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Abstract

This paper examines the impact of the introduction of Sina Weibo, the most popular
microblog in China, on the quality of drugs on the market. Using a unique data set on
drug quality and Sina Weibo use, I explore the staggered diffusion of Sina Weibo across
prefectures. I find that the number of bad drugs is decreasing in Sina Weibo use: if
the Sina Weibo use is doubled, the number of bad drugs found will be reduced by 21
percent. Consistent with the prediction of a simple moral-hazard model, I show that the
reduction of bad drugs is driven by two mechanisms: Sina Weibo induces more effort
from the Drug Administration and it deters the production of bad drugs. Finally, I show
that the diffusion of Sina Weibo has a higher marginal effect for disadvantaged groups,
consistent with microblogging being a cheap, accessible media. The results suggest that
microblogs can play an important role in monitoring both the public and the private
sectors, especially in a context with media censorship.

JEL code: O1 O2 P26 I11

1 Introduction

Counterfeit drugs constitute more than 10% of the global medicine market, and up to 25% of
the drugs consumed in poor countries are counterfeit or substandard (WHO, 2003). This has
serious consequences. In developing countries, millions of people are killed by bad drugs
each year, of which 200,000 to 300,000 are in China (Putze et al., 2012; Jia, 2007). The preva-
lence of bad drugs in developing countries may reflect a lack of competitive markets and
accountable governments (WHO, FAQ; Torstensson and Pugatch, 2010). In this situation,
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the media can play a key role by delivering information to consumers and imposing pres-
sure on regulators to drive the bad drugs out of the market.

This paper investigates whether Sina Weibo, the most popular microblog in China, has
improved the drug quality on the market. In a country like China, a microblog is an es-
pecially cheap, accessible and relatively free type of media. Sina Weibo can circulate infor-
mation among millions of users widely and quickly. Once a bad drug is found and posted
on the microblog, followers and re-posts can spread the information immediately and in-
formed consumers can respond. The more severe is the problem, the more attention it gets.
For example, when the 2010 vaccine scandal broke out, information flooded the microblog;
thousands of parents called for joint action and refused to have their children vaccinated by
official Disease Control Centers. The vaccine producers and government regulators involved
were subsequently punished.

I first develop a simple moral-hazard model to discuss these effects. The model highlights
two mechanisms. First, for a given number of bad drugs, an increase in Sina Weibo use
induces an effort from administrators overseeing the drug market. This will lead to more
bad drugs being found. Second, over time, increased monitoring drives drug providers to
produce and distribute fewer bad drugs. Consequently, fewer bad drugs will be found. I
refer to the former as the screening effect and the latter as the discipline effect. The model
predicts that the discipline effect only dominates when the Weibo use is high enough, so
that the number of bad drugs found is non-monotonic in Weibo use. Moreover, both effects
imply that the number of bad drugs in existence is always decreasing in Weibo use.

Then, I turn to the empirical analysis, which combines data on drug quality from the
Chinese State Food and Drug Administration (SFDA) from 2008 to 2011 with unique data
on Sina Weibo use. Every quarter, the SFDA performs a uniform drug audit on around 85%
of all Chinese prefectures. The complete audit results since 2008 have been made publicly
available.1 I use the number of bad drugs found by the SFDA to measure drug quality in a
prefecture, and the number of drugs examined is my measure of administrator effort.

Sina Weibo started in September 2009 and quickly became the leading microblog in
China. By February 2012, it had more than 300 million registered users (out of the Chinese
population of 1.3 billion people) and about 100 million messages posted per day.2 This rapid
expansion in the aggregate reflects considerable geographical variation, which we measure
in Larsson et al. (2012). Weibo use is defined as the number of posts including a neutral
Chinese interjection word, hei, which has a high correlation with the total number of Weibo
posts (0.999) and yet a low appearance rate (0.0034). Importantly, my drug data predates
Sina Weibo.

I use a difference-in-differences identification strategy to estimate the effect of Weibo use
on drug quality. My results suggest that the introduction of the microblog significantly re-
duced the amount of bad drugs in the market. The size of the effect is substantial. Evaluated

1Before 2008, only the results for bad drugs found are released.
2According to SINA Corporation
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at the sample mean, if the Weibo use is doubled, the number of bad drugs found will be re-
duced by 21 percent. Moreover, gauging the dynamic effects of Weibo’s introduction, I find
evidence of the screening effect and the discipline effect implied by my model. The findings
strongly suggest that microblogging can be an efficient way for consumers in developing
countries of dealing with poor quality of products or services.

Assuming that the introduction of Sina Weibo is exogenous to the drug market, my re-
sults have a causal interpretation. My study addresses this identification assumption: I test
for and find no evidence of pre-trends. Importantly, I find that the introduction of Sina Weibo
is driven by the number of mobile phone users, educational expenditures, and the tertiary
sector share of GDP; but these factors are uncorrelated with the quantity of bad drugs. More-
over, I reject reverse causality by testing whether the number of bad drugs found predicts
the introduction of Sina Weibo. Finally, I exclude that the effect I attribute to Sina Weibo is
driven by general media pressure. When I replace the Weibo use measure with the number
of newspapers, I find no significant effect.

I further explore the mechanisms behind my results. I find evidence that the Sina Weibo
use increased the monitoring efforts of the SFDA officers, inducing them to check more
drugs. The effect is also, at least partly, driven by deterring the production of bad drugs
(not just distribution and sales).

This study contributes to a relatively thin literature within development economics that
looks for effective ways of curbing bad drugs. Björkman-Nyqvist et al. (2012) find that
enhanced market competition can improve drug quality: by exogenously increasing the
amount of authentic drugs in the local market, fake drugs are driven out. Other studies
discuss drug quality control from the regulatory perspective (Oxfam, 2011). The solutions
suggested by these studies may not be effective for autocracies or countries plagued by gov-
ernment corruption, while the use of media, especially microblogs, may be a better alterna-
tive.

This paper also relates to literature examining the impact of media on consumer markets
and government policy. Media may provide vital information relevant for assessing product
quality and promoting well-functioning markets (Akerlof, 1970; Shapiro, 1982). While there
exist studies on the effect of media on market prices (Jensen, 2007; Svensson and Yanagizawa,
2009), there are few studies investigating its effects on product quality. My paper fills this
gap.

Furthermore, media coverage and access have been found to influence government pol-
icy and the effort of politicians (Strömberg, 2004; Reinekka and Svensson, 2005; Snyder and
Strömberg, 2010). However, most of these studies have been conducted under more demo-
cratic regimes and it is unclear how and whether these effects can be generalized to the
autocratic regime, like China.

I show that an autocratic regime may care about public opinion. It may be argued that the
Chinese central government, though authoritarian, still has an interest in social welfare and
holding local administrators accountable – in particular, by removing poorly-performing
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ones (Besley and Kudamatsu, 2007). For these reasons, the Weibo posts about bad drugs can
survive the censorship, even if they unveil government corruption or involve politicians.
Although the theory about why an autocrat should care about social welfare and the public
opinion remains unclear and incomplete, I provide evidence that autocratic regimes may be
responsive to citizens. The SFDA is found to put more effort into drug monitoring where the
Weibo use is higher.

The microblog is also a special media format. Its marginal delivery and marginal pro-
duction costs are low: as long as there is Internet access or a smart phone, it is accessible.
This has implications for the government’s ability to silence it. Besley and Prat (2006) argue
that when the number of news outlets increases, silencing the media becomes increasingly
difficult. In the case of a microblog, each user can be regarded as a news outlet so it is in-
deed difficult for the government to silence all of them without shutting down the medium
altogether. Another implication of this characteristic is the heterogeneous effects. I find that
the regions with the middle level of GDP per capita, the regions with the lowest education
level, the regions with the middle level of the distance between the market and producers
tend to have a higher marginal effect of Sina Weibo use in terms of reducing the number of
bad drugs found on the market.

The paper is structured as follows. Section 2 describes the background of Sina Weibo and
the bad drug issue in China. The model is developed in section 3. Section 4 presents the
data and section 5 describes the econometric methods I use. The main results are reported in
section 6, and some endogeneity concerns are addressed in section 7. Section 8 discusses the
mechanism and heterogeneous effects. Section 9 concludes the paper.

2 Background

2.1 Sina Weibo

Two months after Facebook and Twitter were banned by the Chinese government, a Chinese
microblog – Sina Weibo – launched its first official version in September, 2009. Sina Weibo
is akin to a hybrid between Facebook and Twitter and it allows for at most 140 Chinese
characters per post; pictures and videos can be embedded; (private) message, comment and
re-post are available. Weibo is accessible whenever an Internet connection or a smart phone
is available. Both were already widely available in China in 2009.

Weibo quickly became the leading microblog in China. Topics on Weibo vary from daily
life to international political events, and users range from celebrities to ordinary people.
By February 2012, Sina Weibo had more than 300 million registered users (out of the Chi-
nese population of 1.3 billion people) and about 100 million messages posted per day.3 The
growth of Sina Weibo use has been dramatically fast, in terms of both use intensity and geo-
graphical diffusion.

3According to SINA Corporation.
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Before I show the statistics and graphs of Weibo use growth, I will first explain how I
measure Weibo use. The data on Weibo use comes from another coauthored project (Larsson
et al. 2012). An ideal measure of Weibo use would be the total number of Weibo posts in each
prefecture each day. However, it is technically too demanding to gather such a huge data set.
Instead, we count the number of posts that contain some neutral Chinese interjection words
that have a high correlation with the total number of posts but with a much lower appearance
rate. In the paper, the Chinese word used to construct the measure is hei ( ). We validated
this on a subsample where we collected data on all posts. We found that posts containing hei
had a correlation of 99.9% with the total number of posts, across prefectures and days, and
an appearance rate of 0.0034. Then, we downloaded all posts including the word hei, which
finally gave the measurement in the paper: the number of Weibo posts including the word
hei in the prefecture and the quarter.

Table 1 shows the growth in Weibo use over time. By this measure, only 45 prefectures
introduced Weibo in the first quarter that Weibo existed. Only one year later, around 309
prefectures (around 90% of the total number) had Weibo users. The mean number of posts
including hei increased from 2.5 to 96.6 in two years, and the standard deviation is two or
three times the mean in each quarter, suggesting a large variation across regions.

Figure 1 shows the distribution of Weibo use across regions and years. A more detailed
analysis of the predictors of early Weibo entry will follow in sections 5 and 7. For now, note
that the strong regional differences in economic development in China, with southeast coast
cities being much richer than northwest cities, do not seem to be the dominant determinant
of Weibo use. Instead, I identify the use of cell phones, educational expenditures and the
tertiary sector share of the GDP sector as the main predictors. This makes sense since smart
phones constitute the main vehicle for Weibo communication and education and tertiary
sector production indicates more advanced regions and may proxy the taste for using new
technologies. I will show that none of these factors are significantly correlated with the drug
market needs by their own.Sina Weibo clearly has the potential of influencing drug quality.
Drugs is a popular topic in Weibo. According to the search word ranking by Sina Weibo in
August 2012, “Vitamin” ranked No. 2 and “OTC” (over-the-counter, non-prescription drugs)
ranked No. 9 in the category of “life”. People can post information immediately revealing
the stores or producers that provide the bad drugs. Given the high attention given to this
issue, such posts will likely be spreading quickly to followers and by re-posting. Informed
consumers can then avoid these bad drugs, while the administrator will go and check the
bad drug providers.

Sina Weibo is subjected to censorship. However, Weibo evidently disseminates stories
about bad drugs, even scandals involving government officials. This could be because cen-
sorship is mainly applied to issues sensitive to party regime or political reforms, and the bad
drug issue is not one of them. The central government, which organizes the censoring, may
even use Weibo to monitor local governments’ performance and crack down on corrupt of-
ficers. However, the central government still can and might censor some news or comments
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on Sina Weibo related to bad drugs. Even if they do, information spreads very quickly on
Sina Weibo and censoring takes time. Millions of users might have read the post before it
is deleted. There are also ways of circumventing censoring. Censorship is implemented by
filtering sensitive key words. Censoring can be avoided by using words with a similar pro-
nunciation but totally different characters to deliver the same message without being sent to
the censoring server. Therefore, in spite of the censorship, all kinds of news and comments,
even ones that the government does not like, are widely circulated across all of China. Sina
Weibo is regarded as the freest media in mainland China. Whether Sina Weibo will have an
effect on both people’s lives and government accountability in China is an empirical question
that this paper tries to answer.

2.2 Drugs in China

I will now discuss the drug industry sector, involving production, delivery and sales, and
when bad drugs may be introduced in this chain. In this paper, a bad drug is defined as a
counterfeit or substandard drug.

China has become one of the largest pharmaceutical producers in the world. In 2010, the
annual growth rate of the Chinese pharmaceutical industry was around 17% and the value
of total output amounted to $240 billion.4

Figure 2 explains how drugs are distributed in China. The Centralized Tendering Drug
Procurement Program (CTDP) regulates health expenditure procedures and the drug mar-
ket. Public health institutions can only purchase drugs from the wholesalers that won the
bid in CTDP. Other health service institutions (non-public clinics and drugstores) are encour-
aged (but not required) to use the system. CTDP does not test the quality of the drugs that it
circulates, but it does check the certificates associated with all drug providers. Since CTDP
is a complicated and costly system, not only drugstores but also some small hospitals and
clinics skip the system and go directly to the producers (Dong et al., 1999).

The pharmaceutical market in China is highly fragmented. By 2010, there were 7,039
domestic pharmaceutical manufacturers (National Bureau of Statistics of China et al., 2011)
and more than 13,000 distributors (Atkearney, 2011). Thousands of domestic pharmaceu-
tical companies account for 70% of the market, while most of the manufacturers are small
producers of generic drugs and vary a great deal in quality (Sun et al., 2008). Because most
drug producers in China are of a small size and do not fulfill the specific drug delivery re-
quirements, there are usually some wholesalers between the drug producers and the drug
retailers. Retailers include four types: hospitals, Centers for Disease Control, clinics or sim-
ilar small health service centers, and drugstores. Among them, hospitals are dominant, ac-
counting for 70% of all drug sales, and drugstores are the second largest seller. Prescription
drugs are mainly allowed to be sold in hospitals and only limited numbers of drugstores
are permitted to sell them. In China, drugstores mainly distribute over-the-counter (OTC)
drugs.

4The figures come from the National Development and Reform Commission.

6



The State Food and Drug Administration is the national regulatory and enforcement
agency that oversees all drug manufacturing, trade and registration. Below the national
level, there are provincial and prefecture level FDAs, which actually carry out the daily mon-
itoring and enforcement jobs.

China is one of the largest producers of bad drugs and also has a large presence of bad
drugs in its domestic market (Christian et al., 2012). Bad drugs can be introduced in the long
and complicated delivery chain. The large number of small drug producers and distributors
in China make effective control by a single regulatory agency difficult.

Corruption severely aggravates the problem. It is the most frequently cited reason for
the prevalence of bad drugs in China (Christian et al., 2012; Torstensson and Pugatch, 2010).
It can appear in the form of exemptions of pharmaceutical enterprises from regular inspec-
tions by the FDA. The pharmaceutical industry is one of the main tax sources of local gov-
ernments, so that local officers have economic incentives to help these firms. Consequently, a
large number of pharmaceutical enterprises have obtained such exemptions. Many bad drug
stories revealed by the media are often related to these firms. Further, it has been argued
that the pay of local leaders is too low to motivate them to enforce drug regulation standards
(Christian et al., 2012). In the 2007 and 2010 vaccine scandals, a couple of provincial govern-
ments were found guilty by allowing substandard vaccines to flow into the disease control
centers where children get vaccines. However, the punishment is also harsh. For example,
in 2007, the former director of the SFDA, Zheng Xiaoyu, was executed for taking bribes to
approve counterfeit medicines.

2.3 Motivating examples

In this section, I use two stories to exemplify the effect of Sina Weibo on the bad drug issue.

Case 1 : 2010 Problematic Vaccine Scandal.

On March 17, 2010, Keqin Wang, a famous journalist, published an article in the newspaper
China Economic Times, and on Sina Weibo, “An Investigation into Vaccinations that Went
Horribly Wrong”. It pointed out that hundreds of children in the Shanxi province were
affected by strange illnesses or died because of the vaccine with which they had been injected
in 2007.

The next day, the State Information Office ordered the deletion of the newspaper sto-
ries, and the Central Propaganda Department required traditional media to only use official
releases from the Xinhua News Agency. However, reports and comments were still spread-
ing widely on Sina Weibo. Subsequently, similar vaccine scandals from other provinces also
broke out; thousands of parents denounced the governments and refused to have their chil-
dren vaccinated.5 On March 29, directors, vice directors of the Center for Drug Evaluation

5All vaccines are ordered, distributed and injected by the government offices in China, the Centers for Disease
Control and Prevention.
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and the Center for Certification of Drug within SFDA were removed from office, and many
officers from the provincial and state FDAs were arrested.

The Shanxi scandal revealed in 2010, however, had actually been observed earlier than in
2010. Actually, as early as in 2007, a couple of regional newspapers and TV channels reported
on these stories. The health department of the Shanxi province promised to investigate the
case but ended up finding no guilty parties among the vaccine producers and administrative
officers.

The success in cracking down on the problematic vaccines in 2010 as opposed to the
failure in 2007 was largely due to Sina Weibo: the scandal could not be suppressed on Sina
Weibo and it obtained huge attention due to the microblogging.

Case 2: 2012 Poison Capsule Scandal

Besides attracting the attention of the public after a scandal has been revealed, Weibo can
also urge scandals to be exposed.

On April 9, 2012, a famous China Central Television (CCTV) presenter, a journalist and
a famous Internet speaker all entered posts on their Sina Weibo blogs suggesting that indus-
trial gelatin is added to some yogurt and jelly products. Immediately, countless discussions
flooded the Internet. Some anecdote story told that the CCTV presenter was shut outby the
government after publishing his post. In this scenario, CCTV was actually forced to air an
investigation video on April 15, 2012. The video discovered that 13 commonly used drugs
from nine pharmaceutical companies were found to be packed into capsules, which were
made from industrial gelatin retrieved from waste leather materials that contains excessive
chromium.

The Chinese government reacted very promptly this time. Within one week, the Ministry
of Public Security initiated a big poison capsule combating campaign all over the country:
hundreds of drug producers were controlled and hundreds of people who were found to be
guilty in the scandal were arrested, and over 77 million faulty capsules were forfeited.

Microblogging thus turns out to be a candidate for drug quality control.

3 Mechanism

Before the empirical part, a theoretical framework about how Sina Weibo affects the drug
quality in the market will be discussed. Based on Holmstrom (1979, 1999) and Prat and
Stromberg (2011), I build a simple two-period moral-hazard model to explain the mecha-
nism. In the model, there is a drug provider, an administrator, and consumers who cannot
observe the drug quality but receive information either from the administrator or the media,
i.e. Sina Weibo. Both the drug provider and the administrator can be kicked out of the mar-
ket/office at the end of the first period, if they are found to be bad or irresponsible. Although
the issue addressed in the paper is under autocracy and there is no such voting mechanism
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to hold the government accountable, the governor still has a motivation to replace the irre-
sponsible regulator/bureaucrat because he cares about the consolidation of the governance
and thus the reputation, which can be weakened by the revealed government scandals. The
aim of the model is to disentangle the different effects of Sina Weibo on the administrator
and the provider, and describe how the Weibo use affects the drug quality in the market.
Some hypotheses are derived from the model for empirical tests.

Basic setting

In period 1, an exogenously selected provider supplies the whole market with amount 1,
and an administrator pays some effort to oversee the drug market. At the end of the first
period, consumers decide whether they want to change providers at the end of the first
period according to the information from the administrator or Sina Weibo. Assume there to
be no discounting.

There are two possible types of providers, θ ∈ {g, b}, where g refers to “good” and b
refers to “bad”. The provider is type g with probability Pr(θ = g) = γ ∈ (0, 1). The provider
can choose the amount of bad drugs to provide, x ∈ [0, 1], and 1− x is the amount of good
drugs. The type b provider benefits linearly from providing bad drugs Πb = x, but for every
amount of bad drugs she provides, a signal that the provider is the bad type will be sent
out, S(x) ∈ [0, 1]. The type g provider benefits zero from providing bad drugs and always
provides good drugs x = 0, Πg = 1, so that no signal is sent out, S(0) = 0. In reality,
some providers are associated with advance equipments and technologies, so that the cost
of providing good drugs for them is so low that it is not worth risking providing bad drugs
at all. These are good providers. Some providers are poorly equipped and using backward
technologies, and it is very costly for them to provide good drugs. Hence, the bad provider
can benefit from providing bad drugs only.

I further assume that the signal is a convex function on x , S(x) = eαx − 1, where ln 3
2 ≤

α ≤ ln 2, S′ = αeαx > 0 , S′′ = α2eαx > 0. The function suggests that the more bad drugs
that are provided, the more signals that the provider is type b will be sent. If all provided
drugs are bad, the signal suggests that the provider is of a bad type with more than half the
probability.

Consumers can only benefit from good drugs, 1− x , but cannot observe the drug qual-
ity at the time of selection. Consumers collect information about the provider type from
either the administrator or Sina Weibo, and I assume that a λ ∈ [0, 1] share of consumers
get information from the administrator while the remaining1− λ use Sina Weibo to get the
information.

Suppose that Sina Weibo catches the signal S(x) with probability w ∈ [0.1]. Here, w
also stands for the intensity of Weibo use: the more Weibo use, the higher is the probability
that the signal is caught by at least one of the Weibo users and then revealed on Weibo. As
discussed in section 2, it is difficult to impose the censorship on Weibo and the marginal cost
for reporting on Weibo is very low, so it is reasonable to assume that Weibo always reports
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the signal if it is perceived. Hence, Sina Weibo catches the signal that the provider is b type
with probability S(x)w.

An exogenously selected administrator is in the office in the first period and works with
effort ε ∈ [0, 1] to catch the signal, and then she catches the signal that the provider is type
b with probability S(x)ε. The administrator benefits from being in power, receives A if in
power, and suffers from every effort she pays by Aε. The administrator will lose her job
at the end of period 1 if she fails to catch the signal that is caught by Sina Weibo, i.e., with
probability (1 − ε)S(x)w. The assumption is realistic since, in reality, we do observe that
when some scandals were revealed by Sina Weibo, the corresponding officers, who were
supposed to regulate it but did not, were dismissed from office.6

Now let us set up the timing. At the beginning of period one, the level of Sina Weibo use
is given, and the nature choose the type of drug provider with γ probability as good. Then,
I assume that the administrator moves first and chooses the effort ε. The drug provider can
observe the effort ε and then she makes the decision of how many bad drugs will be provided
x .

At the end of the first period, consumers believe that the current provider is type b and
replace her at the end of the first period with probability λS(x)ε + (1− λ)S(x)w. Therefore,
the probability that the type b provider is found and replaced depends on the amount of bad
drugs she produces, x, the administrator effort ε and the intensity of Weibo use w. That is

Pf ound = λ(eαx − 1)ε + (1− λ)(eαx − 1)w

where Pf ound also refers to the amount of bad drugs that was found and revealed to con-
sumers, and it is also the outcome variable that my empirical analysis will check. The more
bad drugs that were revealed, the higher is the probability that the provider is believed to be
type b and kicked out of the market. If the current provider is kicked out, another provider
will be randomly selected from the pool, still with γ probability of being good.

From the equation that Pf ound is determined, there are three factors affecting the number
of bad drugs found. As shown in the the following diagraph, given the amount of bad
drugs provided, x , when the administrator effort or the Weibo use increases, the number of
bad drugs found increases; if there is a decrease in the number of bad drugs provided, the
number of bad drugs found will decrease.

{ ↑ ε, ↑ w⇒↑ λ(eαx − 1)ε(w) + (1− λ)(eαx − 1)w given x̂
↓ x̂ ⇒↓ λ(eαx − 1)ε(w) + (1− λ)(eαx − 1)w

In period 2, if the provider is type b, without motivation to remain in the market, she will
provide all bad drugs in the second period x = 1. If the administrator remains in office until

6By modeling the administrator’s behavior in this way, I actually do not take the possibility that the adminis-
trator will use information from Sina Weibo into account. I have also proved that if this possibility is taken into
account, by assuming a cost reduction by directly using the information from Weibo , the prediction of the model
is the same. The proof is available upon request.
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period 2, she will not work ε = 0 and receives the benefit A.

Provider problem

If the provider is type b in the first period, she chooses x considering the trade-off between
the benefit of bad drugs and the probability of remaining in the market until the second
period. The more bad drugs she provides, the higher is the probability that she will be found
to be a bad type either by the administrator or by Sina Weibo.

The provider knows the level of Sina Weibo use w and observes the administrator effort.
The type b provider chooses x in the first period to maximize

maxx x + 1− (λ(eαx − 1)ε̂ + (1− λ)(eαx − 1)w)

=⇒ optimal x̂ satisfies αeαx̂(λε̂ + (1− λ)w) = 1 (∗)

where the left-hand side is the marginal cost of providing bad drugs due to the stronger sig-
nal that the provider is type b , and the right-hand side is the marginal benefit from providing
bad drugs.

Administrator problem

In the first period, the administrator works with the effort level that can at least retain her in
power until the second period. The administrator chooses ε in the first period to solve the
following problem

max
ε

A(1− ε) + A[1− (1− ε)(eαx − 1)w].

Substituting with (∗), the problem becomes

max
ε

A(1− ε) + A[1− (1− ε)(
1

α(λε + (1− λ)w
− 1)w].

The first-order condition is

F(ε, w) = A[−1− w + w
α(λε+(1−λ)w)

+ (1−λ)wλ
α(λε−(1−λ)w)2 ] = 0

=⇒ the optimal ε̂satisfies λε + (1− λ)w = ( (1−λ)w2+wλ
α(1+w)

)
1
2 (∆).

Solution and comparative statics for the provider problem

Since the drug provider can observe the effort of the administrator, by equation (∗) and ( ∆),
the drug provider will provide

x̂ =
1
α

ln(
1

α(λε̂ + (1− λ)w)
) =

1
2α

ln(
1 + w

α((1− λ)w2 + λw)
).

However, there is a corner solution, for w ≤ w∗, i.e. the provider always provides x = 1.
(The proof is listed in Appendix Proof 1.) Therefore, the provider chooses the amount of bad
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drugs x̂ according to the Sina Weibo use level:

x̂ =

1 if w ≤ w∗ =
√

(αe2αλ−1)2+4αe2α(1−λ)−(αe2αλ−1)
2αe2α(1−λ)

1
2α ln( 1+w

α((1−λ)w2+λw)
) if w > w∗ =

√
(αe2αλ−1)2+4αe2α(1−λ)−(αe2αλ−1).

2αe2α(1−λ)

As long as w ≤ w∗, the optimal amount of bad drugs provision does not change so that the
derivative of x̂ with respect to w is zero, dx̂

dw = 0. When w > w∗ , the derivative is

dx̂
dw

=
1

2α
(

α(1− λ)w2 + λw
1 + w

) ∗ (− (1− λ)w2 + 2(1− λ)w + λ

α((1− λ)w2 + λw)2 ) < 0.

The amount of bad drugs provided on the market is decreasing in Sina Weibo use once the
Sina Weibo use exceeds a cutting point w∗.

Solution and comparative statics for the administrator problem

Under the corner solution of the drug provider’s problem, the administrator’s utility func-
tion becomes linear since S(x̄ = 1) = eαx − 1. It is now

max
e

ΠA = A(1− ε) + A[1− (1− ε)(eα − 1)w].

The solution is obviously ε̂ = 0. When w > w∗ , the utility function is the original non-linear
one and the optimal effort satisfies the first-order condition (∆), Therefore, the full solution
for the administrator is

ε̂ =

0 if w ≤ w∗
1
λ ((

(1−λ)w2+wλ
α(1+w)

)
1
2 − (1− λ)w) if w > w ∗ .

If w ≥ w∗, the optional ε satisfies

F(ε, w) = A(−1 +
w

α(λε + (1− λ)w)
− w +

(1− ε)wλ

α(λε + (1− λ)w)2 ) = 0.

Because dε̂
dw = − F′w

F′ε
and F′ε = A(− wλ

α(λε+(1−λ)w)2 − wλ
α(λε+(1−λ)w)2 − 2(1−ε)wλ2

α(λε+(1−λ)w)3 ) < 0 , the sign

of dε̂
dw is the same as F′w. I prove that F′w > 0 and then dε̂

dw > 0 . (The proof is listed in Appendix
Proof 2.)

dε̂

dw
=

1
λ
(

1
2
(
(1− λ)w2 + wλ

α(1 + w)
)−

1
2 (

2(1− λ)w + (1− λ)w2 + λ

α(1 + w)2 )− (1− λ)) > 0.

Then, I get the second-order derivative of effort ε with respect to w as:
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d2ε̂

dw2 =
1
λ
(−1

4
(
(1− λ)w2 + wλ

α(1 + w)
)−

3
2 (

2(1− λ)w + (1− λ)w2 + λ

α(1 + w)2 )+ (
1
2
(
(1− λ)w2 + wλ

α(1 + w)
)−

1
2 )(

2(1− 2λ)

α(1 + w)3 ) < 0.

Therefore, the optimal effort ε̂ is increasing in Weibo use once the Sina Weibo use exceeds
a certain level w > w∗. The administrator works harder if the level of Weibo use is higher,
but the marginal increase cannot be maintained all the time since the second-order derivative
is negative d2 ε̂

dw2 < 0. This suggests that the increased effort caused by the increase in Weibo
use dε̂

dw will decrease with the increase in Weibo use w, and drop towards zero.

The amount of bad drugs found on the market

Although I have shown that the amount of bad drugs provided on the market is decreasing
in Sina Weibo use, the effect of w on the amount of bad drugs found, which is also the
probability of the provider being regarded as type b, is ambiguous.

Holding the amount of bad drugs provided fixed, the larger is the use of Weibo, the more
bad drugs are revealed by Weibo; the more Weibo use, the harder the administrator works,
and thus the more bad drugs are revealed by the administrator. This is the screening effect of
Weibo. However, where there is a larger Weibo use and more effort from the administrator,
providers tend to to provide fewer bad drugs, so that fewer bad drugs can be found and
the provider is less likely to be changed. This is the discipline effect. The two effects have
opposite directions so that the net effect of w on Pf ound is ambiguous, which can be seen from
the following equation

dPf ound
dw = S(x̂)(λε′ + (1− λ)) + S(x̂)′(λε + (1− λ)w) dx̂

dw

i.e. dPf ound
dw = (eαx − 1) 1

2 (
(1−λ)w2+wλ

α )−
1
2 ( 2(1−λ)w+λ

α ) + dx̂
dw .

The first part refers to the screening effect, and the second part represents the discipline
effect. The sign of the derivative depends on the level of w. When w starts with a low
level, the discipline effect is zero, but the screening effect is positive and the net effect will be
positive on Pf ound.

When w ≤ w∗, dx̂
dw = 0 and ε′ = 0, dPf ound

dw = S(1)(1− λ) is positive as long as there are
at least some consumers taking information from Sina Weibo 1− λ > 0. It also makes sense
that dPf ound

dw can be also zero if the level of Sina Weibo use is so low that no consumer uses Sina
Weibo to get information, (1− λ) = 0.

When w > w∗, the first part (eαx − 1) 1
2 (

(1−λ)w2+wλ
α )−

1
2 ( 2(1−λ)w+λ

α ) > 0 , and the second
part dx̂

dw < 0 . It is easily seen that limw→0+
dPf ound

dw ≥ 0 and limw→1−
dPf ound

dw < 0 . Hence, when
the Sina Weibo use is low, the screening effect still dominates but the discipline effect will
dominate ( dPf ound

dw <0) when the Sina Weibo use (w) is high enough. The amount of bad drugs
found is expected to be decreasing on w only when w is high.

13



Consumer’s Welfare

Although the effect of w on the amount of bad drugs found is ambiguous, the consumer’s
welfare is always increasing in w. Consumers only care about the real drugs they consumed,
and the welfare function is given by the following equation:

V(x; w) = 2γ + (1− γ)[1− x̂ + (λS(x̂)ε̂(w) + (1− λ)S(x̂)w)γ].

The first part of the equation is the welfare for consumers when the type g provider is se-
lected in the first period, and the second part is welfare if the type b provider is instead
selected in the first period. The type b provider provides x̂ in the first period, leaves 1− x̂ to
consumers, and thus generates the probability λS(x̂)ε̂ + (1− λ)S(x̂)w of being replaced by
another provider, with the probability of γ being the good type. By the Envelope Theorem,
we have:

dV
dw

= (1− γ)S(x̂)(ε̂′(w) + 1− λ)γ > 0.

As long as there is a bad drug provided on the market, dV
dw > 0, consumers can benefit from

the increase in Sina Weibo use with certainty. And the marginal benefit is even larger once
the Sina Weibo use exceeds the certain level w > w∗ and thus the administrator also reacts to
Sina Weibo ε̂(w) > 0 . It is easily seen that under the assumption that when the administrator
reacts to the Weibo use, it is better for the consumer welfare than if the administrator does
not react, i.e. ε̂′ = 0.

Hypotheses and test:

In sum, the moral hazard model gets:

Proposition 1: There is a cut off point for Sina Weibo use w∗: when the Sina Weibo use is
lower than that point, w ≤ w∗, the amount of bad drugs provided on the market
does not respond to Sina Weibo use and does not change. The marginal effect of
Sina Weibo use on the amount of bad drugs found can either be zero if 1− λ = 0
or positive if 1− λ > 0. Once the Sina Weibo use exceeds this point, w > w∗,
the amount of bad drugs provided on the market is decreasing in Weibo use,
dx̂
dw < 0. However, the amount of bad drugs found is ambiguously affected by
Weibo use because of the coexistence of the screening effect and the discipline
effect, dPf ound

dw = S(x̂)(λε̂′ + 1− λ) + S′(x̂)(λε̂ + (1− λ)w) dx̂
dw . The amount of bad

drugs found is decreasing in the Weibo use w only when w is high.

Proposition 2: There is the same cut off point w∗: if the Sina Weibo use is too low, w ≤ w∗
, the administrator does not respond to the Sina Weibo use either ε̂′ = 0. Once,
the Sina Weibo use exceeds this point, w > w∗, the administrator works harder
when there is a higher Weibo use, but the increase in the effort decreases in the
Sina Weibo use, ε̂′(w) > 0, ε̂′′(w) < 0 .
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Corollary 1: The consumer’s welfare is increasing in the Weibo use dV
dw > 0, and it is better

for consumers if the administrator reacts to Sina Weibo, i.e. if ε̂′(w) > 0.

The prediction of the model consists of two separable parts: proposition 1 is the aggregated
market outcome, which is established regardless of whether proposition 2 is established or
not; proposition 2 is the effect of Weibo use on the regulator, which strengthens the effect of
Weibo use on the market outcome.

I summarize the main prediction of the model in figure 3. When the Weibo use increases,
the number of bad drugs provided on the market decreases, while the number of bad drugs
found can first be increasing and then definitely decreasing when there is a certain amount of
Weibo use. The administrator’s effort increases with the Weibo use but the increase becomes
smaller and smaller. The number of bad drugs provided, x̂, is not observable, and then
dx̂
dw < 0 is not directly testable. The relationship between Weibo use and the number of bad
drugs found and the relationship between Weibo use and the administrator effort are the
main hypotheses that will be tested in the following sections.

The study tests the prediction using a measure of Weibo use for w, and the number of
bad drugs found as Pf ound, as well as the total number of drugs audited as a proxy for the
administrator effort ε. (More details about the data are discussed in section 4). The level
of Weibo use after its introduction increases over time and the estimate of the net effect of
Weibo use using the panel data can be either negative or positive, depending on the average
level of Weibo use in the sample period. If there are sufficiently long time periods for Weibo
use to grow, the discipline effect will dominate from a certain point in time and then we can
observe the negative sign for the estimate of the aggregated effect. And if the turning point
does show up among the dynamic effects, it definitely suggests that both effects existed,
because the sign of the estimate effect would not change if only one of them existed.

Similarly, I examine the relationship between the administrator effort and the Weibo use
by exploring the dynamic effects. Proposition 2 is actually based on an implicit assumption
that the governor does care about the bad drug issue and will replace the regulator if she
fails to fulfill her job. Although the reasoning why an autocracy cares about social welfare,
namely the bad drug issue in the study, is theoretically not comprehensively explained by the
literature, it is an empirical question in this paper. If proposition 2 holds, the marginal effect
of the Weibo use on the administrator effort is expected to be positive but the magnitude
should be decreasing towards zero over time. Under the model setting, if the amount of bad
drugs found is decreasing in Weibo use and the administrator effort is increasing in Weibo
use, I can derive the conclusion that the amount of bad drugs provided on the market is
decreasing in Weibo use.

There is only one provider in the model but, realistically, drug providers consist of two
separate parts: producers and distributors. Drugs can become bad either due to producers
or distributors. The number of bad drugs found that is discussed in the main part of the
empirical analysis refers to bad drugs found at any point in the distribution process, so it
does not differentiate the reasons for which drugs deteriorate. To shed some light on the
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mechanism of the effect of Sina Weibo, I also use the producer information of each drug
checked to test whether there is a discipline effect on the drug producer.

When both screening effects and discipline effects are proved to exist, and the adminis-
trator works harder with a higher Weibo use, corollary 1 is derived: the consumer’s welfare
is better off with a higher Weibo use.

4 Data

4.1 Drug data

I explore the drug quality using the data from the quarterly published National Drug Quality
Announcement by the Chinese State Food and Drug Administration7 from 2008 to 2011,
including 16 quarters, i.e. 43,726 drugs from 317 prefectures. The bad drugs are drugs that
are found not to be qualified by SFDA, including counterfeit and substandard drugs. I count
the number of bad drugs found in each prefecture in the quarter (corresponding to Pf ound in
the model), and the number of drugs checked (corresponding to the administrator effort ε).

Every quarter, the SFDA audits drugs in around 300 (out of a total of 340) prefectures.
They first decide what kind of drugs to audit, for example, aspirin, and the cities to audit.
Subsequently, they sample one doze(box) of listed drugs from different sample places (drug-
store, hospital etc.) in the city and then test the drug sample they collected. About two
months after the control, the result of the audit – the National drug quality announcement
– is published on the SFDA website. The announcement includes the record of every drug
they checked: drug name, producer, sample source where the drugs are sampled, test result
etc. (Part of the record from the table has been cut out and listed in the appendix, figure
A). I code the prefecture information according to the sample source (when studying the
drug quality on the market) and producer names (when investigating the drug quality in
production).

The quarterly drug audit from SFDA is comprehensive and representative and hence,
this data is suitable for exploring the drug quality in China. From production to distribu-
tion, all types of drug providers are sampled, including six categories – (1) clinics, (2) Disease
Control and Prevention Centers/Anti-epidemic Stations and other similar offices under the
Health department, (3) drugstores (4) hospitals, (5) wholesalers/intermediary drug compa-
nies and (6) producers. The distribution of the sample sources is proportional to the number
of providers on the market (A summary of the provider categories for the full sample and
the bad drug sub-sample is listed in appendix Table A.). Among the retailers, the bad drug
rate is overrepresented in the drugstores. This makes sense since many drugstores in China
are small, and privately owned, which makes the monitoring more difficult.

The SFDA checking list8 contains the most widely used drugs, drugs that were reported
to have a severe adverse drug reaction, and drugs that were ever found to be unqualified in

7http://www.sfda.gov.cn/
8For the sampling rules and checking scheme, please refer to http://www.gov.cn/gongbao/content/2003/content_62323.htm.
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the past etc. Drugs on the list can be traditional Chinese medicine, synthetic drugs or biotech-
related drugs (Table B in the appendix summarizes the categories of drugs in the audit, where
the synthetic drugs account for the main part and are further categorized into sub-groups9).
In the sample periods, a total of 21 categories of drug types are checked; among them, the
most overrepresented are the non-immunization other biotech-related drugs, which are frag-
ile either in distribution or in production.

It is appropriate to use the bad drugs reported in the announcement as an index for Pf ound,
even if , by the model setting, this includes both bad drugs revealed by the administrator and
those discovered by Sina Weibo. Although these bad drugs are announced by SFDA, not all
of them are found through SFDA’s effort. If some bad drugs have been exposed on Sina
Weibo, the SFDA will directly go and catch them without any additional effort. In this sense,
using the data on the bad drugs announced by SFDA is justified.

To give a rough idea of the bad drug distribution across regions, figure 4 plots the yearly
number of bad drugs found per million people on the map, at the prefecture level. From
figure 4, we can see that bad drugs are actually not concentrated to certain regions: it is hard
to conclude that bad drugs are more likely to be found in the east or west, south or north of
China.

4.2 Data on Weibo Use

The measure of the Weibo use is collected by Larsson et al. (2012). It is the total number
of posts including the Chinese character hei by prefecture and quarter, which covers 340
prefectures and 9 quarters.10 The population of each prefecture is used to scale the measure
for the regression used. The construction of the data has been discussed somewhat in section
2.

In order to locate the appropriate Chinese character, we collected a subsample including
all Weibo posts. We downloaded all newly entered Weibo posts for 10 minutes four times a
day – morning, noon, evening and midnight, and for two weeks. Next, we analyzed the total
number of posts and the number of posts containing each Chinese character in the subsample
of posts. A pool of Chinese characters was selected, which has a high correlation with the
total posts but a low appearance rate. We further narrowed down to some non-meaningful
and neutral words: hei was chosen. We downloaded all posts including hei, decoded the
location and the time information for each post and finally obtained the measure.

The introduction of Sina Weibo does not correlate with GDP per capita and, more im-
portantly, does not correlate with some other factors that may influence the drug market,
pharmaceutical industry distribution and medical needs (proxy by hospital beds per 10,000
individuals). Figure 1 graphically compares the distribution of the Weibo use measure with
GDP per capita, the pharmaceutical industry product value and hospital beds. The Weibo

9I categorize the drugs according to the method SFDA used for the Essential Drug list.
http://www.moh.gov.cn/publicfiles/business/htmlfiles/mohywzc/s3580/200908/42506.htm

10Sina Weibo has been available since September 2009 and the time period in the paper is in quarters. Thus, I
take the last quarter of 2009 as my first observation of Weibo use.
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use is not obviously related to any of these three factors. Empirical evidence about what
determined the Weibo introduction is shown in section 5.

There are two points that I want to emphasize here. First, the number of posts containing
hei is only a proxy for the total number of posts. When we observe the Weibo use measure
as zero, it does not mean that there are no Weibo post from the prefecture at all, but it def-
initely means that Sina Weibo has not gained the minimum popularity to be shown by the
index. Second, the Weibo posts we count are posts about anything and thus, have no specific
relation to the drug market issue. For convenience, the paper uses the term “Weibo enters”
or “Weibo entry” as the Weibo use measure turns positive.

4.3 Other Data

Prefecture Characteristics

The data on prefecture characteristics come from China City Statistical Yearbooks 2009-2011,
which report 2008-2010 statistics. The variables used include population, GDP per capita, the
number of Internet users per 10,000 individuals, the number of cellphone users per 10,000
individuals, the number of hospital beds per 10,000 individuals, education expenditure per
capita, the share of the agricultural sector labor force and the tertiary sector share of GDP.
Due to the lack of 2011 statistics, I duplicate the data from 2010 to 2011.

Merging the drug data, Weibo use data and prefecture characteristics, I get the data set
used in the main analysis. Without adding the prefecture controls, the data set contains 2,977
observations from 290 prefectures and 16 quarters. Among the 290 prefectures, 7 have no
Weibo entry in any sample quarters. When adding the prefecture controls, 271 prefectures,
2,783 observations from 16 quarters remain.

Distance between Prefectures

When discussing the determinants of Weibo entry, I use the distance between the prefecture
and Beijing that might be one factor that affects the ideology preference and then Weibo use.
The distance between the drug market and producers is addressed when discussing the het-
erogeneous effects. The two distance variables come from the Stata module – CHINA_SPATDWM
(Yu, 2009), which includes the distance between all main cities in China. The distance to Bei-
jing is defined as the great circle distance, in kilometers. The distance between the market
and its producers is the mean of distances between retailers in the prefecture and the prefec-
ture of their producers. Due to some missing data, when adding the distance variable, the
number of prefectures covered in the data set decreases to 246.

Number of Newspapers

The placebo test in section 7 will use the number of newspapers in the prefecture, which
come from Qin et al. (2012). We compile a newspaper directory 1981-2010 according to
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three resources: 1) Comprehensive Chinese Newspaper Directory (2003, 2006, 2010), published
by the Chinese State Administration for Press and Publications; 2) Annual Chinese Journalism
Yearbooks (1982-2010), published by the Chinese Academy of Social Science; and 3) China
Newspaper Industry Year Books (2004-2010), published by a Beijing-based research institute.
The number of newspapers in the prefecture is a yearly measure including all newspapers
that were issued in the prefecture.

Summary statistics are given in table 2. Bad drugs are found at some point in 43% of the
prefectures. For each quarter, on average, bad drugs are found in 5% of the prefectures. The
average number of bad drugs found per quarter is 0.065. I divide this number by the prefec-
ture population in millions (the average population of the prefectures is around 4 million).

5 Econometric model

This study aims at estimating the causal effect of Weibo use on drug quality in the market.
Sina Weibo has only been available since September 2009, i.e. after the point in time when
SFDA started the drug quality check.11 This suggests the possibility of using difference-
in-differences as the identification. Figure 5 gives a rough idea of why the difference-in-
differences identification is applied. Both graphs show the relationship between the number
of bad drugs found12 and the timing of the Weibo introduction. The Xaxis labeled 0 refers
to the first quarter that Sina Weibo enters, 1 as one quarter after Weibo enters while -1 refers
to one quarter before.13 The Y axis represents the level of bad drugs found: the upper panel
uses the raw data of the number of bad drugs found while the bottom panel uses the number
of bad drugs found that gets rid of the prefecture fixed effects, quarter fixed effects, and the
prefecture specific time trend. Both graphs give a similar implication: when Weibo has en-
tered, there is a clearly declining trend in the number of bad drugs found. So it is reasonable
to use the timing of Weibo introduction as the identification.

Furthermore, as the prefectures pick up Weibo at different times, the intensity of the
Weibo use varies across regions in each quarter. Then, I use the time varied and regional
varied Weibo use measure to estimate the impact on the number of bad drugs found, fitting
the following equation:

Pf ound_it = η ln popit + βWit + αi + λt + γi ∗ t + θXit + uit. (1)

The dependent variable Pf ound_it is the logarithm of the number of bad drugs found by

11SFDA starts the quarterly checking from 2003, but complete data are only available online since 2008.
12The logarithm of the number of bad drugs found per million people plus 1.
13Since Weibo enters different prefectures in different quarters, the total number of event quarters is larger than

the number of real quarters. See table 1 – after the 2nd quarter of 2010 about half of all prefectures have Weibo
entry, which means that fewer prefectures can experience 10 quarters before Weibo entry (the total number of
quarters is 16). Therefore, in the graph, I only show event timing from -9 to 8 that includes 9 time periods before
and 9 time periods after Weibo entry.
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SFDA per million people plus 114 in prefecture i at quarter t. Ideally, the analysis should
normalize the number of bad drugs found by the drug market size in prefecture i at quarter
t, but instead the population is used as the weight because of the absence of such a data set.
To allow for different forms of the correlation between the population and local drug market
size, I also add the population variable, ln popit, as one of the explanatory variables on the
right-hand side.

Wit is the variable of interest, the Weibo use measure, and is defined as the logarithm of
the total number of Weibo posts including the Chinese word hei per 10,000 individuals plus
115 from prefecture i at quarter t. Under the assumption that the introduction of Weibo is
exogenous to the drug market, the parameter β is interpreted as the percentage change in
the number of bad drugs found that is caused by a 1 percentage point move on the measure
of Weibo use.

αi is the vector of the prefecture fixed effects that accounts for the time invariable unob-
servable prefecture characteristics. λt is the vector of the quarter fixed effects that captures
the time variable shocks. There are at least seven periods before Weibo entered, which is
possibly long enough for the pretreatment data to establish a trend that can be extrapolated
into the post-treatment periods. Therefore, I control for the prefecture specific time trend in
the regression, γi ∗ t.

To test the robustness, I include a set of prefecture level controls Xit in the regressions.
It includes the time varying factors that are often cited as the causes of the bad drug issue:
GDP per capita, the number of hospital beds per 10,000 individuals, the agricultural sector
share of the labor force, Xit, also includes terms that are composed of determinants of Weibo
entry, and I will discuss them in section 6. Finally, uit is the error term.

The model also gives a prediction of the time pattern of Weibo influence that I want to
explore. The Weibo use can influence the number of bad drugs found both positively (as a
larger share of the bad drugs is being found through the screening effect) and negatively (as
the number of bad drugs fall through the discipline effect). The negative effect dominates
when W is high. Since the Weibo use increases over time, it is important to check the dynamic
effects of Weibo use to reveal the whole picture of how the screening effect and the discipline
effect work with different levels of Weibo use. I apply the event study model to discuss the
dynamic effects using the following regression:

Pf ound_it = η ln popit +
8

∑
j=0

β jWit1(τit = j) + αi + λt + γi ∗ t + θXit + uit. (2)

Compared with equation (1), one more index is added, the event quarter τit, the event
quarter. This is defined so that τit = 0 is the first quarter that Wit turns to positive and τit = 1
refers to the first quarter after Weibo enters the prefecture. The largest value for the possible

141 is added for everyone because many observations have the value of the number of bad drugs found per
million people as 0 or close to 0, which makes the simple logarithm go to negative infinity.

151 is added for the same reason as in footnote 13.
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τit is eight. The number of coefficients of interest in equation (2) is nine, β j, from the first
period of Weibo entry τit = 0 to the last possible period of Weibo use τit = 8.

Although the investigation of the determinants of Weibo use on the observable prefec-
ture characteristics lends some support to the exogeneity argument of Weibo use to the drug
market, there are still some concerns related to unobservable characteristics. Section 7 will
discuss the possible concerns in more detail and tests will be carried out to secure the argu-
ment that the effects estimated from equations (1) and (2) are causal.

I also investigate through which channel the Sina Weibo effects work. In order to control
the relationship between Weibo use and the administrator effort, ε̂′(w) > 0 and ε̂′′(w) < 0,
I rerun equations (1) and (2) with the dependent variable replaced by the total number of
drugs checked by SFDA per million people in prefecture i in quarter t, which is the proxy
for the administrator effort. The results of the following equations will provide the empirical
evidence for how the administrator responds to Weibo use

Ln#_checkit = η ln popit + βWit + αi + λt + γi ∗ t + θXit + uit (3)

Ln#_checkit = η ln popit +
8

∑
j=0

β jWit1(τit = j) + αi + λt + γi ∗ t + θXit + uit. (4)

To check whether Weibo use can help reduce the bad drugs by disciplining the drug
producers, I re-construct the data by the location information of the producers and then
re-estimate equation (1) with the corresponding variables measured by producer location
instead of market location. If the discipline effect works through the producer, we expect to
see the same sign of the coefficient estimate in the producer regression as in the market place
regression (equation (1)).

In all regressions in the paper, standard errors are clustered at the prefecture level.

6 Results

6.1 Determinants of Weibo Entry

The introduction of Sina Weibo is definitely not random, but it is arguably to be exogenous
to the drug market. To support this argument and justify the identification as well as the
specification, I first explore the determinants of the Sina Weibo introduction. To test the
robustness of the estimate, the factors that determine Weibo use are then added into the
regression.

To investigate which factors predict the Weibo introduction, I regress the calendar quar-
ter that Weibo entered and the average growth of the Weibo use measure since Sina Weibo
became available on the baseline prefecture characteristics from 2008.16 The results are re-

16The control variables are statistics by year and Weibo has been available since the 4th quarter of 2009, so the
2008 prefecture characteristics are used as the baseline.
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ported in table 3. From column 1 and column 2, we can see that the tertiary sector share of
GDP mainly predicts the timing of Sina Weibo entry. From column 2, we can see that this
factor, together with the number of cellphone users, and the education level (indicated by
the education expenditure per capita) strongly predict the speed of Weibo increase after its
introduction. However, the regression of the average number of bad drugs found before
Weibo became available on the baseline characteristics shows an almost zero correlation be-
tween them (column 3, table 3). I conduct the F-test for the three factors that show an impact
on Weibo entry to test the hypothesis that they are jointly equal to zero for each regression
in table 3. The results suggest that I can reject the hypothesis that the estimate of three fac-
tors is jointly equal to zero in the regressions of determinants of Weibo entry at the 1% level
(columns 1 and 2), but I cannot reject that they are jointly equal to zero in the regression of
the average number of bad drugs found (column 3). It ensures that the introduction of Sina
Weibo is exogenous to the bad drugs issue in terms of observable prefecture characteristics.

The estimate result also suggests a set of baseline controls that should be included in
the regression for the robustness test. Hence, Xit includes the interaction terms between the
three baseline characteristics and the year dummies. Besides that, to exclude the possible
time variable confounders, Xit also includes the time varied value of the three variables, and
factors that are often cited as the causes of the bad drug issue: GDP per capita, the number
of hospital beds per 10,000 individuals, the agricultural sector share of the labor force, all in
logarithm.

6.2 Main Results

Table 4 reports the estimated βs and their clustered standard errors from equation (1). Col-
umn (1) reports the estimate on the number of bad drugs found, while column (2) reports
the same estimate but including the prefecture level controls, Xit.

The coefficient estimates in both columns of table 4 are statistically significant at the 5%
level. The coefficient estimate is not affected to any larger extent by adding controls. This
might be expected as the determinants of Weibo use are not correlated with the number of
bad drugs.

The magnitude of the effect estimate is considerable. The estimated effect of Weibo use
on the number of bad drugs found is around -0.1. This implies that if the Sina Weibo use is
doubled, the number of bad drugs will be reduced by 21%.17 One standard deviation of the
number of Weibo posts including hei per 10,000 individuals is 0.28 per quarter, which means
0.0082 posts per person each quarter (since the word hei appears in 0.34 percent of the Weibo
posts).

17ln
(

Pf ound + 1
)
= −0.1 ln(W + 1) + α ln pop ++αi + λt + αi ∗ t + θXit=⇒Pf ound + 1 = const. ∗ (W + 1)−0.1

The mean for the number of Weibo posts per 10,000 individuals is 0.062.
Hence, Pf ound_mean + 1 = const. ∗ (0.062 + 1)−0.1 and P′f ound + 1 = const. ∗ (0.062 + .062 + 1)−0.1 . It gives
Pf ound_mean+1

P′f ound+1 = (0.062+1)−0.1

(0.062+.062+1)−0.1 = 1.0057 =⇒ P′f ound = 0.028+1−1.0057
1.0057 = 0.022. Compared to the mean

Pf ound_mean = 0.028, it is decreased by 21%.
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Before discussing the dynamic effects, I show the growth of Weibo use after its introduc-
tion in figure 6. Scatters in figure 6 represent the mean value of each event quarter (τit = j),
while the lower cap is the value of one standard deviation below the mean and the upper cap
is one standard deviation above the mean. Bearing this figure in mind, I explore the screen-
ing effect and the discipline effect along with the growth of Weibo use by investigating the
dynamic effects.

Table 5 reports the dynamic effects estimate from equation (2). From column (1) in table
5, we can see that the estimates for β js are all negative but only become steadily statistically
significant fourth quarters after Weibo entry. A similar pattern is also found in column (2)
when prefecture level controls are added but with larger standard errors. The estimates are
not statistically significantly different from zero at the beginning of the Weibo introduction.

I interpret this as a result of the opposing screening and the discipline effects. When the
level of Weibo use is low, an increase in Weibo use reveals more bad drugs, thus counter-
acting the discipline effect. When there is an increase in theWeibo use, the discipline effect
dominates the screening effect and the number of bad drugs found decreases in Weibo use.
Therefore, in the later periods, from the fourth quarter after Weibo entry, we observe that an
increasing Weibo use reduces the number of bad drugs found in the market.

Figure 7 plots the point estimate against the time since Weibo’s introduction. By figure
7, we can see that from the first quarter when Weibo enters, τit = 0, to three quarters after
Weibo has entered, the estimates are too imprecise to draw any definite conclusions. Four
quarters after entry, the 95% confidence intervals shrink considerably to make the estimate
statistically significantly negative. Given the different significance patterns, I do two sets of F
tests for coefficients β0 to β3, and for β4 to β8 to be jointly zero, respectively. The F test results
suggest that I cannot reject that the coefficients β0 to β3 are jointly zero, but I can reject that
the coefficients β4 to β8 are jointly zero.

In sum, the estimate of the dynamic effect is consistent with the model prediction in that
the discipline effect dominates the screening effects only when the Weibo use is high. We do
not observe that the screening effect dominates for low levels of Weibo use. This might be
because our measure of Weibo use does not accurately pick up low levels of use, since it is
based on a Chinese character with a very low appearance rate, 0.0034.

7 Endogeneity concerns

A fundamental question is whether the estimates from section 6 capture any causal effects.
There are two main concerns: reverse causality and omitted factors influencing both Weibo
use and the drug market. Weibo use may be triggered by bad drugs problems, creating a
reverse-causality problem. Another possibility is that some confounding factors affect the
number of bad drugs found or the trend in these, for example the general media presence
and not Sina Weibo per se. This section suggests some tests to address these concerns.
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7.1 Reverse-causality and pre-trends

I first investigate whether the pre-existing amount of bad drugs affect the Sina Weibo use. I
regress the number of Weibo posts since Weibo became available and the calendar quarter
when Weibo enters on the average number of bad drugs found before Weibo entry. If the
reverse-causality concern is a problem, we should observe that the lower average number of
bad drugs found before Weibo entry predicts the higher Weibo use, and predicts an earlier
quarter when Weibo will enter the regions.

The results are reported in table 6 where the coefficients on pre-existing drugs do not
significantly predict the timing or speed of Sina Weibo entry. This supports the notion that
there is little correlation between the average level of the bad drugs found before Weibo entry
and the level of Weibo use in the future. Based on this result, I claim that the lower level of
the number of bad drugs found has nothing to do with the Weibo introduction, and if there
is any, it is in another way, so that the reverse-causality problem is not a concern in my study.

There might be other unobservable confounders determining the trend of the bad drug
issue and the tendency to introduce Sina Weibo simultaneously. I use the staggered timing
of Sina Weibo introduction in the identification. As long as the timing of the introduction
and the variation in the Weibo use level are exogenous, the identification works. If the in-
troduction is predetermined by some factor which at the same time determines the trend of
the bad drug issue, the estimate will be questioned with the causal argument. For example,
people in some regions care more about the regulating issue or social order, so that the num-
ber of bad drugs in those regions has the declining trend. At the same time, since Weibo has
the characteristic of a monitor, those regions tend to use Weibo earlier and more once it be-
comes available. In this case, the unobservable characteristics of the residents in that region
determine the trend of the bad drug issue and the Weibo use even before Weibo entry.

I test whether the introduction of Sina Weibo is predetermined or not by inserting some
pseudo points in the event timing. I move the Weibo use measure three periods forward, that
is, a pseudo point when “Weibo enters” is three quarters before the real one. Because there
are at least seven quarters before Weibo enters, I choose the pseudo point in the middle of
the pre-trend periods and three quarters before is chosen.18 The number of total Weibo posts
including hei for the pseudo point is replaced by the number three quarters later. For the
placebo test, I only include data before Weibo entry. The regression for the test is as follows:

Pf ound_itτ′ = η ln popit + β1Witτ′ + αi + λt + γi ∗ t + θXit + uitτ′ , τ < 0 (5)

where τ′ is the pseudo timing of the introduction of Weibo, τ′ = 0 when τ = −3, and
Witτ′ = Witτ+3 .

If the introduction and the intensity of Weibo use are predetermined, we should also
observe some negative coefficient of Witτ′ since according to what we observe in section 6,

18One, two or four quarters before are also tried and all of them give out similar results. The test results are
available upon request.
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β1 should be statistically significantly negative. Table 7 reports the estimate. The point esti-
mates for β1 are really small, from -0.01 to 0.01, while the standard errors are huge. Therefore,
it rejects the fact that the pseudo number of Weibo posts has some effect on the number of
bad drugs found. It excludes the possibility that there are some confounders predetermin-
ing the trend of the bad drug issue and the introduction of Sina Weibo, which lends solid
support to the identification used in the paper.

7.2 Other media

There is a possibility that the estimated effect of Weibo use is not driven by the use itself but
just picks up the effect of the general mass media. In general, the mass media may have some
effect on alleviating the bad drug problem. As Sina Weibo is one of the various media types,
the measure of Weibo use can just pick up the measure of the media pressure in the prefecture
at the quarter. If it is not Sina Weibo, the measure of other types of media, newspapers for
example, can also show the effect on the number of bad drugs found.

To exclude the possibility that the effect of Sina Weibo is due to the effect of other or
general mass media, I implement the test by fitting the following equation

Pf ound_it = η ln popit + β′ ln _#_newspaperiy + αi + λt + γi ∗ t + θXit + uit (6)

where ln _#_newspaperiy is the logarithm of the number of newspapers per million people
in prefecture i and year y . The data for this variable comes from Qin et al. (2012). As the
largest and most influential traditional media in China, the number of newspapers from the
prefecture is a good measurement for general media pressure. If the effect of Weibo use just
picks up the effect of the general media pressure, we should observe that the estimate of β′

in equation (6) is similar to the estimate of β in equation (1).
Columns 1 and 2 in table 8 report the estimate results from equation (5), without and with

the prefecture level of controls. From columns 1 and 2, we can see that the point estimates
are very small positive numbers, 0.037 and 0.039, while the standard errors are too large to
give the statistical power for the estimates. The zero effect of the newspaper on the number
of bad drugs found cannot be rejected. Therefore, this confirms the analysis that the effect
of the Weibo use estimated in section 6 is not driven by general media pressure. The causal
effect does run from Weibo use to the number of bad drugs found.

By excluding the two large groups of concern, I claim that the effects of Weibo use on the
number of bad drugs found that are estimated in section 6 are causal.

8 Mechanisms and Heterogeneous Effects

8.1 Mechanisms

Sina Weibo can reduce the number of bad drugs provided in the market by pushing the ad-
ministrator to work harder in regulating the drug market and by deterring the drug producer
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from producing more bad drugs. If the administrator checks more drugs in those prefectures
where the Weibo use is higher, this is evidence of the screening effect. If the number of bad
drugs found from the prefectures where they were produced is lower when the Weibo use
is higher, this is evidence of the discipline effect on the drug producer. This section will
empirically investigate these two channels.

8.1.1 The Administrator Effort : ε̂′(w) ≥ 0 and ε̂′′(w) < 0 ?

I use the total number of drugs checked per million people in the prefecture at the quarter
as an index for the administrator – SFDA’s effort. Replacing the left-hand side variable with
the logarithm of the total number of drugs checked in equations (1) and (2), I re-estimate the
equations and report the results in table 9.

Column 1 shows the overall effect of Weibo use on the SFDA effort: where the Weibo
use is higher, SFDA invests more effort in drug checking but the estimate has no statistical
significance. This might be due to the different reaction levels in different time periods. As
Sina Weibo increases over time, the reaction from SFDA is expected to be increasing at the
beginning but then decreases towards 0 over time. The average effect may thus conceal large
early effects, and it is important to investigate the dynamic effects separately.

As we can see in column 2, SFDA starts to increase its effort one quarter after the intro-
duction of Sina Weibo, but the increase drops significantly from the fifth quarter after the
introduction until the last quarter in the sample. The reaction in the first couple of event
quarters is quite large: a 1 percentage point increase in the number of Weibo posts means
more than a 1 percentage point increase in the number of drugs checked. The statistical
significance shares a similar pattern with the point estimate. Figure 8 plots the estimates.
The pattern is consistent with the positive slope of the administrator effort curve in figure 3.
Columns 3 and 4 are the results with the prefecture level controls included, and they show
a similar pattern as columns 1 and 2 but with much larger standard errors. To further con-
firm the increase in the SFDA effort, I implement an F-test for the estimates of the effect of
the Weibo use β js from equation (2) and check whether they are jointly equal to zero. The
F values are 3.7 and 2.8 for the regressions without and with the prefecture level controls
(columns 2 and 4), while both reject the hypothesis that the coefficients β js are jointly equal
to zero at the 1% significant level.

An interpretation of the estimated results is that SFDA may need some time to realize that
they are subject to the accountability pressure that is caused by the Sina Weibo exposure, and
then they will start reacting. After several quarters of the extra effort implemented in regions
with the higher Weibo use, the marginal return of the extra effort decreases considerably, so
that SFDA decreases the effort. It suggests that when the Weibo use reaches a certain level,
the marginal effect of the Weibo use on SFDA’s effort drops towards zero, ε̂′(w)→ 0 .

So far, the paper has shown that the number of bad drugs found decreases in the Weibo
use, and the SFDA effort increases in the Weibo use. Then, according to the model, it must
be the case that the number of bad drugs provided in the market has been decreasing in the
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Weibo use. And, by corollary 1, this is better for consumer welfare because SFDA does react
to the higher Weibo use.

8.1.2 Discipline effect on producers?

This subsection tests whether the discipline effect is associated with the drug producer. Al-
though there is only one homogeneous drug provider in the model, in the real world there
are two types: the producer and the distributor. As most bad drugs found are produced by
domestic drug manufacturers, the drug producer is expected to be subject to the higher level
of monitoring where the Weibo use is higher. Hence, we may observe the discipline effect on
the drug producer.

To test the hypothesis, the producer information from each drug checked in the National
drug quality announcement is extracted and used. Whether the Weibo use in the prefectures
where the drug producers are located imposes some monitoring of the local drug produc-
ers is a complementary question to the one associated with the drug market location that I
previously discussed. Ideally, to answer the question, a data set including a large amount of
representative producers’ locations and their product quality information is needed. Due to
the lack of such a data set, using the location information on the drug producers involved in
the National drug quality announcement is the alternative.

Collapsing the data by producer location, I obtain a set of data with a similar structure as
that used in discussing the number of bad drugs found in the market. The difference is that
the number of bad drugs found is now calculated by the prefectures where they were pro-
duced. If the drugs in the market are randomly drawn for the check by SFDA, the producers
of the drugs will also be randomly drawn. The assumption is that I use this data set to test
the hypothesis of the discipline effect on the drug producer. (Appendix Figure B provides
a comparison between the distribution of the total product value of the pharmaceutical in-
dustry and the total number of drugs produced in that location checked by SFDA. It shows
very similar patterns for the two, which ensures the representativeness of the producer data
I construct in this way.)

Using the data, I re-estimate equations (1) and (2), but all variables are now measured
in terms of drug producers. Table 10 reports the result. Very strong aggregate effects are
observed in column 1: on average, a 1 percentage point increase in the number of Weibo
posts decreases by about 0.3 percentage points of the number of bad drugs found19 and the
estimate is statistically significant at the 1% level. In column 2, the dynamic effects have the
same pattern as what we see from the analysis for bad drugs found on the market (table 5):
both the screening effect and the discipline effect exist since the aggregate effect is found to
be switching from zero to negative. Several quarters after the Sina Weibo entry, the nega-

19The mean of the number of bad drugs found per million people is 0.0264, the mean of the number of Weibo
posts per 10,000 individuals is 0.087. A one percentage point increase in Weibo posts is then 0.00087. Referring

to footnote 16, Pmean+1
P′mean+1%+1 = (0.087+1)−0.14

(0.087+0.00087+1)−0.14 = 1.0001 , so the number of bad drugs found per million people
after the one percentage point increase in Weibo posts is 0.0263, and the decrease is 0.3 percentage points of the
mean.
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tive aggregate effect is driven by the dominating discipline effect and strongly proves the
existence of the discipline effects on the producer.

In sum, I can conclude that Sina Weibo decreases the number of bad drugs found on the
market by pushing the administrator to work harder and deterring the drug producers from
producing the bad drugs.

8.2 Heterogeneous effects

Bate et al. (2011) suggest that the prevalence of poor-quality drugs is associated with the low
income level and the literacy rate, so that regions with a higher GDP per capita and a higher
literacy rate may have a lower level of bad drugs. Sina Weibo has the low marginal delivery
cost and once there is access to Internet or a smart phone, there is access to Weibo. Therefore,
some ex ante disadvantaged groups, for example those with a lower income and education
level, may benefit more from Weibo use as long as they can afford the entry cost.

A report from SFDA points out that the rural areas in China suffer more from the bad
drug issue.20 In China, the rural area is comparatively poor, so the low price and low quality
drugs are especially popular there (Zhu, 2011). In addition, most of the drugstores in the
rural areas are small which makes the monitoring more difficult. All these factors can make
the rural area the target market of bad drugs. Since there is no technical barrier that will
differentiate the rural users of Weibo from the urban users, the introduction of Weibo can be
more marginally helpful for rural areas.

Information is another important factor affecting the product quality in the market (Shapiro,
1982). The information cost increases in the distance between producers and the market, so
it is reasonable to expect that a market far from its producers tends to have more bad drugs.
When Sina Weibo enters, more information can be widely spread regardless of the distance,
so it is possible that Sina Weibo is more helpful for markets that are far from their producers.

In sum, bad drugs can be more popular in regions with a lower GDP per capita, regions
with a lower education level, markets far from the producers, and more rural regions. This
part of the analysis will control the heterogeneous effects that are associated with the four
above mentioned factors. Without the education achievement data, I use education expen-
diture per capita as a proxy for education level. To measure how “rural” a region is, I use
the agricultural sector share of the labor force as an index. I split the whole sample into
three equal partitions according to the baseline value (in 2008) for each of the four factors
mentioned above, and then estimate equation (1) for each of the 12 data subsets.

The results for the heterogeneous effect estimates are summarized in table 11. From table
11, we can see that the Weibo use seems to have a higher marginal effect on reducing the
number of bad drugs found in the group with a middle level of GDP per capita: the point
estimate is -0.46, almost four times the general effect estimate in section 6. However, the
Weibo use does not seem to have any effect within the group with the lowest GDP per capita.
The reason might lie in the entry cost: the group with the lowest GDP per capita may even

20http://www.safemedicinesindia.in/blog/2012/06/china-cracks-down-on-fake-drug-makers/
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have problems with access to Internet or smart phone. The group with the lowest education
expenditure has the highest marginal effect of Weibo use on reducing the number of bad
drugs found, and the estimate is actually marginally statistically significant, at around the
12% level. The middle level of the education expenditure group benefits the least, where
both the economic magnitude and the statistical power are very low. The prefectures ranking
second further from the producers seem to have a higher marginal effect of Weibo use. For
the rural region aspect, the prefectures with the middle level of the agricultural sector share
of the labor force seem to have the highest marginal effect of Weibo use, but the statistical
power is too low to draw any conclusions.

What I can conclude from table 11 is that the regions with the middle level of GDP per
capita, the regions with the lowest education level, the regions with the middle level of the
distance between the market and the producers tend to have a higher marginal effect of
Weibo use in terms of reducing the number of bad drugs found in the market. The results
suggest that the new format of media, Sina Weibo, compensates some ex ante disadvantaged
groups to a certain extent.

9 Conclusion

Understanding and combating bad drugs in developing countries is a complex and arduous
task. This paper suggests a new avenue to approach this issue, namely to rely on new media.
The extensive use of microblogging may be specific to China, but this is just one of the ways
of spreading information and calling on public attention through the Internet.

In general, the effect of Sina Weibo on the incidence of bad drugs is a combination of
information and public attention. Information enables the consumer to take action and thus
disciplines the product provider. Similarly, any other way of bringing more information to
the market can help promote product quality. From the study, we observe the power of
gathering public attention, as this imposes pressure on regulators and pushes them to work
harder. As long as public opinion has the possibility of influencing or threatening the regime,
even in an autocracy, the government may not ignore it and may learn to be accountable to it.
The fact that Sina Weibo works in the Chinese context is compelling evidence of such effects.

This study is a first attempt to discuss the possible role of media in solving the product
quality problem and creating government accountability under autocracy. Many issues are
certainly absent from the analysis, but those missing points definitely deserve more future
research. For example, the information discussed in the paper does not distinguish between
information that is true or false, both of which exist in Sina Weibo. Moreover, the paper
does not analyze the effect of media on drug retailers, nor does it compare the effect on drug
producers and retailers. Such a comparison, however, might be crucial for understanding
the bad drug issue since drugs can be bad either in the production process or in the delivery
process. Pursuing these extensions would be interesting from the viewpoint of academic
research as well as practical policy.
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Figure 1: Weibo Use and Prefecture Characteristics
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Note: The statistics of GDP per capita and hospital beds per 10,000 individuals in 2008 are from the China City
Statistical Yearbook 2009, by prefecture. The distribution of the pharmaceutical industry in 2008 comes from the
China Statistics Yearbook on High Technology Industry 2009 and it plots the product value of the pharmaceutical
industry, by province. The total posts including hei per 10,000 individuals 2009-2011 are the measures for Weibo
use from Larsson et al. (2009), aggregated at a yearly level by prefecture. The total posts including hei per 10,000
individuals in 2009 constitute the number from the 4th quarter in 2009 only since Sina Weibo became available
in September, 2009. The blank patches are prefectures (provinces) that have no data in the corresponding data
sources.
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Figure 2: Drug Distribution in China
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Figure 4: Distribution of the Number of Bad Drugs Found
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Data source: The National Drug Quality Announcement from SFDA, 2008-2011. The number of bad drugs
found per million people is aggregated at prefecture by year level. The blank patches are prefectures that were
not included in the drug audit by SFDA in the respective year.

35



Figure 5: Identification: Difference-in-Differences
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Note: Points present the mean of the logarithm of the number of bad drugs found per million people plus
1. The X axis indicates the event quarter: “0” refers to the first quarter when Sina Weibo entered and “1” to 1
quarter after. The sample period covers 16 calender quarters, and Sina Weibo became available in the 8th quarter
(4th quarter 2009), so the maximum event quarter is 8 quarters after Weibo entry. Different prefectures introduce
Sina Weibo in different quarters. For prefectures that did introduce Weibo, the latest ones picked it up in the 2nd
quarter 2011, so they have 14 event quarters before Weibo entry. By the 3rd quarter 2010, over 70% prefectures
had introduced Sina Weibo (table 1) so that only 30% of the prefectures experienced event quarters smaller or
equal to -10. Therefore, I only choose the representative points: 9 event quarters before and 9 event quarters after
Weibo entry.

The upper figure shows the mean of the raw data – the logarithm of the number of bad drugs found per
million people plus 1, against the event quarter.

The lower figure is obtained by averaging the residuals from the following regression for each event quarter.

ln (number of bad drugs found per million people + 1)it = αi + λt + αi ∗ t + uit

where i refers to prefecture i ; t refers to quarter t ; and αi ∗ t is the vector of the linear form of prefecture-specific
time trend.
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Figure 6: Weibo Use across Time
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Note: Weibo use refers to Log (number of Weibo posts per 10,000 individuals +1). Scatters are mean values,
while the caps are 1 standard deviation below or above the mean.

Data Source: Author’s tabulation using the part of data since Weibo entered.

Figure 7: The Effect of Weibo Use on the Number of Bad Drugs Found across Time
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Note: The coefficients and the 95% confidence interval are from the estimate in table 5, column (1)
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Figure 8: The Effect of Weibo Use on the SFDA Effort across Time
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Note: The coefficients and the 95% confidence interval are from the estimate in table 9, column (2)

Table 1:  Statistics for Prefectures with Weibo Entry  
Quarter Obs Mean Std. Dev. Min Max 
4th 2009 44 2.523 4.742 1 32 
1st 2010 83 3.759 7.381 1 61 
2nd 2010 154 6.006 15.549 1 120 
3rd 2010 230 13.078 44.677 1 429 
4th 2010 280 26.261 97.732 1 998 
1st 2011 309 41.019 161.314 1 1762 
2nd 2011 317 53.735 206.890 1 2344 
3rd 2011 328 89.470 339.193 1 3556 
4th 2011 334 96.638 351.660 1 3697 
Note: The statistics in the table are those from the Weibo use data only (Larsson et al, 
2012). The measure is the number of Weibo posts including the Chinese word hei in the 
prefecture in the quarter. 
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Table 2: Summary of Statistics 
Variable Obs Mean Std. Dev. Min Max 

Number of total drugs checked 2977 13.938 21.364 1 216 
Number of total drugs checked per million people 2977 4.620 9.849 0.088 227.273 
Number of bad drugs 2977 0.065 0.294 0 4 
Number of bad drugs per million people 2977 0.028 0.243 0 9.091 
Ever had bad drugs found (prefecture i) 2977 0.432 0.495 0 1 
Have bad dummy (prefecture i at quarter t) 2977 0.054 0.227 0 1 
Number of Weibo posts (per 10,000 individuals) 2977 0.062 0.282 0 4.864 
Population (Unit: 10,000 people) 2979 450 339 10.6 3303 
GDP per capita (Yuan) 2824 34124 23159 99 175125 
Number of  Internet users (per 10,000 individuals) 2825 1372 2557 0.604 36634.76 
Number of  cellphone users per capita 2838 0.816 0.861 0.106 8.983 
Number of  hospital beds  (per 10,000 individuals) 2977 36.359 15.624 7.273 126.941 
Education expenditure per capita (Yuan) 2838 793.97 599.57 140.56 5799.24 

Agriculture sector share of labor force (%) 2807 2.98 6.32 .01 73.97 
Distance between the market and producers (km) 2789 1001 800 0 7580 
Distance to Beijing (km) 2804 1162.52 708.89 0 5577.5 

Number of newspapers per million people 2971 2.108 3.328 0.142 25.147 
Period 3150 9.599 4.231 1 16 
Note: “Ever had bad drugs found” is a dummy that is equal to 1 for observations in all quarters if the prefecture was 
ever found with bad drugs in any quarter within the sample period. 

Table 3:  Determinants of Weibo Entry and Bad Drugs 

 

The quarter 
that Weibo 

entered 

Δ Log (number of 
Weibo posts per 

10,000 people+1) 

Avg. Log (number of bad drugs 
found per million people before 
Weibo was available+1) 

Log  GDP per capita in 2008  -0.362 -0.001 0.004 
 (0.545) (0.006) (0.014) 
Log number of  Internet users per 10,000 individuals in 2008 0.191 -0.001 -0.009 
 (0.379) (0.004) (0.007) 
Log number of  cellphone users per capita in 2008 -1.006 0.024*** 0.008 
 (0.639) (0.007) (0.018) 
Log number of  hospital beds per 10,000 individuals in 2008 0.605 -0.004 0.020 
 (0.660) (0.007) (0.015) 
Log education expenditure per capita in 2008 0.101 0.027*** -0.012 
 (0.535) (0.008) (0.011) 
Log distance to Beijing (km) 0.064 -0.004 -0.008 
 (0.409) (0.005) (0.005) 
Log tertiary sector share of GDP (%) in 2008 -2.747*** 0.029*** 0.027 
 (0.596) (0.006) (0.017) 
Province FE YES YES YES 
Observations 246 232 220 
R-squared 0.330 0.801 0.165 
N_prefecture 246 232 220 
F-test for the three factors jointly equal to zero 10.60 19.43 1.696 
Prob>F 0.000 0.000 0.169 
Note: All regressions in this table use cross sectional OLS estimates, and each observation is one prefecture. The quarter that Weibo enters refers to 
the order number of the quarter in the sample periods, from 1 to 16. Δ Log (number of Weibo posts per 10,000 people+1) is the quarterly 
average increase of Weibo posts per 10,000 individuals for the prefecture since Weibo became available. Avg. Log (number of bad drugs found per 
million people before Weibo available+1) is the mean of the numbers before Weibo became available. F-test is conducted to test the Log number 
of cellphone users per 10,000 individuals in 2008, Log education expenditure per capita in 2008 and Log tertiary sector share of GDP in 2008 are 
jointly equal to zero. 
Robust standard errors clustered at the prefecture level are reported in parentheses. * significant at 10%,** significant at 5%, *** significant at 1% 
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Table 4: Impact of Weibo Use on the Number of Bad Drugs Found on the Market 
  (1) (2) 
Log (number of Weibo posts per 10,000 individuals +1) -0.107** -0.101** 
 (0.0416) (0.0470) 
Quarter FE YES YES 
Prefecture FE YES YES 
Prefecture-specific trend YES YES 
Controls  YES 
Observations 2,977 2,783 
R-squared 0.232 0.251 
N_prefecture 290 271 

Note: The dependent variable is the logarithm of the number of bad drugs found per million people plus 1. In 
both regressions, the logarithm of population measured in million is controlled for. Prefecture specific trend 
is the vector of interaction terms between prefecture dummies and the linear order of the quarter in the 
sample periods. Controls include the logarithm of GDP per capita, the logarithm of the number of hospital 
beds per 10,000 individuals, the logarithm of the agricultural sector share of the labor force, and the three sets 
of interaction terms between year dummies and the prefecture characteristics from the baseline year (2008): 
the logarithm of the tertiary sector share of GDP, the logarithm of the number of cellphone users, the 
logarithm of education expenditure per capita. 
 Robust standard errors clustered at the prefecture level are reported in parentheses. * significant at 10%,** 
significant at 5%, *** significant at 1% 

 

Table 5:  Dynamic Effects of Weibo Use on # of Bad Drugs Found 
  (1) (2) 
Log (number of Weibo posts per 10,000 individuals the quarter Weibo entered+1) -0.527* -0.482 
 (0.273) (0.355) 
Log (number of Weibo posts per 10,000 individuals 1 quarter after Weibo entered+1) -0.0853 0.0224 
 (0.0857) (0.157) 
Log (number of Weibo posts per 10,000 individuals 2 quarters after Weibo entered+1) -0.133 -0.228 
 (0.117) (0.186) 
Log (number of Weibo posts per 10,000 individuals 3 quarters after Weibo entered+1) -0.119 -0.143 
 (0.102) (0.151) 
Log (number of Weibo posts per 10,000 individuals 4 quarters after Weibo entered+1) -0.127* -0.143 
 (0.0690) (0.0939) 
Log (number of Weibo posts per 10,000 individuals 5 quarters after Weibo entered+1) -0.131** -0.136* 
 (0.0638) (0.0798) 
Log (number of Weibo posts per 10,000 individuals 6 quarters after Weibo entered+1) -0.134** -0.134* 
 (0.0568) (0.0685) 
Log (number of Weibo posts per 10,000 individuals 7 quarters after Weibo entered+1) -0.104*** -0.101** 
 (0.0386) (0.0502) 
Log (number of Weibo posts per 10,000 individuals 8 quarters after Weibo entered+1) -0.104*** -0.104** 
 (0.0392) (0.0516) 
Quarter FE YES YES 
Prefecture FE YES YES 
Prefecture specific trend YES YES 
Controls NO YES 
Observations 2,977 2,783 
R-squared 0.233 0.253 
N_prefectures 290 271 
Note: The dependent variable is the logarithm of the number of bad drugs found per million people plus 1. In both regressions, 
the logarithm of population measured in million is controlled for. Prefecture specific trend is the vector of interaction terms 
between the prefecture dummies and the linear order of the quarter in the sample periods. Controls include the logarithm of 
GDP per capita, the logarithm of the number of hospital beds per 10,000 individuals, the logarithm of the agricultural sector 
share of the labor force, and the three sets of interaction terms between year dummies and the prefecture characteristics from 
the baseline year (2008): the logarithm of the tertiary sector share of GDP, the logarithm of the number of cellphone users, the 
logarithm of education expenditure per capita. 
Robust standard errors clustered at the prefecture level are reported in parentheses. * significant at 10%,** significant at 5%, 
*** significant at 1%. 
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Table 6:  Effect of  # Bad Drugs Found on Future Weibo Use/Weibo Entry 

 
Log (number of Weibo posts 
per 10,000 individuals +1) 

 The quarter that 
Weibo entered 

Avg. Log (number of bad drugs found per million 
people before Weibo available+1) 

0.036 -1.030 
(0.031) (1.204) 

Observations 1,809 244 
R-squared 0.606 0.215 
N_prefecture 246 244 
Province by Quarter FE YES  
Province FE  YES 
Note: The regression in column (1)  uses data only since Weibo became available, i.e. 4th quarter, 2009 to the last quarter 
of the sample period, 4th  quarter 2011. Column (2) is the cross sectional OLS estimate. Avg. Log (number of bad drugs 
found per million people before Weibo available+1) is the quarterly mean of the numbers before Weibo became 
available. Robust standard errors clustered at the prefecture level are reported in parentheses. * significant at 10%,** 
significant at 5%, *** significant at 1% 
 
 Table 7: Placebo Tests 

 (1) (2) 
Pseudo Log (number of Weibo posts per 10,000 individuals +1) -0.010 0.014 
 (0.272) (0.381) 
Observations 1,385 1,287 
R-squared 0.306 0.443 
N_prefectures 262 247 
Quarter FE YES YES 
Prefecture FE YES YES 
Prefecture-specific trend YES YES 
Controls  YES 

Note: The dependent variable for column (1) and (2) is the logarithm of the number of bad drugs found per million 
people plus 1. Pseudo Log (number of Weibo posts per 10,000 individuals +1) is the value of the number from three 
quarter lags. In all regressions, the logarithm of population measured in million is controlled for. Prefecture-specific 
trend is the vector of interaction terms between the prefecture dummies and the linear order of the quarter in the sample 
periods. Controls include the logarithm of GDP per capita, the logarithm of the number of hospital beds per 10,000 
individuals, the logarithm of the agricultural sector share of the labor force, and the three sets of interaction terms 
between year dummies and the prefecture characteristics from baseline year (2008): the logarithm of the tertiary sector 
share of GDP, the logarithm of the number of cellphone users, the logarithm of education expenditure per capita. 
Robust standard errors clustered at the prefecture level are reported in parentheses. * significant at 10%,** significant 
at 5%, *** significant at 1% 

Table 8: Impact of Newspapers on Bad Drugs Found 
 (1) (2) 
Log number of newspaper per million people 0.037 0.040 
 (0.037) (0.040) 
Observations 2,971 2,785 
R-squared 0.230 0.250 
N_prefectures 290 272 
Quarter FE YES YES 
Prefecture FE YES YES 
Prefecture-specific trend YES YES 
Controls   YES 

Note: The dependent variable for columns (1) and (2) is the logarithm of the number of bad 
drugs found per million people plus 1. In both regressions, the logarithm of population 
measured in million is controlled for. Prefecture-specific trend is the vector of interaction 
terms between the prefecture dummies and the linear order of the quarter in the sample 
periods. Controls include the logarithm of GDP per capita, the logarithm of the number of 
hospital beds per 10,000 individuals, the logarithm of the agricultural sector share of the 
labor force, and the three sets of interaction terms between year dummies and the prefecture 
characteristics from baseline year (2008): the logarithm of tertiary sector share of GDP, the 
logarithm of the number of cellphone users, the logarithm of education expenditure per capita. 
Robust standard errors clustered at the prefecture level are reported in parentheses. * 
significant at 10%,** significant at 5%, *** significant at 1% 
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Table 9:  Impact of Weibo Use on the SFDA Effort of Drug Checking 
  (1) (2) (3) (4) 
Log (number of Weibo posts per 10,000 individuals +1) 0.175  -0.090  
 (0.315)  (0.404)  
Log (number of Weibo posts per 10,000 individuals the quarter Weibo entered+1)  -1.728  -4.628 
  (2.890)  (3.144) 
Log (number of Weibo posts per 10,000 individuals 1 quarter after Weibo entered+1)  1.486  0.0874 
  (1.202)  (1.320) 
Log (number of Weibo posts per 10,000 individuals 2 quarters after Weibo entered+1)  1.749***  1.492* 
  (0.629)  (0.865) 
Log (number of Weibo posts per 10,000 individuals 3 quarters after Weibo entered+1)  1.041  0.894 
  (0.644)  (0.856) 
Log (number of Weibo posts per 10,000 individuals 4 quarters after Weibo entered+1)  0.903**  0.642 
  (0.424)  (0.555) 
Log (number of Weibo posts per 10,000 individuals 5 quarters after Weibo entered+1)  0.494  0.446 
  (0.392)  (0.485) 
Log (number of Weibo posts per 10,000 individuals 6 quarters after Weibo entered+1)  0.489  0.310 
  (0.361)  (0.463) 
Log (number of Weibo posts per 10,000 individuals 7 quarters after Weibo entered+1)  0.423  0.245 
  (0.281)  (0.393) 
Log (number of Weibo posts per 10,000 individuals 8 quarters after Weibo entered+1)  -0.291  -0.497 
  (0.355)  (0.474) 
Quarter FE YES YES YES YES 
Prefecture FE YES YES YES YES 
Prefecture-specific trend YES YES YES YES 
Controls NO NO YES YES 
Observations 2,977 2,977 2,783 2,783 
R-squared 0.794 0.796 0.785 0.788 
N_prefectures 290 290 271 271 
F-test for coef 0-8 jointly 0  3.685  2.789 
Prob>F for coef 0-8 jointly 0  0.0002  0.0038 
Note: The dependent variable is the logarithm of the number of drugs checked by SFDA per million people plus 1. In all these regressions, the 
logarithm of population measured in million is controlled for. Prefecture specific trend is the vector of interaction terms between the prefecture 
dummies and the linear order of the quarter in the sample periods. Controls include the logarithm of GDP per capita, the logarithm of the 
number of hospital beds per 10,000 individuals, the logarithm of the agricultural sector share of the labor force, and the three sets of interaction 
terms between year dummies and the prefecture characteristics from baseline year (2008): the logarithm of the tertiary sector share of GDP, the 
logarithm of the number of cellphone users, the logarithm of the education expenditure per capita. 
Robust standard errors clustered at the prefecture level are reported in parentheses. * significant at 10%,** significant at 5%, *** significant at 
1% 
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Table 10:  Impact of Weibo Use on Bad Drugs in Production 
 (1) (2) 

Log (number of Weibo posts per 10,000 individuals +1) -0.144***  
 (0.045)  
Log (number of Weibo posts per 10,000 individuals the quarter Weibo entered+1)  -0.315 
  (0.389) 
Log (number of Weibo posts per 10,000 individuals 1 quarter after Weibo entered+1)  -0.172 
  (0.254) 
Log (number of Weibo posts per 10,000 individuals 2 quarters after Weibo entered+1)  -0.239 
  (0.152) 
Log (number of Weibo posts per 10,000 individuals 3 quarters after Weibo entered+1)  -0.153 
  (0.152) 
Log (number of Weibo posts per 10,000 individuals 4 quarters after Weibo entered+1)  -0.167* 
  (0.100) 
Log (number of Weibo posts per 10,000 individuals 5 quarters after Weibo entered+1)  -0.182** 
  (0.0726) 
Log (number of Weibo posts per 10,000 individuals 6 quarters after Weibo entered+1)  -0.156*** 
  (0.0594) 
Log (number of Weibo posts per 10,000 individuals 7 quarters after Weibo entered+1)  -0.153*** 
  (0.0495) 
Log (number of Weibo posts per 10,000 individuals 8 quarters after Weibo entered+1)  -0.129*** 
  (0.0466) 
Quarter FE YES YES 
Prefecture FE YES YES 
Prefecture-specific trend YES YES 
Observations 1,750 1,750 
N_prefecture 259 259 
R-squared 0.291 0.292 

Note: The dependent variable is the logarithm of the number of bad drugs found that were produced from the prefecture per million 
people plus 1. Both the dependent variable and the independent variables are measured in the prefecture where the bad drugs (found by 
SFDA) were produced. In both regressions, the logarithm of population measured in million is controlled for. Prefecture specific trend is 
the vector of interaction terms between the prefecture dummies and the linear order of the quarter in the sample periods.  
Robust standard errors clustered at the prefecture level are reported in parentheses. * significant at 10%,** significant at 5%, *** 
significant at 1%. 

Table 11: Heterogeneous Effects of Weibo Use on Bad Drugs Found, by Subsets of Prefectures 
 Lowest third Second third Highest third 
Prefectures partitioned by:    
GDP per capita 0.210 -0.463* -0.0728*** 
 (0.299) (0.257) (0.0258) 
Distance between markets and producers -0.0670* -0.0804* -0.348 
 (0.0402) (0.0415) (0.269) 
Education expenditure per capita -0.189 0.0118 -0.0825* 
 (0.122) (0.0764) (0.0423) 
Agricultural sector share of labor force -0.0935** -0.280 -0.153 
 (0.0372) (0.239) (0.245) 

Note: The table shows the coefficients on Weibo posts from regressions of the number of bad drugs found on 
the number of Weibo posts, equation (1). The dependent variable is the logarithm of the number of bad drugs 
found per million people plus 1. The coefficient is the estimate for Log (number of Weibo posts per 10,000 
individuals +1). Each column gives the coefficient from regressions using only prefectures that fall into the 
given third of the data, and each row specifies the prefecture characteristics on which prefectures are divided.  
Robust standard errors clustered at the prefecture level are reported in parentheses. * significant at 10%,** 
significant at 5%, *** significant at 1%. 
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Appendix:
Proof 1: The corner solution for the drug provider problem.
For the optimal amount of bad drugs provided on the market responds to Sina Weibo use

and smaller than 1, we need

x̂ =
1

2α
ln(

1 + w
α((1− λ)w2 + λw)

) < 1

1 + w
α((1− λ)w2 + λw)

< e2α

αe2α(1− λ)w2 + (αe2αλ− 1)w− 1 > 0

so we need,

w > w∗ =
√
(αe2αλ− 1)2 + 4αe2α(1− λ)− (αe2αλ− 1)

2αe2α(1− λ)

End of Proof 1.

Proof 2: F′w > 0

F(ε, w) = A(−1 +
w

α(λε + (1− λ)w)
− w +

(1− ε)wλ

α(λε + (1− λ)w)2 )

F(ε, w) = A(−1− w +
(1− λ)w2 + wλ

α(λε + (1− λ)w)2 )

F′w = A(−1 +
2(1− λ)w + λ

α(λε + (1− λ)w)2 −
2((1− λ)w2 + wλ)(1− λ)

α(λε + (1− λ)w)3 )

F′w = A(−1 +
2(1− λ)w + λ

α(λε + (1− λ)w)2 −
2((1− λ)w2 + wλ)(1− λ)

α(λε + (1− λ)w)3 )

signF′w = signD, where D = (−1 + 2(1−λ)w+λ
α(λε+(1−λ)w)2 − 2((1−λ)w2+wλ)(1−λ)

α(λε+(1−λ)w)3 )

Notice that we have (λε− (1− λ)w)2 = (1−λ)w2+λw
α(1+(1−λ)w)

, substitute it into D, I get the fol-
lowing.

D = −1+
(1− λ)w

α(λε + (1− λ)w)2 +
α
w (1 + w)(λε + (1− λ)w)2

α(λε + (1− λ)w)2 − 2α(1 + w)(λε + (1− λ)w)2(1− λ)

α(λε + (1− λ)w)3

D =
(1− λ)w

α(λε + (1− λ)w)2 +
1
w
− 2(1 + w)(1− λ)

(λε + (1− λ)w)

D =
(1− λ)w

α(λε + (1− λ)w)2 +
λε + (1− λ)w− 2(1− λ)w− 2(1− λ)w2

w(λε + (1− λ)w)
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Let y = λε + (1− λ)w = ( (1−λ)w2+λw
α(1+w)

)
1
2 , and s = (1− λ)w. So λε = y− s , w = s

1−λ ,

y = ( (1−λ)w2+λw
α(1+w)

)
1
2

Notice that we need 0 ≤ ε̂ ≤ 1 , so s ≤ y ≤ λ + s

D =
s

αy2 +
(1− λ)(y− 2s− 2s ∗ s

1−λ )

sy
=

s
αy2 +

(1− λ)(y− 2s)− 2s2

sy
=

s2 + αy(1− λ)(y− 2s)− 2αs2y
αsy2

sign(D) = sign(s2 + αy(1− λ)(y− 2s)− 2αs2y) = sign(α(1− λ)y2 − 2sα(1− λ− s)y + s2)

∆ = 4α2s2(1− λ− s)2 − 4α(1− λ)s2 = 4αs2(α(1− λ− s)2 − (1− λ))

Because α ≤ ln2 < 1 and s < 1, ∆ < 0. It suggests that the quadratic function is always
larger than 0. That is F′W > 0 is always true.

End of Proof 2.
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Figure A: A Sample of the Announcement Records
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Data source: The National Drug Quality Announcement.

Figure B: The distribution of the pharmaceutical industry and the number of drugs (by
producer location) checked by SFDA
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Note: The distribution of the pharmaceutical industry in 2009-2010 comes from the China Statistics Year-
book on High Technology Industry 2010-2011, and it plots the product value of the pharmaceutical industry,
by province. The distribution of total # of drugs checked 2009-2010 comes from the National Drug Quality An-
nouncement from SFDA, 2009-2010. The number of drugs checked per million people is aggregated at province
by year level. The blank patch is the province that was not included in the drug audit by SFDA in the respective
year.
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Table A: Sampling Sources and Bad Drugs 
 Full sample Bad drugs sub-sample 
Sampling sources Freq. Percent Freq. Percent 
clinics 1,922 4.75 8 4.57 
disease control & prevention center, anti-epidemic stations 
etc. offices under the Health Department 

252 0.62 1 0.57 

drugstores 5,131 12.68 23 13.14 
hospitals 11,298 27.92 42 24 
intermediary drug companies 21,861 54.03 101 57.71 
producers 3,262  28  
Total 43,726 100 203 100 
Note: The category of sampling sources is coded by the author according to the sample source stated in the National Drug 
Quality Announcement. Percent is calculated by excluding the number of producers from the sample. 

 

Table B:  Categories of Drugs 
 Full sample Bad drugs sub-sample 
categories of drugs Freq.  Percent  Freq.  Percent  
pharmaceutical excipient 16 0.04 0 0 
respiratory system drugs 2,166 4.95 20 9.85 
hormones and endocrine drugs 3,784 8.65 18 8.87 
analgesic, antipyretic, anti-inflammatory, anti-
rheumatic, anti-gout drug 

1,848 4.23 10 4.93 

treatment of mental disorders drugs 293 0.67 3 1.48 
anti-allergy drug 1,757 4.02 16 7.88 
anti-microbial drugs 5,436 12.43 20 9.85 
antineoplastic drugs 60 0.14 1 0.49 
the anesthetic 531 1.21 0 0 
urinary system drugs 716 1.64 5 2.46 
the immune system drugs 228 0.52 5 2.46 
the nervous system drugs 2,381 5.44 4 1.97 
non-immunization other biotech-related drugs 42 0.1 3 1.48 
vitamins, minerals, medicines 1,277 2.92 1 0.49 
digestive system drugs 4,512 10.32 18 8.87 
cardiovascular system drugs 4,540 10.38 9 4.43 
blood system drugs 1,360 3.11 3 1.48 
immunization drugs 467 1.07 1 0.49 
the diagnosis of drug 124 0.28 0 0 
Traditional chinese medicine 11,551 26.41 61 30.05 
specialty drugs 640 1.46 5 2.46 
total 43,729 100 203 100 

Note: The category of drugs is coded by the author according to the drug name and the National Essential Drugs List, 
2009 version, published by the Ministry of Health of the People’s Republic of China. http://www.gov.cn/gzdt/2009-
08/18/content_1395524.htm. 
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