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Abstract
Improving affordability while containing overuse is a core tension in pharmaceutical
pricing. This paper evaluates this trade-off by studying a drug procurement program in
China, which brought down the prices of 10 chronic condition drugs by an average of
78%. Using a difference-in-differences design with a set of comparable drugs as controls,
we find that this improvement in affordability led to a significant increase in demand
by uninsured patients, whose purchases of treated drugs increased by 28.4% more than
the insured. This demand response came both from new and existing medication takers.
Drug adherence was improved for the uninsured who had poorer adherence at baseline
but overuse was not affected. Our findings suggest that the purchasing power of the
government to negotiate down drug prices can significantly improve affordability for the
uninsured without increasing overuse, at least in the case of chronic conditions which
increasingly account for a large share of the disease burden in developing countries.
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Introduction

Globally high and rising pharmaceutical prices are challenges faced by both governments and
patients (Abbott, 2016). While government interventions to lower drug prices may improve
affordability, the possible costs include squeezing out innovation incentives and the risk of
overuse of drugs. The possibility of overuse has both been argued theoretically (Arrow, 1963;
Pauly, 1968) and documented empirically by the existence of moral hazard in healthcare
settings (Einav and Finkelstein, 2018). In particular, patients may increase the utilization of
low-value or even unnecessary care in response to lower out-of-pocket costs (Newhouse and
the Insurance Experiment Group, 1993; Iizuka and Shigeoka, 2018).
In developing countries, both the affordability and overuse concerns are amplified. On one
hand, the cost of care may seem exorbitant for the low income, given the potential crowd-out
of basic necessities (Dupas, 2011; Gross et al., 2020; McIntyre et al., 2006). Further, low
insurance coverage exposes patients to higher out-of-pocket costs (Pauly et al., 2006; Habib et
al., 2016). On the other hand, the concern of overuse is also greater since healthcare markets
in developing countries are usually characterized by providers’ gate-keeping function being
poorly performed, leading to unregulated supply of prescription drugs (Das et al., 2016;
Zhao et al., 2021). As a result, the affordability and overuse trade-off is more salient and
needs to be carefully evaluated as making drugs affordable is an increasingly urgent task
for governments in the developing world due to its vital necessity for public health (World
Health Organization, 2017). However, there is little evidence on this trade-off for developing
countries in prescription drug settings1 .
In this paper, we evaluate this trade-off by studying a national drug procurement program
in China. The idea of the program was to increase buyers’ bargaining power by demand
aggregation. In the pilot stage in 2019, with demand aggregated from 11 major Chinese
cities with a total population of 130 million, the program successfully negotiated down the
price of 25 commonly prescribed drugs by an average of 52%2 . Following the success of the
pilot, this reform got quickly expanded for the whole country and as of August 2021, four
more rounds of procurement were conducted, affecting an additional 194 drugs.
We focus on the 10 drugs for chronic conditions related to the cardiovascular system in the
pilot stage. The conditions treated by the 10 drugs are Hypertension (HTN), High Cholesterol (HC), and Atherosclerosis, among the most common chronic conditions people suffer
1
There is evidence from over-the-counter health products (bednets, water purification kits and antimalarials). Studies on the pharmaceutical price control policies in India (Dean, 2019; Mohapatra and Chatterjee,
2021) have mainly focused on the strategic responses from the pharmaceutical companies.
2
Drugs are considered at generic name (chemical compound) level during the procurement process.
Throughout this paper, we refer to a drug by its generic name.
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from. Because those conditions require long-term medication with as little interruption as
possible, drug adherence and overuse could then be measured by tracking patients’ prescription refills. The incentives of patients and the social planner should also in principle coincide
in this case because these conditions are not contagious and medication does not generate
drug resistance concerns. The 10 drugs we study are all off-patent drugs and the negotiation
mainly happens with domestic generic drug producers3 . The average price drop of the 10
drugs in our study context is 78%4 .
However, there are known to be many non-price barriers to the adoption of high-return
health products, making it ex-ante unclear to what extent improvement in affordability
could increase utilization. Empirical evidence has shown that individuals’ willingness to
pay could be much lower than their expected benefits among the low-income population
(Finkelstein et al., 2019) and in developing countries (Dupas, 2011; Banerjee et al., 2010).
Lack of trust (Lowes and Montero, 2021) and information (Dupas and Miguel, 2017) are
two important constraints. In our particular setting, behavioral bias could also play an
essential role. Because chronic condition medication does not provide immediate symptom
relief but mainly lowers the future risk of health shock, salience and present bias will lead
to underutilization as in the case of preventative care (Baicker et al., 2015; Bai et al., 2017;
Carrieri and Bilger, 2013). The awareness of these chronic conditions is also found to be low5 ,
further adding to the ambiguity of whether the cost is a key barrier to take-up. Therefore,
the magnitude of demand response is an empirical question.
Using as controls a set of drugs that also treat chronic conditions but belong to different
therapeutic classes than the treated drugs, we implement a difference-in-difference strategy
to identify the effect of this program. We define all drugs that belong to the same therapeutic
class as the price-reduced drugs as treated and the classification is based on the Anatomical
Therapeutic Chemical (ATC) code system from the World Health Organization (WHO) and
medical treatment guidelines.
We split the sample by their insurance status and examine both the absolute and differential responses of the insured and uninsured. The uninsured are not only paying the full cost
out-of-pocket, but are also more likely to be the migrant workers without formal sector jobs
3

The focus of this paper is primarily on the impacts on patient behavior. However, the fact that this is
done in the context of generics suggests that the innovation incentive margin is less likely to be affected.
4
This is calculated by comparing the prices of the bid-winning drugs and that of the most popular drugs
sold under the same generic name before the reform, which are primarily brand name drugs by multinationals.
Thus it is mainly a reduction in markups due to monopolistic power.
5
Lu et al. (2017) shows that in a large-scale population-based screening project among adults aged 35-75
years in China, only 44.7% of those who have hypertension were aware of their diagnosis. Similar rates
of awareness are documented in other developing countries (Chow et al., 2013; Awareness, treatment, and
control of hypertension and related factors in adult Iranian population, 2020).
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and earning lower wages. In contrast, insured patients have a coinsurance rate of 10% after
a deductible and are more likely to have higher income6 . For an uninsured patient with one
chronic condition in our sample, the average drug cost could take up 9.5% of the monthly
income for someone located at the 20th percentile of the income distribution in our study
area7 . 78% price reduction would thus meaningfully increase affordability to the uninsured.
Drug purchases were measured from the visiting records of more than 300 community
healthcare centers covering one entire district in Beijing. The district has a population of
over 3 million and in the two-year period that our data covers, we observe the visiting record
of 1.4 million patients. The community healthcare centers are the major healthcare facilities
providing care for chronic conditions8 . The community healthcare centers do not generate
any revenue from drug sales following the Zero Markup Policy (ZMP) implemented in 2017,
which requires that medicines be sold to patients at the purchase price. This data allows us
to track patients’ prescription refills over time and thus we can measure treatment adherence
at the individual level.
We first document a stronger demand response from the uninsured than from the insured.
The uninsured, who experienced greater improvement in affordability, increased purchases
of drugs in the treated therapeutic classes by 28.4% more than the insured, for whom the
absolute response is insignificant. Breaking down the total effect, we find that the increase
in drug purchases from the uninsured was largely driven by the increases in the number of
prescriptions with the treated drugs and the number of patients purchasing them (accounting
for 94.2% of total effect), as opposed to an increase in dosage purchased per prescription. A
further decomposition shows that 37.6% of the overall increase in drug purchases came from
patients purchasing those drugs for the first time in the uninsured group. This implies that
the price reduction brought in new patients to initiate the treatment, and meanwhile boosted
the demand from the patients who had been undergoing treatment before the program. The
stronger response from the uninsured suggests that the program achieved its goal of making
drugs affordable and cost is a key barrier to the take-up of medication for those in need.
To measure drug adherence and overuse, we borrow a measure from the medical literature Medication Possession Ratio (MPR) (Peterson et al., 2007), which is calculated by dividing
the dosage purchased (days) over the days between two prescription refills. We use the
6

There are three types of public health insurance in China. The type of insurance patients are covered
under is determined by the employment and Hukou registration status and thus is not subject to individual’s
preference. Those with formal sector jobs have the insurance with the most generous coverage. In the main
analysis, we consider those with the most generous insurance coverage as the “insured” sample.
7
Monthly drug cost is estimated using the pre-period monthly drug expenditure of the insured. The 20th
percentile of monthly income is RMB1993.8 in 2018 according to Beijing Municipal Bureau of Statistics
(http://tjj.beijing.gov.cn/tjsj 31433/yjdsj 31440/jmsz 32036/2018/202002/t20200217 1647256.html).
8
Nationwide public health facilities delivers 90% of healthcare services and account for around 80% of
drug sales (Yip et al., 2012). Prescription drugs are even more frequently filled at public health facilities.
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average maintenance dose per day provided by the ATC classification system to convert
the drug purchases into the number of days it can cover. For the set of chronic conditions
we study, patients are supposed to be on long-term medication, which implies an optimal
benchmark of MPR being 1.
Regarding the effect of the program on drug adherence, we find a significant reduction
in drug underuse for the uninsured and a corresponding increase in the likelihood of being
around the clinically optimal level as measured by MPR. Regression analysis shows that the
shift in MPR distribution mainly happened in prescriptions with MPR below 0.77 moving
to between 0.77 and 1. Quantifying the effects on mean MPR by the difference-in-difference
framework, the program closed 19.9% of the gap in drug adherence of treated drugs between
the insured and uninsured. There is better drug adherence for both the new and existing
drug takers for the uninsured.
If anything, there was a shrinkage of the upper tail of the distribution for MPR, showing
that the overuse was not exacerbated by the price reduction. For the uninsured, we find
that the distribution of MPR anywhere greater than 2 was not affected. For the insured,
there were actually reductions in the likelihood of prescriptions with any MPR larger than
2. In particular, the likelihood of MPR greater than or equal to 4 decreased by 0.005, a 7.7%
reduction of baseline. This likely reflects a reduction in hoarding or reselling, because the
price reduction lowers the dollar value difference in the out-of-pocket cost of the insured and
the retail price.
This paper makes several contributions to both research and policy. First, we contribute to
the literature on the price responsiveness of prescription drugs. In particular, we document
a stronger responses from the uninsured, suggesting that elasticities among the low-income
population and in developing countries might be different from a high-income, highly-insured
setting. With many people lacking insurance, the extensive margin response driven by increases in the number of patients seeking care can be sizable. Most of the existing evidence
documents moderate elasticities and is from high-income countries based on the discontinuous change in insurance plan coverage (Goldman et al., 2004; Einav et al., 2015, 2018). Our
findings also relate to the literature on the low take-up of potentially cost-effective health
services and products in developing countries (see Dupas and Miguel (2017) for a review).
And our evidence confirms the importance of price as a key barrier to the take-up of effective
healthcare (Finkelstein et al., 2019).
The reason why there is no increase in overuse is worth discussing for consideration of the
generalizability of the finding. The first possibility is that the Chinese healthcare system is
playing an exceptionally good role as gatekeepers for preventing over-prescription. However,
given the scale of antibiotics over-prescription (Zhao et al., 2021), and the fact that the MPR
4

distribution has a long right tail, good gatekeeper is not likely to be the story. Another
plausible explanation is that chronic condition patients often suffer from biases that lead to
below-optimal drug utilization. And lower prices correct for them.
In a related manner, this study highlights the heterogeneity in the tradeoff between affordability and overuse among different health products and services. While overuse is often
discussed in a broad way (Arrow, 1963; Pauly, 1968; Finkelstein et al., 2012; Brot-Goldberg
et al., 2017; Einav and Finkelstein, 2018; Iizuka and Shigeoka, 2018), it depends crucially
on the nature of the illnesses and treatment, and in particular, the specific biases that lead
to sub-optimal utilization. For treatment of chronic diseases, the concern for overuse might
be second-order relative to affordability, given the high cost-effectiveness of treatment (Park
et al., 2017) and the behavioral biases that often lead to under-utilization (Baicker et al.,
2015). This also relates to the discussion of value-based health insurance design (VBID)
(Chernew et al., 2007), which argues for cost-sharing to vary by the value of services or
products instead of a uniform coinsurance schedule.
On the policy side, we provide the first evidence on the impact of the government using
its bargaining power to negotiate down drug prices from a developing country setting. High
and rising pharmaceutical price is a growing challenge for all countries (Abbott, 2016).
Drug productions exhibit increasing returns to scale and thus governments countervailing
bargaining power to negotiate down the rents might lead to welfare gains, especially for
the off-patent drugs9 . Chronic conditions impose an increasingly heavy burden for not
only the developed countries but also the developing world as a result of demographic and
epidemiological changes (Bollyky et al., 2017). They are the leading cause of death and a
significant challenge to development due to the loss of productive life years (World Health
Organization, 2011; Stevens et al., 2016).
The rest of the paper is organized as follows. Section 2 discusses the background. Section
3 presents a conceptual framework. We describe the data and research design in Section 4
and the result in Section 5. In Section 6 we discuss the policy implications and conclude.

2

Background

2.1

Chronic Condition Drugs and National Procurement Program

Drugs in developing countries are often found to be beyond the reach of the people who need
them most due to cost (Silverman et al., 2019). The missing “patent cliff”, characterized by
9

This would, however, rely on assumption that the chosen length of the patent provides the optimal
trade-off in innovation incentive and efficiency loss from market power. In fact, Morgan et al. (2020) argues
drug prices often exceed reasonable compensation for firms’ investment in research.
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elevated prices and high market shares of brand name drugs even after the generics are legally
introduced to the market, is often observed in the pharmaceutical markets of developing
countries as a contributing factor to the high drug prices (Danzon et al., 2015). Prevalence
of substandard and falsified medicines leads to the low competitiveness of generics, which
further dampens patients’ trust in domestically produced cheaper substitutes on top of the
issue of asymmetric information that patients usually face when seeking healthcare. China
is no exception. In our data coverage period before the reform (Mar-Dec 2018), Lipitor,
the brand name drug of atorvastatin (chemical name) by the famous multinational Pfizer,
took up 80% of the market share of atorvastatin, and 47% of the market share of all statins
in spending, even though the brand name drug had lost its patent protection for almost 7
years (since November 2011). And the most popular branded generics cost around only half
of the price of the brand-name drug with the same packaging, dosages, and strengths. The
10 chronic condition drugs we study all had similar market structures at the time that the
centralized procurement program was carried out.
Like the rest of the world, China is facing an increasing burden of chronic diseases, and
the fact that it usually requires continuous treatment imposes high economic burdens for
households (World Health Organization, 2011). Chronic conditions related to cardiovascular
systems including hypertension (HTN) and high cholesterol (HC) are becoming increasingly
common among the population, for which proper and timely treatment is essential and
effective in preventing costly complications including stroke and heart attack. Yet the level
of treatment is low - according to several studies, only around 30.1% of people in China with
hypertension are taking prescribed antihypertensive medications (Lu et al., 2017).
As an effort to make drugs more affordable to patients, and also to contain the rising
healthcare expenditure, in November 2018, the Chinese National Healthcare Security Administration announced that a National Procurement Program would be launched and it
would be first piloted in 11 major Chinese cities. Before this program, procurement and negotiation were usually conducted at the provincial or municipal level. The idea is to increase
buyers’ bargaining power by aggregating demand from previously segmented markets. Besides, this program would also lower the transaction cost due to decreases in the procurement
processes each pharmaceutical company needed to go through. To further create incentives
for the bidders to offer lower prices, the bid winning drugs would be included in the National
Reimbursement Drug List (NRDL), and were promised 60-70% of the market share of all
public healthcare facilities in the participating regions10 . The benefits from winning the bid
for pharmaceutical companies were truly meaningful - it came not only from the huge popu10

State Council of the People’s Republic of China, Jan 1st, 2019. http://www.gov.cn/zhengce/content/
2019-01/17/content 5358604.htm
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lation size in China, but also the fact that the basic public health insurance now covers 95%
of the population, and public healthcare facilities deliver more than 90% of the country’s
healthcare services (Yip et al., 2012). The program also has a component for quality control
- the eligibility of making a bid includes a requirement for the generics having passed the
“Generic Quality Consistency Evaluation (GQCE)” 11 . Passing the evaluation implies the
generic is bioequivalent to the original drug. Though there are debates about the equivalence in actual clinical efficacy, in principle generics are considered equal substitutes for the
corresponding brand name drugs once passed the GQCE12 .
The 11 major cities in the pilot have a total population of around 1.3 hundred million.
A total of 25 drugs specified at the chemical compound level were included in the pilot, of
which 10 drugs are for cardiovascular system related chronic conditions. On Dec 17th, 2018,
the list of bid-winning pharmaceutical manufactures was announced, together with the drug
strengths, packaging, and retail price. In Beijing, the context of our study, the reduced-price
drugs became available to patients in all public healthcare facilities on Mar 22nd, 2019. The
reform got quickly rolled out to the rest of the country in September 2019. As of August
2021, there had been 4 rounds of subsequent procurement conducted, affecting an additional
194 drugs. And the private retail drugstores were also allowed to participate in the program
starting from the second round.
The program successfully achieved its goal of lowering drug prices. The 25 drugs included
in the pilot had an average price decrease of 52% according to the official document. As for
the 10 chronic condition drugs this study focuses on, compared with the most popular brand
name versions before the reform, the observed average price drop in our study context is
78.6%. The maximum price drop is 96.5% from Amlodipine Besylate Tablets, a commonly
used drug for high blood pressure. 9 out of the 10 chronic drugs contracts were won by
domestically produced generics, except for fosinopril sodium tablets. Bristol-Myers Squibb
Company, the producer of the originator drug known under the brand name “MONOPRIL”,
won the bid with a price cut of 69.2%. Drugs included in the program are mainly those that
have a high overall demand among the population.

2.2

Public Health Insurance and Community Healthcare Center

Since 2003, China has started to introduce universal basic healthcare coverage for the entire
population. According to government statistics, as of 2018, 95% of the citizens are covered
11
State Council of the People’s Republic of China, Feb 6th, 2016. http://www.gov.cn/zhengce/content/
2016-03/05/content 5049364.htm
12
Food and Drug Administration. Generic Drugs: Questions & Answers: https://www.fda.gov/drugs/
questions-answers/generic-drugs-questions-answers
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by some form of public basic health insurance13 . There are a total of three different types
of public health insurance, one for rural residents, called New Rural Cooperative Medical
Scheme (NRCMS), and two for urban residents, named Urban Employee Basic Medical Insurance (UEBMI) and Urban Resident Basic Medical Insurance (URBMI). UEBMI is provided
to those with formal sector jobs and is funded by payroll deduction, employer contributions,
and government subsidies. URBMI is designed for other urban residents, including children,
the elderly, and the self-employed. URBMI and NRCMS are both funded by individual
premiums and government subsidies. The way insurance type is determined leaves almost
no room for individual choice. The public health insurance fund is usually managed at the
provincial level and thus coverage details for the same type of insurance have substantial
variations across regions. Another issue that comes with unintegrated management is a
barrier to getting insurance coverage in locations other than one’s registration place. As a
result, though 95% of citizens are covered by public insurance, many people still need to pay
the full cost out-of-pocket when seeking care, especially for the migrant workers who have
their insurance registered at home and do not have a formal job in the big cities. In fact, we
observe 24% of the sample in our data showing up as having no insurance coverage, who are
highly likely to be the migrant workers in Beijing. There are no financing options available
- patients need to pay all the out-of-pocket cost at the point of care.
Beijing, the context of this study, is one of the most economically developed provincial
units in the country and thus offers more generous insurance coverage for its residents. The
specific area that our community healthcare centers are located in is an urban area without
any rural administrative region. Therefore the local residents would be covered by either
one of the two types of insurance for urban residents. The coverage details for UEBMI and
URBMI at the primary care facilities are shown in Table 1. There is an annual deductible
that the out-of-pocket payment needs to reach before patients enjoy the low coinsurance
rate. For people with UEBMI, the coinsurance is 10%. The coverage is less generous for
URBMI patients, featuring a higher coinsurance and lower maximum benefit.
Community healthcare centers are state-owned, not-for-profit primary care facilities. They
provide residents with basic healthcare services, and chronic disease management is one of
their major services. The prescriptions for the set of chronic condition drugs we study are
most likely to be filled at these centers due to the following reasons. First, in Beijing, these
centers are densely located and private drugstores do not have the advantage in accessibility except for their longer hours of operation than the public facilities. Over 90% of all
residents in Beijing have access to a community healthcare center within 1km of their resi13

Source: National Healthcare Security Administration http://www.nhsa.gov.cn/art/2019/10/15/
art 26 1852.html
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dence. Second, they offer lower prices than other private retail drugstores even before this
national centralized procurement program, because these centers’ pharmacies get their drug
stocks through a city-level procurement platform. The public centers, in contrast to retail
drugstores, have a zero mark-up on drug sales, due to the Zero Markup Policy (ZMP), a
policy that has been in place for all public healthcare facilities in Beijing since Apr 8th,
2017 14 . Thirdly, patients with public insurance only need to pay their copayment part at
the time of care at those centers, a feature that is not available at all private drugstores.
And the coinsurance rate under the public health insurance for medicine spending is lower
at these community health care centers compared to other (secondary or tertiary) hospitals.
Finally, due to the lack of competitive advantage on those basic prescription drugs, private
retail drugstores usually specialize in over-the-counter drugs or some higher-end prescription
drugs that are not available in public healthcare facilities.

3

Conceptual Framework

In this section, we will present a conceptual framework to briefly discuss some primitives
that could be driving the outcomes and their welfare implications.
Let us consider a simplified setup in the spirit of human capital theory (Grossman, 2000)
with health as a commodity that households value in itself. For those who are diagnosed
with the chronic conditions we study, pharmaceutical treatments are similar to preventive
care in that they lower the risk of future severe health events (for example, strokes and heart
attacks). Let st indicate the occurrence of such health events, meaning that utility will be a
decreasing function of st 15 . Suppose that the disutility from the health shock is x. In each
period, health shock occurs with probability πt . We will consider medication taking (medt )
as a continuous variable with support being [0,1]. medt being 0 indicates non-takeup and 1
indicates fully adhering to the treatment regimens. For simplicity, we consider a two period
problem, where households take π0 as given and consume all their endowment in period 1.
Assuming that utility is additively separable, the household problem could then be described
14

The Zero Markup Policy is first brought up in the national medical and healthcare system reform guidelines in 2009 (http://www.gov.cn/zwgk/2009-04/07/content 1279256.htm). The policy is implemented in Beijing on Apr 8th, 2017 (The People’s Government of Beijing Municipality 3/22/2017:
http://www.beijing.gov.cn/zhengce/zhengcefagui/201905/t20190522 60088.html).
15
st should be thought of as an adverse health shock that lowers the household’s existing health stock,
which we do not model explicitly.
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as follows:
max U (c0 , s0 ) + δE0 [U (c1 , s1 )]

(1)

U (c, s) = u(c) − 1(s)x

(2)

s.t. c0 + pm med0 = w

(3)

π1 = f (π0 , med0 )

(4)

c0 ,med0

We assume that the utility function is well-behaved16 . δ is the discount factor. Equation (3)
describes the budget constraint, where w represents the endowment in each period. With
the price for consumption being our numéraire, we denote the price for medication with pm .
Equation (4) describes that the probability of health shock in period 1 (π1 ) is a function of
both π0 and med0 17 . Then the household will choose to take the medication if
0
u0 (w)pm ≤ δ[−xfmed
(π0 , 0)]

(5)

If there is interior solution, the optimal level of medication needs to satisfy the following
condition
0
u0 (w − pm med∗t )pm = δ[−xfmed
(π0 , med∗t )]

(6)

Intuitively, patients will take medication up to the point where marginal cost equals the
marginal benefit from treatment. The model first implies that the uninsured in our context
are more likely to choose not to take medication at baseline18 . They face higher out-of-pocket
prices (pm ) and lower endowment levels (w) and thus higher marginal utility of consumption,
which together makes the participation constraint (5) less likely to hold.
A reduction in pm will generate increased medication utilization through both an income
and substitution effect by reducing the relative price of medication and expanding the household’s budget set. On the extensive margin, we should expect an increase in takeup. On the
intensive margin (those who have been undergoing treatment before the price reduction), the
model predicts an increase in drug utilization if the individual had not been fully adhering
to their treatment regimens.
U 0 (c) > 0 and U 00 (c) < 0
0
00
We can reasonably assume fπ0 > 0 and fmed
< 0. And for tractability, we assume fmed
= 0 in equations
(5) and (6), i.e. the return to medication is constant.
18
In a population-based screening project covering 1.7 million adults in China, Lu et al. (2017) documented
that among people with hypertension, no insurance coverage, lower household income and education level are
strong predictors for not getting treated for the condition. In particular, the odds ratio of getting treatment
for the uninsured is 0.76 relative to the insured.
16

17
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There are potential inefficiencies in the demand response because the private cost and
privately perceived benefit from treatment might deviate from the social costs and benefits.
In this setting, wedges between private and social costs and benefits can arise through several
channels. The first is the traditional moral hazard issue. With insurance, the out-of-pocket
cost of medication (pm ) is lower than the price paid by the society, which leads to overuse of
medication because the cost of the individual’s excess usage is spread over all other insurees
or governments in cases of government subsidized social insurance.
In our empirical context, one of the primary populations of interest is the uninsured. Note
that the prices the uninsured pay for pharmaceutical treatments coincide with the prices
the government pays to manufacturers. For this population, we are thus analyzing a case in
which the social and private cost of treatment decline together, which eliminates the standard
moral hazard consideration. As discussed below, however, there are additional reasons why
these individuals might engage in either over-use or under-use of care.
Even among the insured, however, the welfare losses from the moral hazard response
could be counteracted if there are wedges between private and social benefits that tend to
cause underutilization. In the context of chronic condition treatment, this is indeed the
most frequently discussed issue by health practitioners and policymakers. Pharmaceutical
treatment is highly cost-effective in preventing costly complications, yet the treatment takeup and adherence are low19 .
The wedge between social and private benefits could first come from the fact that the
cost of health events is usually partly borne by the society, as there are increasing efforts to
provide protection for catastrophic health expenditure by social insurance (Xu et al., 2007;
World Health Organization, 2005). Secondly, lower-income individuals are documented to
have lower willingness to pay for a Quality-Adjusted Life Year (QALY) (Martı́n-Fernández
et al., 2014), while in consideration of health equity the society imposes equal value for
QALY regardless of gender, race, socioeconomic status20 . Both of these considerations raise
the possibility that individuals may undervalue the cost of adverse health events (x in our
framework) relative to the value assigned to such events by society and thus undervalue the
benefit of the risk reduction from pharmaceutical treatments.
Finally, behavioral hazard, which argues that people may make mistakes in healthcare
utilization (Baicker et al., 2015), might also result in privately perceived benefit different
19
Park et al. (2017) shows that all antihypertensives were cost-effective by summarizing the abundant
evidence from randomized controlled trials. Yet in China, Lu et al. (2017) shows that only 30.1% of those
who have hypertension were taking prescribed antihypertensive medications.
20
Cost-effectiveness for health interventions is usually accessed by the cost per Disability-Adjusted Life
Year (DALY). WHO: Cost-effectiveness analysis for health interventions: https://www.who.int/heli/
economics/costeffanalysis/en/
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from social benefit of treatment. It has been documented that patients respond to small
increases in copayment by reducing highly cost-effective treatment, which can not be reconciled with a rational household model without the behavioral factors (Brot-Goldberg et
al., 2017; Chandra et al., 2010, 2021). Salience and time inconsistency (δ < δ social planner )
are the first possible contributors to this wedge because chronic conditions like hypertension
and high cholesterol do not have salient symptoms and because the benefits of treatment
may only be realized in future periods. Besides, households might fail to assess the true risk
0
actual
0
6= fmed
). In the discussion before, for simplicity,
reduction brought by medication (fmed
we assumed f to be a linear function of med, but clinically, f could take a more complicated
form with increasing returns to medication as patients get closer to full adherence. Failure
to understand how adherence specifically enters the production function f could lead to
under-utilization even conditional on take-up21 .
With all the forces discussed above, the welfare implications from the increase in medication utilization is ambiguous. In the empirical analysis, we will use the Medication Possession
Ratio (MPR) as the measure for rational drug utilization and examine how the price reduction shifts the distribution of MPR.

4
4.1

Data and Empirical Strategy
Data

Our primary data source is the transaction records from all community healthcare centers in
one administrative district of Beijing, covering the period of 3/23/2018-3/22/2020, which is
one year before and one year after the implementation of the program. The administrative
data allow us to accurately measure drug purchases, our primary outcome of interest. For
each visit, the data records the patient’s age, gender, diagnosis, drugs purchased, and examinations, services acquired. Apart from total spending, the data also show the breakdown of
out-of-pocket and insurance-covered portions, from which we identify the insurance scheme
each patient is covered under, though it is not directly reported in the data.
For each entry of drug purchases, the data records the generic name of the drug, the
strengths, packaging, unit price, and total quantity purchased. With this information, we
are able to measure the total dosage purchased for drugs under the same generic name in a
unified way (the most common unit is milligrams). For example, for an atorvastatin purchase
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Zhou et al. (2018) shows that treated but uncontrolled hypertensive patients were still at significantly
higher risk of mortality than normotensives, but treated and controlled hypertensive patients were not. In
a multinational study, Chow et al. (2013) shows that only 32.5% of those under antihypertensive treatment
had their blood pressure controlled. In China, the corresponding number is 23.9% (Lu et al., 2017).
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record with drug strength being “20mg/tablet” and packaging being “7 tablets/bottle”, we
record the dosage purchased in this transaction as 140mg if the patient purchased 1 bottle,
280mg if 2 bottles, and so on.
To characterize the relationship among drugs under different generic names, we complement the administrative data with the Anatomical Therapeutic Chemical (ATC) Classification system from the World Health Organization22 . Under this system, a unique code is
assigned to each medicine (at the chemical compound level) according to the organ or system on which they act and their therapeutic, pharmacological, and chemical properties. The
code has a total of five levels. Two drugs that only differ in the fifth level ATC code would
be considered close substitutes for each other. For example, the ATC code is “C10AA05”
for atorvastatin and “C10AA07” for rosuvastatin. Both are statins (“HMG CoA Reductase Inhibitors”) that lower cholesterol levels and work by blocking a substance the body
needs to make cholesterol. We manually match all the drugs treating cardiovascular system
related chronic conditions and diabetes to their corresponding ATC codes. With this information and medical treatment guidelines for HTN, HC, and Diabetes, we are able to classify
drugs commonly used for these three conditions into therapeutic classes (see Appendix A
for details).
In the ATC classification system, Defined Daily Dose (DDD) are assigned for some medicines
given an ATC code. DDD is defined as the assumed average maintenance dose per day for a
drug used for its main indication in adults. With this information, we are able to convert the
unified measure of drug dosage purchased into dosage measured in the number of days that
the drug can cover, which yields a measure that is comparable across drugs under different
generic names and also easier to interpret. For example, the DDD for atorvastatin is “20mg”.
So a purchase of 280mg will be equivalent to 14 days of dosage purchased. We use this as
the main outcome of interest in the drug level analysis.
Table 2 presents the summary statistics at the patient (Panel A) and drug levels (Panel
B, C, and D). The patient level statistics show that more than half of the patients (58%)
are men and the average age is 51 years old. Around 36% of the sample have purchased
at least one of the 10 treated chronic condition drugs during the sample collection period,
indicating that consistent with the policy document, the drugs included in the reform are
indeed commonly used drugs among patients. Patients with UEBMI take up more than half
of the sample (53%) and even though 95% of people in China are covered by some form of
public health insurance as stated in official statistics, there are still 24% of patients showing
up as having no insurance coverage. As mentioned earlier, they are likely to be migrant
22
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workers in Beijing without a formal sector job. A sufficient share of patients seeks care
for chronic conditions at these primary care facilities. Of the several conditions we study,
hypertension is the most common one, which 28% of the patients have been diagnosed with.
We aggregate the total dosage (days) purchased of each drug (at chemical compound level)
by year-month to estimate the effect of the price change on overall drug purchases. Drug
level statistics (Panel B, C, and D in Table 2) show that the dosage purchased by patients
with UEBMI is much higher than twice that by the uninsured, though the share of patients
with UEBMI is around twice the share of uninsured from the patient level statistics. This
implies that on a per capita basis, the uninsured are purchasing much fewer drugs than the
insured. The average daily dosage cost per drug is RMB 5.86 for the insured. The out-ofpocket cost is reduced to RMB 0.95 due to insurance coverage. This overall coinsurance rate
is higher than 10% since some patients might be under deductible at the time of the drug
purchases. The cost per daily dosage is slightly lower in the uninsured group because the
uninsured tend to choose the cheaper options under drugs with the same generic name (for
example, choose generics over the brand name). The drug purchases and cost of patients
with URBMI lie in between that of patients with UEBMI and the uninsured.

4.2

Empirical Strategy

We use difference-in-differences (DiD) as the main specification to estimate the effect of the
price change on various outcomes of interest. To take into account the potential substitution,
we consider all drugs in the therapeutic classes that include the drugs directly affected
by the program as treated. The 10 reform drugs belong to four therapeutic classes. One
class is for the treatment of Thrombosis (ATC Classification B01 “Antithrombotic Agents”).
Two classes are for Hypertension (ATC Classification C08 “Calcium Channel Blockers” and
C09 “Agents Acting On The Renin-Angiotensin System”). And the fourth class is “HMG
CoA Reductase Inhibitors” for high blood cholesterol, commonly known as “statins” (ATC
Classification C10AA). As such, we have an additional 29 drugs that are considered treated,
besides the 10 drugs that are centrally procured.
The set of control drugs includes those in the other therapeutic classes for the treatment of
Hypertension, High Cholesterol, and all the other drugs with the first level ATC Code being
“C”, which is the category of drugs for “Cardiovascular System”. We also include drugs that
treat diabetes as control, which is another common chronic condition among the population.
Drugs for diabetes are classified under ATC Code “A10”. We will test the robustness of the
main result when excluding the diabetes drugs as control. The details of treated and control
drugs are presented in Appendix A.

14

The other dimension of variation is before and after the program. The program is announced on 12/17/2018 and the price reduction is in place on 3/23/2019. In the main
specification, we consider April to December in 2018 as the pre-period and April to December 2019 as the post-period, dropping the observation from January to March in both 2019
and 2020. This will give us the cleanest effects of the price reduction itself because first, in
the period between the announcement and the actual implementation (January to March
2019), patients might have already started to change their behavior in anticipation of the
actual price change. Second, the COVID-19 hit in January 2020 (the lockdown in Wuhan
happened on January 23, 2020), which severely limited people’s mobility and generated irregular patterns in the healthcare seeking behaviors in the first few months of 2020. Lastly,
comparing drug purchases from the same months of the two years could difference out the
potential seasonality across different months of the year in healthcare demand. We will check
the robustness of the main result when including the observation from Jan to Mar.
For each outcome of interest, we did the estimation separately for the insured and uninsured. The DiD estimation equation is as follows:
log(Yd,i,m + 1) = α + βT reatd ∗ P ostm + γd + δm + εd,m

(7)

Yd,i,m is the outcome of interest. At drug level we examined total dosage (days) purchased,
dosage (days) purchased per prescription and per patient for drug d from patients with
insurance status i in year-month m. We include drug level fixed effects γd and year-month
fixed effects δm to control for seasonality. And we define drugs at the chemical compound
(ATC code) level, and thus are not distinguishing drugs with the same chemical compound
but with different brands. The standard errors are clustered at the drug level. We use
log(Yd,i,m + 1) as the dependent variable to include the observations from several drugs with
0 total purchases in some months. We check the robustness of the main result when we drop
the 0s and use log(Yd,i,m ) as the outcome variable, and when we use inverse hyperbolic sine
transformation in Appendix B.
The sample that is the main focus of our analysis is the uninsured group because they are
the ones that experience the largest out-of-pocket price change, and have the lowest level of
per capita drug utilization at baseline. The analysis on the insured is of interest by itself,
but we also view it as a placebo to gauge the effect size from the uninsured. Therefore, in
the main analysis, we only examine the effects on the patients with UEBMI as the insured,
who have the most generous insurance coverage and also have the highest income level. We
will also report the effect on the main outcome for patients with URBMI in Appendix B, as
our conceptual framework suggests the effect sizes there should lie in between the other two
groups.
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To test the differential response between the insured and uninsured group, we estimate a
triple difference specification, combining data from both the insured and uninsured groups
and including a triple interaction term. With the same notation and indices as above, the
estimation equation is as follows:

log(Yd,i,m + 1) = α + ηT reatd ∗ P ostm ∗ U ninsuredi + βT reatd ∗ P ostm +
θT reatd ∗ U ninsuredi + ρP ostm ∗ U ninsuredi + τ U ninsuredi + γd + δm + εd,m

(8)

The DiD approach relies crucially on a parallel trend assumption. One of the potential
threats to identification would be the existence of unobserved post-treatment shocks that
affect treatment and control drugs differently. The first possibility is that though not subject
to centralized procurement, the prices of the control drugs will also be adjusted in response to
changes in the overall market environment. We examine this possibility and Figure 1 shows
the evolution of prices for directly treated drugs, other drugs in the same therapeutic class
as the directly treated drugs, and the control drugs separately. The directly treated drugs
experienced a sharp decline in price following the program implementation as expected. But
the prices of other drugs included in the analysis are not affected, neither for other drugs
in the treated therapeutic classes, nor for the control drugs. Second, substitution across
drugs might invalidate the parallel trend assumption. Because we examine drug purchases
at the chemical compound level and consider all drugs within the same therapeutic class
with the reduced price drugs as treated, substitution between different brands among drugs
with the same chemical compound and substitution among drugs in the same therapeutic
classes will be captured. Lastly, what would affect the purchase of both the treated and
control drugs would be the underlying demand for chronic condition treatments. However,
this should not affect the demand for treated and control drugs differently in absence of the
price change brought by this reform. Moreover, diabetes drugs in the control group should
not be subject to any demand shock that is specific to cardiovascular system conditions. We
find that whether excluding the diabetes drugs as control does not have much impact on the
result. If the program boosted the overall demand for all chronic condition drugs, the bias
will lead to an underestimation of the actual demand response to the price reduction.
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5
5.1

Results
Effect on Drug Purchases

Overall, the uninsured responded much more strongly to the drug price drop than the insured
by increasing the purchases of drugs in the treated therapeutic classes. Figure 2 plots the
monthly pattern of the dosage purchased for drugs in the treated classes and control drugs
for insured and uninsured separately. Before the actual implementation of the program,
the purchases of drugs in the treated classes and control drugs were following very similar
trajectories, justifying the parallel trend assumption. Since March 2019 (price adjustment
took place on the 22nd), the purchases of treated drugs in the no insurance group experienced
a growth trajectory that is at a visibly higher level than the control drugs. The purchases
of drugs in the treated class in the insured group were also at an elevated level relative to
the control after the price reduction but at a much smaller magnitude.
We first plot the coefficients from an event study estimation in Figure 3. Consistent
with the pattern in raw data, there are no significant effects in the period before the price
reduction, reassuring that the parallel trend assumption is satisfied. And in periods after the
price reduction, the estimates are larger in magnitude in the uninsured group and statistically
significant, though much nosier. Quantifying the effects with the DiD framework, Table 3
shows that the uninsured increased the purchases of drugs in the treated therapeutic classes
by 40.5% (34 log points) relative to the control drugs (column 2). Though in the graphs the
growth of treated drugs seems to outpace the control for the insured as well, we do not detect
the effect with statistical significance (column 1). The triple difference estimator suggests
that the difference between the two groups was statistically significant. The uninsured
patients increased their purchases of the drugs in the treated therapeutic classes by 28.4%
(25 log points) more than the insured, suggesting an improvement in drug affordability under
the implication of the human capital framework of health investment.
We check the robustness of the finding when excluding diabetes drugs from the control.
The statistical significance and the relative magnitude of the estimates were not affected
(Table B.1). We also examined the results when including Jan to March observations in the
analysis in Table B.2, which again did not have much impact on the estimates.
Besides the demand response to the price changes, the other potential driver of the effect
is “physician induced demand”, that is, physician induces patients to purchase drugs due
to their own financial or other considerations (Currie et al., 2014). This is not likely to
be a relevant factor in this case due to the following reasons. First, financial interest is
not relevant in this context due to the Zero Markup Policy, which was documented to have
decreased the drug sales (Fang et al., 2021). There might be concerns that there is still room
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for physicians to get kickbacks from the pharmaceuticals in forms other than direct price
markups. But this program will only negatively affect this margin due to the substantial
drop in price. Secondly, physicians at these public healthcare facilities might face pressure
in meeting some sales targets from upper-level administrations following this program, given
that it is a national pilot carried out by the central government. In fact, there are indeed
implicit sales targets as part of the procurement contract, which is that 60% of last year’s
sales of the drugs under the generic name is promised to the bid-winning drug manufacturer.
However, this should not affect the interpretation of our finding as demand responses to price
due to the following reasons. First, given the relatively stable demand for chronic condition
drugs, doctors do not need to induce additional purchases from patients to fulfill this 60%
target. Second, this target might push physicians to prescribe the bid-winning drugs over the
drugs from the other manufacturers under the same generic name. But this substitution is
captured by our design since we look at the total purchase of drugs under the same generic
name and are not distinguishing drugs from different manufacturers. Moreover, with all
drugs in the same therapeutic classes as the reduced-price ones considered as treated, we
capture a wider possibility of substitution if doctors induced patients to substitute other
drugs in the therapeutic class with the directly treated drugs.
With substantial increases in drugs purchases, the next question is whether this is driven
by more prescriptions with the treated drugs and more patients purchasing them, or it simply
reflects patients purchasing more drugs per prescription. In Table 4, we report the results
when replacing the dependent variable from the main specification with the number of prescriptions and number of patients. There were substantial increases in the two extensive
margin measures for the uninsured group. The number of prescriptions and number of patients both increased by 31% (27 log points) compared to the control. Assuming no change
in the dosage purchased per prescription (or per patient), a back of envelope calculation
suggests that the extensive margin response accounts for 94.2% of the overall increase in
dosage purchased for the uninsured. The similar effect sizes from the two measures imply
that the effect is not simply driven by patients increasing their frequency of refilling their prescriptions. Instead, following the price reduction, more uninsured patients started initiating
treatment with the affected drugs.
Having seen that the effect on drug purchases is largely driven by an increase in number
of patients purchasing the treated drugs, we next examine explicitly to what extent it is
driven by new patients entering the sample. Table 5 tests the differential responses between
the new and existing patients, interacting the double difference interaction further with an
indicator for whether the purchases came from the sample that were in the data from the
pre-period. The outcome variables examined include drug purchases, number of prescrip18

tions and number of patients. We do not detect any differential responses with statistical
significance between the new and existing patients from both groups across all outcome measures. Though the estimates on the triple interaction term is not statistically significant, a
simple back of envelope calculation using the estimates suggests that 62.4% of the overall
increase of drug purchases in the uninsured group came from the existing patients. The price
reduction not only brought in more new patients to initiate the treatment, but also boosted
the demand from the patients who had been undergoing treatment before the program. In
fact, the monthly pattern of drug purchases from the uninsured existing patients (panel a of
Figure 4) shows a gradual decline overtime for both the treated and control drugs, which is
presumably a result of both the high mobility and a high treatment dropout rate among the
uninsured. The fact that we see an elevated overall purchases and significant positive effect
on number of patients purchasing the treated drugs from this sample indicates that not all
of the decline is from mobility. And the price reduction improved treatment persistence,
though there is a high overall dropout rate. The insured existing patients’ drug purchases
are staying relatively stable except for some seasonal fluctuations (panel b).

5.2

Drug Adherence and Overuse

In this section, we will examine whether the increase in drug purchases translates to improved
drug adherence, or is driven by elevated drug overuse. We will first introduce our measure
of drug utilization and show some descriptive patterns. Then we will apply the difference in
difference framework on this measure and presents the effect of the price reduction on drug
adherence and overuse.
5.2.1

Measure: Medication Possession Rate

To measure and benchmark drug utilization, we borrow a concept from the medical literature called Medication Possession Ratio (MPR), which is calculated by taking the ratio of
the dosage (days) purchased of a drug in one prescription and the days between this prescription and the next refill with drugs that treat the same condition. For the analysis in
this subsection, we consider MPR at the prescription level. To define a “refill” of a certain
drug, we take a relatively generous approach. The next prescription refill of a patient with
any of the drugs that treat the same illness as the drug in the current prescription would
be considered a refill, thus allowing the possibility that patients need to switch drugs. For
the set of drugs that treat those conditions, there is a benchmark of 1 we can refer to in
a clinically optimal sense because patients are supposed to be under long-term medication
treatment with as little interruption as possible.
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In the analysis of this part, we consider only drugs for HTN, HC, and diabetes, for which
we have a clear and exhaustive set of therapeutic classes to be considered as treatment. The
drugs included in the previous drug level analysis but not included here are other drugs
with ATC Code starting with “C” and “B01”, which are for the treatment of the broad
“cardiovascular system” diseases. Without a specific disease that it can be used to treat, it
is hard to define a refill because we are not sure what are the drugs that could be used to
treat the same illness that the patients might be switching to. We will check the robustness
of the main result in the next subsection when we consider refills to be only the refill of
drugs within the same therapeutic class and thus are able to include all the drugs from the
previous analysis.
The underlying assumption for defining refill as the subsequent purchases of any drugs
treating the same condition is that as long as patients come to seek care for the condition
they have, they will be getting the appropriate medication treatment that they need. Not
purchasing drugs from the same therapeutic classes as in previous prescriptions will imply
the current therapeutic classes do not suit their condition anymore. This might lead to an
underestimate of underuse if patients are under multi-drug therapy and they do need to refill
drugs from the same therapeutic class, but they choose to only purchase drugs from other
therapeutic classes for that condition. This might also lead to an overestimate for overuse
if patients come to refill prescriptions for drugs in other therapeutic classes for the same
illness before they run out of the drugs from the current therapeutic classes. By defining
refill at the therapeutic class level we check the robustness of the main result to address the
potential biases from our main definition of refill.
The other thing to note about this measure is that the dosage supplied measured in days
is calculated by dividing the total dose purchased (usually in milligrams) by the Defined
Daily Dosage, which is an average measure of drug dose needed per day at the population
level. The true clinically optimal dose of a drug each patient needs might differ and not
necessarily be equal to the DDD. Thus, an MPR less than 1 might not necessarily represent
underuse and an MPR greater than 1 might not necessarily indicate overuse. To address
this concern, we will present the full distribution of this measure and examine the effect of
the price reduction on the entire distribution as well in the next subsection. Moreover, to
demonstrate the existence of overuse and underuse in this setting, we collect the maximum
and minimum daily dose needed for treated drugs to construct lower and upper bound
estimates of the true MPR.
There are drug purchases in the data with no following refills, especially in the data from
the post period close to the end of the data coverage. To deal with this imbalance in the
pre and post period, we find the set of last prescription refills in the pre-period data as if
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we do not observe any subsequent refills from the next year. And we drop those “last time”
observations in the main analysis of MPR. However, if the pre-post changes in the share of
those “last time” purchases are different for the treated and control drugs, dropping those
observations might bias our results, the direction of which depends on whether we think
the prescription is never filled afterward or filled somewhere else due to mobility. We will
check the sensitivity of the results when we impute MPRs to be either 0 or 1 for the “last
time” purchases, that is, we assume either the treatment is discontinued or patients perfectly
adhere to the treatment but are purchasing drugs at other locations that are not captured
by our data.
5.2.2

Descriptive Patterns of MPR

Table 6 reports the summary statistics of MPR for the main analysis. Because the distribution of MPR has a super long right tail, the mean could be misleading in describing the
underlying distribution. Therefore, we reported the min, max, the three quartiles, and the
99th percentile of MPR for insured and uninsured separately. The extremely high values
of MPR at the maximum could be driven by measurement errors in the data23 . But as
long as the likelihood of the presence of measurement error does not evolve differently for
treated and control drugs, before and after the reform, this should not bias our estimate.
Furthermore, in the analysis of the effect of the price reduction, we will report the result on
the entire distribution of MPR.
To have a sense of how the MPR is distributed at baseline, we first plot the distribution
of MPR from the pre-program period in Figure 5 for the uninsured (panel a) and insured
(panel b) separately. It can be seen clearly from the figure that the distribution of MPR
for the uninsured is much more concentrated in the region with MPR below 1 (78.6%) than
the insured (55.7%). Correspondingly there is a substantially higher mass in the region
above one in the insured group than the uninsured. Assuming the underlying clinically
appropriate daily dose for the insured and uninsured are distributed similarly, this pattern
suggests the prevalence of underuse in the uninsured group and overuse in the insured group.
In particular, there are 6.1% of prescriptions with MPR greater than 4 in the insured group,
which could be more confidently considered as overuse despite the potential variation in daily
dose needs.
To check whether the cost would be a predictor for the discrepancy between the two groups,
for each insurance group, we divide the prescriptions by whether the daily cost of the drugs
included in that prescription is above or below the median cost of all prescriptions in that
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For example, if the drug purchase should be recorded in units of “milligram” but is recorded with the
unit of “gram”, this will lead to the true MPR be inflated by 1000 times.
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insurance group, and plot the MPR distributions separately, shown as hollow and orange bars
in the graph. First, we find that the median daily dose cost is much lower for the uninsured
(RMB 4.38) than the insured (RMB 10.95)24 , demonstrating that the uninsured tend to
purchase fewer drugs and choose cheaper ones for treating the same set of chronic illnesses.
The graph shows that for the group with no insurance, the prescriptions with above-median
daily cost are more likely to associate with very low MPR (in particular, with MPR between
0 and 0.5). No such pattern exists for the group with insurance. These patterns suggest
that cost is indeed a constraint for drug adherence for patients with no insurance coverage.
Furthermore, in the insured group and the below-median cost prescriptions of the uninsured,
we both see a concentration of MPR in the region around 1, reassuring that our measure is
capturing how well patients are adhering to the treatment and 1 is an appropriate benchmark
in this setting.
To further establish the existence of under- and over-use in this setting, as mentioned
earlier we plot the distribution of the lower and upper estimates bound of MPR for the
treated drugs in Figure 6, by replacing the DDD with either the maximum or minimum daily
dose in the MPR calculation. Because we use the maximum daily dose allowed to obtain
a lower bound estimate of MPR, any value above 1 should be more confidently considered
as overuse. In the graphs showing the distribution for these lower bound estimates (panel
a and b), there are still prescriptions with MPRs above 1, especially in the insured group
(12% versus 2.8% in the uninsured group). In the distribution of upper bound estimates for
MPR (panel c and d), there is a higher concentration below 1 in the uninsured group, which
could be confidently thought of as underuse (30.9% in the insured group versus 55.7% in the
uninsured group ). These patterns provide further evidence on the existence of both drug
underuse and overuse in this setting though there might be variations in the actual daily
dose needed which drives individual optimal MPR either above or below 1.
5.2.3

Impact of the Price Reduction on Medication Possession Ratio

To examine the effect of the price reduction on drug adherence, we first plot the distribution
of MPR in the pre- and post-period for insured and uninsured separately in Figure 7. The
hollow bars represent the distribution from the pre-reform period (Apr-Dec 2018) and the
colored bars represent the post-reform period (Apr-Dec 2019). For prescriptions with drugs in
the treated classes in the uninsured group (panel a), after the reform, there was an increase
in density around the area with MPR being 1, and the decrease in density was mostly
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In Table 2 we report that at the drug level, the mean daily dose costs are 5.86 and 4.61 for the insured
and uninsured, respectively. The comparison with the prescription level median cost shows that the insured
are more likely to purchase more than one drug in a prescription.

22

observed at the lower end of the distribution, indicating that there were fewer prescriptions
associated with severely under-using of medication. There seems to be a slight increase in
drug adherence for the control drugs in the post-period for the uninsured as well, but at a
smaller magnitude (panel c). Visually there were no such movements in the insured group
from both treated and control drugs (panel b and panel d).
Though as discussed earlier, an MPR above 1 does not necessarily indicate drug overuse,
the fact that we do not see much increase in density in the part of the distribution with
MPR above 1, especially the part with extremely large MPRs (≥ 4) suggests that overuse
should not be exacerbated. To quantity the shift in the distribution observed in Figure 7,
we next examine the effect of the program on the entire distribution of MPR in a Diff-in-Diff
framework. Specifically, we estimate the following specification:

1(M P R <= k)p,m,i = α + βk T reatp ∗ P ostm + γT reatp + δP ostm + εp,m,i

(9)

1(M P R <= k)p,i is an indicator for the MPR associated with prescription p is smaller than
or equal to k. T reatp is an indicator for whether the prescription includes any treated drugs
and m denotes the month in which the prescription is filled. We estimate the specification
for k from 0.01 to 4, with 0.01 increments in between. i denotes insurance status and the
estimation is conducted separately for the insured and uninsured group.
Figure 8 plots the CDF of MPR and the regression results from the specification above.
Panel (a) shows the CDF of MPR for prescriptions with treated drugs for the uninsured
group. We can see that the distribution of MPR from the pre period (green line) firstorder dominates that from the post period (orange line). The difference between the two
distributions is plotted in the blue line with the 95% confidence interval shown in grey lines.
For any value k less than 2, the probability of MPR smaller than k is significantly lower in
the post-period compared to the pre. The largest estimate in absolute value appears at the
MPR of 0.8 with the magnitude being -0.066. From that point on, the difference is gradually
reducing. At MPR being 1, the estimate has reduced to 0.022 in absolute value and gradually
moving toward 0 as MPR gets larger. From an MPR of 2 on, the two CDFs are no longer
statistically distinguishable from each other. This first difference results suggest that in the
uninsured group, the movement of MPR for prescriptions with treated drugs is mainly a shift
of MPR below 0.8 to the interval between 0.8 and 1. Though the overall likelihood of MPR
between 1 and 2 also significantly increased, the magnitude is small (0.022). And the overall
density of MPR between 1 and 2 for the uninsured is still lower than that of the insured. In
the MPR distribution of treated drugs for the insured group, the differences in distribution
are at a much smaller magnitude compared to the uninsured. Although we also observe a
statistically significant decrease in the probability of MPR lower than k for k below 1, the
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maximum reduction in absolute value is 0.012 when k equals 0.82.
Panel (c) and (d) plot the MPR distribution of prescriptions with control drugs for the
insured and uninsured desperately. Though the differences between the pre and post CDF are
not visibly obvious, the distribution of MPR from the pre-period both first order dominates
that from the post period in the insured and uninsured groups. And the reduction in relative
probability lower than or equal to k only happens with k lower than 1. For the uninsured,
the estimate reaches the maximum absolute value of 0.018 at MPR being 0.19 and reduces to
0.003 at MPR equal to 1. For the insured, the estimate reaches the maximum absolute value
of 0.018 at MPR being 0.77 and becomes no longer negative once MPR reaches 1.03. This
pattern suggests improved drug adherence in prescriptions with control drugs in the post
period from both insurance groups, though at a smaller magnitude than those with treated
drugs in the uninsured group. This could be a result of patients getting better at adhering
to treatment over time. We can not rule out a possibility of spillover from the treatment
though, especially for the uninsured group, that is, patients become better adhering to the
treatment of control drugs if their budget constraint is relaxed by the price reduction of
the treated drugs and if they are taking both the treated and control drugs at the same
time. However, such spillover will bias downwards our estimate from the true effect of the
price reduction on drug adherence. Panel (e) and (f) of Figure 8 plot the DiD estimates
from specification (9). Because there is overall not much shift in the MPR distribution of
control drugs, for the uninsured, the DiD result demonstrates a similar pattern as the first
difference results in panel (a). The estimates at low values of MPR (between 0 and 0.25) are
not statistically different from 0, which is mainly driven by the countervailing shift of MPR
in this range of the control drugs as shown in panel (c). The maximum estimate in absolute
value is 0.059 and shows up at MPR being 0.77. At MPR equal to 1, the estimate is reduced
to 0.018 in absolute value and not statistically significant. The DiD estimate suggests that
the price reduction mainly moved the prescriptions of treated drugs with MPR between 0.25
and 0.77 to between 0.77 and 1, which could be interpreted as an improvement in treatment
adherence from underuse to our benchmark of the clinically appropriate level (MPR around
1).
For the insured (panel f of Figure 8), the estimates are much smaller in general compared
to the uninsured but are positive and significant in both MPR between 0 and 1 and MPR
greater than 2. The positive estimates in the region of 0 to 1 are driven by a larger reduction
in density from the control drugs. While in the region with MPR above 2, it is a result of
an absolute reduction in density from the prescriptions with the treated drugs. This might
reflect the reduction in incentives of hoarding or reselling of the insured. Though we do
not have a definitive cutoff of MPR for overuse, the fact there is no increase in the part of
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distribution anywhere with MPR greater than 2 suggests that overuse of the treated drugs
should not be increased by the price reduction. Though there is a slight increase in the
density of MPR in regions between 1 and 2 for the uninsured group, the overall density is
still lower than that of the insured group. This may reflect the drug needs of patients who
need higher daily doses than the population average.
To show more clearly where the movement in MPR happens, Figure 9 draws the differencein-difference estimates for the pdf of MPR, with the dependent variable being the likelihood
of MPR being in a 0.1 bin from 0 to 4. The last bin shows the estimate on the likelihood
of MPR greater than 4. Consistent with what we see in the CDF graphs, for the uninsured,
there are significant drops in the likelihood of being in the range between 0.2 to 0.8, and a
significant increase in mass in the bin of [0.9,1]. There is not much movement for each bin
with MPR greater than 2, both for the insured and uninsured.
To further quantify the improvement, we next estimate the effect on mean MPR under the
DiD framework. Restricting to prescriptions with MPR lower than 4, Figure 10 shows the
parallel trends of mean MPR between prescriptions with treated and control drugs in the
pre-period, and the differential growth after the price change in the uninsured group (panel
a). Mirroring the observation from the distribution, we can first see that the MPR for the
uninsured is not only at a much lower level than the insured but more importantly, also at
a level lower than 1. For the uninsured the average MPR for the treated drugs is moving
toward the value of 1 and the gap is widening between the treated and control drugs. For
the insured, on the other hand, the average MPR for both the treated and control drugs
are evolving similarly and with absolute levels either around or slightly greater than our
optimal benchmark of 1. With id denoting patients and other notations same as before, the
estimation is as follows:

M P Rid,p,m,i = α + βT reatp ∗ P ostm + γT reatp + δP ostm + γid + δm + εid,p,m,i

(10)

We include patient fixed effects γid so that the effects are estimated within patients. The
standard errors are clustered at the patient level to allow for potential correlation in drug
refill behavior within individual patients. Table 7 presents the estimates from equation (10).
For the uninsured, the MPR in prescriptions with treated drugs increased by 0.046 relative
to the ones without treated drugs (column 2). There was a reduction of MPR in the insured
group, though the magnitude is small (0.0038). And from the distribution in Figure 8 we
know that this was driven by an increase in adherence of the control drugs, not an absolute
reduction of MPR for the treated drugs. The effect closes the gap in adherence to treated
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drugs between the insured and uninsured as measured by MPR by 19.9% (based on the
gap in mean MPR of treated drugs in the pre-period). Because the MPR is the ratio of
dosage prescribed and gaps between refills, plotting the distributions of the two variables
shows that the increase in mean MPR of the uninsured mainly came from a reduction in
the gaps between two refills, not an increase in dosage purchased per prescription (Figure
B.1 and Figure B.2 in Appendix B). In particular, there is a substantial reduction in the
possibility of the gap between two prescriptions greater than 100 days (from 7.7% to 5.4%)
and a corresponding increase in the density of gaps around 30 days, which is the common
time interval that chronic condition patients are supposed to get their prescription refilled.
There was not much change in the distribution of dosage purchased per prescription, for
both insurance groups and across treated and control drugs.
Columns (3) and (4) of Table 7 report the effect on an indicator of MPR greater than
or equal to 4. Consistent with what we observe from the distribution, there is a significant
reduction from the insured group, representing a 7.7% decrease from the pre-period mean.
And no significant change on this measure is observed for the uninsured group. From panel
(e) and (f) in Figure 8, we should expect similar effects in Column (3) and (4) if we replace
the cutoff with any number greater than 2 (we report the result when replacing the cutoff
with 2 or 3 in Table B.4). In the distribution of gaps between refills plotted in Figure B.1
panel (b), we observe a decrease in density where days are small (less than 10), which could
be driving the decrease in the large value of MPR we observe in the data.
As discussed in Section 5.2.1, the way we calculate MPR might introduce some bias to
measuring the underlying actual drug adherence. We check the robustness of the result
taking those potential biases into account. First, the fact we dropped all the prescriptions
that do have subsequent refills may introduce bias to the estimates if the pre-post changes
in the share of those “last time” purchases are different for the treated and control drugs.
We check the robustness of the result by imputing the MPR for the “last time” purchases to
be either 0 or 1. By imputing 0, we are assuming that the prescription is never refilled and
treatment is discontinued. By imputing 1, we are assuming that the prescription is refilled
exactly on time at some other places not captured by our data. Table B.3 in Appendix
B shows the result. There are slight changes in magnitudes of the estimates but not the
sign and the statistical significance. The estimates on mean MPR conditional on M P R < 4
is either 0.036 or 0.065 under the two imputations, equivalent to 20.2% and 15.8% of the
corresponding baseline gap between the insured and uninsured group, respectively. The
estimates from the main specification (0.046 and 19.9% of the baseline gap) lie in between
the two.
We also examine the robustness of the result when we define refill at the therapeutic class
26

level, and when we include other drugs besides the ones for the treatment of HTN, HC
and Diabetes. Table B.5 shows the result when we only include drugs for HTN, HC and
Diabetes and Table B.6 reports the result when we include all drugs. Though there are some
changes in the magnitude of the estimates and the baseline mean, the effect on mean MPR
remains positive and significant for the uninsured. The findings that the likelihood of MPR
larger than 4 is not increased are also preserved for both insured and uninsured groups. The
estimates on mean MPR conditional on M P R < 4 closes 11.7% and 17.2% of the baseline
gap between insured and uninsured group respectively.
5.2.4

Heterogeneous Effect on New and Existing Patients

Because the price reduction brings in more patients purchasing the treated drugs in the
uninsured group, we next will examine whether the improvement in drug adherence is driven
by new patients entering the sample. We add a triple interaction term based on equation
(10) and estimate the following specification:

M P Rid,p,m,i = α + β 0 T reatp ∗ P ostm ∗ N ewP atientid + βT reatp ∗ P ostm

(11)

+γT reatp + δP ostm + γid + δm εid,p,m,i
N ewP atientid is an indicator for patients only showing up in the sample from the postperiod. Table 8 shows the result. Patients fixed effects are included and the standard errors
are clustered at the patient level. For the uninsured, we do not find significant differences
between the new and existing patients on the two MPR outcomes examined (column 2 and
column 4), suggesting that the overall improvement in drug adherence was not merely driven
by the selection of patients newly entering the sample following the price reduction. In the
insured group, however, there were significant differences between new and existing patients
(column 1 and column 3). The negative estimates on both the mean MPR and the likelihood
of M P R >= 4 from the pooled effect were driven by existing patients. The new patients, on
the other hand, had responses with similar magnitude as the new uninsured patients (0.0631
versus 0.064 on mean MPR conditional on M P R < 4, 0.0032 versus 0.0026 on likelihood
of M P R >= 4). Regardless of insurance status, drug adherence of marginal patients, in
terms of initiating treatment following the price reduction, responded to the price change in
a similar way.
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6

Conclusion

High pharmaceutical prices make essential drugs unaffordable to a sufficient share of the
population in need especially in low- and middle-income countries (Stevens and Huys, 2017;
World Health Organization, 2017). As governments and organizations around the world put
enormous efforts in making drugs affordable by lowering out-of-pocket costs faced by patients,
making sure the drugs will not get overused is another key challenge, as the gate-keeping
function of the healthcare system is usually not well-performed in low- and middle-income
countries (Das et al., 2016).
In this study, we evaluated the affordability and overuse trade-off by studying a national
procurement program in China, which brought down the prices of 10 commonly used chronic
condition drugs by an average of 78%. With data from the universe of primary care facilities
in one administrative district in Beijing, we find that the program significantly improved
drug affordability for those in need in the nine-month period following the program implementation. There was a much higher demand response from the uninsured, who are not only
facing the full cost out-of-pocket, but are also more likely to be those without formal sector
jobs and have lower income. The increase in drug purchases came both from the existing
patients who had been undergoing treatment before the program, and new patients entering
the sample following the price reduction. Meanwhile, drug adherence as measured by the
medication procession ratio (MPR) was significantly improved for the uninsured. For prescriptions with treated drugs, fewer of them were associated with severe drug under-use and
more were located near the clinically optimal level (MPR around 1). On the other hand,
there was not much response from the insured, and drug overuse was not aggravated as
evidenced by the distribution of MPR in the region that presumably represents overuse not
being affected. Overall, this program has benefited those in need, without pushing patients
who have already been consuming drugs at the near-optimal level too far toward overuse.
We documented that affordability need not come at a cost of overuse, at least in the specific
context of chronic condition drugs that we study.
Our findings provide insights into the understanding of demand responses to prescription
drug prices in developing countries. With many patients having difficulty with drug access
due to cost, lowering prices could induce demand responses that are much higher than the
existing estimates from the developed countries among the patients that are covered by
insurance. Furthermore, though our study context is a developing country, Beijing is still a
more economically developed area in China, whose affordability issue might be less severe
than other parts of the developing world. It is reasonable to expect a more substantial
demand response in even lower income settings under similar price reductions.
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The limited impact on drug overuse might be specific to chronic condition drugs and
further study in the context of other types of drugs is needed. Nevertheless, the chronic
condition is in itself an important illness category to both researchers and policymakers.
As the leading cause of death globally, it now also imposes an increasingly heavy burden
on developing countries as a result of demographic and epidemiological changes (Bollyky et
al., 2017; World Health Organization, 2011). Timely and proper medication treatment is
essential and extremely cost-effective in preventing costly complications like stroke and heart
attack. But the fact that it requires long-term treatment makes the cost an even greater
barrier to access for households.
To improve affordability, the scale and coverage level of universal basic healthcare is usually
constrained by fiscal and state capacity. Pharmaceutical price is where the government
could leverage their bargaining power to lower the cost people face because the production
of pharmaceutical products exhibits increasing returns to scale, a property that other parts
of healthcare expenditure (doctor fees and hospitalization) do not have. This is especially
relevant for the drugs that are already off-patent and the high prices are driven by the missing
“patent cliff”, which is commonly observed in developing countries (Danzon et al., 2015).
Giving power to the consumer is an effective tool to get the prices down and has advantages
over direct price controls where pharmaceutical companies might respond strategically in
a way that would actually hurt the most vulnerable patients (Dean, 2019; Mohapatra and
Chatterjee, 2021). This is also relevant for developed countries where government-provided
health insurance covers an increasingly large population and thus the bargaining power due
to scale is easily achievable (Duggan and Scott Morton, 2010; Hong, 2015).
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Tables and Figures
Table 1: Insurance Coverage for Outpatient Care
Urban Resident
(URBMI)

Urban Employee
(UEMI)
Working

Retired

1,800

1,300

Annual Deductible (RMB)

100

Coinsurance

45%

10%

Maximum Benefit (RMB)

4,000

20,000
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Table 2: Summary Statistics
N

Mean

SD

Min

Max

Panel A. Patient Level Characteristics
Male
Age(2020)
Reform Drug

1,420,257
1,420,257
1,420,257

.58
50.96
.36

.49
20.11
.48

0
0
0

1
112
1

Insurance Status
Urban Employee (UEBMI)
Urban Resident (URBMI)
No Insurance

1,420,257
1,420,257
1,420,257

.53
.08
.24

.50
.27
.43

0
0
0

1
1
1

Common Chronic Conditions
High Cholesterol (HC)
Cardiovascular Disease (CVD)
Hypertension (HTN)
High Blood Glucose(HBG)

1,420,257
1,420,257
1,420,257
1,420,257

.09
.20
.28
.13

.29
.40
.45
.34

0
0
0
0

1
1
1
1

279.45
5.86
.95

450.30
7.40
1.13

.01
.09
.01

2955.70
54.78
9.01

12.77
5.59
3.31

20.85
6.76
4.50

.00
.03
.02

146.37
55.34
53.94

1.45
4.61

3.14
4.64

.002
.06

29.24
25.91

Panel B. Drug Level Statistics: UEBMI
Dosage Days (in thousands)
Cost Per Daily Dosage
Out-of-pocket Cost Per Daily Dosage

1,349
1,349
1,349

Panel C. Drug Level Statistics: URBMI
Dosage Days (in thousands)
Cost Per Daily Dosage
Out-of-pocket Cost Per Daily Dosage

1,330
1,330
1,330

Panel D. Drug Level Statistics: Uninsured
Dosage Days (in thousands)
Cost Per Daily Dosage

1,208
1,208

Note: This table reports sample summary statistics. The top panel reports patient-level statistics. Age as
of 2020 is calculated based on year of birth. Reform Drug is an indicator of whether a patient has ever
purchased the drugs included in the reform. Variables under Insurance Status and Common Chronic Conditions are all indicator variables. Drug level statistics are reported with the observations at drug(chemical
compound)*year-month level. Year-month included are Apr-Dec 2018 and Apr-Dec2019, consistent with the
time horizon included in the regression analysis.
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Table 3: Effect on Dosage Purchases
log(Dosage(Days) + 1)
(1)
Urban Employee

(2)
No Insurance

.25∗∗
(.11)

Treat*Post*Uninsured
Treat*Post

.093
(.08)

.34∗∗∗
(.12)

.093
(.078)
-5.9∗∗∗
(.17)

Uninsured
Treated Pre Mean
N

(3)
Triple-Diff

11
1350

5.6
1350

2700

Standard errors in parentheses
∗
p < .10, ∗∗ p < .05, ∗∗∗ p < .01
Note: This table reports the DiD analysis of the effect on drug dosage purchased. Dependent variables are
log(Dosage + 1) and observations are at drug*year-month level. The first two columns reports the effect on
insured (UEMI) and uninsured separately. Columns (3) reports the estimate from a triple difference analysis
pooling the observations from the insured and uninsured together. The time horizon included in the analysis
is Apr-Dec 2018 (pre) and Apr-Dec2019 (post). Year-month fixed effects and ATC fixed effects are included.
Standard errors are clustered at the drug (ATC Code) level.
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Table 4: Extensive Margin Effect: Prescriptions and Patients
Number of Prescriptions
(1)
Insured

(2)
Uninsured

.092
(.068)

.27∗∗∗
(.071)

.092
(.066)

(5)
Uninsured

7.9
1350

2.8
1350

2700

(6)
Triple-Diff
.18∗∗
(.075)

.087
(.065)

.27∗∗∗
(.07)

-5.5∗∗∗
(.16)

Uninsured
Treated Pre Mean
N

(3)
(4)
Triple-Diff Insured
.18∗∗
(.078)

Treat*Post*Uninsured
Treat*Post

Number of Patients

.087
(.064)
-5.4∗∗∗
(.16)

7.8
1350

2.7
1350

2700

Standard errors in parentheses
∗
p < .10, ∗∗ p < .05, ∗∗∗ p < .01
Note: This table reports the effect on the number of prescriptions and number of patients with the drugs
in the treated therapeutic class. Column (1), (2) and (4), (5) present the DiD estimates for insured and
uninsured separately. Columns (3) and (6) report the estimate from a triple difference analysis pooling the
observations from the insured and uninsured together. Dependent variables are log(Y+1) and observations
are at drug*year-month level. The time horizon included in the analysis is Apr-Dec 2018 (pre) and AprDec2019 (post). Year-month fixed effects and ATC fixed effects are included. Standard errors are clustered
at the drug (ATC Code) level.
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Table 5: Effect on Dosage Purchases: Pre-Subsample
Urban Employee

Uninsured

(1)
Dosage

(2)
#Prescriptions

Treat*Post*New Patients

-.061
(.13)

.01
(.12)

.006
(.12)

Treat*Post

.12
(.099)

.11
(.078)

New Patients

-2.3∗∗∗
(.11)
11
2025

Treated Pre Mean
N

(3)
(4)
#Patients Dosage

(5)
#Prescriptions

(6)
#Patients

-.29
(.29)

-.059
(.14)

-.063
(.14)

.1
(.074)

.73∗∗∗
(.23)

.31∗∗∗
(.099)

.31∗∗∗
(.098)

-2.3∗∗∗
(.11)

-2.2∗∗∗
(.1)

.66∗∗∗
(.24)

.31∗∗∗
(.11)

.3∗∗∗
(.1)

7.9
2025

7.8
2025

5.6
2025

2.8
2025

2.7
2025

Standard errors in parentheses
∗
p < .10, ∗∗ p < .05, ∗∗∗ p < .01

Note: This table reports differential response between the existing patients who had been undergoing treatment before the reform, and the new patients who enter the sample after the price reduction.
“Treat*Post*New Patients” is the triple interaction term. Dependent variables are log(Y+1) and observations are at drug*year-month level. The time horizon included in the analysis is Apr-Dec 2018 (pre)
and Apr-Dec2019 (post). Year-month fixed effects and ATC fixed effects are included. Standard errors are
clustered at the drug (ATC Code) level.

Table 6: Summary Statistics of Medication Possession Rate (MPR)

N
MPR (UEBMI)
9,571,831
MPR (URBMI)
409,476
MPR (Uninsured)
34,634

Min

p25

p50

p75

p99

.002
.01
.01

.67
.50
.43

.97
.86
.75

1.47 22.50
1.08 7.50
1.00 3.11

Max
4000.00
666.67
60.00

Note: This table reports the minimum, 25th percentile, median, 75th percentile, 99th percentile and maximum of MPR for the three insurance groups separately.
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Table 7: Effect on Medication Possession Rate (MPR)
MPR(M P R < 4)

1(M P R >= 4)

(1)
Urban Employee

(2)
No Insurance

(3)
Urban Employee

(4)
No Insurance

-.0038∗∗∗
(.0013)

.046∗∗∗
(.015)

-.005∗∗∗
(.00045)

.00087
(.0027)

Treated Class

.19∗∗∗
(.0014)

.46∗∗∗
(.018)

.0042∗∗∗
(.00044)

.0078∗∗
(.0032)

Treated Pre Mean
Individual FE
N

1.1
YES
8937836

.85
YES
34373

.065
YES
9571760

.0078
YES
34633

Treated Class*Post

Standard errors in parentheses
∗
p < .10, ∗∗ p < .05, ∗∗∗ p < .01
Note: This table reports the effect on medication possession rate (MPR). The unit of observation is at
the prescription level. A prescription is considered “treated” if it contains drugs in the treated therapeutic
classes. And the MPR for each prescription is calculated based on the dosage prescribed and days until the
next prescription with drugs treating the same illnesses. The first two columns report the effect on mean
dropping the prescriptions with M P R >= 4. The dependent variables in Columns (3) and (4) are indicators
for a prescription with M P R >= 4. Patient fixed effects and year-month fixed effects are included in the
analysis. Standard errors are clustered at patient level.

Table 8: Effect on MPR: Heterogeneity by New and Existing Patients
MPR(< 4)

1(M P R >= 4)

(1)
Urban Employee

(2)
No Insurance

(3)
Urban Employee

(4)
No Insurance

.07∗∗∗
(.0051)

.022
(.038)

.0086∗∗∗
(.0014)

.0022
(.0077)

-.0069∗∗∗
(.0013)

.042∗∗∗
(.015)

-.0054∗∗∗
(.00046)

.00044
(.0024)

Treated Class

.19∗∗∗
(.0014)

.46∗∗∗
(.02)

.0042∗∗∗
(.00044)

.0075∗∗
(.0033)

Treated Pre Mean
Individual FE
N

1.1
YES
8937853

.85
YES
34373

.065
YES
9571831

.0078
YES
34634

Treated*Post*New Patients
Treated Class*Post

Standard errors in parentheses
∗
p < .10, ∗∗ p < .05, ∗∗∗ p < .01

Note: This table reports the heterogeneous effect on MPR by whether the patients only show up in the
observation from post-period. “Treat*Post*New Patients” is the triple interaction term. Patient fixed
effects and year-month fixed effects are included in the analysis. Standard errors are clustered at patient
level.
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Figure 1: Drug Price
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Aug19
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Note: This figure plots the evolution of price level for directly-treated drugs, other drugs in the treated
therapeutic classes and control drugs separately. The price in each month for each drug is calculated by
taking the ratio of total cost and total dosage purchased. The price level is then normalized by the mean
price in 2018 for each drug before taking the average for all drugs in each of the three categories. The dashed
line indicates the end of the year (between Dec 2018 and Jan 2019), with the program announced in Dec
2018. And the solid red line indicates the month that the actual price change happens (March 2019).

Figure 2: Monthly Drug Purchases
With Insurance
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Note: This figure plots the monthly pattern of drug purchases for the insured and uninsured separately.
In each graph, drugs in treated therapeutic classes are plotted in green and control drugs in orange. Drug
dosage purchases for each drug are normalized by the monthly mean of 2018 before taking the average of all
drugs within the same category.
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Figure 3: Event Study of the Effect on Drug Purchases
Insured
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Note: This figure plots the event study coefficients of the effect of price reduction on drug purchases for
the insured and uninsured separately. Year-month included are Apr-Dec 2018 and Apr-Dec2019 and the
estimate for Dec 2018 is normalized to 0. ATC fixed effects are included. Standard errors are clustered at
the drug (ATC Code) level.

Figure 4: Monthly Drug Purchases: Existing Patients
Subgroup: With Insurance
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Note: This figure plots the monthly pattern of drug purchases for the subsample that had been undergoing
treatment in the pre-period (4/1/2018-12/31/2018). The way values are constructed is the same as in Figure
2.
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Figure 5: Distribution of MPR by Above and Below Median Cost of Daily Dose
Distribution of MPR: Insured, Pre-Preriod
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Note: This figure plots the distribution of medication possession ratio (MPR) in the pre-period (Apr-Dec
2018) for the insured and uninsured separately. Observation is at the prescription level. For each panel,
MPR for prescriptions with above or below median daily dosage cost is plotted separately, shown as orange
or hollow bars. Prescriptions with MPR greater than or equal to 4 are grouped together.
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Figure 6: MPR Lower and Upper Bound: Treated Classes, Before and After
Insured, Treated Drugs
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Note: This figure plots the distribution of lower and upper bounds estimates of MPR for the treated drugs
in both the pre-period and post period. Observation is at the prescription level. The lower bound estimate
is obtained by assume patients need the maximum daily dose allowed for a drug. The upper bound estimate
is obtained by assume patients need the minimum daily dose allowed for a drug. Distributions from pre and
post period are graphed separately, show as hollow or orange bars in each panel. Prescriptions with MPR
greater than or equal to 4 are grouped together.
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Figure 7: Distribution of MPR: Treated Classes, Before and After
Distribution of MPR for Treated Drugs: Insured
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Note: This figure plots the distribution of medication possession ratio (MPR) for the insured and uninsured
separately. Panel (a) and (b) show the distribution of MPR for drugs in treated classes. Panel (c) and (d)
show distribution for control drugs. In each sub-graph, distribution from the post period (orange bars) is
overlaid on top of that from the pre-period (hollow bars). Observation is at the prescription level.
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Figure 8: Effects on MPR Distribution (CDF)
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Note: This figure plots the CDF of MPR and regression results from equation 9. Panel (a)-(d) plots the
CDF of MPR from the pre and post period separately, with the difference in CDF shown by the blue lines
and 95% confidence interval plotted in grey lines. Panel (e) and (f) present the DiD estimation results for
uninsured and insured separately.
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Figure 9: ffects on MPR Distribution (PDF)
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Note: This figure plots DiD estimation results for the pdf of MPR for uninsured and insured separately. The
dependent variable in this figure is the likelihood of MPR in each of the 0.1 width bins from 0 to 4. And the
last bar shows the estimates on the likelihood of MPR greater than 4.

Figure 10: MPR: Monthly Patterns
With Insurance

Apr18

1.2
1
.8
.6
.4

.4

.6

.8

1

1.2

1.4

MPR: Drugs in Treated Class v.s. Control Drugs

No Insurance
1.4

MPR: Drugs in Treated Class v.s. Control Drugs

Aug18

Dec18

Mar19

Drugs in Treated Class

Aug19

Dec19

Control Drugs

Apr18

Aug18

Dec18

Mar19

Drugs in Treated Class

(a) No Insurance

Aug19

Dec19

Control Drugs

(b) With Insurance

Note: This figure plots the monthly means of MPR (conditional on M P R ≤ 4) for prescriptions with treated
and control drugs, and for insured and uninsured separately.

47

A

ATC Code and Therapeutic Classes

This appendix shows the list of drugs included in the analysis and the assignment of therapeutic classes based on medical treatment guidelines and the ATC classification system.
In the Anatomical Therapeutic Chemical (ATC) classification system, the active substances are divided into different groups according to the organ or system on which they
act and their therapeutic, pharmacological and chemical properties. Drugs are classified in
groups at five different levels. Drugs that share more levels of the ATC code are more similar
in their therapeutic use and chemical properties. We first assign all drugs in our data with
an ATC codes based on their chemical substance.
The 10 drugs that are included in the reform are for the treatment of Hypertension (7 out
of 10), High Cholesterol (2) and Atherosclerosis (1). To find all the other drugs that are in the
same therapeutic class as the 10 treated drugs, we use the medication treatment guidelines
of hypertension, high cholesterol to find which therapeutic class those drugs belong to and
then find corresponding ATC sub-categories. For example, treated drug with chemical name
“amlodipine” and ATC code “C08CA01” is considered as “Calcium Channel Blockers” in the
treatment guideline of hypertension. And the corresponding ATC sub-category representing
“Calcium Channel Blockers” is “C08”. Therefore we consider all drugs with ATC code
starting with “C08” as treated. The ATC sub-categories for all treated drugs are shown in
Table A.1. For the selection of control, we first include all drugs in the other therapeutic
classes for hypertension and high cholesterol. And we also include all the other drugs with
ATC Code starting with “C” because “C” is the category of drugs for “Cardiovascular
System”. Finally, we include the drugs for diabetes as control as well, which is also a
common chronic conditions among. The diabetes drugs are labeled by ATC code “A10” as
“Drugs Used In Diabetes” in the ATC classification system.
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clopidogrel
amlodipine
enalapril
lisinopril
fosinopril
losartan
irbesartan
irbesartan and diuretics
atorvastatin
rosuvastatin

B01AC04

C08CA01
C09AA02
C09AA03
C09AA09
C09CA01
C09CA04
C09DA04

C10AA05
C10AA07

Cardiovascular
System

HTN

HC

Generic Name

ATC Code

Illness

Price-Reduced Drugs

HC

HTN

Cardiovascular
System

Illness

C10AA

C09

C08

B01

ATC Code

HMG CoA Reductase Inhibitors

Agents Acting On The
Renin-Angiotensin System

Calcium Channel Blockers

Antithrombotic Agents

Drug Group

Treated Therapeutic Classes

Table A.1: Treated and Control Therapeutic Class

C10\C10AA
A10

Diabetes

Drugs Used In Diabetes

Lipid modifying agents

Beta Blocking Agents

Diuretics

C03
C07

Antihypertensives

Cardiac Therapy
Peripheral Vasodilators
Vasoprotectives

C01
C04
C05
C02

Drug Group

ATC Code

HC

HTN

Cardiovascular
System

Illness

Control Therapeutic Classes

Table A.2: List of Treated and Control Drugs
Therapeutic Class

B01

C08

Treated Drugs
ATC Code
Name
B01AC04
clopidogrel
B01AC06
acetylsalicylic acid
B01AC19
beraprost
B01AC23
cilostazol
B01AC24
ticagrelor
platelet aggregation inhibitors
B01ACXX
excl. heparin
B01ADXX
enzymes
B01AXXX02 other antithrombotic agents
B01XXXX
lumbrukinase
C08CA01

amlodipine

C08CA02
C08CA05
C08CA09
C08CA14
C08CA15
C08DB01
C09AA02
C09AA03
C09AA04
C09AA07
C09AA09
C09BBXX

felodipine
nifedipine
lacidipine
cilnidipine
benidipine
diltiazem
enalapril
lisinopril
perindopril
benazepril
fosinopril
amlodipine and benazepril
perindopril, amlodipine and
indapamide
losartan
valsartan
irbesartan
candesartan
telmisartan
olmesartan medoxomil
losartan and diuretics
irbesartan and diuretics
telmisartan and diuretics
valsartan, amlodipine and
hydrochlorothiazide
simvastatin
pravastatin
fluvastatin
atorvastatin
rosuvastatin
pitavastatin

C09BX01
C09

C09CA01
C09CA03
C09CA04
C09CA06
C09CA07
C09CA08
C09DA01
C09DA04
C09DA07
C09DX01

C10AA

C10AA01
C10AA03
C10AA04
C10AA05
C10AA07
C10AA08
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Therapeutic Class
C01
C04

Control
ATC Code
C01AA05
C01DA14
C01EA01
C01EB15
C04AE02

Drugs
Name
digoxin
isosorbide mononitrate
alprostadil
trimetazidine
nicergoline

C05AXXX

aluminium preparations

C05

C05BX01
C05CA03
C05CA04

C02

C02LA51
C03BA11
C03CA04
C03DA01
C03DB01
C07AB02
C07AB07
C07AG02
C07AGXX
C10AB05
C10AD06
C10AX02
C10AXXX02

calcium dobesilate
diosmin
troxerutin
reserpine and diuretics,
combinations with other drugs
indapamide
torasemide
spironolactone
amiloride
metoprolol
bisoprolol
carvedilol
arotinolol hydrochloride
fenofibrate
acipimox
probucol
ethyl polyenoate

A10AB01

insulin (human)

A10AB04
A10AC01
A10AE04
A10AE05
A10BB07
A10BB08
A10BB12
A10BD02
A10BF01

insulin lispro
insulin (human)
insulin glargine
insulin detemir
glipizide
gliquidone
glimepiride
metformin and sulfonylureas
acarbose

A10BF03

voglibose

A10BG03
A10BX02
A10XAXX

pioglitazone
vildagliptin
epalrestat

C03

C07

C10\C10AA

A10

B
B.1

Robustness and Additional Results
Robustness of Main Results on Drug Purchases
Table B.1: Robustness of Main Result: Excluding Diabetes Drugs
log(Dosage(Days) + 1)
(1)
Urban Employee

(2)
No Insurance

.21∗
(.13)

Treat*Post*Uninsured
Treat*Post

.12
(.12)

.34∗∗
(.15)

.12
(.11)
-5.6∗∗∗
(.23)

Uninsured
Treated Pre Mean
N

(3)
Triple-Diff

11
1098

5.6
1098

2196

Standard errors in parentheses
∗
p < .10, ∗∗ p < .05, ∗∗∗ p < .01
Note: This table reports the robustness of result in Table 3 when we exclude the set of diabetes drugs
from control. The time horizon included in the analysis is Apr-Dec 2018 (pre) and Apr-Dec2019 (post).
Year-month fixed effects and ATC fixed effects are included. Standard errors are clustered at the drug (ATC
Code) level.
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Table B.2: Robustness of Main Result: Jan to March
log(Dosage(Days) + 1)
(1)
Urban Employee

(2)
No Insurance

(3)
Triple-Diff

Panel A. Include Jan-Mar 2019
.21∗
(.11)

Treat*Post*Uninsured
Treat*Post

.086
(.073)

.29∗∗∗
(.11)

-5.9∗∗∗
(.17)

Uninsured
Treated Pre Mean
N

.086
(.072)

11
1575

5.6
1575

3150

Panel B. Include Jan-Mar 2019 and Jan-Mar2020
.2∗
(.11)

Treat*Post*Uninsured
Treat*Post

.16
(.11)

.36∗∗∗
(.12)

-5.9∗∗∗
(.17)

Uninsured
Treated Pre Mean
N

.16
(.11)

11
1800

5.6
1800

3600

Standard errors in parentheses
∗
p < .10, ∗∗ p < .05, ∗∗∗ p < .01
Note: This table reports the robustness of result in Table 3 when include observations from January to
March in the analysis. Year-month fixed effects and ATC fixed effects are included. Standard errors are
clustered at the drug (ATC Code) level.
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B.2

Robustness of MPR
Table B.3: Robustness of MPR Result: Last Time Purchase
MPR(< 4)
(1)
Urban Employee

1(M P R >= 4)

(2)
No Insurance

(3)
Urban Employee

(4)
No Insurance

-.0043∗∗∗
(.00039)
.054
11338287

-.00062
(.0019)
.0046
57350

-.0043∗∗∗
(.00039)
.054
11338287

-.00062
(.0019)
.0046
57350

Panel A. Impute MPR for the Last Purchase to be 1
Treated Class*Post
Treated Pre Mean
N

-.0025∗∗
(.0011)
1.1
10704363

.036∗∗∗
(.011)
.91
57090

Panel B. Impute MPR for the Last Purchase to be 0
Treated Class*Post
Treated Pre Mean
N

-.0029∗∗
(.0012)
.92
10704363

.065∗∗∗
(.012)
.49
57090

Standard errors in parentheses
∗
p < .10, ∗∗ p < .05, ∗∗∗ p < .01
Note: This table reports the robustness of result in Table 7 when we impute either 0 or 1 for the “Last Time”
drug purchases. Patient fixed effects and year-month fixed effects are included in the analysis. Standard
errors are clustered at patient level.
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Table B.4: Robustness of MPR Result: Cutoff of Two or Three
(1)
Urban Employee
Panel A

(2)
No Insurance

MPR(< 2)

(3)
Urban Employee

(4)
No Insurance

1(M P R >= 2)

Treated Class*Post

.0013∗
(.00076)

.028∗∗
(.011)

-.0047∗∗∗
(.00069)

.013∗∗
(.006)

Treated Class

.19∗∗∗
(.00089)

.44∗∗∗
(.015)

.027∗∗∗
(.00073)

.031∗∗∗
(.0074)

Treated Pre Mean
N

.94
7973814

.8
33346

.17
9571831

.038
34634

Panel B

MPR(< 3)

1(M P R >= 3)

Treated Class*Post

.00015
(.001)

.039∗∗∗
(.013)

-.0069∗∗∗
(.00053)

.0034
(.0034)

Treated Class

.22∗∗∗
(.0012)

.47∗∗∗
(.017)

-.004∗∗∗
(.00053)

.0075∗∗
(.0037)

Treated Pre Mean
N

1.1
8710326

.84
34276

.084
9571831

.01
34634

Standard errors in parentheses
∗
p < .10, ∗∗ p < .05, ∗∗∗ p < .01
Note: This table reports the effect on MPR when we consider the “large” MPR cutoff to be either 2 or 3.
Patient fixed effects and year-month fixed effects are included in the analysis. Standard errors are clustered
at patient level.
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Table B.5: Robustness of MPR Result: Refill of Therapeutic Class
(HTN, HC, Diabetes Drugs Only)
MPR(< 4)

1(M P R >= 4)

(1)
Urban Employee

(2)
No Insurance

(3)
Urban Employee

(4)
No Insurance

Treated Class*Post

.0093∗∗∗
(.00098)

.028∗∗
(.014)

-.0042∗∗∗
(.00022)

.0002
(.0018)

Treated Class

.28∗∗∗
(.0012)

.47∗∗∗
(.018)

.017∗∗∗
(.00025)

.0018
(.0023)

Treated Pre Mean
yearmonth FE
Individual FE
N

1
YES
YES
8902839

.84
YES
YES
33173

.027
YES
YES
9051232

.0026
YES
YES
33248

Standard errors in parentheses
∗
p < .10, ∗∗ p < .05, ∗∗∗ p < .01
Note: This table reports the robustness of result in Table 7 when we define “refill” by the purchases of drugs
from the same therapeutic class. The analysis is restricted to drugs treating Hypertension, High Cholesterol,
and Diabetes only. Patient fixed effects and year-month fixed effects are included in the analysis. Standard
errors are clustered at patient level.

Table B.6: Robustness of MPR Result: Refill of Therapeutic Class
(All Drugs)
MPR(< 4)

1(M P R >= 4)

(1)
Urban Employee

(2)
No Insurance

(3)
Urban Employee

(4)
No Insurance

Treated Class*Post

.0069∗∗∗
(.00093)

.038∗∗∗
(.014)

-.003∗∗∗
(.00024)

.0019
(.0017)

Treated Class

.13∗∗∗
(.0011)

.33∗∗∗
(.021)

.023∗∗∗
(.00028)

.0032
(.002)

.94
YES
YES
11166531

.76
YES
YES
39005

.034
YES
YES
11433082

.0022
YES
YES
39107

Treated Pre Mean
yearmonth FE
Individual FE
N

Standard errors in parentheses
∗
p < .10, ∗∗ p < .05, ∗∗∗ p < .01
Note: This table reports the robustness of result in Table 7 when we define “refill” by the purchases of drugs
from the same therapeutic class. The analysis includes all drugs in the sample. Patient fixed effects and
year-month fixed effects are included in the analysis. Standard errors are clustered at patient level.
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B.3

Distribution of Dosage Per Prescription and Gaps Between
Refills
Figure B.1: Distribution of Gaps Between Refills
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Note: This figure shows the distribution of gaps between two refills for the insured and uninsured separately.
Panel (a) and (b) show the distribution for drugs in treated classes. Panel (c) and (d) show distribution for
control drugs. In each sub-graph, distribution from the post period (orange bars) is overlaid on top of that
from the pre-period (hollow bars). Observation is at the prescription level.
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Figure B.2: Distribution of Dosage Per Prescription
Treated Drugs: Insured
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Note: This figure shows the distribution of dosage per prescription for the insured and uninsured separately.
Panel (a) and (b) show the distribution for drugs in treated classes. Panel (c) and (d) show distribution for
control drugs. In each sub-graph, distribution from the post period (orange bars) is overlaid on top of that
from the pre-period (hollow bars). Observation is at the prescription level.
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B.4

Results on Urban Resident Insurance Sample
Table B.7: Effect on Dosage Purchases
log(Dosage(Days) + 1)
(1)
Urban Employee

(2)
Urban Resident

(3)
No Insurance

Treat*Post

.093
(.08)

.11∗
(.068)

.34∗∗∗
(.12)

Treated Pre Mean
N

11
1350

8.2
1350

5.6
1350

Standard errors in parentheses
∗
p < .10, ∗∗ p < .05, ∗∗∗ p < .01
Note: This table adds the result on drug dosage purchased from the sample with Urban Resident Basic
Medical Insurance (URBMI) (column 2). Column (1) and column (3) replicate the results show in Table 3.
The time horizon included in the analysis is Apr-Dec 2018 (pre) and Apr-Dec2019 (post). Year-month fixed
effects and ATC fixed effects are included. Standard errors are clustered at the drug (ATC Code) level.
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Table B.8: Effect on Medication Possession Rate (MPR)
MPR(< 4)

1(M P R >= 4)

(1)
Employee

(2)
Resident

(3)
Uninsured

(4)
Employee

(5)
Resident

(6)
Uninsured

-.0038∗∗∗
(.0013)

.0082
(.0051)

.046∗∗∗
(.015)

-.005∗∗∗
(.00045)

-.00022
(.0013)

.00087
(.0027)

Treated Class

.19∗∗∗
(.0014)

.25∗∗∗
(.0061)

.46∗∗∗
(.018)

.0042∗∗∗
(.00044)

.00094
(.0011)

.0078∗∗
(.0032)

Treated Pre Mean
Individual FE
N

1.1
YES
8937853

.96
YES
399992

.85
YES
34373

.065
YES
9571831

.021
YES
409815

.0078
YES
34634

Treated Class*Post

Standard errors in parentheses
∗
p < .10, ∗∗ p < .05, ∗∗∗ p < .01
Note: This table adds the result on Medication Possession Rate (MPR) from the sample with Urban Resident
Basic Medical Insurance (URBMI) (column 2 and column 4). Column (1) (3)and column (4) (6) replicate
the results show in Table 7. Patient fixed effects and year-month fixed effects are included in the analysis.
Standard errors are clustered at patient level.
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