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The fast-growing global pharmaceutical industry has played a pivotal role in health and eco-
nomic development. Alongside the accumulation of R&Ds, the more affordable generic drug has
aroused public attention for its tremendous potential benefits in social welfare. Generic products
are of crucial importance in developing countries, but the qualities are concerning. China has the
second-largest pharmaceutical industry worldwide and is a major manufacturer of generic drugs.
Considering the expanding market size and the high potentials, policymakers in China must thor-
oughly understand the market features and the factors that affect pharmaceutical prices. This
dissertation will provide an empirical analysis of the correlation between the price and the generic
competition based on the historical bidding records in China. Using a quasi-hedonic pricing model
estimated by a fixed-effect estimator, the paper presents evidence of a negative generic competition
effect on pharmaceutical prices at a statistically significant level. Using a difference-in-difference
approach in the context of the implementation of the 2016 Drug Consistency Evaluation in China,
the study demonstrates that a stringent regulation on generic drug quality will strengthen the com-
petition effect on pharmaceutical prices, mitigate the market distortions and reap the full benefits

of competition.

I. INTRODUCTION

The pharmaceutical industry has undergone a rapid
expansion worldwide since the middle of the 20th century
and reached 1.27 trillion U.S. dollars in 2020 (Mikulic,
2020). It transformed structurally from producing se-
lected chemicals to a research-oriented sector, further
contributing to the improvement of households’ health
standard and economic development (Caves, Whinston,
Hurwitz, Pakes and Temin, 1991; Lichtenberg, 2014).
The prosperity of the innovative pharmaceutical market
brought forth opportunities for generics and therapeutic
alternative manufacturers. The generic drug firms took
advantage of the spill-over effects of the R&D, and en-
tered the market with lower prices. The rising generics
generated market competition that also exerted pressures
on the innovators’ market domination position (DiMasi
and Paquette, 2004). The trade-offs between promoting
innovation and securing competitive market outcomes re-
quire comprehensive evaluations, subject to the country’s
market condition, to optimize social welfare.

The pharmaceutical market in Low- and Medium-
Income Countries (LMICs) differs from that in High-
Income Countries (HICs) in many ways (Kremer, 2002).
Despite the smaller absolute value of households’ phar-
maceutical expenditure, the proportion of healthcare
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spending on pharmaceuticals was about 20-60% in
LMICs in comparison to less than 18% in HICS
(Cameron, Hill, and Whyte, 2015). One of the key ob-
jectives of LMICs is to enhance the affordability of es-
sential drugs, highlighting the importance of generic as a
cost-efficient substitute for branded drugs'. Economists
agreed that substantial savings, on average of 9-89%,
could be achieved by switching from originator to its
cheaper generics (Cameron, Hill, and Whyte, 2015; Rida
and Tbrahim, 2018). However, alongside insufficient
insurance coverage and inadequate regulations, many
LMICs’ markets are “flooded with low-quality generics
or even counterfeits” (Wang, 2006).

Among the LMICs, China has been one of the fastest-
growing pharmaceutical markets. In recent years, China
became the second-largest pharmaceutical industry glob-
ally (Wood, 2020) and was predicted to be the largest by
2050 (Zhang and Deng, 2008). China, as a major generic
drug manufacturer in the world with 97% of its market
consisting of imitations of sophisticated foreign drugs, is
necessitated to be studied thoroughly (Chan and Daim,
2011).

China’s pharmaceutical market shares some problems
of the developing world, including less stringent qual-
ity control and a lack of a well-established competition
environment (Wang, 2006). Most of the local generic
firms in China are small-scale competitors producing low-
quality generics of outdated molecules. The potential
of the competitive pharmaceutical market in China re-
mains to be high. FEconomists have foreseen the enor-
mous social benefit of switching from originator to well-
regulated generics. According to Intercontinental Medi-
cal Statistics (IMS) Health data, a total of US$1.4 and

1 In the following paper, the word ’patented drugs’ and ’branded
drugs’ are used interchangeably.



2.8 billion (2014 US$) could be saved by switching from
branded anti-hypertensives and anti-diabetics to generic
equivalents respectively (Sun, Ren and Wirtz, 2016). In
public hospitals in China, an average of 65%, equivalent
to US $370 million, could be saved by switching only
four medicines (Cameron, Mantel-Teeuwisse, Leufkens
and Laing, 2012).

The pharmaceutical industry in Mainland China has
undergone rounds of transformation, including a series
of policies securing the interchangeability of generics and
originators by reassessing the quality and efficiency of
generics. One of the most remarkable policies is the en-
forcement of the Drug Consistency Evaluation. It re-
quires the generic manufacturers to provide a compara-
tive study to demonstrate bioequivalence as the branded
drugs. Approximately 1,900 pharmaceutical companies
and 18,000 generic drugs are expected to participate in
the revaluation procedure before 2022 (Huang, Barber,
Xu and Cheng, 2017).

Moreover, several rounds of pricing policy reforms have
also taken place in the last few decades, including an ex-
tensive removal of direct government pricing and refer-
ence pricing, which increased the market power in the
pricing system with additional flexibility. In Mainland
China, the primary distribution channel of pharmaceuti-
cal products is the medical institutions which account for
about 80% of the pharmaceutical sales (Zhang and Bian,
2007). Since the late 1990s, these medical institutions
in China have been purchasing pharmaceutical products
through a bidding system governed by the National Med-
ical Products Administration (formerly known as China
Food and Drug Administration) under the supervision of
the Ministry of Health of the People’s Republic of China.
All manufacturers and distributors that met the criteria
were eligible to participate (Wu, Xu, Liu and Wu, 2014).

Considering its expanding market size and the poten-
tial social welfare, it is of crucial importance for the poli-
cymakers in China to understand the market features and
the factors that affect pharmaceutical prices. This dis-
sertation provides an empirical analysis of the correlation
between the price and the generic competition based on
the historical bidding records in China. Then, the paper
illustrates the critical role of generic drug quality con-
trols in improving the efficiency of market competition
and reducing drug prices. The paper will be structured
in the following way: Section II covers the literature re-
view; Section III discusses the data, set out the theoreti-
cal framework, and identifies the variables and empirical
estimators; Section I'V summarises the estimation results;
and Section V evaluates the findings and limitations of
this research. Suggestions on future research and policy
implications will also be provided based on the analysis
result.
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II. LITERATURE REVIEW

A. The Literature Gap and the Fundamental
Quasi-Hedonic Price Framework

Generic drug competition has not been a popular topic
among researchers. Despite the importance of drug af-
fordability in the developing world, most of the studies
in this realm targeted at HICs. By 2012, approximately
6.3% of full-text publications on the pharmaceutical in-
dustry were related to generic medicine policies. Among
those publications, only 25% evaluated policies in LMICs
(Kaplan, Ritz, Vitello and Wirtz, 2012). Furthermore,
studies focused on China’s generic drug competition were
even rarer.

A common methodology in analysing the performance
of competition and drug prices is by adopting a quasi-
hedonic price model. The model is firstly introduced by
Danzon and Chao (2000). It is one of the most fundamen-
tal cross-country empirical analysis with comprehensive
data that simultaneously examines both generic and ther-
apeutic price competition. Focusing on seven selected
HICs, the authors hypothesized that price is adversely
affected by the number of generic competitors (identi-
cal molecules), the number of therapeutic competitors
(different molecules with similar effects), and the num-
ber of generic competitors in other relevant therapeutic
classes, alongside various quality attributes (for example,
package size and strength). The authors concluded that
the generic drug competition effect on price is significant
in unregulated countries and insignificant in highly regu-
lated countries. However, therapeutic competition effects
are less conclusive.

Danzon, Mulcahy and French (2015) conducted further
research applying the same model on emerging economies
through multivariate regression estimation, which ex-
hibited differences in pharmaceutical competition per-
formance across LMICs. They found that the gener-
ics were priced on average 32% below originators in the
retail channel but with large variance and that generic
competition only weakly affects drug prices. In this re-
search, the author distinguished the retail and tendered
generic drug markets. The marginal effect of tendering
generics on originator prices was significantly negative
(-0.068), whereas, in contrast, additional retail generics
only tended to lower average retail generic prices but had
no effect on originator prices.

The divergence in competition performance among re-
tail and tendered drugs in LMICs gave rise to the de-
bates about generic drug quality. The authors claimed
that in HICs with well-regulated generic drug adminis-
tration processes, the quality of pharmaceutical alterna-
tives was strictly monitored to ensure substitutability.
LMICs failed to accomplish this because they did not
have stringent requirements on bioequivalent demonstra-
tion or did not meet international goods manufacturing
practice standards. Sun, Santoro, Meng, Liu and Eggle-
ston (2008) and Yu, Li, Shi and Yu (2010) contributed to



evidence on this, suggesting generic drug quality was not
equal across countries. Furthermore, asymmetric infor-
mation about generic drug quality also undermined price
competition efficiency in LMICs.

The quasi-hedonic pricing model suffered from endo-
geneity issues due to reverse causality. Since price is of-
ten associated as an indicator of profit, price level might
positively correlate to profit-seeking firms’ entry deci-
sion. Danzon identified this endogeneity as an upward
bias that led to an underestimation of competition ef-
fects. He found evidence of this correlation in another pa-
per (Danzon and Furukawa, 2011), showing that generic
drug entry into the market was indeed related to market
size. However, the cross-country differences in the level
of competition were not explained by overall market size,
plausibly because the cost structures and profit margins
also differed. Based on their work, Correia, Armada and
Veiga (2020) examined the correlation of competitors’ en-
try decision with market size in the Portuguese pharma-
ceutical market using a probit model. They found that
an increase of one million euros in the market revenue
(yearly) increases the probability of entry of generics by
0.12 p.p., confirms the existence of endogeneity in the
model.

B. China’s Generic Competition Estimation: the
Quasi-Hedonic Approach

Using the same quasi-hedonic framework, further re-
search was conducted with a more specific focus on
China’s market.

Wang (2006) accommodated the quality misalignment
of locally manufactured generic goods compared to the
global originator by running a global and local product
price regression separately. He found that most of the
estimations of local generic competition in China were
similar to those in the US (Danzon and Chao, 2000).
The regression coefficient on generic competition was
approximately equal to -0.567, reflecting a highly com-
petitive market in China. However, despite strong evi-
dence of local generic price reduction due to increasing
local generic competitors, no responses to additional local
generic competition were observed at the global product
price level. The empirical results were consistent with
the aforementioned suggestion that locally manufactured
generics failed to substitute for originators, highlighting
the lack of stringent supervision of generic drug quality
in China which undermined competition efficiency.

Similar research was conducted by Wu, Xu, Liu and
Wu (2014) examined the existence of drug price com-
petition in hospitals under government intervention and
the feature of the competition. They also found evidence
that generic competition lowered drug price at a statisti-
cally significant level, even under the high level of regu-
lation imposed by the Chinese government. This is con-
tradictory to the conclusion drawn by Danzon and Chao
(2000) which stated that regulation drives out compe-
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tition effects. Additionally, Wu found that the number
of therapeutic classes is positively correlated to pharma-
ceutical prices. The coefficient of the number of generic
molecule derivatives (0.187) and the number of generic
molecules in the ATC level 5 therapeutic class (0.209)
were all positive and statistically significant (Pj0.001).
This was consistent with neither Wang (2006) nor the
theoretical framework and highlighted the distortion of
the market pricing system. One plausible explanation
given by the authors was that the upward-endogeneity
bias might have outweighed tenuous therapeutic effects,
resulted in a positive coefficient.

Zhao and Wu (2017) found the same conclusion in
more recent research in which they used Tianjin as a
case study under quasi-hedonic price modelling. Regard-
ing the competition, they also found that the number of
generic competitors had a significantly reduced impact on
prices (-0.274, Pj0.001), which was consistent with Wu,
Xu, Liu and Wu (2014)’s result. The effect of generic
drug competition on price was statistically significant (-
0.252, P;0.001) for the generic sub-group but insignificant
for the originator sub-group. The result also coincided
with Wang (2006)’s conclusion.

This mass of literature has provided a brief landscape
of competition features in China’s pharmaceutical indus-
try. Evidence showed that the generic drug competition
successfully reduces price, but the effects acted differently
on local and global product subgroups due to the lack of
stringent generic quality management. This explanation
seems more plausible if the results are compared to Liu,
Yang and Hsieh (2012) research on Taiwan’s market. The
authors used 2SLS regression to investigate the determi-
nants of the regulated price and its impact on the de-
mand for prescription drugs. Their first stage regression
was similar to a quasi-hedonic pricing model discussed
above. The authors found that the generic competition
effect was significant on the price of both local and global
products sold in Taiwan’s market. This highlighted the
difference in generic drug quality between Taiwan and
Mainland China back in 2012. Hence it is reasonable to
hypothesize that if China manages to improve the quality
of generic alternatives, the generic competition effect on
price would converge to Taiwan’s level. It is also sensible
to assume that as a result, higher generic competition
would affect both local and global drug prices with sta-
tistical significance.

III. DATA AND METHODOLOGY
A. Data Source

The main data source for this empirical study is
DRUGDATAEXPY (or Yaozh database), which is a
health industry data service provider based in China.
The historical bidding price records include drug name,
company name, dosage form, package information, his-
torical bidding prices, location of the buy-side medical



institution, date of acceptance, and publication source.
Another pharmaceutical market data provider, Wuxu
Database, was used to obtain supplementary informa-
tion about the progress of Drug Consistency Evaluation.
The dataset contains the status of individual drugs in the
evaluation, the latest update of the process, the details
of its originator and the market status of the originator
(imported or pure foreign market participants). Lastly,
Anatomical Therapeutic Chemical (ATC) Classification
Code and Defined Daily Dosage (DDD) published by
the World Health Organization Collaborating Centre for
Drug Statistic Methodology are used. In this paper, the
pharmaceutical products are distinguished based on the
level 5 ATC code (the same products are identical at the
molecular level).

There are 34952 historical bids across 32 types of drugs
extracted from the aforementioned database after cleans-
ing. This final dataset covers bidding records from 2008
to February 2021 across 31 provinces in mainland China.
The selected sample fulfils several conditions: Firstly, all
those sample products have been participating in the do-
mestic pharmaceutical market in China before the en-
forcement of the Drug Consistency Evaluation. Sec-
ondly, the original branded drug or the reference-listed
branded drug of these 32 products were either imported
to the domestic market or produced by the authorized
domestic manufacturer. Either way, this means that
the branded drug is competing in the same market as
the generics. Thirdly, for each product, bidding infor-
mation of both branded and generic products should be
recorded. The sample contains 4475 bidding records of
branded drugs and 30477 records for generic drugs in to-
tal. Lastly, within each product category, there exist only
one branded drug and multiple generic competitors. This
restriction provides a more straightforward interpretation
of the generic competition effect on prices when the fo-
cus of the analysis is on the branded-drugs subgroup: any
increase in competition for each branded product comes
from the generics exclusively.

B. The Quasi-Hedonic Pricing Model

The widely used pricing framework constructed by
Rosen (1974), namely the hedonic pricing model, de-
composes the price of a product into both internal and
external factors that jointly determine the price. How-
ever, the effect of market competition on prices, which
is the focus of this empirical research, is not articulated
by a standard hedonic model. Additionally, the standard
model hypothesized a perfectly competitive commercial
market. The complexity of the pharmaceutical market
violates this assumption: The drug market performance
conditions on noisy factors, including intellectual prop-
erty protection, healthcare schemes, information asym-
metry, trust in prescription agencies, alongside other de-
terminants. Thus, a quasi-hedonic approach should be
adopted instead.
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Danzon and Chao (2000) designed the foremost quasi-
hedonic pricing model for pharmaceutical products. The
authors argued that the equilibrium prices of drugs were
predicted to be inversely related to the number of generic
competitors so that

OPijn <0, (1)
ON;

where Pjjj, refers to the per-unit price of product ¢ in
molecule j of therapeutic category k and N; refers to
the number of generic competitors in molecule j. The
relation is hypothesized to hold under the assumption
that the firm follows either Cournot or Bertrand strategy
in price setting.

Based on Danzon and Chao (2000)’s model, the im-
plicit price of drug i from company j in period ¢ can be
formulated as a function consists of three components in
this empirical research:

Pijt = f[Cijt, Eijiy Ziji), (2)

where Cjj; refers to market competition, Ejj ¢ is quality
attributes, and Z;;; is other attributes that affect price
setting. The dependent variable, drug price (P;;), is
a unit price weighted by standard unit and conversion
ratios based on the data.

C. Variable Identification

Based on the aforementioned quasi-hedonic pricing
model, historical bidding prices of drugs are used as the
dependent variable. The bidding prices, however, strictly
depend upon the package and standard dosage of an in-
dividual product. Therefore, a standard unit price for in-
dividual product is generated based on the bidding prices
weighted by package size, unit concentration, and its of-
ficial defined daily dosage (DDD):

Pyiq DDD
Py = — X — . (3
packagesize  unitconcentration

The market competition Cjj; is identified by the num-
ber of bids submitted by other companies producing the
same product in the same quarter of the year. Under the
assumption of no intertemporal correlation of the bidding
prices, the price and the competition level in a period are
independent of other periods. In this dataset, the level
of competition varies within a range from 0 to 348 and
has a mean of 44.026.

The quality attributes F;;; can be decomposed into
the characteristics of individual drugs. As a result of
the lack of information on manufacturers, one could only
identify whether the product is generic or branded. This
characteristic is denoted by a dummy variable.



Other attributes Z;;; include year-specific effects and
product-specific effects captured by a vector of years
dummy and a vector of product dummy. The province
of the buy-side medical institution might also affect the
price due to the heterogeneous market regulation enforce-
ment and demand of drugs across the country. For ex-
ample, drugs with more sophisticated molecules are more
demanded in municipalities like Beijing and Shanghai:
those cities are associated with provision of more ad-
vanced medical treatment. Patients are more likely to
go to those cities for treatment if they can.

The distribution of price and competition level are nor-
malised using log transformations. Within each prod-
uct category, a mean log price of the branded drugs and
the generic drugs is also computed accordingly for refer-
ence purposes. On average, the mean log prices are 2.651
and 1.242 for branded and generic products respectively.
This is consistent with the theoretical assumption that
generic drugs are cheaper substitutes for the branded
drugs. More detailed descriptive statistics are presented
in Appendix C.

D. The Empirical Methods
1. The Within Estimator

To isolate the effects of competition on pharmaceu-
tical prices, a within estimator is employed to elimi-
nate the product and time-period specific effects. The
dataset obtained is not typical panel data since the bid-
ding records are not observed at a constant frequency,
so year-specific effects are used to proxy the time fixed
effect. The product-specific effect are identified based
on the level 5 ATC code, and the effect is assumed to
be homogenous for products within a product category.
Therefore, the fundamental within estimator based on
the quasi-hedonic pricing model can be derived as a least
square dummy variable regression (LSDV):

log Price;js = Bo+5110og Ciji+P2Y ear+ B3 Product+u ¢,
(4)
where log Price; ;¢ is the log-transformed standard unit
bidding price of product 7 from company j in period ¢,
log C;j; refers to the measure of competition for an in-
dividual product as defined in Section IIIC, Year and
Product refers to the vectors of year and product fixed
effect dummy variables respectively, and w;;; is the resid-
ual term. It is worthy noting that the coefficients of this
quasi-hedonic pricing regression estimate implicit prices
of the pharmaceutical attributes, but those coefficients
should be interpreted as neither marginal values to con-
sumers nor marginal costs to producers. The coefficient
of interest is 51 which estimates the increase in the per-
centage of price from a percentage increase in competi-
tion level.
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In addition to the LSDV above, extra variates are in-
cluded: dummy variable BrandedDummy;; indicating
whether the product is a branded drug and the vector
of dummy variable Province;;; indicating the location of
the institution by which the bid is accepted are added.
These additional controlled variables will provide sup-
plementary scopes in understanding the effect of generic
competition on prices.

Furthermore, the LSDV regression can be applied to
the generic and branded drugs sub-groups to identify how
drugs with different patent status respond differently to a
change in competition. The analysis of the results focuses
on branded drug subgroup. This is because of two rea-
sons: First, the branded drugs manufacturers are more
stable market players. In comparison, the generic drugs
productions are harder to be predicted because the com-
petition effects are more likely to be diversified into fac-
tors other than prices, including participation decision,
business strategies or other attributes. Meanwhile, any
change in competition for branded drugs must necessar-
ily come from the generics. Therefore, the coeflicients
estimated using the sample of branded-drug subgroup
have a more straightforward interpretation and are highly
aligned with the interest of this research. Second, the pre-
vious literature disagrees on whether there is evidence of
generic competition effects on the price of branded drugs
in China. This highlights the issues of generic drug qual-
ities which undermined the effectiveness of competition.
Therefore, the estimation based on branded-drug sub-
group will buttress a more representative and informa-
tive evaluation in understanding the impacts of generic
drug competition.

2.  The DiD Estimator

The previous researches argued that the effect of
generic competition on branded drug prices in mainland
China’s pharmaceutical market is less conclusive because
the generic products are associated with low quality and
poor substitutability (Wang, 2006; Wu, Xu, Liu and Wu,
2014; Zhao and Wu, 2017). In comparison, the stud-
ies on Taiwan’s market (Liu, Yang and Hsieh, 2012)
found evidence of a significant effect of competition on
prices among both branded and local generic drugs. In
this study, it is hypothesized that more rigorous quality
control would amplify the generic competition effect on
branded drug prices and lead to a further and more con-
spicuous reduction in prices of branded drugs in mainland
China.

In recent years, the implementation of Drug Consis-
tency Evaluation strengthened the quality management
of generic drugs. Accordingly, the generic products,
which passed the evaluation after 2016, will be considered
as a better substitution of branded drugs. An increase
in confidence in domestic generic products is expected,
and enlargement in generic competition effect on branded
drugs is predicted. Therefore, a difference in difference



(DiD) estimator is constructed to estimate the impact of
the reform on prices.

Here, the study focuses on the branded drug subgroup
only. The treatment and control group for the DiD
estimation are identified based on whether the generic
products of individual branded drugs within each prod-
uct category is certified in the bioequivalence assessment
before the date of data extraction (February 2021). In
this way, among the 32 pharmaceutical products in the
dataset, the treatment group contains 3011 observations
across 20 pharmaceutical products whereas the control
group contains 1464 observations across 12 pharmaceu-
tical products. The list of drugs of the treatment and
control groups are shown in Appendix B.

The DiD specification, in this case, can be simply de-
rived as:

log Price;;+ =0 + 1 Product + v2Y ear 5)

+ v3Treatment; x Post; + vij¢,

where, again, the log Price;j: refers to the log-
transformed price of the drug 7 from the company j ob-
served in period t, the Product is the vector of product
dummy indicates product-specific fixed effects and the
Year is the vector of year dummy proxies time-specific
fixed effects in the estimation. The interaction variable
Treatment; * Post; is a multiplication of the treatment
indicator and the post-reform period indicator. The in-
teraction variable switches on in 2016 if the product is
in the treatment group and then stays on thereafter.
The coefficient of interest is =3, captures the effect of
the treatment on prices of branded drugs. The 73 is
expected to be negative, which implies that the reform
enhanced substitutability of the certified generic prod-
ucts thus strengthened the effect of generic competition
on prices of branded drugs.

This empirical approach relies heavily on the assump-
tion of parallel trends of outcomes in treatment and con-
trol groups in absence of intervention. In other words,
since year dummies and product fixed effects are con-
trolled in the regression, the only factor that induced
changes in output over time in the treatment group com-
pared to the control group is the 2016 Drug Consistency
Evaluation. In this way, the 73 demonstrate causal effect.

To examine whether the common trend assumption
holds, a graph of the change in average logPrice for the
treatment and control group over time is plotted. Show-
ing in Figure 1 below, the general trend of change in
log Price does not seem to be parallel in the two exper-
imental groups before 2016. This might be due to the
divergence in the average price of the different products
and the difference in the composition of products partic-
ipating in bidding each year. The interest of the study is
on whether the common trend assumption holds in ab-
sence of product-specific effects to ensure that the only
change in output is induced by the policy. Therefore,
a new variable is constructed by computing the differ-
ence between the log Price and the mean of log Price of
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individual branded drug:

Diflog Price;j; = log Price;j; — log Price;jq. (6)

Showing the in Figure 2 below, one may confirms that
the common trend assumption holds the output variable
log Price for an individual product is demeaned, which
eliminates product fixed effects to some extent. Accord-
ingly, one could adapt the DiD estimator as

Diflog Price;;: =00 + 61 Product + d2Y ear
+ d3T'reatment; * Post; + s;j;.

In fact, the new coefficient of interest, which is d3
in this case, is equivalent to 3. This is because that
the demeaning process is a simple linear transformation.
It is absorbed in the product-specific effects, changes
the coefficient v to §;. Therefore, the output variable
Diflog Price;j; and log Price;;; are interchangeable if
the only parameter of interest is the coeflicient of the
interaction variable. This validate the common trend as-
sumption, therefore d3 estimates the impact of the Drug
Consistency Evaluation on the price of branded drugs.
Competition can also be added as a controlled variate to
obtain additional information.

Change in logPrice
in the treatment and control group (2008-2021)

N N2 =

Treatment Dummy

Average logPrice

FIG. 1. logPrice: no common trend observed

Change in average difference to mean (logPrice)
in the treatment and control group (2008-2021)

Treatment Dummy
Wo

to mean (logP

Average difference

FIG. 2. Dif logPrice: Common trend observed



IV. RESULTS AND EXPLANATION

A. The Correlation Between Generic Competition
and the Pharmaceutical Prices

Figure 3 below shows an extracted result? of the within
estimator based on the quasi-hedonic pricing model pro-
posed in the previous section. Column (1) to (3) shows
the regression estimation using the full sample where (2)
added Branded Dummy as a variate and (3) controlled
for both branded dummy and province-specific effects.
In general, a negative correlation between competition
and price at a statistically significant level is found. The
elementary fixed-effect estimator predicted that a per-
centage increase in competition will reduce the bidding
price of a pharmaceutical product by about 0.061 per
cent (pj0.01) on average. The coefficient become -0.053
(pj0.01) if the extra controlled variables are added, but
the effect is still considered to be negative and statisti-
cally significant. It is also interesting to know that the co-
efficient on the branded dummy in regression (3) is 0.973
(pi0.01), indicates that under the ceteris paribus condi-
tion, the branded products will be about 97.3% higher in
the price of its generics.

the Within Estimator

[¢)) @) 3) ) ) (6) ©)
VARIABLES logPrice logPrice logPrice TogPrice TogPrice logPrice logPrice

logCompetition 006185 0045555 L0053FFF 00210 00250 00518 -0,061%%*
(0.005) (0.005) (0.005) (0.005) (0.005) (0.005) (0.005)
BrandedDummy 0.953+5  (.9734*
0.012) 0.011)

Constant 2052%%%  1852%%*  1OR8**E 2843k 2.800%%  186dEr  2016%*
(0.033) (0.031) (0.034) (0.026) (0.032) (0.034) (0.037)

Observations 34,592 34,592 34,592 4,293 4,293 30,299 30,299
R-squared 0.053 0.207 0242 0.200 0.224 0.056 0.108
Number of ATC1 32 32 32 32 32 32 32

Adjusted R-squared 0.0521 0.206 0.241 0.192 0.210 0.0544 0.106

Standard errors in parentheses
45 p<0,01, ## p<0.05, * p<0.1

FIG. 3. Result Table: the Within Estimator

Column (4) and (5) shows the result of the within esti-
mator with and without controlling province-specific ef-
fect respectively using the branded-drug subgroup sam-
ples. Similarly, regression (6) and (7) used generic sub-
groups. In all cases, evidence of negative generic compe-
tition effect on pharmaceutical prices at a 1% significant
level are found, but the magnitudes of the effect differ.
The result suggests that the prices of generic products
are much more responsive to a change in the competi-
tion: a percentage change in competition results in a
0.025% reduction in the price of a branded product or a
0.061% reduction in the price of a generic product. One
explanation is that the local generic manufactures are
smaller firms compared to the authorized branded drug
manufacturers. The multi-national company producing

2 The detail of each regression specification can be found in Ap-
pendix A.
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the branded drugs holds dominant positions in the high-
end market. Those global market participants are more
advance in research and production competence. The lo-
cal generic manufactures in China, on the other hand,
are small enterprises and are weaker in technology level,
manufacturing practices, and management system (Chan
and Daim, 2011). In fact, the top 10 local pharmaceu-
tical enterprises in China accounts for 10% of the total
sales revenue and the top 100 firms account for 33%,
whereas the top ten international pharmaceutical com-
panies account for about 42% of global pharmaceutical
sales revenue (Sun, Santoro, Meng, Liu and Eggleston,
2008). The market concentration and composition made
the local generic producers more sensitive to competi-
tion in price. Another explanation is, again, the lack of
generic drug quality control. This demolished the substi-
tutability and thus the local generic competition exerts
less pressure on branded drugs. The branded drugs with
a higher reputation are believed to have more stable de-
mand compared to generic products.

B. The Impact of the Reform

The study will focus on investigating the effect of
generic competition on branded drug prices in the fol-
lowing sections as discussed in Section IIID 1. Although
evidence shows a negative correlation between generic
competition and the price of branded products at a sta-
tistically significant level, it is also important to note that
the effect estimated are heterogeneous over time. Previ-
ous researchers did not find such a significantly negative
correlation (Wang, 2006; Wu, Xu, Liu and Wu, 2014;
Zhao and Wu, 2017), and the effect is revealed only if
more recent data are employed. Taking the implemen-
tation of the pharmaceutical market reform in China in
recent years into consideration, the coefficient of interest
estimated is -0.030 (pj0.01) if only bidding records after
2016 were used. In comparison, there is no evidence that
generic competition reduces branded drug price before
2016 as shown in Figure 4.

Previous researchers suggested that low quality is the
key factor that undermined the effect of generic compe-
tition on branded drugs in China. Under more stringent
quality control of the generic product, the competition
effect should start to emerge, and the prices of branded
drugs would decline. A DiD estimator is used to ex-
amine the impact of such quality control in the context
of the implementation of Drug Consistency Evaluation.
The results are shown in Figure 5 below: Column (10)
presents the result of the estimation using the fundamen-
tal DiD estimator, and column (11) included the measure
of competition as an additional controlled variable. The
common trend assumption is fulfilled as discussed in Sec-
tion 111D 2.

The result shows that the reform has a statistically
significant negative impact on the price of the branded
drug. By controlling the level of competition, the prices



the Within Estimator (Branded Sub-Group)
®) ®

VARIABLES logPrice logPrice
logCompetition -0.000 -0.030%**
(0.007) (0.007)
Constant 255684 2912w
(0.035) (0.036)
Observations 1,629 2,664
R-squared 0.099 0.183
Number of ATC1 32 32
Adjusted R-squared 0.0590 0.162

Standard errors in parentheses
*rk p<0.01, ** p<0.05, * p<0.1

FIG. 4. Result Table: the Within Estimator (Branded)

the DiD Estimator
10 an

VARIABLES Diff logPrice Diff logPrice
logCompetition -0.020%%*
(0.005)
Treatment*Post_Reform -0.072%%x -0.078%%*
(0.015) (0.016)
Constant 0.087%* 0.135%*
(0.034) 0.037)
Observations 4,475 4,293
R-squared 0.201 0.206
Adjusted R-squared 0.192 0.197

Standard errors in parentheses
wHE <001, #* p<0.05, * p<0.1

FIG. 5. Result Table: the DiD Estimator

of the branded drug will be reduced by 7.8% after the
treatment. It means, if a branded drug had generic sub-
stitutes within the same product category certified in the
evaluation, it experiences higher pressure from generic
competition. This is because that the quality of those
certified generic drugs is secured. Improvement in sub-
stitutability forces the branded drugs to participate in
price competition to maintain their market share. Since
the branded drugs usually charge much higher prices rel-
ative to generic products, the price of the branded drugs
will be largely depressed to restore their market compet-
itiveness after the reform.

V. DISCUSSION AND LIMITATION
A. Summary of Findings

Firstly, by estimating the quasi-hedonic pricing model
using a within estimator, one could identify the negative
generic competition effects on pharmaceutical prices at
a statistically significant level in Mainland China using
data of both subgroups from 2008 to 2021. One may also
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noticed that the impact of generic competition is hetero-
geneous over time. Although conspicuous negative effects
in branded drug subgroup at a 1% significant level are
observed using more recent data since 2016, there is no
evidence of such a negative correlation before 2016. Ad-
ditionally, under ceteris paribus conditions, the branded
drug prices exceeded the price of its generics by a tremen-
dous amount.

Secondly, the results of the DiD estimator allowed us
to conclude that the Drug Consistency Evaluation, which
strengthens the quality control of the generic products,
indeed reduced the prices of branded drugs to a large ex-
tent. For patented drugs having their generic substitu-
tions certified in the evaluation after 2016, the reform en-
hanced the generic competition effect, enlarged the down-
ward pressure on the prices of the branded drugs. The
result corroborates the argument that the lack of quality
control in previous years demolished the generic competi-
tion effect on branded product. The hypothesis is proved
to hold that the effect becomes negative at a statistically
significant level under more stringent quality control.

B. Beyond the Empirical Results

There are several findings beyond the aforementioned
empirical results that are worth mentioning.

Firstly, a negative correlation between competitions
and prices is found. This corroborates with previous lit-
erature, but the magnitude differs. In this study, the
coefficients of interest estimated from the fixed-effect es-
timator are much smaller compared to the literature. For
example, Zhao and Wu (2017) estimated the effect to be
-0.274 (p;j0.01) using the full sample in comparison to
the -0.061 (pj0.01) in this estimation. Note that those
coefficients are not directly comparable since the inter-
pretations are different. One aspect is that the measure-
ments of competition are different. In this paper, the
level of competition is measured based on the number
of bids whereas Zhao and Wu (2017) used the number
of manufacturers within the same molecule. The pre-
dicted 0.274% reduction in pharmaceutical prices they
estimated is associated with a percentage change in the
number of manufacturers. A 1% increase in the number
of manufacturers will usually result in a higher percent-
age change in this measure of competition because firms
commonly submit multiple bids in one period. There-
fore, the divergence in magnitude of the coefficient does
not necessarily imply a conflict between this empirical
result and previous literature. Other measurements of
competition are also considered, including the number
of generic manufacturers. However, the bidding records
are regarded as a better depiction of the market-oriented
competition. On one hand, it offers sizable variation in
this independent variable compared to using the num-
ber of manufacturers. On the other hand, it explains
the disparity in prices bids by different companies in the
same period while facing the same number of competi-



tors. Competitors differ in the activeness of market par-
ticipation lead to a heterogeneous level of competitive
pressure. Thus, the individual bid from the contenders
should be considered as an independent source of com-
petition. Future research may try to develop new mea-
surements of competition.

Secondly, in Figure 2, a parallel trend in branded drug
prices over time before 2016 is observed, alongside with
a divergence after the reform. However, it is interest-
ing that the divergence did not happen immediately af-
ter the enforcement of the Drug Consistency Evaluation
in 2016. Instead, it is also observed that the beginning
of the change in trend in the treatment group occurred
between 2017-2018. One explanation is that the Drug
Consistency Evaluation is a slow and ongoing process
that takes time. It is not the case that all the generic
products for the drugs in the treatment group passed the
evaluation simultaneously: the time the drugs start the
evaluation is different and the length of the process may
depend on the complexity of the molecules. In fact, most
of the generic products of the drugs in the treatment
group were not certified in the evaluation until 2018 or
late 2017. Due to the data limitation of this research,
it is almost impossible to track the exact date that in-
dividual firms passed the assessment. This might lead
to an underestimation of the actual impact of the re-
form, but it does not affect the conclusion that there
is indeed evidence of the negative correlation between
generic competition and branded drug price under more
strict quality control in Mainland China. One could still
obtain policy-relevant inference from the estimation, but
if future researchers are interested in estimating the true
magnitude of the impact, a more detailed dataset should
be used.

C. Limitations and Suggestions for Future Studies

One of the fundamental limitations is the data limita-
tion. Most of the data service providers of this industry
are commercial, which made data extraction challenging.
The lack of data accessibility constrained the sample size
and the details of relevant product attributes. Other than
the data, there are several limitations of this empirical
estimation that need to be addressed.

Firstly, the endogeneity issues within the quasi-hedonic
pricing model remained to be concerning. There likely
exists a positive and revered causal effect of pharmaceu-
tical price on the level of competition that may lead to
an underestimation of the actual generic competition ef-
fect. The origin of the endogeneity can be decomposed
into firms’ market entry decision and institutions’ bids
acceptance decision. The former source of endogeneity
has been discussed thoroughly by previous researchers
that despite the high entry costs and barriers, the pro-
duction of generic drugs is inexpensive once the manu-
facturer grasped the essential synthesis pathways of the
compound and once economies of scales are achieved.
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The higher pharmaceutical price, which is usually asso-
ciated with higher profit for the producers, encourages
profit-seeking firms to participate in the market and gen-
erates a higher level of competition. The endogeneity is-
sue due to the institutions’ bids acceptance decision, on
the other hand, can be regarded as a demand-driven fac-
tor that pushed competition to concentrate on drugs with
higher prices. The medical institutions have a preference
towards the drugs with a higher price to some extent
because the medical providers are allowed with a 15%
markup on drug sales in China. The markup will gen-
erate higher nominal income from more expensive prod-
ucts to subsidize medical services (Wu, Xu, Liu and Wu,
2014). In short, these two aspects of the endogeneity
embedded within the model complicates the estimation.
The estimation result might be biased potentially, and
the generic competition effects are likely to be underes-
timated.

Secondly, the fundamental assumptions of the within
estimator might be violated. By employing the fixed ef-
fect estimator, an implicit assumption has been made,
assuming that the product-specific effects are time-
invariant. However, the product fixed effects on price
might respond to other factors, including market com-
position, development of production technology, or even
changes in a foreign market or R&D progress. Due to the
complexity of the pharmaceutical market, it is infeasible
to control all the variates. Even with a more complete
dataset, there may still exist unobservable characteris-
tics. Or one may encounter an over-identification issue
that leads to a less conclusive result. Similarly, the pe-
riod fixed effect is proxied by the year specific effect under
the assumption that this effect is constant throughout
the year and is different across years. There is no per-
fect measurement of period fixed effect for this dataset
since it is not a typical panel data observed at a regular
frequency. Future researchers could try to use an alter-
native dataset or appropriate instrumental variables to
eliminate this concern if feasible.

Thirdly, it is reasonable to question whether there ex-
ists an intertemporal correlation between prices and fac-
tors in other periods. Firms may need time to observe
and respond to a change in the market. In particular,
firms’ expectation of the current period might be based
on the prices and other attributes in the previous periods.
Thus, for instance, the current bidding price might be af-
fected by competition and prices in the previous period,
and the current competition level might be determined
by the previous periods’ market performance. These pos-
sibilities also complicate the model, and the direction of
bias remained ambiguous.

Fourthly and most importantly, the therapeutic com-
petition effect® is omitted. This is largely due to lim-
ited data accessibility: there is insufficient information to

3 This refers to a broader concept of competition from the competi-
tors producing drugs that contain different molecules within the



identify the therapeutic competitions. These therapeu-
tic competitors can also be associated as indirect “substi-
tutes” other than a generic drug. Omitting the therapeu-
tic competition effect from the model leads to biased es-
timation of the generic competition effect, but the extent
of the bias depends on the closeness of the therapeutic
competitors within each product category. Danzon and
Chao (2000) have argued that therapeutic competition is
negatively correlated to pharmaceutical prices in theory,
but researchers who investigated China’s market reached
a consensus in neither the direction nor the magnitude
of this effect on drug prices. Thus, it is worthy to con-
duct further investigation on this ambiguous effect in the
future. The existence of therapeutic effect also raises con-
cerns of identifying treatment and control group in the
DiD specification. If the impact of the treatment spilt
over to the control group, the interpretation of the esti-
mated results might be misleading. In fact, based on the
ATC codes, some of the products in the control group
can be classified as therapeutic derivatives of a drug in
the treatment group. The validity of the causal effect
estimated is under threats.

Lastly, whether the current quasi-hedonic pricing
model is the best predictor remains questionable. The
complexity of the pharmaceutical market gives rise to too
many noisy factors that jointly determine prices. The in-
clusion of extra variates in the model is also considered,
for example, the company’s activeness of participation
in each period. However, these market factors may po-
tentially perplex the interpretation of the result. The
current model is sufficient to provide essential policy-
relevant inferences in the context of this dissertation, but
a more detailed model offers a more accurate estimation
of the actual magnitude of individual factors’ impact on
prices and will help us to gain a more profound under-
standing of the price determination process in the phar-
maceutical market. In addition to the inclusion of extra
variates, one may also extend the model beyond a lin-
ear specification. Future studies may select a model that
involves non-linear characteristics, for example, the di-
minishing marginal effect of competition on prices.

D. Policy Implications

According to the results, more stringent quality control
of the generic product enhanced the competition effects
and reduced pharmaceutical prices effectively. There are
a few policy implications that can be drawn from this re-
search, and those inferences might apply to other LMICs
if they have similar market structures as China.

Firstly, the Drug Consistency Evaluation has achieved
remarkable success so far, and the continuous enforce-
ment and generalisation of the evaluation are crucial.

same therapeutic class. The therapeutic competition is defined
in Section IT A
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The evaluation requires time and efforts, but the poten-
tial welfare gain is tremendous. Consumers benefit from
not only the improvement in general drug quality but
also the affordability of pharmaceutical products in the
market. Those are extremely pivotal signs of progress in
the improvement of social welfare and living standards of
households in developing countries like China. A more
affordable medical service system ameliorates the health
conditions of citizens, loosens households’ budget con-
straint, and yield further economic benefits.

Secondly, authorities should be aware of the corrup-
tions which these policies can engender (Sun, Santoro,
Meng, Liu and Eggleston, 2008; Yang, Chen and Wang,
2009). The magnification of generic competition effect
on branded drug prices is largely based on the increase
in confidence in certified generic products. Hence, the
evaluation should follow the official protocol strictly to
maintain the credibility of the assessment outcome. Ad-
ditionally, the regulation on drug registration should also
be strengthened. China offers more generous price poli-
cies on new drugs to incentivize research and innovation.
The Drug Consistency Evaluation has increased the cost
associated with generic drugs production and registra-
tion, and thus some manufacturers may tend to corrupt
with the registration authorities to qualify their product
into a "new-drug” category by applying minor changes in
the compound (Wu, Xu, Liu and Wu, 2014). Thus, it is
of the essence for policymakers to carefully assess these
potential consequences.

Thirdly, the market-focused regulation should be in-
tensified to create effective market environments. For
instance, collusion prevention policies should be taken
into consideration. Any distortion of the market com-
petition efficiency will mitigate the effect of the generic
competition and the impact of the reform on branded
pharmaceutical prices.

Lastly, the information on generic drugs should be
more accessible to the public. The medical institutions
are the direct players in the bidding mechanism of drugs,
but the fundamental source of demand is still the gen-
eral public. Although the quality of the certified generic
products is secured under rigorous regulations and assess-
ments, there is still a large proportion of the population
who believe that the generic products are ineffective or
have excessive side effects. Therefore, it is necessary for
the authorities to clarify the nature of generic products,
and to establish or restore trust in the local generic drugs.

VI. CONCLUSION

Using a quasi-hedonic pricing model estimated by a
within estimator, the paper presents evidence of a nega-
tive generic competition effect on pharmaceutical prices
at a statistically significant level in Mainland China in
both generic and branded drug subgroups. The generic
competition effect on branded drug prices only started
to emerge recently. The results coincided with the ma-



jority of the arguments raised in previous literature. Ac-
cording to the DiD model estimated, the Drug Consis-
tency Evaluation in 2016 successfully reduced the prices
of branded drugs. The finding corroborates the argu-
ment that the lack of quality control is the key factor
that demolished generic competition effect on branded
product. Therefore, strengthening the generic products’
quality supervision will enhance the generic competition
effect on pharmaceutical prices, and will lead to an im-
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provement in households’ social welfare. This paper can
be an insightful reference highlights the pivotal role of a
stringent regulation on generic drug qualities for markets
like Mainland China to mitigate the market distortions
and to reap the full benefits of competition. Meanwhile,
the pharmaceutical market is extremely complex. Future
research should tackle the investigation from multiple di-
mensions to compute a better prediction of the market.
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Appendix A: Regression Specifications

The Within Estimators
Full Sample:

(1) IOgPTiCGijt = 60 + 61 IOgCijt + /BQYSQT +
B Product + iy

(2):  logPrice;jy = Po + PilogCijr + [aYear +
B3 Product + B4 BrandedDummy + u;j

(3): logPrice;jz = po + PilogCijy + [oYear +

BsProduct + B4 Branded Dummy + s Province + u;j

For Branded Drug Subgroup:

(4):  logPriceijy = Po + PilogCij + [aYear +
B Product + ujjy
(5): logPrice;jz = Po + P1logCijy + B2Year +

Bz Product + BsProvince + u; ¢

For Generic Drug Subgroup:

(6): logPrice;jt = Po + P1logCijy + [2Year +
Bz Product + w4
(7):  logPriceijy = Po + PrlogCij + [aYear +

BsProduct + B4 Province + u;j;

For Branded Drug Subgroup (Before 2016)

(8): logPrice;jz = o + PrlogCijy + [oYear +
BsProduct + B4 Province + u;j;

For Branded Drug Subgroup (After 2016)

(9): logPrice;jz = po + PilogCijy + [oYear +
BsProduct + B4 Province + u;j;

The DiD Estimators (Branded Drug
Subgroup Only)

(10): Diflog Price;jz = 6o + d1Product + 62Year +
dsTreatment; x Posty + 5454

(11): Diflog Price;j; = & + d1Product + 62Y ear +
dsTreatment; x Posty + 64Cjjt + 545t
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Appendix B: List of Drugs in the Treatment and

Control Groups

Tabulation of ATC TreatmentDummy

AlTC TreatmentDummy

0 1 Total
AD1ABI18 72 0 72
A01ADOS 163 0 163
ADZBCO02 0 79 79
A02BC03 127 0 127
AOTBCO5 0 167 167
A10BB12 0 193 193
A10BF03 145 0 145
BO1ACO03 0 50 50
CO3BA11 0 46 46
CO8CA0L 0 213 213
CO9AA02 0 74 74
CO9CAD4 0 67 67
C10AA01 0 136 136
C10AAQ5 0 470 470
C10AAQ7 0 179 179
DO0O1AE15 32 0 32
DO7AAO01 292 0 292
GO4BE03 0 154 154
HO1CB02 127 0 197
JO1DB09 0 123 123
JO1IDHS51 62 0 62
LO1BAO4 0 239 239
MOLACO5 20 0 20
MOSBAOZ T 0 7T
NO3AF01 159 0 159
NO3AF02 188 0 188
NO3AX14 0 149 149
NOSAHO03 0 117 117
NO6AX 21 0 211 211
RO3DC0O3 0 117 117
RO5CB06 0 5 75
SO01AAZT 0 152 152
Total 1464 3011 4475

Appendix C: Detailed Descriptive Statistics



Summary statistics: N mean sd min max by( ATC)

ATC N mean sd min max
A01AB18 767.000 2464 0.779 -2.177 3.944
AO01ADO5 2228.000 -1.963 1.142 -5.481 3.562
A02BCO2 782.000 3122 0.769 1.460 4.696
AQZBCO3 929.000 1.549 0.352 0.157 2595
AQ7BCO5 1296.000 1.004 0597 -2.120 3.421
Al0BB12 2083.000 -0.197 1.061 -3.696 1.915
A10BF03 581.000 1329 0.284 0.008 1.974
BO1ACO3 1288.000 1.889 0542 0.863 2.938
Co3BA11 1067.000 -1.133 1.014 -3.139 2.357
CO8CAO01 2514.000 0.044 0.931 -4.605 3.425
CO9AAD2 1247.000 -0.073 0.535 -2.055 1.827
CO9CAO04 1323.000 0.433 0.656 -1.507 1.608
C10AA01 1092.000 0.447 0.924 -1.842 2,395
C10AAQ5 1153.000 Loy 0911 -1.588 2.830
C10AAOQ7 1775.000 1293 0.664 -1.609 2357
D01AE15 857.000 1.380 0.423 0.095 2945
DO7AA0L 1399.000 2.679 0.342 0.597 3515
GO4BE03 560.000 3.374 0.903 1.152 4.220
HO1CBOZ 1741.000 3.619 0.957 0.405 6.750
JO1DBO9 1163.000 1.087 0.836 -0.083 8.294
JO1DH51 977.000 5317 0.302 2779 6.612
LO1BAO4 1161.000 6.967 0535 6.154 8.251
MO1ACO5 225.000 1.140 0.120 0.928 1.604
MO5BAO2 264.000 3.698 0.406 3285 6.446
NO3AF01 975.000 0.260 0.967 -1.295 3.325
NO3AF0Z 495.000 2.096 0.402 1.201 3.140
NO3AX14 756.000 2.863 0.265 L2359 3611
NO5AHO03 889.000 2.482 0.679 -1.617 3.930
NOcAX21 330.000 2.754 0.209 2.246 3103
RO3DC03 516.000 2.037 0.921 -1.113 2.925
RO5CB0G 657.000 3.619 0.637 1.112 5.375
SOTAAZT 1862.000 0.538 0554 -0.844 1.692

Descriptive Statistics Branded Drug

Variable Obs Mean Std. Dev. Min Max

logPrice mean 4475 2.651 1552, -0.697 7.662
Descriptive Statistics Generic Drug

Variable Obs Mean Std. Dev. Min Max

logPrice mean 30477 1.242 1.890 -2.063 G6.787
Descriptive Statistics Competition

Variable Obs Mean Std. Dev. Min Max
Competition 34952 44.026 44.936 0.000 348.000

Tabulation of BrandedDummy TreatmentDummy

TreatmentDummy
Branded Durmmy 0 1 Total
0 9974 20503 30477
1 1464 3011 4475
Total 11438 23514 34952
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Tabulation of BrandedDummy logPrice_mean when ATC is A01AB18

logPrice_mean

BrandedDummy | 2.336609  3.696694 Total
0 695 0 695

1 0 2 72

Total 695 72 767

Tabulation of BrandedDummy logPrice_mean when ATC is AV1ADO5

logPrice_mean

BrandedDummy | -2.06346  -.6966482 Total
0 2065 0 2065

1 0 163 163

Total 2065 163 2228

Tabulation of BrandedDummy logPrice_mean when ATC is A02BC02

logPrice_mean

BrandedDummy | 2.950456  4.644351 Total
0 703 0 703

1 0 79 79

Total 703 79 782

Tabulation of BrandedDummy logPrice_mean when ATC is A02BC03

logPrice_mean

BrandedDummy | 1.440622  2.235706 Total
0 802 0 802

1 0 127 127

Total 802 127 929

Tabulation of BrandedDummy logPrice_mean when ATC is A07BC05

logPrice_mean

BrandedDurmmy | 9010819 1.696 Total
0 1129 0 1129

1 0 167 167

Total 1129 167 1296

Tabulation of BrandedDummy logPrice_mean when ATCis A10BB12

logPrice_mean

BrandedDummy | -.3685801  1.486378 Total
0 1890 0 1890

1 0 193 193

Total 1890 193 2083

Tabulation of BrandedDummy logPrice_mean when ATC is A10BF03

logPrice_mean

BrandedDummy | 1.24048 1.593505 Total
0 436 0 436

1 0 145 145

Total 436 145 581
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Tabulation of BrandedDummy logPrice_mean when ATC is BO1AC03

logPrice_mean

BrandedDummy | 1.869514 2.371046 Total
0 1238 0 1238

1 0 50 50
Total 1238 50 1288

Tabulation of BrandedDummy logPrice_mean when ATCis C03BA11

logPrice_mean

BrandedDummy | -1.197123 2925824 Total
0 1021 0 1021

1 0 46 46
Total 1021 46 1067

Tabulation of BrandedDummy logPrice_mean when ATC is CO8CA01

logPrice_mean

BrandedDummy | -.0846314  1.432484 Total
0 2301 0 2301

1 0 213 213

Total 2301 213 2514

Tabulation of BrandedDummy logPrice_mean when ATCis C09AA02

logPrice_mean

BrandedDummy | -.1005966 3661915 Total
0 1173 0 1173

1 0 74 74
Total 1173 74 1247

Tabulation of BrandedDummy logPrice_mean when ATC is C09CA04

logPrice_mean

BrandedDummy | 3815852  1.389575 Total
0] 1256 0 1256

1 0 67 67
Total 1256 67 1323

Tabulation of BrandedDummy logPrice_mean when ATCis CI0AA01

logPrice_mean

BrandedDummy | 3098771 1412973 Total
0 956 0 956

1 0 136 136

Total 956 136 1092

Tabulation of BrandedDummy logPrice_mean when ATC is CI0AA05

logPrice_mean

BrandedDummy | 1.361764  2.209191 Total
0 683 0 683

1 0 470 470

Total 683 470 1153
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Tabulation of BrandedDummy logPrice_mean when ATC is CI0AA07

logPrice_mean

BrandedDummy | 1.326909  1.986668 Total
0 1596 0 1596

1 0 179 179

Total 1596 179 1775

Tabulation of BrandedDummy logPrice_mean when ATC is DO1AE15

logPrice_mean

BrandedDummy | 1.340227  2.405505 Total
0 825 0 825

1 0 32 32

Total 825 32 857

Tabulation of BrandedDummy logPrice_mean when ATC is D07AA01

logPrice_mean

BrandedDummy | 2.658635  2.758338 Total
0 1107 0 1107

1 0 292 292

Total 1107 292 1399

Tabulation of BrandedDummy logPrice_mean when ATC is G04BE03

logPrice_mean

BrandedDummy | 3.20078 3.82936 Total
0 406 0 406

1 0 154 154

Total 406 154 560

Tabulation of BrandedDummy logPrice_mean when ATC is H01CB02

logPrice_mean

BrandedDurmmy | 3.392117  6.507257 Total
0 1614 0 1614

1 0 127 127

Total 1614 127 1741

Tabulation of BrandedDummy logPrice_mean when ATC is JOIDB09

logPrice_mean

BrandedDummy | 9429331  2.306326 Total
0 1040 0 1040

1 0 123 123

Total 1040 123 1163

Tabulation of BrandedDummy logPrice_mean when ATC is JOIDH51

logPrice_mean

BrandedDummy | 5.291308  5.694614 Total
0 915 0 915

1 0 62 62

Total 915 62 977
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Tabulation of BrandedDummy logPrice_mean when ATC is L0O1BA04

logPrice_mean

BrandedDummy | 6.787386 7.66196 Total
0 922 0 922

1 0 239 239

Total 922 239 1161

Tabulation of BrandedDummy logPrice_mean when ATC is M01AC05

logPrice_mean

BrandedDummy | 1.121957  1.322568 Total
0 205 0 205

1 0 20 20

Total 205 20 225

Tabulation of BrandedDummy logPrice_mean when ATC is M05BA02

logPrice_mean

BrandedDummy | 3.482912  4.220175 Total
0 187 0 187

1 0 77 77

Total 187 77 264

Tabulation of BrandedDummy logPrice_mean when ATC is N03AF01

logPrice_mean

BrandedDummy | .0180832  1.504435 Total
0 816 0 816

1 0 159 159

Total 816 159 975

Tabulation of BrandedDummy logPrice_mean when ATC is N03AF02

logPrice_mean

BrandedDummy | 1.82616 2.536251 Total
0 307 0 307

1 0 188 188

Total 307 188 495

Tabulation of BrandedDummy logPrice_mean when ATCis N03AX14

logPrice_mean

BrandedDummy | 2.775971  3.215427 Total
0 607 0 607

1 0 149 149

Total 607 149 756

Tabulation of BrandedDummy logPrice_mean when ATC is N05AH03

logPrice_mean

BrandedDummy | 2.291611  3.739169 Total
0 772 0 772

1 0 117 117

Total 772 117 889
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Tabulation of BrandedDummy logPrice_mean when ATC is N06AX21

logPrice_mean

BrandedDummy | 2.513352 2.88979 Total
0 119 0 119

1 0 211 211

Total 119 211 330

Tabulation of BrandedDummy logPrice_mean when ATC is R03DC03

logPrice_mean

BrandedDummy 1.8563 2.653926 Total
0 399 0 399

1 0 117 117

Total 399 117 516

Tabulation of BrandedDummy logPrice_mean when ATC is RO5CB06

logPrice_mean

BrandedDummy | 3.606687 3715805 Total
0 582 0 582

1 0 75 75

Total 582 75 657

Tabulation of BrandedDummy logPrice_mean when ATC is S01AA27

logPrice_mean

BrandedDummy | 4890891 1.093453 Total
0 1710 0 1710

1 0 152 152

Total 1710 152 1862
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