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Abstract

Antibiotic resistance, a negative externality of antibiotic use, is a growing threat

to public health. Health care competition may encourage antibiotic use because an-

tibiotic prescriptions help physicians retain patients. This paper examines the e↵ect of

competition on antibiotic use in a large, nationally-representative panel of outpatients

in Taiwan. We address the potential for a spurious correlation through a di↵erence-in-

di↵erence strategy that distinguishes between publicly and privately owned firms and

between hospitals and clinics. Moving from the 75th to the 25th percentile of market

concentration is associated with 9.7 percent greater antibiotic use. We document the

mechanism of patient retention that underlies this e↵ect and evaluate a novel policy

designed limit overprescription.
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1 Introduction

Antibiotics are a cornerstone of modern medical care. With the first commercial production

of penicillin in 1943, antibiotics transformed medicine by o↵ering e↵ective and inexpensive

treatment for bacterial infections. The introduction of antibiotics led to dramatic gains in

public health, with US life expectancy rising from 62.9 years to 68.2 years from 1940 to

1950 (Arias 2006). Antibiotics address illnesses such as pneumonia, tuberculosis, gonorrhea,

and urinary tract infections, and are widely used prophylactically during surgery. A typical

several-day course can eliminate an infection with few risks or side e↵ects.

The ubiquity of antibiotics has also led to drug resistance. Bacteria rapidly reproduce

and mutate in ways that circumvent a drug’s antibacterial mechanism. Once mutations

occur, antibiotics further encourage resistance by eliminating susceptible strains from com-

petition for nutrients. With age, many of the earliest antibiotics have lost e↵ectiveness.

Resistance to erythromycin (a common treatment for S. pneumoniaeinfections such as

pneumonia and meningitis) stands at 28.3 percent in the United States, 33.3 percent in

Mexico, 71.5 percent in Japan, and 72.4 percent in Hong Kong (McGeer and Low 2003).

Drug-resistant infections are more di�cult to treat; the United States spends $4-7 billion per

year on treatment of resistant infections (ASM 1995, Lautenbach et al. 2001).1 Mortality

from methicillin-resistant S. aureus(MRSA) now exceeds mortality due to HIV, Parkinson’s

Disease, emphysema, and homicide in the US (Klevens et al. 2007).

Many patients view antibiotics as potent alternatives to over-the-counter medicines and

seek out physicians who prescribe antibiotics liberally. The patient’s private cost of con-

suming an antibiotic is the small risk of an allergic reaction, while the external cost is the

incremental increase in antibiotic resistance. Despite the ethical proscription on inappro-

priate antibiotic use, many doctors feel they must provide antibiotics in order to retain

patients (Brody 2005). In Butler et al.’s (1998) focus group of primary care physicians, one

1Despite the threat of drug resistance, antibiotic development remains stagnant. FDA approval of new
antibiotics has declined by 56 percent in the past 20 years, and antibiotics constitute only 1 percent of the
compounds currently under development by the largest companies (Spellberg et al. 2004).
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respondent remarks, “You can’t just say ‘It’s viral, you don’t need antibiotics, go away,’

because [patients] feel they’re being fobbed o↵. They feel that their illness is not being

taken seriously.” Another physician comments, “It does make me feel uncomfortable. I do

feel as though I’ve been slightly used. Sometimes slightly abused as well.” In a survey of

US pediatricians, Bauchner et al. (1999) found that 96 percent have received inappropriate

requests for antibiotics and that one third comply with these requests at least occasionally.

Attracting and retaining patients with antibiotics is a form of quality competition. Given

patients’ attitudes, providers who withhold antibiotics risk losing business. Competition ac-

centuates this incentive by increasing provider’s quality elasticity of demand. A monopolist

has a limited incentive to improve quality (prescribe liberally) because it wishes to avoid of-

fering the same quality improvement to inframarginal consumers who would have patronized

the firm anyway. The institutional structure of the firm a↵ects antibiotic use by influencing

the physician’s incentive to retain patients. A doctor has a greater incentive to prescribe

antibiotics if his compensation is directly tied to the firm’s performance.

This paper examines the e↵ect of health care competition on antibiotic use in Taiwan.

We utilize rich data on antibiotic prescription from a large, nationally-representative panel of

health care claims. We find a negative correlation between the Hirschman Herfindahl Index

(HHI) of market concentration and the probability of antibiotic prescription. We address

the potential for a spurious correlation by implementing two di↵erence-in-di↵erence (DD)

specifications. The first specification distinguishes between publicly and privately owned

providers. We find that private providers, which have a greater incentive to retain patients,

respond more to competition than public providers. The second specification distinguishes

between hospitals and clinics. Again, we find a larger e↵ect for clinics, where owner-operator

physicians have a strong incentive to retain patients. A triple-di↵erence (DDD) specification,

which combines these approaches, finds a di↵erential response for private clinics relative to

public clinics and private hospitals.

Next we investigate the mechanism underlying the e↵ect of competition on prescrip-

2



tion. We regress the probability that a patient returns to the same physician he or she

saw previously on whether the previous visit included an antibiotic prescription. Receiving

an antibiotic increases the probability that the patient returns to the same doctor. This

incentive is greatest in the most competitive markets. We replicate the DD and DDD speci-

fications described above and find that the relationship between antibiotic use and customer

retention is greater among private firms and clinics.

The paper then gauges the importance of the regulatory environment by considering the

impact of a novel antibiotic control policy. In February of 2001, authorities began requiring

that physicians provide evidence of a bacterial infection when prescribing antibiotics for

upper respiratory infections (URIs). These infections (e.g. sore throat and the common

cold) are typically viral rather than bacterial, but constituted a plurality of all antibiotic

prescriptions prior to the reform. We find that although the policy dramatically reduced

antibiotic use, it only partially diminished the link between competition and prescription.

The presence of a link between competition and prescription under both regimes suggests

that competition may encourage antibiotic use in other settings as well.

This paper contributes to the literature on competition and health care quality. Pa-

pers on the “medical arms race” debate whether competition causes hospitals to invest in

expensive equipment and drive up health care costs (Robinson and Luft 1985, Dranove and

Satterthwaite 2000, Section 4.2). Propper, Burgess and Green (2004) argue that compe-

tition among hospitals in the UK has modestly increased mortality. The negative exter-

nality of antibiotic resistance sets antibiotic use apart from other “quality” investments.

Greater antibiotic resistance may partially o↵set the other benefits of health care competi-

tion (Laxminarayan and Brown 2001).

We proceed in Section 2 to develop a simple model of antibiotic use. Section 3 describes

the context and data. In Section 4, we describe our identification strategy and present

regressions of antibiotic use on market concentration. This section also substantiates the

mechanism of patient retention and weighs the impact of the antibiotic control policy. Section
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5 calibrates the impact of competition on antibiotic resistance and Section 6 concludes.

2 Theoretical Framework

In the simple model below, competition accentuates the incentive for providers to attract

patients with antibiotics. Since the existing literature examines the general e↵ect of compe-

tition on product quality (Spence 1975, Beil et al. 1995), our goal is to provide intuition for

the present context. We adapt a standard Cournot model by assuming that the government

fixes the price of health care. Each firm chooses a level of antibiotic use, which determines

its market share and profit.

2.1 Model Setup

A local health care market contains a fixed number of patients, ! > 0, who are indexed by

i and each demand " > 0 units of health care. n " 0 homogeneous firms, indexed by j ,

completely satisfy the market’s health care demand. Firms compete for patients by o↵ering

antibiotic prescriptions, aj " 0. The patient receives utility from antibiotic consumption

and the quality of his match with the provider, #ij : u(aj , #ij ) = ln(aj ) + #ij . Utility rises

monotonically in aj , which is consistent with patients bearing little to no cost of additional

antibiotic use, including the future cost of drug resistance.2 Under the assumption that #ij

has a Type-II Extreme Value distribution, firm j ’s demand depends upon the intensity of

its antibiotic use relative to other firms: qj = ! "a j /
! n

k=1 ak (McFadden 1974).

The expression for the firm’s profits follows from the firm’s demand function. The firm

receives compensation p > 0 and incurs cost c # [0, p) for each unit of health care it provides.

The firm also incurs cost $ for every antibiotic prescription. This cost may represent either

an ethical or regulatory sanction, as described below. Firm j maximizes the following profit

2We do not formally model the antibiotic resistance externality because this step would not help clarify our
regressions below. Antibiotic use causes resistance to accumulate regionally and globally as resistant bacteria
become established commensally throughout the human population. Therefore local antibiotic resistance is
unlikely to determine local market structure.
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function with respect to aj :

max
aj

%j = "! (p $ c)
aj! n

k=1 ak
$ $aj (1)

Di↵erentiating this expression with respect to aj leads to a first order condition that must

hold for each firm in equilibrium. Firms, which are homogeneous, choose symmetric levels

of antibiotic use: a⇤
j = a⇤ for all j . Solving the first order condition and imposing symmetry

across firms gives an expression for a⇤ as a function of n.

a⇤ =
"! (p $ c)

$
%

n $ 1

n2
(2)

Because an increase in n reduces the market share of existing firms, the number of prescrip-

tions per firm is decreasing in n. However, in an analog to the Cournot Model, the number

of firms rises faster than a⇤ declines, so that per capita antibiotic use rises in n.

Normalizing equation (2) by n/! provides an expression for equilibrium antibiotic use

per capita, ã⇤. One can equivalently express antibiotic use in terms of the Herfindahl Index,

H , which is defined as the sum of squared market shares across all firms in the market. In

this model, each firm’s share is 1/n , so H =
! n

k=1 1/n 2 = 1/n :

ã⇤ =
" (p $ c)

$
%(1 $ H ) (3)

Equation (3) shows how the factors in the model determine antibiotic use. Antibiotic use is

increasing in the demand for health care, " , and the profit margin, p $ c, but is decreasing

in the intensity of regulation, $.

Di↵erentiating this equation with respect to H shows that market concentration reduces

antibiotic use.

&ã⇤

&H
= $

" (p $ c)
$

< 0 (4)
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Intuitively, an increase in H reduces the elasticity of demand for firms that remain in the

market. A firm considering whether to increase aj attracts fewer patients through this action

when market concentration is high than when market concentration is low. This expression

also shows how the demand for health care and the regulatory cost of prescription mediate

the e↵ect of competition on antibiotic use. Because $ appears in the denominator of equation

(4), regulation attenuates the e↵ect of competition on prescription. In contrast, the demand

for health care, " , accentuates the e↵ect of competition by increasing the firm’s profit per

patient.

By conflating physicians and firms, the discussion above overlooks the potential for

agency problems with the firm. Physicians bear at least some of the ethical and regulatory

cost of prescription, $. A physician whose compensation is not directly tied to the firm’s

profit has a smaller incentive to maximize profit, and therefore a smaller incentive to prescribe

antibiotics.

2.2 Endogenous Entry and the HerÞndahl Index

The preceding subsection derives the e↵ect of market concentration on antibiotic use under

the assumption that market concentration is exogenous. A concern in the empirical section

below is that demand or supply heterogeneity may cause a spurious correlation between

market concentration and antibiotic use. Here we formally consider the endogeneity of H

by modeling the entry decisions of firms. First, it is necessary to amend the setup to the

model so that entrants incur fixed cost ' . Firms first decide whether to enter and then

choose aj to maximize profit conditional upon entry. Equation (3) provides the solution to

the second-stage problem. To obtain the equilibrium market concentration, we substitute a⇤

into equation (1) and solve for n by setting equilibrium profit to zero. Since H = 1/n , the

equilibrium level of market concentration is the inverse of this solution:

H ⇤ =

"
'

" (p $ c)
(5)
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This expression shows how the Herfindahl Index depends upon the parameters of the model.

The entry barrier, ' and the cost of care, c, both positively a↵ect H . Market concentration

is decreasing in patient demand, " , and the reimbursement rate, p. Because $ does not a↵ect

the marginal cost of health care, regulation is uncorrelated with market concentration in this

model.

Equations (3) and (5), which represent antibiotic use and market concentration in terms

of exogenous parameters, illustrate the possible causes of a spurious correlation between

these variables. Patient demand, " , appears in the denominator of H ⇤ and the numerator

of ã⇤. Therefore unobservable demand shocks may both increase ã⇤ and reduce H ⇤, causing

a spurious negative correlation between these variables. Conversely, the cost of health care,

c, reduces antibiotic use and increases market concentration. In a more general framework,

demand, costs, and barriers to entry may vary across firms and cause heterogeneity in an-

tibiotic use. With heterogeneous firms, competition may increase antibiotic prescription by

changing the composition of firms in the market. The e↵ect of competition on prescription

reflects the combined e↵ect of a causal e↵ect on behavior and an e↵ect of selection.

3 Context and Data

3.1 Health Care Setting

Taiwan is a small, densely populated island with a population of 22.8 million and per capita

GDP of around US$30,000. The infant mortality rate of 5.4 and the median age of 37.6 are

similar to the United States, where the infant mortality rate is 6.4 and the median age is

36.9. In 2005, life expectancy at birth in Taiwan was 71.8 years for men and 77.7 years for

women. Taiwan is made up of 25 cities and counties, which are subdivided into 366 urban

districts and townships. Throughout the paper, we refer to cities and counties as “counties”

and to townships and districts as “townships.” County boundaries did not change from 1997

to 2005 but townships merged or split in two instances.
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In 1995, Taiwan established a public single-payer health insurance system. Before the

reform, only 57 percent of the population had health insurance and many people went without

health care (Chiang 1997). Taiwan’s system reimburses private providers for health care

according to a fixed fee schedule. The program, which serves 96 percent of the population,

is financed through payroll taxes and copayments of under US$5 for visits and prescriptions.

Universal health care dramatically increased health care demand, causing outpatient visits to

grow by 1.7 percent per year from 1997 to 2002 (Chou et al. 2003, Cheng and Chiang 1997).

Patients in Taiwan frequently take antibiotics for minor conditions. Because of the low

copayment, it is more economical to see a doctor and obtain a prescription than purchase

medicine over the counter. Ho (2005, p. 246) argues that the intensive use of antibiotics

also reflects cultural norms: “The patient’s primary purpose in seeing a doctor is to get

a prescription. In the Chinese conception, every illness requires some sort of medicine.

The idea that some diseases do not require medicine is unacceptable.” The intensive use of

antibiotics has led to alarming rates of antibiotic resistance (Lauderdale et al. 2004). Among

the aforementioned S. pneumonia, resistance is 86% for erythromycin, 59% for penicillin,

and 93% for tetracycline (McDonald et al. 2004).

Doctors have considerable latitude over whether to o↵er antibiotics. For a patient with

ambiguous symptoms, a physician can only definitively diagnose a bacterial infection by

ordering a lab culture (Fitch 2002). This test may take 2-3 days, as a technician attempts

to grow the suspected pathogen in the lab. Instead, some physicians practice “empirical

antibiotic therapy” by preemptively giving antibiotics and inferring a diagnosis from the

patient’s response. Medical authorities do not condone this practice (Snow et al. 2001a, Snow

et al. 2001b, Snow et al. 2001c). A widely-used handbook on the treatment of infectious

diseases recommends, “The otherwise healthy patient with mild illness and no focal findings

does not require [antibiotic] treatment until a diagnosis has been reached.” (Reese and Betts,

eds 1996, p. 1060)

The BNHI implemented a novel policy reform in February of 2001. The 1999 Taiwan
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Surveillance of Antibiotic Resistance (TSAR) reported that rates of resistance to penicillin,

oxacillin, and gentamicin among certain bacteria were among the the highest in the world

(Ho 2005). In June of 2000, public health o�cials debated a proposal to limit antibiotic

prescriptions for upper respiratory infections (URIs). These illnesses, which are rarely bac-

terial, are the leading reason for antibiotic prescriptions. The new policy required physicians

to provide evidence of bacterial infection when seeking reimbursement for URI-related an-

tibiotic prescriptions. In practice, the BNHI polices this policy by auditing physicians with

exceptional rates of antibiotic prescription. After the reform, antibiotic use fell by 16 per-

cent in 2002 and by another 4 percent by 2005. The decline began a few months before the

adoption of the reform, suggesting that physicians adapted in anticipation of the policy (Ho

et al. 2004).

Patients may obtain outpatient care from either hospitals or clinics. All hospitals op-

erate outpatient departments, which employ a median of 25 physicians. Clinics are small

owner-operated firms that employ a median of 2 physicians. Clinics are ubiquitous in urban

areas and supply 72 percent of all outpatient services. Firms also di↵er in their ownership

status. Hospitals may be public, private, or non-profit, while clinics may be public or pri-

vate. Our baseline analysis excludes non-profit firms because it is unclear how to handle

these firms in a public/private di↵erence-in-di↵erence.3 Public hospitals are operated by

the Department of Health or by city or county governments. 16 percent of all hospitals are

public. Over 96 percent of clinics are private, however the government operates public clinics

known as township health stations in every township. Although public and private clinics

provide similar services, public clinics emphasize in-home care and outreach to underserved

communities (Ho 2009).

Our analysis distinguishes between four types of firms: public hospitals, private hospi-

tals, public clinics, and private clinics. Hospitals utilize a “sta↵ model HMO” compensation

3Non-profits, which constitute 13 percent of all hospitals, are tax exempt and receive partial funding
through grants and philanthropic donations (Lin et al. 2004). Estimates that include these observations
(available from the authors) resemble the baseline estimates but are weaker for the public/private DD.
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structure, in which physicians receive salaries according to seniority and rank. Corporate

ownership is illegal, and physicians serve as executives of private hospitals. Hospitals, par-

ticularly if they are privately owned, may incentivize physicians based on patient volume.

Chu et al. (2003) describe a typical scheme, in which physicians receive bonuses that are 70

percent weighted by their individual contributions to revenue and 30 percent weighted by

their teams’ contributions to cost reduction. The firm caps the total outlay on incentives at

10 percent of its operating revenue. Physicians at private clinics have the greatest incentive

to retain patients. These doctors typically co-own the firm and receive a large share of prof-

its. In contrast, physicians at public clinics receive only a base salary, regardless of patient

volume or revenue (Chie and Fu 1995).4

Outpatient health care markets are defined geographically. Although it is easy to travel

across the island, patients typically seek care within their home township. Most outpatient

illnesses are too mild to justify visiting a far-away doctor: 32 percent of visits relate to

URIs such as sore throats and the common cold. Within a township, hospitals and clinics

operate in distinct market segments. Clinics provide more personally and less technologically

intensive care. Wait times for clinics are shorter than wait times for hospitals. Nonetheless

many people insist on visiting hospitals because they feel that hospitals o↵er higher quality

care.

3.2 Data

Our analysis utilizes data on outpatient claims from 1997 to 2005 for a panel of 200,000

patients. The BNHI, the central claims processor, furnishes a research data set with all

4Many pharmacies in Taiwan are closely associated with both hospitals and clinics. Traditionally, physi-
cians dispensed prescription drugs directly to patients. Due to concern over physician moral hazard, the
government banned this practice through a fairly lenient reform in 1997. The reform, which remains the
status quo, requires clinics and hospitals that distribute drugs to do so through on-site pharmacies. Firms
must employ a licensed pharmacist, but the business owners continue to receive the profits from drug sales.
According to Chou et al. (2003), 100 percent of hospitals and 60-70 percent of clinics operate on-site phar-
macies. By allowing firms to profit directly from drug sales, this system incentivizes physicians to prescribe
medicine. However, prescription drugs only account for 20 percent of total outpatient revenue and may be
less important for firms than consultation and diagnostic fees.
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claims by these patients. The data are nationally representative of the 2000 population and

identify the patient, physician, township, and date of treatment. The BNHI also provides

a census of physicians, which connects each provider to a hospital or clinic. The census

identifies and provides the ownership status for hospitals and clinics associated with each

physician. Health care facilities have constant geographic locations in the data.

We measure the absolute and relative intensity of antibiotic use through two outcome

variables. “Antibiotics prescribed” is an indicator that equals 1 if the visit generates at least

one antibiotic prescription. From 1997 to 2005, patients received an antibiotic in 19.2 percent

of visits. “Antibiotics share” is the visit’s percent of prescribed drugs that are antibiotics.

Physicians dispense drugs in 94.2 percent of outpatient visits, and the median number of

drugs is 4. On average, antibiotic prescriptions constitute 4.2 percent of the drugs prescribed.

This variable allows us to distinguish a specific e↵ect on antibiotics from an e↵ect on drugs

in general.5 A plot of quarterly antibiotic use appears in Figure 1. Antibiotic use rose

from 1997 to 2000, fell steeply after the 2001 policy change, and then fell more gradually in

subsequent years.

Our analysis uses the Hirshman-Herfindahl Index (HHI) to measure market concentra-

tion (Baker 2001). The HHI is defined as the sum of squared market shares across all firms

in the market. The index ranges from 0 to 1 and rises with greater market concentration. An

analysis of competition requires several assumptions about the definition of competitors, the

scope of the market, and the measurement of market share. Our baseline assumption is that

hospitals and clinics, rather than doctors, compete for patients. Our di↵erence-in-di↵erence

identification strategy exploits the fact that agency problems may prevent physicians in hos-

pitals from maximizing firm profits. As an alternative, we also show estimates based on an

assumption that physicians, rather than firms, compete for patients.

In our baseline analysis, we define the markets by township and calculate the HHI

5We gauge the selection into prescription of any medicine by comparing the characteristics of visits with
zero drugs to visits with one drug. In visits with zero drugs, patients are 3.7 years younger and physicians
are 2.9 years older. These visits occur more often in clinics but originate in markets with similar levels of
market concentration and population density.
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separately for hospitals and clinics. This step incorporates an assumption that hospitals and

clinics exist in distinct market segments within a township. In an alternative regression, we

calculate the HHI by township to allow hospitals and clinics to compete directly. Another

alternative defines hospital markets by county, allowing hospitals to compete against a larger

set of other hospitals. We measure market share based on the firm’s share of market-wide

outpatient visits. Another alternative regression uses revenue to calculate the HHI. We also

show results based on the four-firm concentration ratio.

We present summary statistics in Table 1. Although market concentration varies over

time, most of the identifying variation for our regressions is cross-sectional.6 To assess how

possible confounders may be correlated with the HHI, Columns 1-4 cut the sample by the

median HHI for hospitals and clinics. Unconcentrated markets contain more firms, which are

smaller on average. The population density is higher, the patient population is younger in

these markets. Expenditures per patient are comparable across high- and low-concentration

markets.

Columns 5-8 of Table 1 show summary statistics by firm type. Compared to their public

counterparts, private hospitals and clinics are smaller, serve younger patients, and tend to

be located in less concentrated markets. Private firms use antibiotics more intensively than

public firms. Public clinics have a distinct profile because they operate in all townships and

target underserved groups such as the homebound elderly.

6Hospital consolidation has led to an upward trend in market concentration over time. The median
market concentration rose by 34 percent from 1997 to 2005. This occurred because the number of hospitals
fell by 17 percent, while the size of hospitals increased by 150 percent. The BNHI’s reimbursement policies
may have encouraged this phenomenon by providing more funding to larger hospitals (Lu and Hsiao 2003).
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4 Estimation

4.1 Empirical Approach

In this section, we estimate the e↵ect of market concentration on antibiotic use. Regressions

are based on the following specification:

aijkt = ( 0 + ( 1Hkt + ( 2vkt + Fj + ) t + *ijkt (6)

Each observation is an outpatient visit for patient i with physician j in township k and year-

quarter t. The dependent variable, aijkt , represents either an indicator that the physician

prescribed an antibiotic (“antibiotics given”) or the share of prescriptions that were antibi-

otics (“antibiotics share”). We calculate the Herfindahl Index, Hkt , quarterly by township

(distinguishing between clinics and hospitals) and use outpatient visits to determine market

share. Regressions control for patient volume, vkt , because large firms generally prescribe

fewer antibiotics than small firms. Without this control, the presence of a large firm may

cause a spurious negative correlation between Hkt and aijkt by mechanically inflating the

HHI. All regressions contain four firm type dummies, Fj , as well as year % quarter fixed

e↵ects, ) t .7 We cluster standard errors by township.

Unobservable heterogeneity across patients, providers, or markets may cause a spurious

correlation between Hkt and aijkt in Equation (6). Patients may vary in health status or

persistence in seeking antibiotics, while providers may vary in the willingness to o↵er antibi-

otics. Markets di↵er in many ways, including disease conditions, local amenities, diagnostic

facilities, and medical norms about antibiotic use. Importantly, many sources of heterogene-

ity such as health status fluctuate over time. One particular concern is that disease shocks

could jointly determine the demand for antibiotics and provider profits. A concentration of

ill patients creates an incentive for firms to enter, lowering the HHI.

7The HHI for clinics is systematically lower than the HHI for hospitals under our baseline market defini-
tion. By controlling for Fj , we avoid using this level di↵erence for identification.
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We address these concerns through a di↵erence-in-di↵erence identification strategy. Af-

ter showing a significant e↵ect in specifications without interaction terms, we present two

DD regressions, which distinguish between private and public firms and between clinics and

hospitals. A triple-di↵erence specification utilizes both public clinics and private hospitals

as control groups. DD regressions show di↵erential e↵ects for private firms and clinics, while

the DDD regression shows a di↵erential e↵ect for private clinics. To cause these results

spuriously, an omitted variable must cause a di↵erentially strong correlation between Hkt

and aijkt for private firms and clinics. It is unlikely that key unobservables would vary with

market concentration and firm type in this way.

We implement the DDD specification with either patient % time, township % time or

market % time fixed e↵ects. With patient % time fixed e↵ects, patients who visit providers

in di↵erent markets during the same quarter identify the e↵ect of market concentration.

Among patients who seek any care during the quarter, 33 percent visit doctors in multiple

townships. This approach controls for unobservable time-varying characteristics of patients,

and rules out bias due to the patient’s health status or current attitude about antibiotics.8

Alternatively, township % time fixed e↵ects control for time-varying features of townships,

and market % time fixed e↵ects distinguish between hospital and clinic markets in the same

township. These specifications rule out bias due to local unobservables such as population

density and local disease conditions.

4.2 Results

The regressions below estimate the e↵ect of market concentration on antibiotic use. The

tables report coe�cients and standard errors. To gauge e↵ect sizes, a useful benchmark is

the variation in market concentration within the interquartile range (IQR). The IQR is 0.24

8The patient’s decision to visit additional doctors depends in part on the perceived quality of prior
visits. Patient % time fixed e↵ect may fail to absorb patient-specific health shocks for which the patient’s
health varies (or appears to vary) across initial and subsequent visits. This issue does not interfere with
the interpretation of the regression because the HHI is uncorrelated with the sequence of visits. The mean
HHI among first visits is 0.19, while the mean among subsequent visits is 0.20. This similarity remains after
distinguishing between clinic and hospital markets.
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for clinics and 0.59 for hospitals; the weighted average (by volume) of these values is 0.34.

Markets near the 75th percentile of the HHI have a median of 1 hospital and 6 clinics, while

markets near the 25th percentile have a median of 4 hospitals and 48 clinics. All regressions

control for firm type dummies. Regressions also control for secular time trends through time

fixed e↵ects or more restrictive patient % time, township % time, or market % time fixed

e↵ects.

Tables 2 and 3 show regressions of “antibiotics given” and “antibiotics share” on mar-

ket concentration. Column 1 of each table corresponds to Equation (6), which omits any

interaction terms. The coe�cient for “antibiotics given” is -0.061, while the coe�cient for

“antibiotics share” is -0.016. Based on the significance of both outcomes, competition is

associated with greater antibiotic use in particular, rather than greater drug use in general.

The estimate in Table 2 implies that moving from the 75th to the 25th percentile of market

concentration would lead to 1.04 million additional antibiotic prescriptions nationwide, or

0.045 additional prescriptions per person.

Columns 2 through 4 of these tables implement di↵erence-in-di↵erence regressions.9 Col-

umn 2 distinguishes between firms with private and public ownership. Physicians working

in private firms have a stronger incentive to retain patients by prescribing antibiotics. These

regressions show a large e↵ect of competition on prescription for private firms and virtu-

ally no e↵ect for public firms. Column 3 distinguishes between hospitals and clinics. Clinic

physicians typically own a large share of their practices and have a strong incentive to retain

patients. Estimates in Column 3 show a modest and insignificant e↵ect for hospitals and a

di↵erential, statistically significant response for clinics. Because over 96 percent of clinics

are privately owned, the clinic interaction may proxy for private ownership. In Column 4,

we estimate the partial e↵ect of each interaction by including both interactions in the same

regression. Both e↵ects are significant and have comparable magnitudes, indicating that

both distinctions are meaningful.

9DD and DDD regressions control for analogous interactions with vkt to allow the e↵ect of firm size on
prescription to vary by firm type.
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Columns 5 through 8 implement triple-di↵erence regressions based on the interaction

between firm type and market concentration. In Column 5, the level e↵ect of the HHI,

which represents the e↵ect for public hospitals, is positive but insignificant. The di↵erential

e↵ect for private hospitals is also insignificant, although the total e↵ect for private hospitals

(the HHI level plus the private interaction) is significant. The response for public clinics (the

HHI level plus the clinic interaction) is positive, which is consistent with the role of these

facilities as backstop providers.10 Private clinics exhibit the strongest response: -0.253 for

“antibiotics given” and -0.070 for “antibiotics share” (the HHI level plus all interactions).

In Column 6, we implement the DDD specification while controlling for patient % time

fixed e↵ects. Patients who visit providers in di↵erent markets during the same quarter

provide the identifying variation for these estimates. The DDD estimate for private clinics

is 50 percent smaller in Column 6 than in Column 5, but remains highly significant. The

restrictive fixed e↵ects in this specification cause the R squared statistic to rise to 0.52.

Column 7 controls for unobservable time-varying township characteristics with township %

time fixed e↵ects. Estimates are 29-66 percent smaller but remain statistically significant.

Finally, Column 8 controls for market % time fixed e↵ects. This specification excludes the

HHI level and the clinic interaction, which are collinear with the fixed e↵ects. Although the

coe�cient estimates resemble Column 7, the standard errors increase substantially and the

estimates become insignificant.

The results in Tables 2 and 3 strongly minimize the threat of a spurious correlation.

The patient % time fixed-e↵ects in Column 6 control for time-varying patient heterogeneity,

including variation in health and attitudes toward antibiotics. The township % time fixed-

e↵ects in Column 7 control for time-varying location heterogeneity, including variation in

population density and disease conditions. The DD and DDD specifications rule out other

alternative explanations. The DD for private ownership is not consistent with bias due to

heterogeneity in diagnostic services because public and private firms have the same access

10In concentrated markets, public clinics handle a greater share of the routine care that leads to heavy
antibiotic use.
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to these services. The DD for clinics is not consistent with doctors practicing “defensive

medicine” because malpractice lawsuits di↵erentially threaten hospital-based physicians (Wu

et al. 2009, Chen 2010). A remaining possibility is that physicians who prescribe liberally

choose di↵erentially to work in private clinics in unconcentrated markets. This explanation is

not consistent with the summary statistics in Table 1, which indicate that doctors in private

clinics and private hospitals prescribe antibiotics with similar frequency.

Next we test the robustness of these findings under alternative definitions of market

share and the market. In Table 4, Panel A corresponds to Column 1 of the baseline tables,

while Panel B corresponds to Column 5. In the first regression, we show that defining market

share in terms of revenue rather than patient volume leads to similar estimates. Next, we

calculate the HHI under the assumption that physicians, rather than firms, compete for

patients. These results, though weaker, also resemble the baseline estimates. We also find

similar results when calculating the HHI for hospitals by county rather than by township.

For the remaining two alternatives, we define markets by township in order to allow

hospitals and clinics to compete in the same markets. Under the standard volume-based

HHI definition, the levels estimate in Panel A is robust but the DDD estimate in Panel B is

insignificant. Next we measure market concentration with the four-firm concentration ratio

(CR-4). Estimates for the CR-4 are significant in Panel A but are negative and insignificant

in Panel B.

4.3 Patient Retention

In our model, providers o↵er antibiotics to prevent patients from seeking care elsewhere. This

mechanism is consistent with Chen et al.’s (2006) qualitative finding that patients engage

in “doctor shopping” by visiting multiple providers in order to obtain favorable treatment.

Regressions based on the following specification substantiate this mechanism:

sijkt = ( 0 + ( 1a
0

ijkt + Fj + ) t + *ijkt (7)
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The observations in this regression are outpatient visits. sijkt is an indicator that the patient

has returned to the same physician he saw in his most recent visit, and a0
ijkt is “antibi-

otics given” from the previous visit.11 To remain faithful to the previous regressions, the

specification includes firm type dummies, Fj , and time fixed e↵ects, ) t .

Patient retention estimates appear in Table 5. In a specification without interaction

terms, Column 1 shows a positive correlation between antibiotic use and customer retention.

An antibiotic prescription increases the probability of a return visit by 2.1 percentage points.

This change represents a 12.8 percent increase over the average retention rate of 16.4 percent.

In Column 2, we implement a DD specification that mirrors Column 4 of Table 2. This

regression shows that the e↵ect of prescription on retention is especially large for private

firms and clinics. Column 3 shows a DDD specification that matches Column 5 of Table 2.

The impact on retention is di↵erentially strong for private clinics. These estimates suggest

that in addition to profiting more from a given retention level, private firms and clinics

also retain more customers through prescription. This e↵ect may arise because patients

specifically visit these firms to obtain antibiotics.

Columns 4-6 incorporate an additional interaction with market concentration. The coef-

ficient on the market concentration interaction is negative in each instance, which indicates

that market concentration attenuates the e↵ect of antibiotic prescription on retention. Physi-

cians in highly concentrated markets have a weaker incentive to prescribe antibiotics because

the impact on patient retention is weaker.

4.4 A Policy Interaction

In this subsection, we explore how the policy environment mediates the e↵ect of competition

on antibiotic use. In February of 2001, Taiwan implemented a novel reform to limit antibiotic

use. Health authorities began to require that physicians prescribing antibiotics for upper

11Regressions that employ “antibiotics share” from the previous visit yield similar estimates. Regressions
of retention by the firm rather than the physician are weaker but exhibit a similar pattern. Both sets of
estimates are available from the authors.
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respiratory infections provide evidence of bacterial infection. Since most URIs are caused by

viruses, this policy dramatically reduced antibiotic use, as Figure 1 illustrates.

A regression incorporating the policy interaction shows how the policy mediates the

e↵ect of competition. We regress antibiotic use on the HHI and an interaction with the

strict regulation. Because the reform took e↵ect concurrently throughout the country, we

cannot control for other factors coincided with the reform. Regressions include firm type

dummies, Fj , and time fixed e↵ects. Estimates based on this regression appear in Table 6.

The reform reduces the e↵ect of competition on antibiotic use by 44 percent for “antibiotics

given” in Column 1 and by 74 percent for “antibiotics share” in Column 2. In each case, the

e↵ect remains statistically significant after the reform, indicating that the policy does not

eliminate the e↵ect of competition on prescription.

To investigate further, we distinguish between firm types and consider the timing of the

response. This regression fully interacts the HHI with firm type and year dummies in order to

estimate the e↵ect of competition annually by firm type. Figures 2 and 3 plot the coe�cient

estimates for “antibiotics given” and “antibiotics share” respectively. As in Tables 2 and 3,

private clinics exhibit the largest response. The annual coe�cient estimates for other firm

types are small and generally insignificant. A comparison with Figure 1 shows that antibiotic

use and the e↵ect of competition escalate from 1997 to 2000. Based on this pattern, the

response to competition may underly the escalation in antibiotic use during this period. The

e↵ect of competition diminishes after the 2001 policy change. The figures show that the

policy change had the greatest impact among hospitals, for whom competition had modest

e↵ects prior to the reform. The policy only marginally reduced the e↵ect of competition

among private clinics.
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5 Competition and Antibiotic Resistance

The overuse of antibiotics threatens to exacerbate antibiotic resistance. In this section, we

explore the impact of competition on antibiotic resistance by estimating the growth curve

of resistance over time. It is not actually feasible to estimate the e↵ect of competition on

resistance because the link between antibiotic consumption and resistance is unknown. This

relationship is di�cult to identify empirically because physicians’ prescription choices depend

upon resistance. A small public health literature (Bronzwaer et al. 2002, Seppala et al. 1997)

shows a cross-sectional correlation between levels of antibiotic use and antibiotic resistance.

These studies are di�cult to interpret because antibiotic use is structurally related to the

growth rate of antibiotic resistance, not the level.

The Taiwan Surveillance of Antibiotic Resistance (TSAR) provides data on antibiotic

resistance. The TSAR is a biannual surveillance of resistance in several dozen hospitals from

1998 to 2006. In each round, surveyors gathered around 60 bacterial isolates from hospital

patients with bacterial infections. Technicians grouped these isolates into 20 genera and

tested them for resistance to 21 antibiotics, which vary in age from 2 to 63 years.12 Treating

each isolate-drug pairing as an observation yields 117,000 binary measurements of antibiotic

resistance.

To explore the possible e↵ect of competition on antibiotic resistance, we estimate a resis-

tance growth curve by regressing drug resistance on drug age in Table 7. The accumulation

of resistance over a drug’s lifespan reflects the sustained e↵ect of antibiotic consumption.

According to the OLS regression in Column 1, resistance increases by 1.0 percent per year

in the data. Epidemiological models of resistance incorporate an s-shaped growth path of

resistance (Austin et al. 1997, Stewart et al. 1998). The logit regression in Column 2, which

12To test resistance, a technician attempts to culture an isolate in the presence of di↵erent concentrations
of the antibiotic. We infer the drug ages from the Database of Clinical Pharmacology, which provides the
date of FDA approval. The data set includes the following antibiotics: gentamicin, tobramycin, ceftazidime,
cefazolin, ceftriaxone, cephalothin, cefuroxime, cefotaxime, trimethoprim, clindamycin, erythromycin, ampi-
cillin, oxacillin, penicillin, piperacillin, ticarcillin-clavulanic acid, chloramphenicol, ciprofloxacin, levofloxacin,
nalidixic acid, and tetracycline.
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bounds the likelihood between 0 and 1, is an suitable way to estimate an s-shaped curve.

We obtain a sigmoidal resistance growth curve by plugging the parameters from Column 2

into the logit likelihood. The fitted value of resistance, r̂ idt is a function of the regression

parameters, ( 0 and ( 1, and drug age, Adt : r̂ idt = exp((̂ 0 + (̂ 1Adt)/ (1 + exp((̂ 0 + (̂ 1Adt)).

Figure 4 plots the age-resistance data points and the estimated resistance growth curve.

Without a credible estimate of the link between antibiotic consumption and resistance,

we consider the impact of competition on resistance under di↵erent assumptions. We assume

as a baseline that this elasticity is unitary but also show the impact of elasticities of 0.5 and

1.5. According to the estimate in Column 1 of Table 2, moving from the 75th to the 25th

percentile of market concentration leads to a 9.7 percent increase in antibiotic use. Figure

4 also plots the curve associated with this increase in prescription. Resistance is up to 7

points higher under this scenario. Figure 5 plots the percentage increase in resistance under

alternate elasticity assumptions. Under an elasticity assumption of 0.5, moving from the

75th to the 25th percentile raises resistance by 5 percent after 30 years. This figure jumps

to 18 percent under the elasticity assumption of 1.5.

6 Conclusion

This paper finds that health care competition encourages antibiotic prescription in Taiwan.

We address the potential for a spurious correlation through DD and DDD regressions, as

well as restrictive fixed e↵ects. We find a di↵erentially strong response among private clinics,

where physicians have the greatest monetary incentive to retain patients. We document

the mechanism of patient retention by showing that antibiotic prescription increases the

patient’s probability of a return visit. We also show that a novel policy reform partially

abated the e↵ect of competition on antibiotic use. Under an informed conjecture, a change

in competition has a meaningful e↵ect on drug resistance.

The incomplete e↵ect of the policy reform shows that an e↵ect of competition on an-
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tibiotic use can persist under tight regulatory controls. This finding suggests that a similar

relationship may exist in other health care systems. Fee-for-service reimbursement augments

the incentive to prescribe because firms must compete through “quality” rather than through

prices. In other settings where supply and demand determine the price of care, competition

may cause both the price and quality to fall.

The e↵ect of competition on antibiotic use has ambiguous welfare implications. Even at

high levels, an increase in antibiotic use has both costs and benefits. By eliminating infection

current antibiotic use reduces both current and future disease. Health care competition also

has many benefits that are unrelated to antibiotic use. Policies such as the 2001 reform can

target the externality directly while preserving the benefits of competition.
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Table 4: Robustness Under Alternative Measures of Market Concentration

Outcome: Antibiotics 
given

Antibiotics 
share

(1) (2)

Panel A: Levels Estimates
HHI with market share based on revenue -0.057 -0.015

(0.015) (0.003)
HHI across physicians -0.119 -0.037

(0.021) (0.005)
HHI with counties as hopsital markets -0.172 -0.045

(0.022) (0.005)
HHI with townships as markets -0.074 -0.018

(0.025) (0.007)
CR-4 with townships as markets -0.065 -0.017

(0.010) (0.003)

Panel B: DDD Estimates
HHI with market share based on revenue -0.305 -0.078

(0.046) (0.011)
HHI across physicians -0.132 -0.037

(0.124) (0.030)
HHI with counties as hopsital markets -0.240 -0.077

(0.102) (0.024)
HHI with townships as markets 0.002 -0.003

(0.087) (0.019)
CR-4 with townships as markets -0.034 -0.003

(0.041) (0.011)

Note: The table reports coefficients and standard errors, which are clustered by township.  
The levels estimates correspond to Column 1 of Tables 2 and 3.  The DDD estimates 
correspond to Column 5 of Tables 2 and 3. 
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Table 6: The Impact of Strict Antibiotic Control on Competitive Prescription

Outcome:
Antibiotics 
prescribed

Antibiotics 
share

(1) (2)

HHI
-- -0.083 -0.025

(0.015) (0.003)
!  restrictive antibiotic policy 0.037 0.016

(0.012) (0.002)

Time fixed effects Yes Yes

Sample size 15,272,418 14,287,619
R squared 0.053 0.034

Note: the table reports coefficients and standard errors, which are 
clustered by township. 

34



Table 7: Regressions of Drug Resistance on Drug Age

Outcome:
Model: OLS Logit

(1) (2)

Age of drug 0.010 0.050
(0.002) (0.010)

Constant -0.010 -2.397
(0.065) (0.426)

Sample size 117,391 117,391
R squared 0.095 0.077

Resistance

Note: Standard errors are clustered by drug and are robust to 
heteroskedasticity.  Included drugs: gentamycin, tobramycin, 
cefatrizine, cefazolin, ceftriaxone, cephalothin, cefuroxime,  
cefotaxime, trimethoprim, clindamycin, erythromycin, 
ampicillin, oxacillin, penicillin, piperacillin, ticarcillin, 
chloramphenicol, ciprofloxacin, levofloxacin, nalidixic acid, 
tetracycline.
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