∗∗ 0.311∗∗∗

(0.011) (0.041) (0.043)

40

Anchor side -0.000 0.000 -0.001

(0.001) (0.002) (0.003)

Fans side 0.180∗∗∗ 0.180∗∗∗ 0.175∗∗∗

(0.009) (0.044) (0.060)

60

Anchor side 0.001∗ 0.001 -0.000

(0.000) (0.001) (0.001)

Fans side 0.038∗∗∗ 0.049 0.060

(0.007) (0.030) (0.038)

80

Anchor side 0.001 -0.000 -0.001

(0.001) (0.004) (0.005)

Fans side -0.084∗∗∗ -0.042 -0.033

(0.008) (0.087) (0.094)

Additional Proneness variables

#Lockdown policies ✓ ✓

#Reopening policies ✓ ✓

Quarterly GDP ✓ ✓

City areas/sizes ✓ ✓

Province dummies ✓

Time dummies ✓

Observations 194505 194505 194505

Notes: (1) The outcome is log(gift value + 1), while the exposures are COVID-19 intensities (cases/population) in the

anchor’s city and fans’ cities. (2) ATE = average treatment effect; QTE = quantile treatment effect. (3) ***, **, * denote

significance level at 1%, 5%, and 10%, respectively. (4) The ATE is obtained by linear regression adjustment. (5) We use the

“linear” model to predict the probability that the outcome is below the quantile function conditional on proneness variables.

(6) Numerical optimization proceeds via a Nelder-Mead algorithm. (7) Conventional standard errors are in parentheses for

QTEs, while robust standard errors clustered on the anchor are in the square brackets for ATEs.
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3.5.2 Robustness Checks

To check the robustness of our results, we attempted several similar settings. We first convert

our multiple continuous treatments into a single binary treatment. By doing so, we will be able to

resort to a recent method called localized debiased machine learning (LDML) developed by Kallus

et al. [2020] as well as a more traditional and well-established method developed by Firpo [2007] in

estimating the QTE. The single binary treatment is defined by comparing the COVID-19 intensity

of the two sides—if the COVID-19 intensity is higher on the fans side, the treatment variable will

be 1; otherwise, it will be 0. According to the results in Table 3.6, the treatment effect should be

positive and higher at lower quantiles. Indeed, Table 3.3 confirm this prediction.

Table 3.3: Effects of Single Binary Treatment: Fans Side > Anchor Side

ATE
QTE at Percentile

20 40 60 80

A. Unadjusted C. Firpo [2007]

0.405∗∗∗ 1.606∗∗∗ 1.297∗∗∗ 0.435∗∗∗ -0.022

[0.106] (0.052) (0.047) (0.037) (0.035)

B. Adjusted D. LDML

0.660∗∗∗ 0.571∗∗∗ 0.596∗∗∗ 0.263∗∗∗ 0.077

[0.190] (0.046) (0.035) (0.051) (0.096)

E. GQR

1.415 0.776∗∗∗ 0.354 0.156

(4.043) (0.219) (0.317) (0.690)

Notes: (1) N=194,505. (2) ATE = average treatment effect; QTE = quantile treatment effect; LDML = localized

debiased machine learning; GQR = generalized quantile regression. (3) ***, **, * denote significance level at 1%, 5%,

and 10%, respectively. (4) The adjusted ATE is obtained by linear regression adjustment. (5) The LDML part is based

on Kallus et al. [2020] using random forests to fit the conditional expectation functions and spliting the data into 5

folds. (6) The GQR part is based on Powell [2019] using the “linear” model to predict the probability the outcome

is below the quantile function conditional on the proneness variables in Table 3.1, and the numerical optimization

proceeds via a Nelder-Mead algorithm. (7) Conventional standard errors are in parentheses for QTEs, while robust

standard errors clustered on the anchor are in the square brackets for ATEs. (8) For QTEs at other percentiles, refer

to Table C3; for QTEs by LDML using other methods such as neural networks, refer to Table C4.

We implemented other robustness checks in section C.4. By changing the linear probability
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model to a logit/probit model (Table C5 and Table C6), the numerical optimization method from

a Nelder-Mead algorithm to an adaptive MCMC procedure (Table C7) and a grid search procedure

(Table C8), and by adding province fixed effects (Table C9), main results remained unchanged.

3.5.3 Platform Pricing

From Table 3.6 we could conclude that θA is around zero and θF is positive. So our prediction

from the theory model is that the platform should cross-subside anchors. In reality, pA includes

commission fee, tax and platform subsidy&benefits (negative pA). According to a research report

from Essence Securities, commission fee and tax remains fixed (about 0.6 dollars in total for every

dollar worth of gift transaction) throughout our study period, however, we do observe a drastic

increase in platform subsidy. For example, between Feb 7th 2020 and March 31st 2020, the platform

launched a special program, which spent 1 billion RMB in subsiding streamers. In addition, the

platform also launched a training program to help streamers. The prices for fans pF are more

implicit and subtle, including various forms of gift discounts, advertisement density per live video

etc. Due to the data limitation, it’s hard to track the change of pF . But as far as we know, there

is no significant fans subsidy policy throughout our study period. In a word, the platform pricing

in reality is mostly consistent with our theory prediction and the estimation results.

3.5.4 Informal Investigation of Quasi-demand

To better understand how COVID-19 shocks affect the equilibrium volume of gifts, we proceed

with an informal investigation of the quasi-demand in equilibrium. We cannot directly observe the

quasi-demand (or engagement) and need to approximate them. Here we use the live video length

as the proxy for anchors’ engagement and the average number of audiences 1 as the proxy for fans’

engagement. The results are shown in Table 3.4 and Table 3.5. We could see the basic conclusions

still hold. The Covid-19 shock increases the quasi-demand of both anchors and fans and the main

driver is the shock to the fans side.

Previously Table 3.6 has shown the depolarization of anchors’ gift income distribution, how-

ever, other researches [Cortes and Forsythe, 2020] find Covid-19 exacerbates income polarization,

1It’s defined as total number of audiences
live video length
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where low-skill workers are more likely to lose their jobs under the Covid-19 shock. To better

understand such contradiction, we further examine the heterogeneity of streamers’ quasi-demand

or engagement. We find a similar conclusion here, where the labor participation of bottom stream-

ers is more responsive to the Covid-19 shock. One possible story to resolve this puzzle is that

digital platforms are sanctuaries for those relatively low-skilled or unlucky people. When their

outside options are deteriorated, the bottom streamers would rationally spend more time on the

live-streaming platform.

Table 3.4: The Impact of COVID-19 on Anchors’ Quasi-demand in Equilibrium

(1) (2) (3)

COVID-19 intensity (Anchor) -0.000∗∗ -0.000 -0.000

(0.000) (0.000) (0.000)

COVID-19 intensity (Fans) 0.481∗∗∗ 0.493∗∗∗ 0.497∗∗∗

(0.060) (0.060) (0.060)

Female 0.103∗∗∗ 0.102∗∗∗

(0.004) (0.004)

#Lockdown policies (Anchor) -0.002∗∗∗

(0.000)

#Lockdown policies (Fans) 0.002∗∗∗

(0.000)

Constant 8.611∗∗∗ 8.577∗∗∗ 8.587∗∗∗

(0.002) (0.003) (0.004)

Time dummies ✓

Observations 194,505

Notes: (1) ***, **, * denote significance level at 1%, 5%, and 10%, respectively. (2) The dependant

variable is the logarithm of the live video length.

3.6 Conclusion

In this paper, we studied the heterogeneous (quantile) treatment effects of two-sided COVID-

19 shocks on earnings. We first modified Rochet and Tirole [2003]’s model to theoretically analyze

the effects. The total platform demand depends on the quasi-demand of anchors and fans. One
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Table 3.5: The Impact of COVID-19 on Fans’ Quasi-demand in Equilibrium

(1) (2) (3)

COVID-19 intensity (Anchor) -0.000∗∗∗ -0.000∗∗∗ -0.000∗∗∗

(0.000) (0.000) (0.000)

COVID-19 intensity (Fans) 2.175∗∗∗ 2.187∗∗∗ 2.031∗∗∗

(0.107) (0.107) (0.107)

Female 0.097∗∗∗ 0.102∗∗∗

(0.008) (0.004)

#Lockdown policies (Anchor) 0.018∗∗∗

(0.001)

#Lockdown policies (Fans) -0.009∗∗∗

(0.001)

Constant 7.404∗∗∗ 7.371∗∗∗ 7.205∗∗∗

(0.004) (0.005) (0.006)

Time dummies ✓

Observations 194,505

Notes: (1) ***, **, * denote significance level at 1%, 5%, and 10%, respectively. (2) The dependant

variable is the logarithm of the average number of audiences.
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Table 3.6: The Heterogeneous Impact of COVID-19 on Anchors’ Quasi-demand in Equilibrium

(1) (2) (3)

Percentile

20

Anchor side -0.000∗∗∗ -0.000∗∗∗ 0.001

(0.000) (0.000) (0.001)

Fans side 0.513∗∗∗ 0.496∗∗∗ 0.151∗∗∗

(0.097) (0.098) (0.055)

40

Anchor side -0.000∗∗∗ -0.000∗∗∗ -0.001∗∗∗

(0.000) (0.000) (0.000)

Fans side 0.477∗∗∗ 0.469∗∗∗ 0.183∗∗∗

(0.064) (0.063) (0.036)

60

Anchor side -0.000 0.000 0.000

(0.000) (0.000) (0.000)

Fans side 0.424∗∗∗ 0.434∗∗∗ 0.178∗∗∗

(0.050) (0.047) (0.027)

80

Anchor side -0.000 -0.000 -0.000

(0.000) (0.000) (0.000)

Fans side 0.268∗∗∗ 0.346∗∗∗ 0.145∗∗∗

(0.045) (0.047) (0.027)

Additional Control variables

Female ✓ ✓

#Lockdown policies ✓

#Reopening policies ✓

Time dummies ✓

Observations 194505 194505 194505

Notes: (1) ***, **, * denote significance level at 1%, 5%, and 10%, respectively. (2) The dependant variable is the logarithm

of the live video length. (3) Here we just use the usual quantile regression instead of GQR, which means we don’t explore

the treatment effect.
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prediction is that under the fans side shock, the platform tends to cross-subside the anchors. With

the uniform distribution assumption, the welfare of both anchors and fans would increase. In reality,

we do observe that the live-streaming platform subsided anchors, which is consistent with our theory

model. To empirically estimate how the transaction volume (in our setting, gifting behaviors or

gift earnings) in a two-sided market can be affected by COVID-19 shocks, we obtained a unique

live-streaming dataset from Kuaishou using web spiders and investigated the effects empirically.

To accommodate multiple continuous treatments at different quantiles, we resort to Powell [2013,

2019]’s GQR framework. Results suggest that, COVID-19 shocks from the fans side encouraged

gifting behaviors, while COVID-19 shocks from the anchor side did not eventually increase gift

earnings. We also find COVID-19 shocks lead to the de-polarization of the anchor gift income

distribution. An informal quasi-demand analysis revealed that COVID-19 shocks increased the

labor participation of the bottom streamers.

Admittedly, there are a few directions that need to be considered in future research. Firstly, we

do not directly test the mediating effect of platform prices, and we hope that future studies should

try to obtain information on the transaction fees or develop a way to estimate these fees and see

if they are consistent with the theoretical model. Secondly, we mainly focus on the heterogeneous

treatment effects on transactions along the distribution of transactions, while there might be sources

of heterogeneity from other dimensions such as race, education, and/or age. However, due to

the limitation of our data, we have yet to further explore these other dimensions. Thirdly, our

approximation of the quasi-demand might be problematic. An important drawback is we cannot

measure some unobserved engagement (e.g. anchors’ efforts). More advanced data crawling&mining

techniques can be adopted to acquire and extract more information on live-streaming videos.

With anchors on live-streaming platforms becoming a trending type of labor force and platform-

based markets becoming increasingly mainstream, we believe that there shall be more theoretical

and empirical studies using information on both sides of a platform and incorporate the two-sided

market structure in the emerging industries, when studying the effects of shocks or policies. The

trend of polarization can also be different in a two-sided labor market, which can be a future

direction of research.
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Chapter 4

MARKET COMPETITION AND PRODUCT ASSORTMENT IN A LIVE
E-COMMERCE PLATFORM: A DEEP LEARNING APPROACH

4.1 Introduction

How does the market structure affect product variety? This is a classic question in economic

theory. However, different theoretical models have very different predictions [Stole, 2007]. This

paper aims to provide new empirical evidence to this topic.

In the past few years, a new retailing format has become popular in China: live streamers

started to sell all kinds of products during their live broadcasting. The categories of the prod-

ucts they sell are widely ranged, from groceries to appliances. Thus, we could consider such

live-streaming platform as a retail market. This paper studies the relationship between market

competition and product variety in Kuaishou, which is the second largest live-streaming platform

in China. We collect the video and personal information of the top streamers1 between February

and June in 2020.

The main challenges are (1) how to measure market competition and (2) how to address the

endogeneity of such measurement and get a clean identification of the treatment effect. We use a

novel multi-task graph convolutional network (GCN) approach [Kipf and Welling, 2016a] to get the

embedding (latent) vector of each streamer and use embedding similarity to proxy the intensity

of market competition. The market could be represented as a streamer competition graph and

GCN is the state-of-the art deep learning approach to extract useful graph information. We also

resort to multi-task learning to incorporate widely accepted economic theories into the model. To

address endogeneity, we leverage a natural experiment, where a top streamer (Xinba) with strong

market power quits the market by accident. This event brings an exogenous shock to competition

among remaining streamers. The intensity of the shock has both longitudinal and cross-sectional

variations, which depend on the product portfolio of each streamer.

1Around 1,000 most popular streamers based on the number of fans.
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Our work is related to several strands of literature. First, this paper contributes to the empirical

research about product variety or assortment. Most studies [McManus, 2007, Draganska et al.,

2009, Sweeting, 2010, 2013, Fan, 2013, Illanes and Moshary, 2020] find that a decrease in market

competition (e.g., mergers and acquisitions) leads to lower product variety. As pointed out by

Berry and Waldfogel [2001], the impact of market competition on product variety is theoretically

ambiguous, but they find that lower market competition increases product variety empirically.

Similarly, Wollmann [2018] finds after acquisitions, firms would increase product variety as long as

the sunk cost of introducing products is low enough. Our paper leverages a natural experiment to

explore how prices and product variety would respond to an exogenous market competition shock.

We discover that when facing lower market competition, retailers on a social e-commerce platform

on average would reduce product variety but would not change prices.

Second, this paper contributes to the recent literature on uniform pricing. Recent studies

conclude that uniform pricing widely exists among the retail chains in the United States [Adams

and Williams, 2019, DellaVigna and Gentzkow, 2019, Hitsch et al., 2019, Illanes and Moshary, 2020].

We find a similar phenomenon exists in the digital retailing platform of an emerging country, where

prices are sticky and do not adjust to exogenous shocks.

Last, we contribute to a growing marketing literature on using representation learning to

study competition. For example, Ruiz et al. [2020] proposes a hierarchical latent variable model of

ordered shopping baskets, which is called as SHOPPER. Chen et al. [2020] introduces Product2Vec

to transform products into low-dimensional embedding vectors and adds it to the traditional discrete

choice model. Gabel et al. [2019] proposes an exploratory approach by leveraging a neural network

language model to derive product embedding and model market competition. Our contribution is

to add multi-task learning and graph neural network to the literature.

The remainder of the paper is organized as follows: section 4.2 introduces the data sources,

section 4.3 describes our graph convolutional network, section 4.4 shows the evaluation of our neural

network results, section 4.5 presents our regression design and the estimation results, and section

4.6 concludes the paper.
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4.2 Data

Our data is from Kuaishou, the second largest short video and live streaming platform in China.

Nowadays, many streamers start to recommend and sell products during their live broadcasting.

Live commerce is becoming an important format in China’s online retail market. A recent research

done by iRsearch estimates that the market size of China’s live commerce in 2021 is about 320

billion dollars.

We collect the information of the top 1,000 subscription streamers in terms of the number of

fans and their live videos, which includes (1) the general information of each streamer, e.g. gender,

location, number of fans and self-introduction, (2) the general information of each live video, e.g.,

the number of watchers and comments, and (3) the sales information in each live video, including

product names, categories, prices and quantities. Some of the popular streamers on Kuaishou has

their own apprentices and form their own “families”. In the families, streamers sometimes show

up in videos of each others and what they sell can be decided by the “parent” of the family. Thus,

we manually collect this information and include the family dummy variables to control the family

fixed effects.

We focus on the cosmetic products that are sold by the top 1,000 streamers in our study

period. 317 out of the 1,000 streamers have sold at least one product during this time span, and

thus we consider only the 317 streamers as our retailers. Note that, if a streamer ever sells any

product, the streamer usually sells more than just one products in each video. A streamer can also

have multiple live streaming videos in a week selling overlapping products. In this paper, we are

interested in three dependant variables. Their definitions are as follows: (1) product variety, which

is the number of distinct cosmetic products that have been put on the shelf (may or may not have

a deal) within a week by a streamer, (2) average cosmetic price, which is the simple average of the

prices of the distinct cosmetic products deployed in each week, and (3)market share, which is the

ratio of the weekly sales (price multiply by quantity) of cosmetic products of a streamer to that of

all the 317 streamers. See Table 4.1 for summary statistics.

Distinct products are determined by the names provided in the live-streaming videos. As the

exact string of the same product sold by different streamers can be slightly different, we use the

Python library “FuzzyWuzzy” to calculate string similarity and group similar strings together.
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Then, we manually check whether those strings are really mapped to the same product.

Our cosmetic data include 16 subcategories such as lip products and eye liners. We use a vector

to record the weekly sales information of each streamer. For example, if streamer i sold lipstick A

twice (i.e., in two videos), lipstick B once and eye liner A once within a week, the vector would be

hi = (3, 1, 0, . . . , 0). Each element of the feature indicates the frequency of the sales of a specific

cosmetic subcategory. See Table 4.2 for the sales information of all subcategories.

We use the account suspension of Xinba, the most popular streamer on Kuaishou, as an

exogenous shock to identify the effect of competition on market structure. Figure 4.1 shows that

Xinba accounts for the majority of the large weekly market shares. The account suspension is due

to a random war of words between Xinba and another popular streamer Sanda. The war of words

between these two streamers were live streamed and involved “inappropriate” contents. As a result,

their accounts were both suspended during April and June in 2020 by the platform manager.

Table 4.1: Summary Statistics of Some Key Variables

Statistic Mean St. Dev. Min Pctl(25) Pctl(75) Max

Number of fans (mil) 7 5.7 8.5 3.7 8.4 61

Average attendance (k) 7.9 16.1 0.0 0.8 7.6 188.6

Product Variety 4.704 4.611 0 1 7 54

Average Cosmetic Price (CNY) 40.381 42.465 0 16.3 51.2 688

Market share (of sales) 0.010 0.041 0.000 0.0001 0.005 0.696

Notes: (1) N = 2,233; (2) CNY = Chinese Yuan; (3) Pctl = Percentile.

4.3 Multi-Task Graph Convolutional Network

We construct an undirected weighted graph, which summarizes the sales information of the

live streamers. The nodes represent the live streamers i = 1 . . . N . The edge between any two nodes

measures their similarity, which is a proxy of the competition relationship. To obtain edge weights,

at first we create a 16-dimensional vector hit for each streamer-week pair, counting the number of

live commerce events for 16 different cosmetic subgroups, as we described in section 4.2. Then the
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Figure 4.1: Market Shares between Xinba versus All Other Streamers
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Table 4.2: Sales Information of All Subcategories

Statistic Mean St. Dev. Min Pctl(25) Pctl(75) Max

Lip 2.548 5.299 0 0 3 62

Eye liner 0.932 2.657 0 0 1 30

Eye shadow 0.923 2.319 0 0 1 30

Cheek 0.116 0.517 0 0 0 8

Detailing 0.876 3.236 0 0 0 60

Foundation 2.929 5.046 0 0 3 52

Setup 0.012 0.155 0 0 0 5

Cleaning 0.578 1.653 0 0 0 28

Eye lash 0.566 1.474 0 0 0 16

Eye brow 0.523 1.538 0 0 0 25

Tool 0.390 1.678 0 0 0 21

Pre 0.669 2.071 0 0 1 26

Hyalironic 0.056 0.545 0 0 0 10

Double eye lid 0.035 0.452 0 0 0 9

Nail 0.011 0.152 0 0 0 5

Combo 0.031 0.296 0 0 0 7

Notes: (1) N = 2,233; (2) Pctl = Percentile.
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edge weight between node i and j at week t is their cosine similarity: eijt =
hit·hjt

∥hit∥∥hjt∥ .

There are several reasons why we do not directly use this naive specification as our competition

index: (1) this index may fail to capture the implicit competition relationship when the similarity

score is 0, (2) the naive pairwise comparison does not take the complicated network structure into

account, and (3) this index does not make use of some widely accepted economic theories—e.g.,

the degree of market competition is negatively correlated with market share.

To address these problems, we use the so-called multi-task graph convolutional network ap-

proach. Graph convolutional network (GCN) is a state-of-the-art deep learning approach to make

use of our complex graph data. It has been widely used for graph representation learning [Berg

et al., 2017, Kipf and Welling, 2016a,b, Schlichtkrull et al., 2018]. GCN could help to address prob-

lems (1) and (2). Our goal is to use GCN to learn a set of weekly N ×K streamer feature matrices

Ht (N is the number of nodes, while K is the number of input features) and use it to construct a

weekly market competition index. To address problem (3), we resort to multi-task learning, which

adds an additional economic theory-guided loss to the original GCN loss function. In our case, it is

the distance between the actual market share and the market share prediction based on the degree

of market competition.

4.3.1 Network Architecture

Following the propagation rule introduced in Kipf and Welling [2016a], the ℓ-th convolutional

layer is defined as:

H
(ℓ+1)
t = σ

(
D̃

− 1
2

t (At + I)D̃
− 1

2
t H

(ℓ)
t W (ℓ)

)
where At is the adjacency matrix, I is the identity matrix, D̃t is the diagonal node degree matrix

of At + I, W (ℓ) is the weight matrix for the ℓ-th convolutional layer (no subscript t), σ(·) is the

ReLu activtion function. We have two convolutional layers in total. We randomly initialize H
(0)
t

for t = 0, 1, ..., 21.

In the final stage we have two tasks:

• Link Prediction

We reconstruct the adjacency matrix Ât = CosineSimilarity
(
H

(L)
t , H

(L)
t

)
which is our pre-

diction of edge weights.
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• Market Share Prediction

For simplicity, our prediction of the market share vector is:

ŝt = Softmin

(
H

(L)
t

(
H

(L)
t

)T
1− diag

(
H

(L)
t

(
H

(L)
t

)T) )

For simplicity, we do not introduce any new parameter in the final stage. But potentially we

could also add several fully connected layers here.

4.3.2 Loss Function

Our loss function consists of two parts: link prediction loss Ll and market share prediction loss

Lm. We define

Ll =

21∑
t=0

N∑
i,j=1

(
Ai,j,t − Âi,j,t

)2
and

Ls =
21∑
t=0

N∑
i=1

(si,t − ŝi,t)
2 .

For multitask learning, it is important to specify the weights of different task losses. Here

we use the task-dependant uncertainty weighting approach in Kendall et al. [2018]: σ1 and σ2 are

uncertainty weighting parameters that are automatically learned from the network training:

L =
1

2σ2
1

Ll +
1

2σ2
2

Ls + log(σ1σ2) .

4.4 Model Evaluation

In addition to the GCN loss function, we use a economics-related metric to evaluate our model.

According to a well-established economic theory, the degree of market competition that a streamer

faces is negatively correlated with its market share. The market competition index of streamer i in

market t is defined as follows:

Compi,t =
e
∑

j hi,t·hj,t∑
i e

∑
j hi,t·hj,t

We run the following regression to test the correlation between competition and market share:

yi,t = β0 + β1Compi,t +X′
i,tβ + ϵi,t. (4.1)
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The result is shown in Table 4.3. The results show that the impact of competition on market

share is negative at the 5% significance level.

Table 4.3: The Correlation between Competition and Market Share

Dependent variable: market share

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

Comp -0.2258∗∗ -0.2076∗∗ -0.2078∗∗ -0.2151∗∗

(0.096) (0.096) (0.095) (0.095)

Female 0.0049∗∗∗ 0.0057∗∗∗ 0.0056∗∗∗

(0.002) (0.002) (0.002)

Number of Fans 0.0000∗∗∗ 0.0000∗∗∗

(0.000) (0.000)

Number of Videos -0.0000∗∗

(0.000)

Constant 0.0076∗∗∗ 0.0041∗∗∗ -0.0034∗ -0.0021

(0.001) (0.001) (0.002) (0.002)

Family FE Yes Yes Yes Yes

Observations 2,233 2,233 2,233 2,233

Notes: (1) ∗p<0.1, ∗∗p<0.05, and ∗∗∗p<0.01; (2) higher Comp

means more competition.



84

4.5 DiD Design and Results

To better leverage the exogenous event in which Xinba’s account is suspended by accident,

we define our treatment variable as the average competition level between a streamer and Xinba

before Xinba’s account suspension, i.e.,

Comp Xinbai =
1

13

12∑
t=0

hi,t · hXinba,t

∥hi,t∥∥hXinba,t∥
.

4.5.1 Main Specification

Table 4.4: The Treatment Effect of Market Competition Shock on Product Variety

Dependent variable: product variety

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

Comp Xinba× Ipost 2.5594∗∗∗ 2.6049∗∗∗ 2.7669∗∗∗ 2.7150∗∗∗ 2.7015∗∗∗

(0.818) (0.820) (0.805) (0.805) (0.805)

Comp Xinba 0.2150 0.1802 -0.3170 -0.2706 -0.2658

(0.679) (0.684) (0.673) (0.673) (0.673)

Ipost -1.5469∗∗ -1.5914∗∗∗ -1.6090∗∗∗ -1.6051∗∗∗ -1.5970∗∗∗

(0.610) (0.612) (0.600) (0.600) (0.600)

Female 2.0098∗∗∗ 2.1237∗∗∗ 2.0365∗∗∗

(0.214) (0.214) (0.214)

Number of Fans 0.000∗∗ 0.000∗∗

(0.000) (0.000)

Average Number of Watchers per Video -0.000

(0.000)

Constant 4.4954∗∗∗ 4.5226∗∗∗ 3.3961∗∗∗ 3.1197∗∗∗ 3.1082∗∗∗

(0.513) (0.517) (0.521) (0.531) (0.539)

Family FE No Yes Yes Yes Yes

Observations 2,233 2,233 2,233 2,233 2,233

Notes: (1) ∗p<0.1, ∗∗p<0.05, and ∗∗∗p<0.01;

We adopt a difference-in-differences (DiD) strategy similar to ?. We compare the relative
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change in product variety and price in the post-suspension period relative to the pre-suspension

period between streamers who were similar to Xinba (and thus competed with Xinba) and those who

were not. Our measure of the treatment intensity is continuous and thus can capture more variation

in the data. We assume that a streamer’s product variety and average price are proportional to our

measure of competition between the streamer and Xinba in the main estimating equation. Thus,

we have

yi,t = α+ β Comp Xinbai× Ipost,t+γ Comp Xinbai+ρ Ipost,t+X′
i,tΦ+ ϵi,t (4.2)

where i indexes streamers and t represents each week (i.e., market), which are from 0 to 21, and

Ipost,t is an indicator variable that equals one for the periods after week 13 (when Xinba’s account

was suspended). The outcome of interest, denoted by yi,t, is either the weekly market share or the

average cosmetic price. We also include family fixed effects and time-varying streamer-specific and

video-specific characteristics in Xi,t.

We are interested in the coefficient β in Equation (4.2). As shown in Table 4.4 and Table 4.5,

there is strong evidence of a positive effect of market competition on product assortment, but no

clear evidence of an effect on price change.

4.5.2 Flexible Estimation (Pre-Trend)

In Equation (4.2), we estimate the average effect of the competition between Xinba and other

streamers on product variety and average price. Our main specification requires that during our

study period the major event that affects competition is Xinba’s exit of the market. However, as

we all know, the digital world is ever-changing, and various events can happen (especially when our

study period coincides with the COVID-19 pandemic). Thus, we adopt a more flexible estimating

equation that takes the form below:

yi,t = α+

21∑
j=0

βj Comp Xinbai× Ij,t+

21∑
j=0

ρj Ij,t+X′
i,tΦ+ ϵi,t (4.3)

The difference between Equation (4.3) and Equation (4.2) is that we interact our competition

measure Comp Xinbai with each of the week/market fixed effects. As a result, βjs reveal the

correlation between competition and the outcomes of our interest in each week/market. We are

interested in the pattern of the estimated βjs over the weeks. Particularly, we would like to see if
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Table 4.5: The Treatment Effect of Market Competition Shock on Prices

Dependent variable: prices

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

Comp Xinba× Ipost -3.6128 -3.6986 -3.0458 -3.8756 -2.4645

(7.588) (7.507) (7.483) (7.468) (7.431)

Comp Xinba -4.9487 -3.6881 -5.6912 -4.9485 -5.4489

(6.294) (6.263) (6.261) (6.249) (6.214)

Ipost 0.0303 0.4242 0.3533 0.4158 -0.4324

(5.660) (5.599) (5.579) (5.566) (5.537)

Female 8.0965∗∗∗ 8.4780∗∗∗ 8.1787∗∗∗

(1.986) (1.984) (1.974)

Number of Fans 0.000∗∗∗ 0.000

(0.000) (0.000)

Average Number of Watchers per Video 0.0004∗∗∗

(0.000)

Constant 44.9075∗∗∗ 42.6169∗∗∗ 38.0784∗∗∗ 33.6561∗∗∗ 34.8559∗∗∗

(4.755) (4.731) (4.845) (4.998) (4.976)

Family FE No Yes Yes Yes Yes

Observations 2,233 2,233 2,233 2,233 2,233

Notes: (1) ∗p<0.1, ∗∗p<0.05, and ∗∗∗p<0.01;

there is any discontinuity in the pattern around the week when Xinba’s account was suspended for

a period of time.

One thing that we would like to emphasize is that, although we choose week 0 as the benchmark

market and set its coefficient to be 0, we are not interested in the individual magnitudes of the

point estimates themselves. To better illustrate the pattern, we draw Figure 4.2 based on Table 4.6.

As shown in the figure, there are no clear trends of the estimated interaction effects before Xinba’s

account suspension—they go up and down drastically centering around 0. After Xinba’s account

suspension, the effects start to center around a much larger value, 3. In week 15, which is two

weeks after Xinba’s account suspension, we observe a larger effect.

We can clearly see that, the relationship between direct competition with Xinba and product
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Figure 4.2: Flexible Estimates: The Impact of Competition Shock on Product Variety

variaty is not significant over time during week 0 to week 12 and then almost steadily increases

in magnitude from week 13 to near the end of our observation window. After Xinba’s account

suspension, product assortment of streamers who directly competed with Xinba starts to diminish

relative to streamers who did not compete with Xinba. The effect on product variety appears to

lag behind Xinba’s exit by approximately one to two weeks.

Table 4.6: Flexible Estimates: The Impact of Competition Shock on Product Variety

Dependent variable: product variety

(1) (2)

Comp Xinba× I1 -5.5324 -5.3918

(3.973) (3.978)

Continued on next page
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Table 4.6 – continued from previous page

(1) (2)

Comp Xinba× I2 -5.6723 -5.5299

(3.973) (3.978)

Comp Xinba× I3 -3.2367 -3.0689

(3.269) (3.278)

Comp Xinba× I4 0.1897 0.2192

(2.867) (2.876)

Comp Xinba× I5 3.7863 3.8277

(2.399) (2.402)

Comp Xinba× I6 0.6980 0.6701

(2.604) (2.606)

Comp Xinba× I7 -0.9079 -0.9057

(2.146) (2.150)

Comp Xinba× I8 -1.0357 -1.0371

(2.542) (2.543)

Comp Xinba× I9 4.3163 4.3790∗

(2.633) (2.635)

Comp Xinba× I10 1.4239 1.2360

(1.709) (1.725)

Comp Xinba× I11 0.0421 -0.0863

(1.606) (1.628)

Comp Xinba× I12 0.3383 0.3513

(2.372) (2.373)

Comp Xinba× I13 0.9464 0.8460

(1.956) (1.960)

Comp Xinba× I14 1.9632 1.9510

(1.604) (1.605)

Comp Xinba× I15 3.0938∗∗ 3.0975∗∗

(1.407) (1.417)

Comp Xinba× I16 3.5010∗∗∗ 3.5302∗∗∗

(1.288) (1.291)

Comp Xinba× I17 2.0168 2.0040

Continued on next page



89

Table 4.6 – continued from previous page

(1) (2)

(1.335) (1.336)

Comp Xinba× I18 3.9668∗∗∗ 3.9660∗∗∗

(1.272) (1.274)

Comp Xinba× I19 3.9904∗∗∗ 4.0344∗∗∗

(1.168) (1.174)

Comp Xinba× I20 1.2790 1.3780

(1.521) (1.525)

Comp Xinba× I21 2.5381∗ 2.5358∗

(1.297) (1.298)

I1 4.4220 4.3319

(3.233) (3.236)

I2 3.6709 3.5665

(3.236) (3.239)

I3 2.4392 2.3429

(2.781) (2.785)

I4 -0.1966 -0.2069

(2.403) (2.407)

I5 -2.0340 -2.0761

(2.001) (2.003)

I6 -0.5737 -0.5505

(2.271) (2.273)

I7 0.8196 0.8066

(1.975) (1.977)

I8 1.0953 1.0927

(2.211) (2.212)

I9 -3.0447 -3.1083

(2.298) (2.300)

I10 -1.1625 -0.9930

(1.684) (1.695)

I11 0.1304 0.2184

(1.631) (1.647)

Continued on next page
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Table 4.6 – continued from previous page

(1) (2)

I12 -0.2179 -0.2534

(2.152) (2.153)

I13 -0.7121 -0.6499

(1.851) (1.854)

I14 -0.9269 -0.9226

(1.644) (1.644)

I15 -1.6777 -1.7002

(1.519) (1.526)

I16 -1.8824 -1.9323

(1.442) (1.444)

I17 -1.8403 -1.8392

(1.467) (1.468)

I18 -2.3644∗ -2.3647∗

(1.428) (1.430)

I19 -2.0225 -2.0562

(1.384) (1.388)

I20 -0.9584 -1.0360

(1.583) (1.586)

I21 -1.1707 -1.1659

(1.441) (1.442)

Constant 4.5882∗∗∗ 4.5882∗∗∗

(1.113) (1.114)

Family FE No Yes

Observations 2,233 2,233

4.6 Conclusion

This paper proposes a novel approach to measure market competition, leveraging the recent

methodological advances in machine learning. Through a natural experiment, we identify a treat-
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ment effect of market competition on product variety. Our results show that an online streamer

would typically rely on product assortment rather than price adjustment when facing exogenous

market competition shocks. More studies with the new tool in other contexts should be done to

investigate the relationship between market competition and product assortment.
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Appendix A

EXAMINING THE ZERO-MARKUP DRUG POLICY IN CHINA: A
STRUCTURAL APPROACH (CHAPTER 1)

A.1 Standard error

To calculate the standard errors of our estimated demand parameters, we need the derivatives

of the unobserved drug quality with respect to the parameters, ∂ξt/∂θ2. According to the implicit

function theorem, we have
∂ξt
∂θ2

= −
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∂st
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Given ∂ξt/∂θ2, the standard errors of our parameters are
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A.2 Elasticity

Demand semi-elasticity is given by
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and the cross-price elasticity of demand is
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A.3 Dealing with unobserved package sizes

The highest price regulation varies by package size (i.e, the number of units in each package,

such as 12 tablets versus 14 tablets per package), which are not observed from our data. To deal

with this issue, for each aggregated drug product (a molecule-firm pair), we calculate the price

caps based on several package sizes, and use the highest per unit price cap to calculate the highest

possible retail price (upper bound), and the lowest to calculate the lower bound. Our calculations

suggest that they are very close to each other, compared to the magnitude of the prices themselves.

Although the lower bound and upper bound are fairly close to each other, it creates a small

problem in defining a ”binding constraint” because in some cases 1.15pW falls in the middle of

the range created by the lower bound and upper bound of pHighest. Table A.1 illustrates this

potential issue by calculating the portion of observations that encounter a binding highest price

(i.e., pHighest ≤ 1.15pW ) between 2012 and 2014. The binding rates calculated based on the lower

bounds and upper bounds are different but in general they are fairly close to each other. Our main

results will be based on the lower bound (highest per unit price cap and thus highest retail price or

markup). The analysis based on the upper bound is similar. One more takeaway from Table A.1 is

that the binding rates are fairly high and vary a lot by molecule, which suggests that there should
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Table A.1: Rate at which retail price equals highest price (2012–2014)

Lower bound (%) Upper bound (%)

2012 2013 2014 2012 2013 2014

Molecule:

Ezetimibe 82.61 98.78 92.77 82.61 98.78 92.77

Atorvastatin 85.23 76.33 75.31 86.91 81.00 78.75

Inositol Nicotinate 66.67 66.67 66.67 66.67 66.67 66.67

Probucol 73.81 70.68 67.16 73.81 70.68 67.16

Fluvastatin 69.83 73.41 72.02 80.45 80.35 79.17

Fenofibrate 56.83 53.19 51.84 60.43 57.60 55.81

Pravastatin 66.06 59.57 57.30 82.48 80.14 73.03

Simvastatin 56.33 55.20 60.51 58.77 58.28 64.23

Bezafibrate 45.55 46.11 40.31 63.35 62.69 54.08

Acipimox 61.38 49.60 45.38 66.90 59.20 58.46

Lovastatin 48.91 49.58 53.23 77.37 75.63 72.58

Rosuvastatin 56.82 67.95 56.59 59.09 81.79 72.20

Gemfibrozil 50.57 38.27 37.93 75.86 67.90 65.52

Pitavastatin 65.17 56.44 55.65 96.63 87.13 86.96

Jiaogulan 49.40 58.90 58.70 77.11 84.93 71.74

Zhibituo 50.00 35.71 50.00 53.85 53.57 50.00

Xuezhikang 48.96 52.17 48.94 84.38 83.70 89.36

Overall 60.66 59.86 59.35 70.20 70.62 68.81

Notes: (1) These rates are conditional frequencies calculated using the sub-sample with highest price regulations.

(2) The highest price regulations can vary by drug form and size, and in our data only about 0.1% of the cases

aggregate the forms and/or sizes without highest prices and the ones with highest prices, and we assume that

those standardized drugs are under highest price regulations. (3) The highest price regulation also varies by

package size, which is not observed from the data, and so we use the highest per unit price cap to calculate the

lower bounds of the binding rates and the lowest per unit price cap to calculate the upper bounds of the binding

rates.
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be a good variation in retail price and hospital markup, although the retail price and markup are

likely correlated.

A.4 Market structure at the national level

Table A.2 illustrates the structure of the lipid-lowering prescription drug market in China

between 2012 and 2019, where we regard the whole country as a market and weight each province

by the number of actual hospitals versus that of sampling hospitals. The market shares are relative

to the total potential sales of lipid-lowering drugs and we assume that the treatment rate is 39

percent, based on Gao et al. [2013], for every year (so outside goods account for 69 percent of

the market shares). We leave the question of the consequences of having time-varying (and later

market-varying) treatment rates for future research. We also do not assume any variation in how

each drug is used in each hospital.

As we can see from Table A.2, the average wholesale price of each standard unit (weighted

based on a fixed ”basket” of firms in 2012) is declining over time. We include the firms that appear

in each year at least once in the ”basket” and weight the simple average wholesale price across

different quarters and provinces for each firm by its corresponding yearly market share. While the

decline was modest before 2016, it became quite significant after 2017 as the ZMDP kicked in and

the CDP was enhanced. Entry was observed in Atorvastatin and Rosuvastatin, the top two most

popular molecules in recent years.
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Appendix B

TRAINING, PRODUCTIVITY, AND WAGES: AN INVESTIGATION
OFCHINAS MANUFACTURING ENTERPRISES IN A PRIVATIZATION

ERA (CHAPTER 2)

Table B1: Types of Large-Scale Chinese Manufacturing Enterprises (1998–2013)

Year State-owned Collectively-owned Private Foreign Total

Subtotal (%) Subtotal (%) Subtotal (%) Subtotal (%)

1998 48,329 32.29 54,384 36.33 20,878 13.95 26,093 17.43 149,684

1999 43,409 29.51 50,071 34.04 27,202 18.49 26,434 17.97 147,116

2000 35,822 24.16 46,153 31.13 38,294 25.83 28,010 18.89 148,279

2001 28,608 18.24 39,511 25.20 57,733 36.82 30,964 19.75 156,816

2002 23,731 14.22 35,257 21.13 73.912 44.29 33,968 20.36 166,868

2003 18,209 10.05 29,439 16.25 95,490 52.70 38,048 21.00 181,186

2004 20,356 7.85 23,383 9.01 159,145 61.35 56,528 21.79 259,412

2005 11,556 4.62 20,350 8.14 162,636 65.04 55,495 22.19 250,037

2006 10,237 3.67 17,494 6.26 191,535 68.58 60,016 21.49 279,282

2007 7,197 2.30 16,079 5.14 223,280 71.32 66,490 21.24 313,046

2008 6,201 1.61 14,333 3.72 290,251 75.27 74,809 19.40 385,594

2009 5,402 1.58 12,202 3.58 258,039 75.65 65,444 19.19 341,087

2010 5,720 1.38 15,743 3.79 323,218 77.79 70,833 17.05 415,514

2011 3,962 1.41 5,619 2.00 219,075 78.15 51,654 18.43 280,310

2012 4,098 1.36 5,537 1.84 238,299 79.11 53,290 17.69 301,224

2013 3,031 0.94 3,805 1.18 261,236 81.36 53,028 16.51 321,100

Notes: (1) Numbers are calculated by the authors based on the Chinese Industrial Enterprises

Database. Some other authors may have different data sources and small differences can occur.

(2) Large-scale means the main business income of an enterprise was larger than 5 million RMB,

and this standard was revised to 20 million RMB in 2011.
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Table B2: Results of Manufacturing Sectors

OLS ACF

Sector ϕT λT ϕT − λT ϕT λT ϕT − λT Observations Firms

1 Non-staple Food Processing 0.181∗∗∗ 0.064∗∗∗ 0.116∗∗∗ 0.102∗∗∗ 0.049∗∗∗ 0.053∗∗∗ 28,796 9,777

(0.024) (0.008) (0.020) (0.020) (0.007) (0.020)

2 Food Products 0.157∗∗∗ 0.053∗∗∗ 0.104∗∗∗ 0.077 0.020 0.058 10,962 3,708

(0.029) (0.015) (0.020) (0.058) (0.014) (0.051)

3 Beverage Products 0.317∗∗∗ 0.175∗∗∗ 0.141∗∗∗ 0.193∗∗∗ 0.118∗∗∗ 0.074∗ 7,155 2,438

(0.035) (0.014) (0.029) (0.050) (0.013) (0.044)

4 Tobacco Processing 0.244 0.184 0.059 0.638 0.072 0.565 346 126

(0.167) (0.120) (0.055) (6.44) (0.108) (0.565)

5 Textile Products 0.252∗∗∗ 0.074∗∗∗ 0.177∗∗∗ 0.136∗∗∗ 0.062∗∗∗ 0.074∗ 49,527 16,731

(0.031) (0.012) (0.023) (0.043) (0.011) (0.041)

6 Wearing Apparel, Shoes and Caps 0.267∗∗∗ 0.070∗∗∗ 0.196∗∗∗ 0.134∗ 0.045∗∗ 0.089 25,329 8,481

(0.072) (0.023) (0.051) (0.080) (0.018) (0.074)

7 Leather, Fur and Feather Products 0.265∗∗∗ 0.019 0.246∗∗∗ 0.109∗∗ -0.007 0.116∗∗ 12,939 4,384

(0.028) (0.016) (0.028) (0.052) (0.015) (0.052)

8 Timber Processing and Wood Products 0.298∗∗∗ 0.060∗∗ 0.237∗∗∗ 0.161∗ 0.056∗∗∗ 0.104 9,135 3,095

(0.091) (0.029) (0.069) (0.088) (0.021) (0.084)

9 Furniture 0.248∗∗∗ 0.093∗∗∗ 0.154∗∗ 0.168∗ 0.071∗∗∗ 0.096 6,282 2,122

(0.071) (0.026) (0.069) (0.087) (0.026) (0.082)

10 Papermaking and Paper Products 0.118∗ 0.054∗∗ 0.064 0.061 0.024 0.036 13,458 4,384

(0.063) (0.024) (0.041) (0.072) (0.019) (0.059)

11 Printing and Record Medium Reproduction 0.143∗∗∗ 0.063∗∗∗ 0.079∗∗ 0.057 0.026∗∗ 0.030 9,578 3,095

(0.030) (0.013) (0.031) (0.034) (0.012) (0.035)

12 Cultural, Educational and Sporting Goods 0.282∗∗∗ 0.061∗∗ 0.220∗∗∗ 0.136∗ 0.033 0.102 6,871 2,339

(0.050) (0.025) (0.048) (0.081) (0.025) (0.077)

13 Petroleum and Nuclear Fuel Processing 0.500 0.156∗∗ 0.344 0.044 0.073 -0.028 3,622 1,246

(0.313) (0.077) (0.244) (0.229) (0.061) (0.192)

14 Chemical Products 0.193∗∗∗ 0.096∗∗∗ 0.096∗∗∗ 0.088∗∗ 0.061∗∗∗ 0.026 38,192 12,951

(0.023) (0.011) (0.017) (0.038) (0.008) (0.034)

15 Medical and Pharmaceutical Products 0.108∗∗∗ 0.060 0.048∗∗∗ 0.066∗∗ 0.063∗ 0.002 8,116 2,765

(0.038) (0.040) (0.014) (0.028) (0.033) (0.033)

16 Chemical Fiber Products 0.289∗∗∗ 0.148∗∗∗ 0.141∗∗∗ 0.174 0.114∗∗∗ 0.060 3,014 1,013

(0.089) (0.037) (0.073) (0.121) (0.030) (0.121)

17 Rubber 0.270∗∗∗ 0.090∗∗∗ 0.179∗∗∗ 0.129 0.059∗∗ 0.070 6,547 2,245

(0.066) (0.025) (0.068) (0.089) (0.028) (0.084)

18 Plastic 0.170∗∗∗ 0.032∗∗∗ 0.138∗∗∗ 0.081∗∗∗ 0.010 0.071∗∗∗ 25,184 8,546

(0.021) (0.010) (0.015) (0.021) (0.008) (0.020)

19 Non-metallic Mineral Products 0.299∗∗∗ 0.083∗∗∗ 0.215∗∗∗ 0.141∗∗∗ 0.048∗∗∗ 0.092∗∗∗ 42,693 14,439
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(0.035) (0.009) (0.028) (0.043) (0.007) (0.041)

20 Ferrous Metal Smelting and Processing 0.138∗∗∗ 0.099∗∗∗ 0.038∗∗ 0.067∗∗∗ 0.059∗∗∗ 0.008 13,085 4,505

(0.031) (0.028) (0.017) (0.027) (0.023) (0.030)

21 Non-ferrous Metal Smelting and Processing 0.145∗∗∗ 0.032∗∗ 0.112∗∗∗ 0.049 0.018 0.031 9,808 3,369

(0.036) (0.015) (0.026) (0.036) (0.012) (0.035)

22 Metal Products 0.185∗∗∗ 0.048∗∗∗ 0.136∗∗∗ 0.111∗∗∗ 0.025∗∗∗ 0.086∗∗∗ 23,787 8,053

(0.026) (0.014) (0.019) (0.027) (0.012) (0.024)

23 General Machinery 0.147∗∗∗ 0.060∗∗∗ 0.087∗∗∗ 0.067∗∗ 0.046∗∗∗ 0.020 42,481 14,409

(0.027) (0.013) (0.016) (0.027) (0.010) (0.024)

24 Special Equipment 0.152∗∗ 0.084∗∗ 0.067∗∗ 0.071 0.059∗ 0.011 20,441 6,955

(0.067) (0.042) (0.028) (0.064) (0.035) (0.045)

25 Transportation Equipment 0.199∗∗∗ 0.122∗∗∗ 0.076∗∗∗ 0.116∗∗∗ 0.067∗∗∗ 0.048∗∗ 23,757 8,053

(0.026) (0.019) (0.017) (0.021) (0.014) (0.020)

26 Electrical Machinery and Equipment 0.170∗∗∗ 0.064∗∗∗ 0.105∗∗∗ 0.088∗∗∗ 0.044∗∗∗ 0.044∗ 32,524 10,987

(0.025) (0.013) (0.017) (0.026) (0.011) (0.024)

27 Communication, Computers and Electronic Equipment 0.236∗∗∗ 0.072∗∗∗ 0.164∗∗∗ 0.104∗∗∗ 0.032∗∗∗ 0.071∗∗∗ 14,289 4,907

(0.038) (0.030) (0.019) (0.020) (0.022) (0.021)

28 Instruments and Office Machinery 0.081 0.018 0.062∗ 0.027 0.001 0.026 8,190 2,735

(0.048) (0.013) (0.036) (0.038) (0.009) (0.031)

29 Artware and Others 0.509∗∗∗ 0.098∗∗∗ 0.411∗∗∗ 0.258∗∗∗ 0.063∗∗∗ 0.195∗∗∗ 10,356 3,500

(0.075) (0.023) (0.061) (0.085) (0.020) (0.081)

Note: (1) ***, **, * denote significance level at 1%, 5%, and 10%, respectively. (2) In ACF, we control the endogeneity of input and training.

(3) Standard errors in parentheses and ϕT are computed as in Table 2.2. .
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Appendix C

UNCONDITIONAL QUANTILE TREATMENT EFFECT OF COVID-19 IN
A TWO-SIDED MARKET: EVIDENCE FROM A LIVE-STREAMING

PLATFORM (CHAPTER 3)

C.1 The Proof of Proposition 1

Proof: Without generality, we only show θF . To obtain dpF

θF
and dpA

θF
, we use the implicit

function theorem:
dp

dθF
= −

(
Dφ

Dp

)−1 ∂φ

∂θF

where (
Dφ

Dp

)−1

=
1

det Dφ
Dp

 ∂λA

∂pA
+ 1

(pA+pF−c)2
− 1

(pA+pF−c)2

− 1
(pA+pF−c)2

∂λF

∂pF
+ 1

(pA+pF−c)2


and

∂φ

∂θF
=

 ∂λF

∂θF

∂λA

∂θF


It’s straightforward that ∂λA

∂θF
= 0. Due to the log-concavity assumption, we also have ∂λF

∂θF
< 0

and ∂λA

∂pA
> 0. Again, due to the log-concavity, we have

det
Dφ

Dp
=

∂λA

∂pA
∂λF

∂pF
+

1

(pA + pF − c)2

(
∂λA

∂pA
+

∂λF

∂pF

)
> 0

Therefore,  dpF

dθF

dpA

dθF

 =
−∂λF

∂θF

det Dφ
Dp

 ∂λA

∂pA
+ 1

(pA+pF−c)2

− 1
(pA+pF−c)2

 > 0

< 0

C.2 The Proof of Proposition 2

Proof: Without generality, we only prove θF . From the equilibrium condition we could get

pA = b2+c+2θA−θF

3 and pF = b2+c+2θF−θA

3 . So
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WA = E
(
max{UA, 0}

)
=

∫
bA≥pA−θA

(
bA + θA − pA

)
NF 1

b2 − b1
dbA

=
NF bA

b2 − b1

(
bA

2
+ θA − pA

)
|b2
pA−θA

=
NF

b2 − b1

(
b22
2

+ b2(θ
A − pA) +

(θA − pA)2

2

)
=

b2 + θF − pF

(b2 − b1)2
(b2 + θA − pA)2

2

=
(2b2 + θA + θF − c)3

54(b2 − b1)2

And similarly

WF = E
(
max{UF , 0}

)
=

(2b2 + θA + θF − c)3

54(b2 − b1)2

So it’s obvious that WA

∂θF
> 0 and WF

∂θF
> 0

C.3 Summary Statistics by Month



117

Figure C1: Histograms of gift values per live streaming video in each month
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Table C1: Summary Statistics by Month (Oct 2019–Jul 2020)

2019 2020

Oct Nov Dec Jan Feb Mar Apr May Jun Jul

Anchors

Female 0.36 0.36 0.34 0.33 0.33 0.34 0.33 0.32 0.32 0.31

(0.48) (0.48) (0.47) (0.47) (0.47) (0.48) (0.47) (0.47) (0.47) (0.46)

Total fans (1M) 5.41 5.41 5.44 5.55 5.96 6.18 6.63 6.74 6.95 7.11

(4.74) (4.61) (4.71) (4.49) (5.24) (5.32) (5.80) (5.46) (5.82) (6.06)

City characteristics:

–New COVID-19 cases 0.00 0.00 0.00 7.38 235.46 27.99 8.28 1.00 10.10 4.49

(past 2 weeks) (0.00) (0.00) (0.00) (74.75) (2225.8) (303.27) (27.72) (4.17) (42.50) (19.57)

–Lockdown policies 0.00 0.00 0.03 7.10 20.32 23.03 46.38 29.91 26.82 25.78

(past month) (0.00) (0.00) (0.25) (7.03) (4.15) (6.81) (11.92) (13.23) (11.69) (14.92)

–Reopening policies 0.00 0.00 0.00 0.00 1.26 17.38 18.31 22.91 13.43 9.39

(past month) (0.00) (0.00) (0.00) (0.00) (1.23) (6.16) (4.16) (7.09) (3.50) (4.35)

–Population (100K) 83.94 84.98 84.61 86.59 88.61 87.49 87.29 88.52 87.67 90.43

(58.04) (58.16) (58.68) (59.79) (62.50) (60.56) (60.03) (62.13) (62.87) (63.02)

–Area (10K km2) 1.83 1.87 1.85 1.77 1.87 1.82 1.74 1.78 1.74 1.72

(2.28) (2.55) (2.40) (2.19) (2.70) (2.61) (1.98) (2.11) (2.04) (1.90)

–Quarterly GDP (1T yuan) 0.24 0.25 0.25 0.20 0.20 0.20 0.23 0.24 0.23 0.24

(0.28) (0.29) (0.30) (0.36) (0.25) (0.29) (0.25) (0.26) (0.26) (0.26)

Fans

Female ratio 0.46 0.48 0.47 0.45 0.44 0.46 0.47 0.42 0.43 0.43

(0.25) (0.25) (0.25) (0.24) (0.23) (0.25) (0.25) (0.22) (0.21) (0.21)

City characteristics:

–New COVID-19 cases 0.00 0.00 0.00 5.50 133.75 12.76 4.72 0.73 6.82 3.09

(past 2 weeks) (0.00) (0.00) (0.00) (14.65) (192.58) (24.61) (3.44) (1.05) (9.71) (4.45)

–Lockdown policies 0.00 0.00 0.03 7.14 20.31 22.40 44.81 28.75 26.08 25.15

(past month) (0.00) (0.00) (0.18) (6.97) (3.52) (4.86) (7.19) (10.19) (9.20) (12.23)

–Reopening policies 0.00 0.00 0.00 0.00 1.26 17.41 18.17 22.36 13.19 9.01

(past month) (0.00) (0.00) (0.00) (0.00) (1.19) (5.90) (2.91) (2.66) (2.11) (1.83)

–Population (100K) 74.07 74.28 74.17 74.12 74.48 74.06 73.96 79.74 79.29 78.47

(10.33) (10.53) (10.17) (10.04) (10.39) (9.60) (9.78) (17.02) (14.70) (13.98)

–Area (10K km2) 2.50 2.49 2.49 2.60 2.54 2.47 2.51 2.91 2.97 3.79
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(1.42) (1.45) (1.48) (1.63) (1.42) (1.23) (1.55) (10.16) (10.57) (16.36)

–Quarterly GDP (1T yuan) 0.21 0.21 0.21 0.14 0.14 0.14 0.22 0.26 0.25 0.24

(0.06) (0.06) (0.06) (0.04) (0.04) (0.04) (0.11) (0.23) (0.19) (0.18)

Live Streaming

Length (hours) 2.01 2.06 2.21 2.16 2.30 2.18 2.11 1.93 1.99 1.92

(1.47) (1.76) (1.64) (1.74) (1.72) (1.52) (1.59) (1.47) (1.47) (1.40)

Average attendance (1K) 4.74 4.21 4.62 5.29 7.54 6.88 7.00 5.58 8.44 7.85

(10.93) (10.26) (12.58) (12.07) (16.17) (13.95) (14.51) (11.99) (17.80) (16.95)

Log of gift value+1 (yuan) 9.83 9.47 9.41 9.56 10.14 10.02 9.68 9.45 9.13 9.06

(3.02) (2.87) (2.76) (2.63) (2.49) (2.79) (3.05) (3.09) (3.14) (3.21)

Observations 19,757 20,284 19,781 15,143 17,997 21,981 18,922 25,300 18,503 16,837

Notes: (1) Standard deviations are in the parentheses under each mean value. (2) In late December 2019, COVID-19 cases were

still not officially confirmed in our data set, but the government already started assigning quarantine areas near the Huanan Seafood

Wholesale Market and within hospitals in Wuhan for suspected cases.

C.4 Additional Results
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Table C2: OLS Regressions for Average Treatment Effects

(1) (2)

Unadjusted Adjusted

COVID-19 Intensity (Treatment)

Anchor side (cases/100K people, past 2 weeks) 0.000 0.003

(0.003) (0.004)

Fans side (cases/100K people, past 2 weeks) 0.133∗∗ 0.121∗∗

(0.053) (0.057)

Proneness Variables

Lockdown policies in the anchor’s city (past month) – -0.032∗

(0.018)

Reopening policies in the anchor’s city (past month) – -0.008

(0.017)

Lockdown policies in a fan’ city (past month) – 0.035∗∗

(0.018)

Reopening policies in a fan’s city (past month) – 0.003

(0.018)

Quarterly GDP of the anchor’s city (1T yuan) – 0.257

(0.354)

Quarterly GDP of a fan’s city (1T yuan) – 0.535

(0.503)

Area of the anchor’s city (10K km2) – -0.041

(0.031)

Area of a fan’s city (10K km2) – -0.040∗∗∗

(0.010)

Constant 9.561∗∗∗ 9.577∗∗∗

(0.120) (0.211)

Observations 194,505 194,505

Notes: (1) ***, **, * denote significance level at 1%, 5%, and 10%, respectively. (2) Robust standard errors,

clustered on anchor, are in parentheses.
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Table C3: QTEs of Single Binary Treatment: Fans Side > Anchor Side

(1) (2) (3)

Firpo [2007] LDML GQR

QTE at Percentile

10 1.480∗∗∗ 0.740∗∗∗ 1.481

(0.085) (0.068) (1.621)

20 1.606∗∗∗ 0.571∗∗∗ 1.415

(0.052) (0.046) (4.403)

30 1.684∗∗∗ 0.758∗∗∗ 1.124∗∗∗

(0.054) (0.061) (0.299)

40 1.297∗∗∗ 0.596∗∗∗ 0.776∗∗∗

(0.047) (0.035) (0.219)

50 0.795∗∗∗ 0.438∗∗∗ 0.524∗∗

(0.046) (0.061) (0.253)

60 0.435∗∗∗ 0.263∗∗∗ 0.354

(0.037) (0.051) (0.317)

70 0.166∗∗∗ 0.109 0.245

(0.034) (0.085) (0.540)

80 -0.022 0.077 0.156

(0.035) (0.096) (0.681)

90 -0.103∗∗∗ -0.180 0.029

(0.033) (0.197) (1.262)

Observations 194,505

Notes: (1) QTE = quantile treatment effect; LDML = localized debiased machine learning; GQR = generalized

quantile regression. (2) ***, **, * denote significance level at 1%, 5%, and 10%, respectively. (3) The LDML part is

based on Kallus et al. [2020] using random forests to fit the conditional expectation functions and spliting the data into

5 folds. (4) The GQR part is based on Powell [2019] using the “linear” model to predict the probability the outcome

is below the quantile function conditional on the proneness variables in Table 3.1, and the numerical optimization

proceeds via a Nelder-Mead algorithm. (5) Conventional standard errors are in parentheses.



122

Table C4: Single QTEs by LDML using Different Methods

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

Forest Neural Net LASSO Boosting

QTE at Percentile

10 0.740∗∗∗ 1.199∗∗∗ 2.626∗∗∗ 0.932∗∗∗

(0.068) (0.097) (0.069) (0.078)

20 0.571∗∗∗ 1.796∗∗∗ 2.285∗∗∗ 1.049∗∗∗

(0.046) (0.080) (0.090) (0.060)

30 0.758∗∗∗ 1.364∗∗∗ 1.931∗∗∗ 0.898∗∗∗

(0.061) (0.074) (0.085) (0.053)

40 0.596∗∗∗ 1.080∗∗∗ 1.419∗∗∗ 0.586∗∗∗

(0.035) (0.070) (0.084) (0.049)

50 0.438∗∗∗ 0.784∗∗∗ 0.963∗∗∗ 0.386∗∗∗

(0.061) (0.069) (0.079) (0.047)

60 0.263∗∗∗ 0.536∗∗∗ 0.715∗∗∗ 0.300∗∗∗

(0.051) (0.071) (0.072) (0.050)

70 0.109 0.660∗∗∗ 0.548∗∗∗ 0.249∗∗∗

(0.085) (0.093) (0.082) (0.064)

80 0.077 0.343∗∗∗ 0.437∗∗∗ 0.194∗∗

(0.096) (0.126) (0.110) (0.090)

90 -0.180 0.737∗∗∗ 0.284 0.035

(0.197) (0.273) (0.180) (0.137)

Observations 194,505

Notes: (1) QTE = quantile treatment effect; LDML = localized debiased machine learning. (2) ***, **, * denote

significance level at 1%, 5%, and 10%, respectively. (3) The LDML part is based on Kallus et al. [2020] using random

forests, neural networks, LASSO, and gradient boosting to fit the conditional expectation functions and spliting the

data into 5 folds. (4) Conventional standard errors are in parentheses.
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Table C5: Predict probability based on the “logit” model

COVID-19 Intensity

Anchor Side Fans Side

QTE at Percentile

10 0.004 0.345∗∗∗

(0.003) (0.078)

20 0.001 0.311∗∗∗

(0.002) (0.042)

30 -0.001 0.266∗∗∗

(0.001) (0.028)

40 0.000 0.180∗∗∗

(0.003) (0.044)

50 0.001 0.110∗∗∗

(0.001) (0.031)

60 0.001 0.049∗

(0.001) (0.029)

70 0.000 -0.001

(0.001) (0.016)

80 -0.000 -0.042

(0.004) (0.084)

90 -0.000 -0.049

(0.005) (0.096)

Observations 194,505

Notes: (1) ***, **, * denote significance level at 1%, 5%, and 10%, respectively. (2) We use the “logit” model

to predict the probability the outcome is below the quantile function conditional on the proneness variables in

Table 3.1. (3) Numerical optimization proceeds via a Nelder-Mead algorithm. (4) Conventional standard errors are

in parentheses.
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Table C6: Predict probability based on the “probit” model

COVID-19 Intensity

Anchor Side Fans Side

QTE at Percentile

10 0.003 0.344∗∗∗

(0.003) (0.095)

20 0.001 0.311∗∗∗

(0.002) (0.041)

30 -0.001 0.265∗∗∗

(0.001) (0.027)

40 0.000 0.180∗∗∗

(0.002) (0.044)

50 0.001 0.110∗∗∗

(0.001) (0.031)

60 0.001 0.049

(0.001) (0.030)

70 0.000 0.004

(0.001) (0.031)

80 -0.000 -0.042

(0.004) (0.086)

90 -0.000 -0.049

(0.005) (0.093)

Observations 194,505

Notes: (1) ***, **, * denote significance level at 1%, 5%, and 10%, respectively. (2) We use the “probit” model

to predict the probability the outcome is below the quantile function conditional on the proneness variables in

Table 3.1. (3) Numerical optimization proceeds via a Nelder-Mead algorithm. (4) Conventional standard errors are

in parentheses.
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Table C7: Use an adaptive MCMC optimization procedure

COVID-19 Intensity

Anchor Side Fans Side

QTE at Percentile

10 0.003∗∗∗ 0.322∗∗∗

(0.001) (0.009)

20 0.001∗∗ 0.304∗∗∗

(0.000) (0.007)

30 0.000 0.231∗∗∗

(0.000) (0.005)

40 0.001∗∗∗ 0.158∗∗∗

(0.000) (0.005)

50 0.001∗∗∗ 0.107∗∗∗

(0.000) (0.003)

60 0.001∗∗∗ 0.049∗∗∗

(0.000) (0.004)

70 0.001∗∗∗ -0.005

(0.000) (0.004)

80 0.000 -0.056∗∗∗

(0.000) (0.005)

90 0.000 -0.061∗∗∗

(0.000) (0.007)

Observations 194,505

Notes: (1) ***, **, * denote significance level at 1%, 5%, and 10%, respectively. (2) We use the “linear” model

to predict the probability the outcome is below the quantile function conditional on the proneness variables in

Table 3.1. (3) Numerical optimization proceeds via an adaptive MCMC procedure with 1,000 draws where the first

30% of them are dropped as a burn-in period, the acceptance rate of the algorithm is set to be 0.5, and the initial

covariance matrix is based on the estimator proposed by Koenker and Bassett Jr. [1978]. (4) Conventional standard

errors are in parentheses.
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Table C8: Use a grid-search optimization procedure

COVID-19 Intensity

Anchor Side Fans Side

QTE at Percentile

10 0.004 0.325∗∗∗

(0.004) (0.119)

20 0.001 0.310∗∗∗

(0.002) (0.041)

30 0.000 0.235∗∗∗

(0.001) (0.030)

40 0.001 0.160∗∗∗

(0.001) (0.033)

50 0.001 0.105∗∗∗

(0.001) (0.028)

60 0.001 0.045

(0.001) (0.031)

70 0.001 -0.010

(0.001) (0.018)

80 0.000 -0.050

(0.002) (0.046)

90 0.000 -0.050

(0.005) (0.097)

Observations 194,505

Notes: (1) ***, **, * denote significance level at 1%, 5%, and 10%, respectively. (2) We use the “linear” model to

predict the probability the outcome is below the quantile function conditional on the proneness variables in Table 3.1.

(3) Numerical optimization proceeds via a grid-search procedure within the range [−0.003, 0.005] × [−0.05, 0.325]

and with increments 0.001 and/or 0.005. (4) Conventional standard errors are in parentheses.
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Table C9: Control for province fixed effects

COVID-19 Intensity: Cases / 10K Population

Anchor Side Fans Side

ATE 0.001 0.148∗∗∗

[0.003] [0.052]

QTE at Percentile

10 0.001 0.347∗∗∗

(0.034) (0.067)

20 0.001 0.311∗∗∗

(0.002) (0.042)

30 -0.001 0.266∗∗∗

(0.001) (0.029)

40 -0.001 0.175∗∗∗

(0.003) (0.060)

50 -0.001 0.119∗∗∗

(0.001) (0.038)

60 -0.000 0.060

(0.001) (0.038)

70 -0.000 0.006

(0.001) (0.018)

80 -0.000 -0.034

(0.009) (0.130)

90 0.332∗∗∗ -0.064

(0.007) (0.269)

Observations 194,505

Notes: (1) ATE = average treatment effect; QTE = quantile treatment effect. (2) ***, **, * denote significance

level at 1%, 5%, and 10%, respectively. (3) The ATE is obtained by linear regression adjustment (see column 2 of

??). (4) We use the “linear” model to predict the probability the outcome is below the quantile function conditional

on the following eight proneness variables: lockdown policies, reopening policies, quarterly GDP, and the area in

the anchor’s city and in an average fan’s city, respectively (see Table 3.1); in addition, we control for province fixed

effects. (5) Numerical optimization proceeds via a Nelder-Mead algorithm. (6) Conventional standard errors are in

parentheses for QTEs, while robust standard errors clustered on the anchor are in the square brackets for ATEs.
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