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Abstract
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1 Introduction

Provider cost control incentives are an increasingly important part of the United States

health care system. For example, Accountable Care Organizations are eligible to profit from

any cost savings they generate for Medicare or for private insurers. Medicare has begun

experimenting with bundled payments through the Bundled Payments for Care Initiative,

which entails a fixed payment per episode of care, regardless of spending incurred. Medicare

Advantage plans are reimbursed on a risk-adjusted but capitated basis, meaning they receive

a fixed payment per beneficiary from Medicare regardless of how much care their patients

use. These diverse programs all break the link between spending and payment in traditional,

fee-for-serve payment systems, generating incentives for providers to economize on care and

reduce costs.

These incentives are similar to those created by capitated payments to Health Mainte-

nance Organizations (HMOs). Researchers have therefore studied the effects of capitation

on physicians in HMOs and other managed care plans to better understand the likely conse-

quences of cost-control incentives for health care spending, health care quality, and patient

welfare. Glied (2000) offers a valuable summary of many of the early contributions on the

effects of managed care. Managed care plans attracted healthier enrollees, used less health

care, and likely reduced costs. HMOs reduce spending in part through is through cost-control

incentives for physicians, such as bonuses for meeting spending targets (Gaynor et al., 2004).

In an early and influential paper, Cutler et al. (2000) show that much of managed care’s cost

savings comes from lower unit prices, rather than reductions in quality or quantity of care.

These low prices paid can be achieved by either directing patients and physicians to low price

options on a given menu, or by negotiating a low menu of prices. Recent work on physician

choice finds that physicians of patients in capitated insurance plans are particularly sensitive

to insurer prices (Limbrock, 2011; Ho and Pakes, 2014; Dickstein, 2015).

These analyses do not, however, separate patient and physician decision making. As

a result, it is unclear whether the observed greater price sensitivity in HMOs reflects the

incentive effect of capitation, or the selection into capitated insurers of patients with low

valuations of health care. The goal of this paper is to separate physiciain price sensitivity
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from patient selection into HMOs. To do so, I study how capitation in HMOs affects the

demand for prescription drugs, but I separately examine the initial prescription decision,

made by the physician, and the refill decision, made by the patient, to separately identify

physician incentives and patient preferences, i.e. the health benefits of taking the drug as

patients perceive them, net of side effects and out-of-pocket costs.

My focus is the market for statins, the main class of anti-cholesterol drugs. Americans

spent nearly $20 billion on over 260 million prescriptions for statins in 2011 (IMS, 2012).

Statins reduce the risk of heart attack or stroke by about a third (Baigent et al., 2005), but

obtaining these health benefits requires regular refills, since statins treat but do not cure high

cholesterol. Statins offer a useful laboratory for examining cost-control behavior because over

time many of them have lost patent protection. Physicians can therefore reduce spending

by substituting from patent-protected drugs to the generics as they become available, but

whether they do so depends on their price sensitivity and their patients’ health needs.

I use data from the Marketscan Databases, which contain health insurance claims data

from about 100 large companies from 1997-2008. I select a sample of nearly 500,000 people

in about 500 insurance plans, who are newly prescribed statins and who are at risk for heart

disease. Spending on statins in HMOs is lower by about $95 per patient per year (19%). This

low spending reflects the fact that HMO physicians much more likely to prescribe generics

when they are available. It is difficult to interpret the differential prescribing patterns, how-

ever, as they could reflect either physician price sensitivity or patient selection—if healthier

patients enroll in HMOs, then perhaps they do not need more potent, branded drugs. In-

deed, patients in HMOs are healthier: they are younger, and less likely to have a history of

heart disease or hypertension.

To decompose the HMO spending difference into physician price sensitivity, patient se-

lection, and differential drug prices, I develop a model of physician-patient interactions.

Physicians write prescriptions which patients refill each month if the prescribed drug’s util-

ity exceeds an idiosyncratic inconvenience cost. Patient drug utility depends on the drug’s

price (which the insurance company pays) and copay (which patients pay), as well as its

quality, as measured by drug-year fixed effects. Patient’s price sensitivity, copay sensitivity,

and the demand intercept all differ with HMO status, reflecting patient selection into HMOs.
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Physicians are imperfectly altruistic; their utility function depends on patient utility, drug-

year fixed effects, and the price of the prescribed drugs. Price sensitivity and the weight on

patient utility may differ by HMO status. The model allows HMOs to have lower spending

because of differences in prices faced, differences in patient drug preferences, and differences

in physician price sensitivity. This high price sensitivity could reflect capitation or other

aspects of managed care, but the data show that physicians in capitated HMOs are unique

in their high sensitivity to prescription drug prices, so I interpret HMO price sensitivity as

reflecting the effect of capitation.

I estimate patient preferences with logistic regressions of their refill decisions, and then

use these estimated preferences with the initial prescription decision to recover physician

preferences. HMO and non-HMO patients alike are sensitive to the copay, but neither is

sensitive to the total price of the drug. Physicians of all patients value patient utility, but

only HMO physicians respond to total drug prices, which they trade off against patient utility.

HMO physicians would be indifferent between a $1 copay increase (making the patient $1

worse off) and a $3.13 reduction in drug price. The model fits the data well, matching not

only the overall differences in spending between HMOs and other plans, but also the yearly

differences in drug-specific prescribing pattern.

I use the estimated model to study the HMO spending differential. If all physicians

were as price sensitive as HMO physicians, then the spending differential would fall by

about a third. Physicians in HMOs differ in the price distribution they face as well as their

price sensitivity, however. Average prices are similar between the groups, but in HMOs

the most expensive drugs are more expensive and the cheapest drugs are cheaper. Since

non-HMO physicians are roughly indifferent to prices, these differential prices alone do not

contribute to differences in spending. But they interact with price sensitivity: if all physicians

faced the same prices and had the same price sensitivity as HMO physicians, they would

substitute towards the (now much cheaper) cheapest drugs available, and the HMO spending

differential would fall by two-thirds of its original level. Once all physicians have the same

price sensitivity and face the same prices, the only difference between HMOs and other plans

is the mix of patients enrolling in them, so selection explains about a third of the difference in

drug spending between HMOs and other insurers. HMO’s reduce spending by inducing high
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price sensitivity in their physicians. This price sensitivity does not harm patient health or

welfare, however: counterfactuals show that giving all physicians this high price sensitivity

would not reduce refill rates, the strength of drugs taken, or consumer surplus.

2 Background and data

2.1 Background on statins

I study statins, the main class of anti-cholesterol drugs. There are six statin molecules

(i.e. active ingredients), listed in Table 1, along with two products that combine statins with

other anti-cholesterol drugs; these eight products form the choice set in my analysis. The

table reports the modal dosage of each molecule in my sample and the cholesterol reduction of

that dosage, as estimated in clinical trials. This cholesterol reduction is a sufficient statistic

for the health benefits of taking the drug (Baigent et al., 2005), although the side effects may

also be worse for more powerful drugs. The most powerful drugs are the newest molecules,

Lipitor and Zocor; the older statins Mevacor, Pravachol, and Zocor are weaker. They are

also cheaper, as they have lost patent protection—Mevacor in 2001 and Pravachol and Zocor

in 2006.

The prescribing of statins during my sample period follows guidelines laid out by the the

National Cholesterol Education Program (Gundry et al., 2001): if a patient has enough high

cholesterol given his risk factors and if lifestyle intervention fails, then physicians should

prescribe an anti-cholesterol drug. Some of these risk factors are observed in the claims

data: diabetes, hypertension, heart disease, or age related risk. The unobserved risk factors

are smoking and a family history of heart disease. After a drug is prescribed, the report

recommends that the patient continue taking it indefinitely, as anti-cholesterol drugs do

not permanently cure cholesterol disorders. This fact is critical for my interpretation of

refilling: failing to refill the medication—ceasing treatment—does not indicate a cure, and

may indicate dissatisfaction.
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2.2 Drug pricing

Drug prices are determined jointly by insurers, pharmacies and manufacturers. Insurers

determine how much patients pay for drugs, by setting copayment rates, often according

to a tiered formulary. Insurers pay the retail price to the pharmacy, net of any copayment.

Pharmacy prices reflect retailer market power, insurer-retailer negotiations, and drug specific

quality and differentiation, since these determine wholesale costs. Manufacturers also directly

influence insurer’s drug costs, because they offer rebates in exchange for including drugs on

the formulary or placing them on lower tiers.

In the claims data described below, I observe all out-of-pocket payments made by patients.

I use these payments to define formularies empirically, at the insurer-plan level, by setting

the copay for each drug equal to the average out-of-pocket price per days supply for that

drug, plan, and year. I also observe all payments from the insurer to the pharmacy, from

which I define a retail price for each insurer (equal to the average insurer payment per day

supply, for each drug-plan-year).1

A limitation of my data, like nearly all data on prescription drugs, is that I do not

observe rebates. To account for them, I follow a strategy proposed by Arcidiacono et al.

(2013). They note that under the Medicaid Drug Rebate Program, branded manufacturers

must either give the government the best price they have negotiated with insurers, or 15.1%

off average prices. This regulation makes it likely that branded rebates are exactly 15.1% of

average prices, since if a manufacturer offers a larger rebate to any insurer, it must also offer

that discount to the government. For generic drugs, I assume rebates are zero; prices are

so low that there is little scope for rebates. I therefore set the insurer’s price equal to the

retail price, less the copayment and less the 15.1% rebate for branded drugs. (The results

are robust, however, to using the actual price paid and ignoring rebates.)2

1This strategy for defining prices will fail if I observe zero sales for a given drug-year-cell. The plans I
study are large enough that this rarely happens; only about 0.2% of observations. In those cases, I assume
that the drug is off the formulary, and set its copay equal to the overall average retail price for the drug and
year, and its insurer price equal to zero. The results do not change if I simply drop the 11 plan-years with
prices imputed this way.

2This approach assumes that rebates are symmetric for HMOs and other insurers; I argue below that
differential rebates cannot account for observed differences in prescribing behavior.
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2.3 Managed care and prescribing

Capitation generates strong cost control incentives for a managed care organization be-

cause they are not reimbursed for spending on the margin. As a result, managed care

organizations and especially HMOs use several mechanisms to control costs. On the patient

side, they use tiered formularies to direct patients to low-cost options. On the physician

side, they use a mix of financial incentives as well as command-and-control to encourage

cost-conscious behavior. For example, Gaynor et al. (2004) describe one HMO that pays its

physicians a bonus based on whether they and their colleagues keep spending below a target.

More generally, it is common for HMOs to tie physicians’ compensation to the spending they

generate, including prescription drug spending (Grumbach et al., 1998).

In addition to these explicit incentives, managed care organizations often have institu-

tional restrictions on prescribing expensive drugs. For example, “utilization review” may

require physicians to submit extra paperwork and diagnoses to justify expensive care, and

“step therapy” is a requirement that patients first try a low cost drug before receiving a

prescription for a more expensive one. Thus, managed care organizations induce price sen-

sitivity in their prescribers through a combination of incentives and explicit control. In the

results below, I show that capitation, and not other observed managed care features, is espe-

cially correlated with physician price sensitivity. Nonetheless I do not observe all features of

the managed care plan, and so I interpret any observed differential price sensitivity of HMOs

as the net effect of explicit and implicit incentives as well as the institutional restrictions

that are more common among HMOs.

2.4 The Marketscan Databases

I study a sample drawn from the Thompson-Reuters Marketscan Databases, which con-

tain inpatient, outpatient, and prescription drug insurance claims from about 100 large

companies for 1996-2009. The claims data include all drugs purchased and procedures per-

formed, as well as the prices paid, by the patient and by the insurer. They also contain

include age and sex, and diagnostic information, from which I create dummy variables for
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past history of cholesterol disorder, diabetes, heart disease, and hypertension.3 Following

Gundry et al. (2001), I define a person as at risk for heart disease if they have one of these

conditions, or if they are a man 55 or older, or a woman 45 or older. I measure patient

health with dummy variables for each of these conditions, as well as dummy variables for a

Charlson comorbidity index of one or at least two (Charlson et al., 1987). I supplement the

claims data with data from the Benefit Plan Design database, which contains insurance con-

tract details, including whether the plan is a fully capitated HMO, the only fully-capitated

insurance arrangement in the data.

I select a sample of people at risk for heart disease, who fill at least one prescription

for a statin, whose first fill is at least six months after entering the sample, and who are

continuously enrolled in some Marketscan plan for the 12 months following their first fill. I

limit the sample to people with at least one fill because my identification strategy relies on

measuring patient refills, which requires an initial fill.4 Focusing on people new to the drug

helps ensure that patients cannot select an insurance plan that has good coverage for their

particular statin, which is helpful for identification. Because I must observe patients for at

least six months before the initial prescription and 12 months after, I restrict the sample to

people whose first prescription occurs between 1997 and 2008. To avoid off-label use, I also

limit the sample to people at risk for heart disease. The final sample consists of 496,988

people in 503 insurance plans.

I infer patient’s refill decisions from their observed sequence of drug fills. In each month

after the first statin fill, I say that patients refill if they fill a prescription or if they have

days supply available from previous multi-month fills (typically purchases of 60 or 90 days

supply). Thus for each patient, there are 12 observations: one initial prescription and 11

refill decisions.5 All prices are defined at the time of the initial prescription rather than

the fill. This avoids using any price variation that arises from patients switching into an

insurance plan to match their prescribed drug.

3I define these variables using the diagnostic codes in Dunn (2012).
4One problem with limiting the sample in this way is that HMOs might reduce spending by prescribing

drugs less often in general, in effect rationing drugs only to sick people. In fact conditional on having a
prescription, people in HMOs are healthier than people not in HMOs.

5Note that in any given month, about 1 percent of patients switch from one statin to another; I count such
switches as refills. It is possible to treat switching separately, albeit at substantial computational complexity;
doing so does not change any of the main results.
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2.5 Raw differences by HMO status

Table 2 shows patient level-summary statistics by HMO status, as well as the average

within-year difference between HMOs and other plans. The within-year differential is infor-

mative because HMOs are more common in later years when prices and spending are lower.

Total spending is lower in HMOs by about $95, or 19% of spending of non-HMOs. This

spending difference reflects a large difference in the price of the prescribed drug: patients in

HMOs are prescribed drugs that cost $0.28 (17%) less per day than non-HMO patients. This

price difference accounts for nearly all the lower drug spending in HMOs, as the difference

in refill rates is only 3 percent.

Table 3 shows molecule-level summary statistics. The large difference in the price of

prescribed drugs between HMOs and other plans is not due to enormous differences in prices

faced; for example, the most commonly prescribed drug, Lipitor, costs only $0.06 per day

less in HMOs than in non-HMOs. Instead, it reflects differential prescribing patterns. HMO

physicians are much less likely to prescribe Lipitor and Crestor, the newest, most potent,

and most expensive drugs. Instead they are much more likely to prescribe the cheap, weak

Mevacor, which is the first statin to enter the market and to go off patent.

Figure 1 provides more information on prescribing decisions by insurance type and year.

The solid lines show the average initial prescription choice probability for Lipitor, Zocor,

Mevacor, and Pravachol, in each year, by HMO status. In 2000, all of them were under patent

protection; in 2002, Mevacor was off patent; and in 2007 Zocor and Pravachol were as well.

HMO physicians heavily substituted towards drugs that lost patent protection, whereas non-

HMO physicians were more reluctant to do so. Much of HMOs’ savings therefore comes from

high generic prescribing. But these generics are also weaker, and Table 2 shows that patients

in HMOs are healthier on several dimensions than non-HMO patients: they are younger,

less likely to have a diagnosis of a cholesterol disorder, heart disease, or hypertension, or any

Charlson comorbidities. Thus it is unclear how much physician price sensitivity or patient

health—and more generally patient drug preferences—account for the differential spending

between HMOs and other plans.

8



3 A model of prescribing and refilling

To decompose the HMO spending differential into physician price sensitivity and patient

preferences, I develop a model of initial prescription and refill decisions. The setup is similar

to the model in Ellickson et al. (2001).

3.1 Model set up

Timing The game begins when a patient arrives in the physician’s office needing a

statin. In the first period, an imperfectly altruistic physician writes an infinitely refillable

prescription. Because I do not observe unfilled initial prescriptions, I assume that the patient

always fills the initial prescription. In each subsequent period, the patient decides whether

to refill the prescription or to skip treatment. Both physician and patient derive utility when

the patient fills a prescription, and both discount future utility at some factor δ. Because

the data are monthly, I set δ = 0.99, but in the sensitivity analysis I consider other choices,

including δ = 0.

Patient preferences A key assumption of the analysis is that patient refill decisions

reveal their drug preferences, as represented by the utility uPd from filling a prescription

for drug d. It is common in the literature to infer patient preferences from drug demand

(for example, Chaudhuri et al. (2006); Branstetter et al. (2011); Dunn (2012); Arcidiacono

et al. (2013); Bokhari and Fournier (2013)). I relax the standard assumption that all drug

purchases reflect the same preferences; instead I assume that refills, but not necessarily initial

prescriptions, reveal patient preferences.

I rely on this assumption to measure how spending and refills would change if patients

moved in to HMO plans, holding fixed their health and income. The assumption says that

changing HMO plans does not change how likely patients are to refill a given prescription,

holding fixed the drug’s copay and other characteristics. Instead, HMOs affect spending by

changing the set of prices faced and the drugs prescribed. I emphasize that the assumption

does not say that patient drug preferences are rational. Indeed, as Baicker et al. (2015)

argue, presently-biased patients likely undervalue statins, as side-effects are experienced in

the present but health benefits arrive in the far future. This bias implies that patient
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preferences have limited normative value, but not that they are unstable across contexts.

I parameterize the utility patient i receives from filling a prescription for drug d as

uPid =αP
Ncopayid × (1−HMOi) + αP

Hcopayid ×HMOi

+βP
Npriceid × (1−HMOi) + βP

Hpriceid ×HMOi

+µP
yd + γPp(i),

(1)

where µP
yd is a drug-year fixed effect, γPp(i) is a fixed effect for insurance plan p (to which i

belongs), and superscript P refers to patient-specific coefficients. (Superscript MD will refer

to physician-specific coefficients.)

Patient preferences depend on the copay, on drug characteristics, on drug-year fixed

effects, and on insurance plan fixed effects. Because patients in HMOs may be more cost-

conscious than others, I let copay sensitivity depend on HMO status. The drug-year fixed

effects µP
yd represent vertical product differentiation, as perceived by patients; it reflects

differences across drugs in effectiveness in reducing cholesterol, net of side effects. The

insurance plan fixed effects are a reduced form, meant to capture the correlation between

patients preferences for health care spending and their insurance plan choice. To the extent

that low spending, healthy patients select into HMOs, HMO plan-years will have low fixed

effects.

Patient preferences also depend on the insurer’s price. I expect that patients are indif-

ferent to this price, conditional on copay and drug quality, as it is hard to see how insurer

price could affect patient utility, or indeed why patients would be aware of it. Nonetheless

I include drug price in patient utility as a kind of placebo test: because price is typically

positively correlated with quality, if the drug-year fixed effects are insufficient to control for

quality, then we should expect a positive coefficient on the price variables. In addition to

uPid, patients derive a one-time utility shock εPidt from filling a prescription. This represents

the convenience cost and other idiosyncratic factors that affect refill behavior; I assume that

it is IID over time and across drugs, and follows a logistic distribution.

This specification imposes very few restrictions on how patient drug demand varies with

HMO status, allowing for both rotations and shifts in the patient’s demand curve. I interpret
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all such differences in demand as reflecting selection into HMOs rather than the effect of

HMOs. HMOs do not impose restrictions on prescription refills, so it is likely that HMOs

affect refills by changing the prescribed drug or its copay, i.e. by moving from one demand

curve to another, or moving along a given demand curve, but not by shifting demand.

Physician preferences Physicians are imperfectly altruistic, caring both about patient

utility from drug fills and other factors. When patients fill a prescription, physicians’ flow

utility is

uMD
id =wNu

P
id × (1−HMOi) + wHu

P
id ×HMOi

+βMD
N priceid × (1−HMOi) + βMD

H priceMD
id ×HMOi + µMD

dy ,
(2)

where µMD
dy is a drug-year fixed effects. Non-HMO physicians place a weight wN on their

patients’ utility, while physicians in HMO place a weight wH on their patients’ utility.6 The

main coefficients of interest are βMD
H and βMD

N , the price sensitivity of HMO and non-HMO

physicians. As HMO physicians face both implicit and explicit cost-control incentives, but

non-HMO physicians do not, I expect βMD
H to be larger than βMD

N .

In addition to patient utility and price, physicians value drug quality. µMD
dy represents the

differential drug quality between physician and patients, which arises in part from disagree-

ments about the trade-off between side-effects and effectiveness. For example, if physicians

overvalue efficacy and undervalue side-effects, relative to patients, then µMD
dy will be large

for drugs that are effective but harsh. µMD
dy may also reflect the aggregate effect of successful

physician detailing.7

The physicians’ utility function depends on exactly the same variables as the patient’s,

except that copay does not directly enter. Some exclusion—a variable in the patient’s but

not the physicians’ utility function—is necessary for identification because patient utility is

a linear function of drug characteristics, and so is physician utility. I exclude the copay and

its interaction with HMO status. This exclusion restriction also seems plausible, as it is hard

6Factors which affect patient utility but do not vary across drugs, such as insurance plan ,do not affect
physician choice, even though they are in uMD.

7Physician detailing is promotional activity by pharmaceutical companies directed at physicians. Ching
and Ishihara (2012) and Larkin et al. (2014), among others, have shown that detailing influences prescribing
decisions.
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to imagine why a physician would care about out-of-pocket prices except because she cares

about her patient’s utility.8

Equilibrium outcomes Because the game is sequential move, I solve it by backwards

induction. Given a prescription for drug d, the patient simply decides in each period whether

to refill or not, which he does if the utility from refilling is larger than the inconvenience cost

εPidt. Before this cost is known, the refill probability is

Pr(ridt|i, d, copayid, priceid) =
exp

(
uPid(copayid, priceid)

)
1 + exp (uPid(copayid, priceid))

.

Conditional on the prescribed drug, HMO status affects refill probabilities by changing prices

and copays only; all other differences in refill probabilities reflect selection into HMOs rather

than the effect of HMOs.

To decide which drug to prescribe, the physician must forecast her future utility under

each possible drug. If she prescribes drug d, the patient fills it for sure in period 1, and

then in all future periods, he refills with probability Pr(ridt|i, d, copayid, priceid). Each of

these fills yields flow utility uMD
idt to the physician. Thus the present discounted value of

prescribing drug d to patient i is

V MD
idt = uMD

idt γidt (3)

γidt = 1 +
δ

1− δ
Pr(ridt|i, d, copayid, priceid). (4)

The physician’s value from prescribing drug d is the flow utility, scaled by a drug-specific fac-

tor which depends on patient preferences and δ. I assume that the physician prescribes drug

d to maximize V MD
idt +εMD

idt ; i.e. the value of prescribing d depends on the expected discounted

flow of utility, plus a one-time utility error. The error term represents the many idiosyncratic

factors that affect physician prescribing decisions, such as habit and past experience, or in-

dividual physician’s exposure to detailing (Stern and Trajtenberg, 1998; Hellerstein, 1998;

Coscelli, 2000). Assuming that εMD
idt are IID type I extreme value, the initial prescription

8One possibility is that some physicians are cost conscious and prefer to prescribe low-cost drugs. The
exclusion does not rule this out, however, because it says that conditional on total price, the physician cares
about copay only to the extent that she cares about patient utility.

12



probability is

Pr(d|i, price, copay, β, w) =
exp

(
V MD
idt

)∑
d′∈Dt

exp (V MD
id′t )

where Dt is the set of available drugs in period t. The prescription probability depends on

the patient and his preferences, which reflect selection into HMO status and do not change

with it, as well as prices, price sensitivity (β), and the weight on patient utility (w), which

may change with HMO status.

These prescription probabilities determine many other outcomes of interest. For example,

it is straightforward to calculate spending per person under any assumption about physician

price sensitivity and prices, and thus to decompose HMO spending differences into differ-

ences in prices and in physician prices sensitivity. It is also possible to calculate consumer

surplus, which is an exact measure of patient welfare under the assumption that patients’

medication demand is rational. Because statin demand may not by fully rational, however,

it is valuable to calculate proxy measures of health: the predicted refill rate, or the strength

of the prescribed drugs or filled prescriptions, as measured by their cholesterol reduction.

Exact expressions for predicted spending, consumer surplus, refill rates, and strength of filled

prescriptions may be found in Appendix A.

3.2 Identification

Formal identification requires an exclusion, discussed above, as well as normalizing the

level of utility for patients and physicians in each year.9 The key parameters in the model,

however, are the price and copay sensitivities. I discuss here some of the main threats to

their identification -and how I address them.

Price- and copay- quality correlation The usual concern in estimating price sensi-

tivity is the likely correlation between price and product quality. To address this concern,

the model includes drug-year fixed effects, which control for any unobserved aspect of drug

quality that varies across drugs or over time (such as physical quality or advertising). Con-

ditional on these drug-year fixed effects, there is a great deal of copay variation, because

individual insurance plan place the same drugs on different tiers. Table 4 illustrates the

9I do so by setting drug-year fixed effect for Lipitor to zero in every year.
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copay variation used for identification. It presents the copays for four plans in 2004. The

plans differ in their overall generosity and in their tiering, and as a result the copay of a

given drug can differ across plans with similar generosity by a factor of four or more. This

copay variation identifies copay sensitivity.

It is less clear, however, where the variation in insurer’s price comes from, and it is in

principle possible that it is still systematically related to drug quality. If this were true, then

we would expect to see a positive correlation between the insurer’s price of a drug and the

probability that patients refill it. In the results below, however, I find that patient sensitivity

to total price is negative and insignificant (conditional on copay). This suggests that the

remaining price variation is not closely related to drug quality.

Patient matching to insurance plans Even if the price variation used for identifica-

tion is unrelated to overall drug quality, patient selection of insurance plans may lead to a

correlation between prices and drug tastes. One concern is that patients with greater taste

for any drug are more likely to enroll in generous, low copay plans. The presence of insurance

plan fixed effects means that this kind of matching is not a problem for identification, as

they control for any differential refill rate that is correlated with average plan generosity.

The insurance plan fixed effects control for general matching of patients to plans based

on overall health. Matching based on idiosyncratic drug tastes might still be a problem,

however. For example, if patients with a strong taste for Lipitor enroll in plans with low

Lipitor copays, then copays will be correlated with patient drug preferences, biasing copay

sensitivity upward. I have tried to avoid this problem by focusing on patients who are new

to statin therapy, so that their insurance plan and prices are determined before they have

filled even one prescription. Nonetheless it is possible that patients choose insurance plans

anticipating their future drug needs. To address this concern, in the sensitivity analysis

in Appendix B I perform a robustness check that uses only cross-employer price variation,

rather than cross insurance plan variation. The results are similar, suggesting that patients

are not choosing insurance plans on the basis of anticipated drug tastes.

Patient matching of drugs A final threat to identification is that physicians may

match patients to drugs that are a good fit. If physicians can observe the match quality

between a patient and a drug, then they will likely prescribe high match quality drugs,
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creating a positive correlation between prices and preferences conditional on the prescribed

drug, since physicians would be more likely to prescribe an expensive drug to patients with

a high taste for it.

One way to address this drug selection problem is to model it explicitly. Doing so

substantially complicates the analysis and estimation. And in practice, there appears to be

no evidence for this kind of matching. In the baseline specification, drug quality is purely

vertical (up to the logit errors): drugs differ only because of their fixed effects and prices.

In the sensitivity analysis in Appendix B , I allow for horizontal differentiation, letting

drug quality depend on patient characteristics (in the patient and in the physician’s utility

function). If patient-drug matching were important, then including these additional controls

should make the patient’s estimated price sensitivity more negative by partially controlling

for the correlation between price and match quality. In fact the price sensitivities estimated

with these richer controls is essentially identical to the price sensitivity estimated without,

suggesting that physicians are not matching patients and drugs even on the basis of easily

observed characteristics, let alone unobserved ones.

3.3 Estimation

Because the model gives closed form expressions for choice probabilities, I estimate it

by maximum likelihood. It is possible to estimate physician and patient preferences simul-

taneously, but for simplicity, and to keep the connection between the data and estimates

particularly transparent, I estimate the model using a two-step procedure. In the first step

I estimate patient preferences from refill decisions, and in the second I use the estimated

patient preferences to recover physician preferences from the initial prescription choice.

I estimate patient preferences with logistic regressions of refill decisions against copay

and prices with separate coefficients by HMO status, as well as drug-year and insurance

plan-year fixed effects The estimated patient preferences yield predicted refill probabilities

and patient utility for each drug, say ûPidt and P̂ r(r|idt), and use these to calculate γd as

defined in Equation 4. Combined with direct estimates of γ, I recover physician preferences

from multinomial logits of drug choice on drug characteristics, scaled by γd, as in Equation

5.
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3.4 Comparison to previous models of prescription decisions

Previous papers such as Limbrock (2011) Dunn (2012),Dickstein (2015), and Carrera

et al. (2016) estimate models of initial prescription choice probabilities. These estimates

show the factors that affect physician choice, but they do not provide direct information

on whether these factors come from physician or patient preferences. To see this, write the

initial prescription probability as

Pr(d|X, it) =
exp (Xidtγidt)∑

d′∈Dt
exp (Xid′tγid′t)

, (5)

where Xidt is a vector of drug characteristics. The physician’s initial choice probability

reflects a mixture of both physician preferences (βMD,w and the drug-year fixed effects),

and patient preferences, which affect choices directly through wβP and indirectly through

refill rates. Regressions of initial prescription choice on drug characteristics therefore re-

cover a mixture of patient and physician preferences. The model developed here shows that

an exclusion—of copay from physician utility—and an assumption about how physicians

regard future refills (as measured by δ) are necessary for separating physician and patient

preferences.

4 Estimated patient and physician price sensitivity

4.1 Reduced form estimates of the prescribing decision

Before estimating the full model, I first show estimates of the reduced form for initial

prescription choice, given by estimates of Equation 5. These estimates show the key features

of the data that identify the full model, and also highlight the special role that capitation

plays in controlling HMO spending, over and above other cost-control measures such as

utilization review or precertification requirements. Table 5 shows estimates obtained from

multinomial logit regressions of initial prescription choice on drug-year fixed effects, price,

and copay, interacted with various features of the insurance plan. In all estimates, I cluster

standard errors on insurance plan, and I report average marginal effects in brackets.
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Panel A shows that HMO prescriptions are particularly sensitive to the insurer’s price.

The panel reports estimates from a regression where the only regressors are drug-year fixed

effects, and prices and copays interacted with HMO status. Both HMO and non-HMO

prescriptions respond to patient copay, with marginal effects of about a 7-15% decline for a

$0.10 increase in copay. HMO prescriptions also respond sharply to the price of the drug,

with a marginal effect more than half as large. By contrast, non-HMO decisions respond

much less sharply to the insurer’s price, with a marginal effect about a quarter as large as

HMO physician’s, and less than a third as large as their response to copays.

To show that this price response is highest in capitated HMOs, and not a feature of

managed care plans in general, in Panel B, I expand the specification to include interactions

between dummy variables for each plan type in the Marketscan data, and price and copay.

In all plans, the coefficient on copay is statistically significant, and varies from -0.57 to -1.72;

the HMO coefficient, -1.71, is towards the upper end of this range, but not an outlier. The

HMO price coefficient, however, is unusual compared to the other plan’s. In other plans

the price coefficient is never very negative, insignificant in all but two case, and sometimes

positive. The largest price sensitivity in non-HMO plans is about a third the price sensitivity

in HMOs plans.10

To provide further evidence that capitation rather than managed care drives this price

sensitivity, in Panel C I control for various managed care cost-control strategies—dummy

variables for case management, utilization review, and precertification requirements—all

interacted with price and copay. Controlling for these interactions does not meaningfully

change the price sensitivity of HMOs.11 Another possibility is that capitated HMOs negotiate

aggressive rebates with drug manufacturers. But if that were the case, observed HMO

prices would overstate their true prices, and HMO price sensitivity woudl be attenuated.

10Note that prices do not seem to affect the prescribing decision even in capitated point-of-service (POS)
plans, which are managed care plans that offer patients financial incentives to use in-network care, and pay
providers on a capitated basis. The lack of price sensitivity for these capitated plans is perhaps surprising,
but Marketscan does not distinguish between partially and fully capitated POS plans. It is likely that in
these plans, most drug services are not paid for on a capitated basis.

11Another aspect of managed care organizations is step therapies, which require physicians to first try a
cheaper drug before prescribing a more expensive one. These features are rare in the Marketscan data—only
two of the 500 insurance plans in my data use step therapies—and so they cannot explain the price sensitivity
of physicians in HMOs.
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Differential rebates therefore cannot account for the results here (althoguh they are possible).

These results suggests that HMOs are unusual in generating high price sensitivity in the

initial prescription decision. This price sensitivity is not driven by observed plan charac-

teristics, but it could be driven by patient selection into HMOs, as the relatively healthy

patients in HMOs may have an aversion to expensive drugs. To rule out this possibility, and

to study the consequences of high price sensitivity, I now turn to estimating the full model,

which uses patients’ refill decision to measure and control for selection into HMOs.

4.2 Point Estimates

Table 6 shows the key estimated coefficients of the structural model: patient sensitivities

to price and copay, and physician sensitivities to price and patient utility, along with their

standard errors and average marginal effects.12 Panel A shows patient preferences. The

patient copay sensitivities are around -0.5; these translate into marginal effects of about a 1

percentage point decrease in refill probabilities for a $0.1 per day supply increase in copay,

holding fixed the prescribed drug. This number is not directly comparable to other estimates

of prescription drug price sensitivities, because such estimates typically ask how adherence

or total drug spending changes as the price of all drugs changes, allowing physicians to

change the prescription. I simulate such a change by increasing the copay of all drugs by

10%; adherence rises by about .95% and spending rises by 1.3%. These elasticities are on

the lower end of the range of estimates that Goldman et al. (2007) report in their literature

review, but Goldman et al. (2006) find adherence elasticities of -0.07 to -0.10 for statins, and

Chandra et al. (2010) also find drug spending elasticities of -0.10 in response to changes in

copays.

Both groups of patients therefore respond to copayments. Neither group, however, re-

sponds to the actual price of the drug: the price sensitivities are small and insignificant. This

suggests that drug prices are not correlated with quality (conditional on drug-year fixed ef-

fects) as patients perceive it, assuming that patients have no inherent preferences over drug

prices.

12For patients, the average marginal effect is the average effect on the refill probability, holding fixed the
prescribed drugs. For physicians, the average marginal effect holds fixed patient utility.
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Panel B of Table 6 shows the estimated physician weights on patient utility and prices.

Both groups of physicians place a positive weight on patient utility, but physicians in HMOs

place a higher weight.13 After accounting for the weight physicians place on patient utility,

non-HMO physicians are no longer sensitive to prices at all, but HMO physicians remain

sensitive to drug prices. Indeed, HMO physicians are 100 times more price sensitive than

other physicians.14 To better interpret the HMO weight on patient utility and the price

sensitivity, consider increasing a drug’s copay by a dollar (but holding fixed the refill prob-

ability); this makes the patient worse off by $1, of course, and so reduces patient utility by

0.53. To keep the physician indifferent, the total price of the drug would have to fall by

$3.13. Thus the point estimates suggest that a physician in an HMO is indifferent between

$1 of patient utility and $3.13 of insurer spending.

4.3 Model fit

Before decomposing HMO spending into physician price sensitivity, patient prices, and

patient selection, it is important to show that the model can even account for the large

observed differences in spending and prescribing between HMOs and other insurance plans.

Table 7 presents some summary statistics from the data (“data” columns) and the predicted

values from the model (“model” columns), separately by insurance type. I report spending,

refill rates, and the prices of prescribed drugs, as these are the main objects of interest.

The fit from the model is nearly exact for these moments. Figure 1 shows the fit in initial

prescription rates, by HMO status and year, for Lipitor, Zocor, Mevacor, and Pravachol. I

focus on these drugs because Lipitor has the largest market share and Zocor, Mevacor, and

Pravachol all experience patent expirations. In the data, physicians in HMOs substitute

towards Mevacor and then Zocor when their patents expire. Non-HMO physicians are much

less likely to capitalize on low price of the generics. In the model, there is no guarantee of

matching these substitution patterns, since the only parameters that differ by HMO status

13This high weight in HMOs is not robust to alternative specifications, as the sensitivity analysis in Section
B shows, so I avoid interpreting is. None of the counterfactuals depend on this weight, however.

14It is not possible to directly compare the structural coefficients in Panel C to the reduced form coefficients
in Panel B, because all structural covariates are rescaled by 1+δ/(1−δ)Pr(ridt). But comparing the marginal
effects gives a rough idea.
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are prices sensitivities. Yet the model does a remarkably good job capturing the major

swings in the data: it predicts the popularity of Mevacor and Zocor, as well as the fall in

Lipitor. The model fails to match the extremes of these swings, however, and in 1997 it

underpredicts Lipitor’s market share and overpredicts Zocors. But overall the results show

that the model can explain much of the differential prescribing patterns betweens HMOs and

other plans.

4.4 Sensitivity analysis

Appendix B shows that the results presented here are not sensitive to alternative specifi-

cation or modelling choices. In particular, the results are robust to richer controls horizontal

differentiation, such as including a full set of interactions between health status (as mea-

sured by heart disease risk factors) and drug fixed effects; a full set of drug-year-HMO fixed

effects. They are also robust to a control function strategy that addresses patient plan se-

lection within employer. The results are also robust to the choice of discount factor, the

handling of the small number of plans with imputed prices, or to the treatment of rebates.

Across all these specifications, point estimates and counterfactuals change only very slightly,

although an important exception is that the high weight that HMO physicians place on

patient preferences is not robust to all alternative sets of controls; sometimes the HMO and

non-HMO weights are similar.

5 Counterfactuals

5.1 Decomposing the HMO spending differential

I decompose spending differences by HMO status into differences in physician price sen-

sitivity (β ), differences in prices, and differences in patient drug preferences. I investigate

the importance each of these factors separately and in combination. I begin by calculating

the spending difference at the baseline model estimates.15 To measure the effect of physician

price sensitivity, I then recalculate the difference assuming that non-HMO physicians have

15Exact expressions for spending in HMO and non-HMO plans may be found in Appendix A.
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the price sensitivity of HMO physicians; in a separate counterfactual, I also set wN = wH .

To measure the effect of prices on the spending difference, I calculate spending assuming

both HMO and non-HMOs face the same set of prices, equal to the modal vector of prices

that HMOs face in a given year.16 Prices affect spending both by changing spending at a

given drug choice, and by changing the initial prescription choice, and so their impact on

spending interacts with price sensitivity. To measure their combined effect, I also calculate

spending when all physicians have the price sensitivity and weight on patient utility of HMO

physicians, and face the modal HMO price vector. Any remaining difference in spending

by HMO status—at the same prices and physician price sensitivity—is due to differences in

the spending function, and so reflects selection, i.e. the different level and slope of patient

demand by HMO status.

The results of this decomposition are in Table 8, which reports the average-within year

spending differential between HMOs and non-HMOs, at the baseline in the first column

and as I make non-HMOs like HMOs in the following columns. At baseline, the average

within-year differential is $108.17 When non-HMO physicians have the same cost-control

incentives as HMO physicians, the spending differential falls by about a third, to $78. Refill

rates do not change, so almost all of this change comes because the price of the prescribed

drug falls from $1.68 to $1.56 per day. In the next column, I also give non-HMO physicians

the higher weight on patient utility of HMO physicians. In this scenario, all physicians have

identical preferences, although they may face different prices and serve different patients.

This additional change has essentially no effect on spending.

In the next column, I fix physician parameters at their baseline values, but make all

physicians and patients—in HMOs and not—in a given year face the same prices and copays.

Whereas changing physician price sensitivity has a large effect on the spending differential,

changing the prices has essentially no effect. This is because the average price difference

between HMOs and other plans is not enormous: HMO prices are lower for Zocor and

16I use the modal HMO price rather than the average because it preserves within-plan price dispersion.
17This is somewhat larger than the actual average within-year differential in the data. The model matches

the unconditional average differential, but not each of the within-year averages. I focus on the average within-
year differential because otherwise I would overstate the importance of selection. The selection problem is
that low-spending patients may be more likely to enroll in HMOs, not that HMOs are more common in
low-spending years.
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Mevacor but higher for other drugs, including Lipitor. Because non-HMO physicians are

essentially insensitive to prices, spending on Lipitor goes up while spending on Zocor and

Mevacor goes down, for very little net change. But, as the final column shows, giving non-

HMO physicians both the incentives (and weight on patient utility) and prices of HMOs has

a very different effect than changing prices in isolation. The spending differential falls to

$40, about a third of its original level. This result shows that price sensitivity and within-

plan price dispersion interact to control spending. When physicians are indifferent to prices,

increasing the variance of prices but fixing the average does not affect spending. Making

physicians price sensitive encourages them to substitute to the lowest price drug available,

however, and when the price of that drug falls further, so too does spending.

When non-HMO and HMO physicians face the same prices, weight patient utility equally,

and face the same cost control incentives, HMO spending is nonetheless still $40 lower per

patient than non-HMO spending, about a third of its baseline level. The only remaining

differences between HMOs and other plans are in the composition of patients enrolled. The

decomposition therefore suggests that incentives explain about a third of the HMO spending

differential, the interaction of prices and incentives explain an additional third, and selection

accounting for the remaining third.

5.2 Consequences of HMO enrollment

The decomposition suggests that changing physician price sensitivities and drug prices

from the non-HMO level to the HMO level can cause spending to fall. Here I show that

these savings do not come at the cost of patient welfare or health. To do so, I simulate the

effect of giving all patients the physician price sensitivity, weight on patient utility, and price

vector of HMO physicians, and calculate how prices, spending, consumer surplus, refill rates,

and cholesterol reduction vary. spending arises because HMOs prescribe drugs that patients

dislike, leading to lower patient welfare, fewer refills, and worse health.

Table 9 shows the changes in several outcomes (averaged across non-HMO patients) for

each of these scenarios, relative to the baseline predicted values under the point estimates,

given in the first column. All counterfactual findings shown here are robust to alternative

specification and modelling choices, as shown in Appendix B. At baseline, on average the
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prescribed drug has a price to the insurer of $1.68 per day supply, and a copay of $0.47.

Total spending is $509 of which patients pay $106. Consumer surplus works out to $824.

Because patients pay only a small fraction of the total price of these drugs, I also calculate

net surplus, defined as consumer surplus less insurer spending, which averages $421.

Giving non-HMO physicians the price sensitivity of HMO physicians causes the price of

the prescribed drug to fall by $0.12, or about 7 percent. Refill rates and copays change only

slightly, and so total spending falls by $30, of which $1.6 is a decline in patients’ out-of-pocket

spending. Consumer surplus is lower by $3 at the new allocation, so most of the reduction in

insurer spending is a welfare gain; net surplus rises by $25. Prices and spending fall because

physicians substitute heavily towards generic drugs when they are available. Refill rates,

welfare, and health are unaffected because patients are close to indifferent between these

drugs and the branded drugs.18

Changing physician price sensitivity has a very slight effect on the effectiveness of the

prescribed drug, as measured by its impact on cholesterol, which falls by a fraction of a

percent. Baigent et al. (2005) estimate that each 1 unit reduction in cholesterol reduces five-

year mortality risk by about 0.1 percentage points, so changing physician incentives might

increase five-year mortality risk by less than 0.001 percentage points. Given the uncertainty

surrounding both the effect of incentives on the strength of the prescribed statin, and the

effect of strength on mortality, these estimates should be interpreted cautiously. Nonetheless

it appears they rule out large negative (or positive) effects on mortality and patient health.

One caveat about these health results is that they hold fixed primary adherence—they assume

that patients fill the first prescription. Changing primary adherence could amplify these

effects. The remaining columns show that as physician weight on patient preferences change,

and as prices change, the change in net surplus becomes even greater, and the change in

patient welfare and health larger as well.

18Appendix Figure B.1 shows the effect of physician price sensitivity on prescribing probabilities by drug
and year.
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6 Conclusion

The results here show that patients in HMOs spend about $95 less per year on statins than

do other patients, despite facing similar average drug prices. HMOs achieve some of these

gains by inducing high price sensitivity in their physicians’ prescription choices. Physicians in

HMOs are alone in their sensitivity to prescription drug prices: physicians in other insurance

plans do not show such sensitivity, and neither do patients in any plan. These facts suggest

that capitation payments create unusually strong cost-control incentives, which increase

HMO physician price sensitivity either through changing their behavior, or by selecting for

cost-conscious physicians. High physician price sensitivity alone accounts for about a third

of the HMO spending differential, according to the estimated model. Another third is due to

the interaction of this price sensitivity with the fact that HMOs have negotiated low prices

for the cheapest drugs available. The remaining third is due to selection of relatively low

spending patients into HMOs.

Counterfactual analysis suggests that moving patients into HMOs, or insurance plans

with similar cost-control incentives for physicians, can produce substantial savings in health

care spending. These savings arise because physicians in these plans would substitute towards

cheaper, and usually generic, drugs. Patients are roughly equally likely to refill prescriptions

for the cheaper drugs as for the more expensive drugs, and their copays are similar, so the new

prescribing patterns have little impact on consumer surplus. Because the cheaper drugs are

also therapeutically similar to the more expensive ones, the consequences for patient health

are also small. Cost-control incentives for providers can produce efficiency gains without

hurting patient health or welfare.

References

Arcidiacono, Peter, Paul Ellickson, Peter Landry, and David B. Ridley, “Pharmaceutical
Followers,” International Journal of Industrial Organization, 2013, 31 (5), 538–553.

Baicker, Katherine, Sendhil Mullainathan, and Joshua Schwartzstein, “Behavioral Hazard
in Health Insurance,” Quarterly Journal of Economics, 2015, 130 (4). Forthcoming.

Baigent, C, A Keech, PM Kearney, L Blackwell, G Buch, C Pollicini, A Kirby, T Sourjina,
R Peto, R Collins, and J Simes, “Efficacy and Safety of Cholesterol Lowering Treatment:

24



Prospective Meta-Analysis of Data from 90,056 Participants in 14 Randomised Trials of
Statins,” Lancet, 2005, 366 (9493), 1267–1278.

Bokhari, Farasat A.S. and Gary M. Fournier, “Entry in the ADHD Drugs Market: Welfare
Impact of Generics and Me-too’s,” Journal of Industrial Economics, 2013, 61 (2), 339–392.

Branstetter, Lee G., Chirantan Chatterjee, and Matthew Higgins, “Regulation and Welfare:
Evidence from Paragraph IV Generic Entry in the Pharmaceutical Industry,” 2011. NBER
Working Paper 17188.

Carrera, Mariana, Dana Goldman, Geoffrey Joyce, and Neeraj, “Do physicians respond to
the costs and cost-sensitivity of their patients,” 2016. Unpublished working paper.

Chandra, Amitabh, Jonathan Gruber, and Robin McKnight, “Patient Cost-Sharing and
Hospitalization Offsets in the Elderly,” American Economic Review, 2010, 100 (1), 193–
213.

Charlson, Mary E., PeterPompel, Kathy L. Ales, and C. Ronald MacKenzie, “A New Method
of Classifying Prognostic Comorbidity in Longitudinal Studies: Development and Valida-
tion,” Journal of Chronic Diseases, 1987, 40 (5), 373–83.

Chaudhuri, Shubham, Pinelopi Goldberg, and Panle Jia, “Estimating the effects of Global
Patent Protection in Pharmaceuticals: A Case Study of Quinolones in India,” American
Economic Review, 2006, 96 (5), 1477–1514.

Ching, Andrew T. and Masakazu Ishihara, “Measuring the Informative and Persuasive Roles
of Detailing on Prescribing Decisions,” Management Science, 2012, 58 (7), 1374–1387.

Coscelli, Andrea, “The Importance of Doctors’ and Patients’ Preferences in the Prescription
Decision,” Journal of Industrial Economics, 2000, 48 (3), 349–369.

Cutler, David M., Mark McClellan, and Joseph P. Newhouse, “How Does Managed Care Do
It?,” The RAND Journal of Economics, 2000, 31 (3), 526–548.

Dickstein, Michael J., “Patient vs. Physician Incentives in Prescription Drug Choice,” 2015.
Unpublished working paper.

Dunn, Abe, “Drug Innovations and Welfare Measures Computed from Market Demand: The
Case of Anti-Cholesterol Drugs,” American Economic Journal: Applied Economics, 2012,
4 (3), 167–189.

Ellickson, Paul, Scott Stern, and Manuel Trajtenberg, “Patient Welfare and Patient Com-
pliance: An Empirical Framework for Measuring the Benefits from Pharmaceutical In-
nvovation,” in David M. Cutler and Ernst R. Berndt, eds., Medical Care Output and
Productivity, Chicago: University of Chicago Press, 2001.

Gaynor, Martin, James B. Rebitzer, and Lowell J. Taylor, “Physician Incentives in Health
Maintenance Organizations,” Journal of Political Economy, 2004, 112 (4), 915–931.

25



Glied, Sherry, “Managed care,” in Anthony J. Culyer and Joseph P. Newhouse, eds., Hand-
book of Health Economics, Vol. 1 Part A, Elsevier, 2000, pp. 707–753.

Goldman, Dana, Geoffrey F. Joyce, and Yuhui Zheng, “Prescription Drug Cost Sharing: As-
soications with Medication Utilization and Spending and Health,” Journal of the American
Medical Association, 2007, 298 (1), 61–69.

Goldman, Dana P., Geoffrey F. Joyce, and Pinar Karaca-Mandic, “Varying Pharmacy Ben-
efits with Clinical Status: The Case of Cholesterol-Lowering Therapy,” American Journal
of Managed Care, 2006, 12 (1), 21–28.

Grumbach, Kevin, Janet Coffman, Karen Vranizan, Noelle Blick, and Edward H. O’Neil,
“Independent Practice Association Groups in California,” Health Affairs, 1998, 17 (3),
227–237.

Gundry, Scott M., Diane Becker, Luther T. Clark, Richard S. Cooper, Marg A. Denke,
Wm. James Howard, Donald B. Hunninghake, D. Roger Illingworth, Russell V. Luep-
ker, Patrick McBride, James M. McKenney, Richard C. Pasternak, Neil J. Stone, and
Linda Van Horn, “National Cholesterol Education Program Expert Panel on Detection,
Evaluation and Treatment of High Blood Cholesterol in Adults (Adult Treatment Panel
III),” Technical Report, National Institutes of Health, National Heart, Lung, and Blood
Institute 2001.

Hellerstein, Judith K., “The importance of the physician in the generic versus trade-name
prescription decision,” The RAND Journal of Economics, 1998, 29 (1), 108–136.

Ho, Kate and Ariel Pakes, “Hospital Choices, Hospital prices, and Financial Incentives to
Physicians,” American Economic Review, 2014, 104 (12), 3841–3884.

IMS, “The Use of Medicines in the United States: Review of 2011,” 2012.

Larkin, Ian, Desmond Ang, Jerry Avorn, and Aarson S. Kesselheim, “Restrictions on Phar-
maceutical Detailing Reduced Off-Label Prescribing of Antidepressants and Antipsychotics
in Children,” Health Affairs, 2014, 33 (6), 1014–1023.

Limbrock, Frank, “Pecuniary and Non-pecuniary incentives in prescription pharmaceuticals:
The Case of Statins,” The B.E. Journal of Economic Analysis & Policy, 2011, 11 (2),
Article 1.

Stern, Scott and Manuel Trajtenberg, “Empirical Implications of Physician Authority in
Pharmaceutical Decision Making,” 1998. NBER Working Paper No. 6851.

26



Table 1: Drugs in the sample

Brand name Generic Name
Entry
year

Generic
entry year

Modal
dosage (g)

Cholesterol
reduction

Mevacor lovastatin 1987 2002 20 -27
Pravachol pravastatin 1991 2007 20 -32
Zocor simvastatin 1991 2007 20 -38
Lescol fluvastatin 1993 80 -35
Lipitor atorvastatin 1997 10 -39
Crestor rosuvastatin 2003 10 -52
Vytorin ezetimibe + simvastatin 2004 10-20 -45

Advicor/Simcor
niacin+lovastatin

niacin+simvastatin
2002 20-500 -30

Notes: The table shows the drugs used in the analysis. The year available gives the year of approval by the
FDA if it is before my sample begins, or the first year I see prescriptions for the drug in my sample. Likewise
the year of generic entry is the year I first see generic fills in substantial numbers. (I see a handful of fills
for generic Zocor and Pravachol in 2006, but their patient expired in December.) “Cholesterol reduction”
is the reduction in LDL cholesterol reported for the modal dosage on the FDA label of the drug (measured
in mg/dL). Vytorin is ezetimbe combined with simvastatn, Advicor is niacin combined with Mevacor, and
Simcor is niacin combined with simvastatin. The modal dosage for advicor/simcor is 20 mg of lovastatin/
500mg of niacin, but the FDA label does not report the cholesterol reduction for this dosage, so I use the
20-1000 reduction.
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Table 2: Patient-level summary statistics

Insurance type Non-HMO HMO
Within-year
difference

Total spending 509.46 359.21 -94.66
(291.00) (313.63) [13.55]

Out-of-pocket spending 105.63 89.20 -2.22
(93.29) (92.18) [7.79]

Price 1.68 1.21 -0.28
(0.56) (0.83) [0.06]

Copay 0.46 0.41 0.01
(0.33) (0.34) [0.04]

Pr(refill) 0.63 0.61 -0.03
(0.35) (0.35) [0.01]

Age 53.20 51.68 -2.11
(7.73) (8.06) [0.31]

Female 0.46 0.45 -0.03
(0.50) (0.50) [0.01]

Cholesterol disorder 0.73 0.60 -0.09
(0.45) (0.49) [0.02]

Diabetes 0.23 0.25 0.01
(0.42) (0.44) [0.00]

Heart disease 0.25 0.16 -0.07
(0.43) (0.37) [0.01]

Hypertension 0.52 0.47 -0.06
(0.50) (0.50) [0.01]

No Charlson comorbidities 0.77 0.78 0.01
(0.42) (0.41) [0.01]

One comorbidity 0.19 0.18 -0.00
(0.39) (0.39) [0.00]

Two or more comorbidities 0.04 0.04 -0.01
(0.20) (0.19) [0.00]

# People 431,415 65,573
# Plans 425 78

Notes: Data from the Marketscan databases. Sample consists of all enrollees with
at least one statin prescription filled and at least one risk factor for heart disease,
continuously enrolled in an insurance plan from 6 months before entering their first
fill. Table shows the average value of the indicated statistics (standard deviation in
parentheses), by HMO status. The “within-year ∆” column reports the average within-
year difference between HMOs and non-HMOs, to account for the fact that HMOs were
more common later in the data; standard errors of this difference are in brackets.
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Table 3: Drug-level summary statistics

Statistic: Price Copay Pr(prescribed) Pr(refill|d)

Plan type Non-HMO HMO
within-
year ∆

Non-HMO HMO
within-
year ∆

Non-HMO HMO
within-
year ∆

Non-HMO HMO
within-
year ∆

Lipitor 1.67 1.73 -0.06 0.51 0.63 0.13 0.446 0.266 -0.079 0.649 0.576 -0.058
Zocor 2.03 1.64 -0.25 0.48 0.43 0.01 0.273 0.289 0.026 0.644 0.605 -0.028
Mevacor 1.35 0.88 -0.05 0.30 0.23 0.03 0.039 0.253 0.118 0.613 0.696 -0.017
Pravachol 1.91 1.97 -0.04 0.46 0.46 0.07 0.091 0.055 -0.027 0.623 0.579 -0.030
Crestor 1.47 1.45 -0.08 0.68 0.88 0.19 0.112 0.058 -0.048 0.580 0.533 -0.038
Lescol 1.02 1.21 -0.01 0.63 0.73 0.06 0.024 0.016 -0.000 0.609 0.545 -0.086
Vytorin 1.57 1.75 0.16 0.63 0.48 -0.11 0.094 0.080 -0.007 0.593 0.568 -0.005
Advicor 1.64 1.96 -0.05 0.64 0.63 0.11 0.014 0.009 -0.004 0.560 0.520 -0.066

Notes: The sample is as defined in Table 2. The table shows, for each drug, the average initial prescription probability, refill probability
(conditional on having the drug prescribed), copay, and price, by HMO status. The “within-year ∆” column reports the average
within-year difference between HMOs and non-HMOs, to account for the fact that HMOs were more common later in the data.
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Table 4: Plan and drug-specific drug copays per days supply, selected plans in 2004

Drug Plan 1 Plan 2 Plan 3 Plan 4

Lipitor 0.49 0.35 0.83 0.91
Zocor 0.47 1.05 0.80 1.82
Mevacor 0.35 0.15 0.78 0.52
Pravachol 0.51 0.34 0.83 1.28
Crestor 0.49 0.36 1.18 0.79
Zetia 0.51 1.04 1.17 0.75
Vytorin 0.48 0.36 2.43 1.26
Advicor 0.53 0.34 0.84 1.37

Overall average 0.48 0.5 1.11 1.09
Enrollees 3,433 214 3,569 632

Notes: The table shows the copay per days supply in 2004 (in real 2010 dollars) for each drug,
for four insurance plans selected to illustrate the copay variation remaining after conditioning on
drug-yaer and insurance plan-year fixed effects. The overall average copay is the unweighted average
across all drugs, and enrollees is the number of people in the analysis sample in each of the plans.
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Table 5: Logit estimates of initial prescription choice

Coefficient Standard error Marginal effect

Panel A: HMO interactions

Copay×HMO -1.728 (0.323) [-1.499]
Price×HMO -0.947 (0.234) [-0.821]
Copay×Non-HMO -0.812 (0.152) [-0.693]
Price×Non-HMO -0.241 (0.089) [-0.206]

Panel B: All plan type interactions

Copay× HMO -1.708 (0.325) [-1.482]
Price×HMO -0.923 (0.236) [-0.800]

Copay× Basic/Comprehensive -1.543 (0.426) [-1.302]
Copay× EPO -1.715 (0.544) [-1.464]
Copay× Non-capitated POS -0.557 (0.136) [-0.479]
Copay× PPO -0.709 (0.152) [-0.610]
Copay× Capitated POS -0.719 (0.122) [-0.593]
Copay× CDHP -0.724 (0.167) [-0.633]
Price× Basic/Comprehensive -0.354 (0.096) [-0.298]
Price× EPO -0.043 (0.334) [-0.037]
Price× Non-capitated POS -0.128 (0.095) [-0.110]
Price× PPO -0.235 (0.089) [-0.203]
Price× Capitated POS 0.043 (0.102) [0.036]
Price× CDHP -0.071 (0.164) [-0.062]

Panel C: Plan characteristic interactions

Copay × HMO -1.561 (0.324) [-1.354]
Price × HMO -1.008 (0.279) [-0.874]
Copay × Non-HMO -0.654 (0.298) [-0.559]
Price × Non-HMO -0.319 (0.121) [-0.273]

Copay× Case management 0.375 (0.157) [0.318]
Price× Case management -0.035 (0.059) [-0.030]
Copay× Utilization review -0.073 (0.150) [-0.062]
Price× Utilization review 0.130 (0.060) [0.110]
Copay× Precertification -0.318 (0.271) [-0.271]
Price× Precertification 0.158 (0.157) [0.134]

Notes: The sample is as in Table 2. Table shows the coefficients from a multinominal logit regression
of initial prescription choice on the indicated variables, as well as molecule×year fixed effects. Robust
standard errors, clustered on insurance plan, are in parentheses. Average marginal effects, averaged
over the set of people for whom they are non-zero, are in brackets.
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Table 6: Point estimates

Coefficient Standard error Marginal effect

Panel A: Patient utility

Copay×Non-HMO -0.44 (0.08) [-0.10]
Price×Non-HMO -0.05 (0.06) [-0.01]
Copay×HMO -0.53 (0.07) [-0.13]
Price×HMO -0.09 (0.07) [-0.02]

Panel B: Physician utility

Patient utility×Non-HMO 2.37 (0.52) [0.14]
Price ×Non-HMO 0.03 (0.13) [0.00]
Patient utility×HMO 6.02 (0.63) [0.31]
Price×HMO -1.02 (0.42) [-0.05]

Notes: The sample is as in Table 2. Panel A shows the estimated coefficients from a
logit of refill against the indicated variables, as well as fixed effects for molecule-year
and insurance plan-year. Panel B shows the estimated physician utility function;
see text for details. For readability, parameters of the physician’s utility function
are multiplied by 100. Robust standard errors, clustered on insurance plan, are in
parentheses. Average marginal effects are in brackets.

Table 7: Model fit

Insurance type Non HMO HMO
Model: Data Model Data Model

Total spending 509.46 509.32 359.21 356.45
OOP spending 105.62 105.75 89.20 87.62
Total price 1.68 1.68 1.21 1.18
OOP Price 0.46 0.47 0.41 0.41

Notes: Table shows averages from the data and the corresponding predicted
values from the estimates in Table 6, for non-HMO and HMO plans.
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Table 8: Decomposition of HMO/non-HMO spending differential

Scenario: Base Same Incentives
Same Incentives,

Same weight on uP
Same prices All

Average within-year
Spending differential

-108.33 -77.99 -77.35 -107.56 -39.55

Price prescribed 1.68 1.56 1.57 1.57 1.34
Pr(refill) 0.63 0.63 0.64 0.63 0.64

Notes: Table shows the average within-year spending differential for each scenario, as well as average price
prescribed and refill probability in non-HMO plans. The baseline scenario is at the point estimates in Table
6. In the “same incentives” scenario, I set the price sensitivity of non-HMO physicians to the price sensitivity
of HMO physicians. In “same incentives, same weight on uP ” I also set the weight non-HMO physicians
place on patient utility to the weight of HMO physicians. In “same prices,” I set all prices in a given year
equal to the modal vector of prices faced by HMOs in that year (at the baseline parameters). In “all,” I
change price sensitivity, utility weights, and prices.

Table 9: Average outcomes under counterfactual scenarios

Scenario: Base Same Incentives +Same weight on uP +Same prices

Average Change relative to Base

Price 1.68 -0.12 -0.11 -0.33
Copay 0.47 -0.01 -0.03 0.03
Total spending 509.32 -29.88 -29.92 -70.18
Out-of-pocket spending 105.75 -1.61 -5.93 9.34
Pr(refill) 0.63 -0.00 0.00 0.00
Consumer surplus 824.48 -2.95 9.56 1.31
Net surplus 420.92 25.32 33.55 80.84
∆ LDL prescribed -38.48 0.09 0.15 1.01
∆ LDL consumed -25.54 0.10 -0.05 0.64

Notes: Table shows the effect of enrolling non-HMO patients in HMOs, under increasingly broad scenarios
about what this change entails. The first column of the table shows the predicted values of the indicated
statistics using the baseline model, i.e. the coefficients reported in Table 6, for patients in non-HMOS at
baseline. The remaining columns show the change from the baseline implied by the model and the indicated
scenario. The first scenario, “same incentives,” gives all physicians the sensitivity to total price of HMO
physicians. The second scenario, “+Same weight on uP ,” also gives all physicians the weight on patient
utility of HMO physicians. The final scenario, ”+Same prices,” also makes all patients in a given year face
the modal vector of prices faced by HMOs in that year.
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Figure 1: Initial prescription probabilities, data and model fit
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Notes: Figure shows the actual and predicted initial prescription probability for the indicated drugs, in
non-HMO plans and in HMOs. Predicted probabilities are obtained from the point estimates in Table 6.
Not shown are the other four drugs in the sample (Crestor, Lescol, Vytorin, and Advicor).
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A Additional model details

This appendix provides expressions for equilibrium spending, refill rates, consumer sur-
plus, and the strength of prescribed and consumed drugs.

Spending, welfare, and health Expected spending in equilibrium for patient i is
obtained by integrating expected spending over all possible drugs:

spendi(price, copay, β, w) =
∑
d

[
30priceid × Pr(d|i, price, copay, β, w)

× (1 + 11Pr(r|d, i, price, copay))
]
.

Price is multiplied by 30 to convert from price per day to price per fill, and the refill rate is
multiplied by 11 to convert to expected spending in the first year.

Expected consumer surplus for a patient prescribed drug d is given by the patient’s utility
from filling the initial prescription, plus the option value of having the prescription available
for the next 11 months:

CS(d, i, copay, price) =
1

−αi/30

(
uPid + 11 log(1 + exp(uPid))

)
where αi = αHHMO + αN(1 −HMO) is patient i’s copay sensitivity. Expected consumer
surplus, unconditional on the initial prescription, is therefore

CS(i, copay, price, β, w) =
∑
d

Pr(d|i, copay, price, β, w)CS(d, i, copay, price).

As a complement to consumer surplus, which relies on patients fully internalizing the
health benefits of drug consumption, I also calculate the expected refill rate and the strength
of prescribed drugs and filled prescriptions. The expected refill rate for patient i is

Pr(r|i, copay, price) =
∑
d

Pr(r|i, d, copay, price)Pr(d|i, copay, price).

The average cholesterol reduction of consumed drugs as

∆C =
∑
d

∆CdPr(d|i, d, copay, price) (1 + 11Pr(d|i, copay, price)) ,

where ∆Cd is the effectiveness of drug d in reducing LDL cholesterol (reported in Table
1). Because ∆C is the product of the strength of the prescribed drug and the expected
number of fills, I report both the consumed strength (i.e. ∆C), as well as the strength of
the prescribed drug itself (

∑
d ∆CdPr(d|i, copay, price)).

Spending differential in HMO
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Average spending in HMOs, spendH,y, and non-HMOs, spendN,y in a given year is

spendH,y =
1

NH,y

∑
p∈Hy

∑
i∈p

spendi(copayp, pricep, β
MD
H , wP )

spendN,y =
1

NN,y

∑
p∈Ny

∑
i∈p

spendi(copayp, pricep, β
MD
N , wN),

where NH,y and NN,y are the number of people in HMOs and not in year y, p indexes
insurance plans, and Hy and Ny are the set of HMOs and non-HMO plans in y.

B Sensitivity analysis

This appendix provides extensive sensitivity analysis, showing that the results are not
sensitivity to weaker identifying assumptions, alternative modelling choices, and alternative
ways of defining prices. Table B.1 shows the results, with the base results in column (1)
Panel A shows the point estimates for patients, Panel B for physicians, and Panel C the
main counterfactual results (obtained from giving non-HMO physicians the price sensitivity
of HMO physicians). In column (2), I add rich controls for patient health to both the patient
and the physician utility function. These are a set of interactions between drug fixed effects
and dummies for each of seven aspects of patient health: whether patients have a past
diagnosis for a cholesterol disorder, diabetes, heart disease, or hypertension; whether their
age and sex put them at risk for heart disease; and dummy variables for Charlson comorbidity
index of one or at least two. These controls let patient drug preferences vary with their health
status in a flexible way, so that sicker patients (or their physicians) may have a taste for
stronger drugs, for example. Including these additional controls has no meaningful effect
on any of the point estimates, and only a small effect on the counterfactuals; the change in
spending is now about $2 smaller in absolute value. This columns shows that the controlling
for observable differences in patient health does not affect the point estimates. This suggests
that physicians are not effectively matching patients to drugs even on the basis of easily
observed conditions, such as past heart disease, age, or sex. It is perhaps unlikely, then,
that they are matching on the basis of unobserved heterogeneity, subtler characteristics not
observed in the claims data.

The results are also largely robust to allowing for unrestricted preference differences
between HMOs and other plans. In column (3), I include a full set of molecule×year×HMO
interactions in both the patient’s and the physician’s utility function. The patients’ copay
sensitivities are very similar, and their price sensitivities are smaller in absolute value (and
still insignificant). HMO physicians now place less weight on patient utility, and in fact the
estimated weight is not significant. HMO physicians are however now equally sensitive to
prices as in the main specification. Enrolling patients in HMOs now reduces spending by
about $23 per patient, with no effect on refilling and a similarly small effect on consumer
surplus.

A final threat to identification is that patients may select insurance plans that have good
coverage for their particular drug needs. To address this concern, I attempt to isolate price
variation that only comes across companies, rather than across insurance plans within an
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employer. For such variation to be correlated with patient preferences, patients would have
to seek out a job with insurance that has particularly good coverage of a particular drug,
given the plan’s overall quality (which the insurance plan-year fixed effects control for). To
isolate cross-employer price variation, I use a control function approach, which works as
follows. Pooling all insurance plan-years and drugs, I regress copays and prices on employer-
year-drug fixed effects.19 These fixed effects are the average prices of each drug for a given
employer-year. The residuals from this regression represent plan-specific deviations within
an employer. I control for these residuals in the patients’ and in the physicians’ utility
functions (interacted with HMO status), so that the only remaining price variation is across
employer, rather than across plan, within employer. This is comparable to using employer-
drug average copays and prices as instruments for plan-drug specific copays and averages.
The results from this procedure are in column (4). The estimated copay sensitivity falls by
about a quarter for patients in HMOs, consistent with some matching. But the estimated
physician utility function is largely unchanged, and so the counterfactuals are also highly
similar.

In the columns (5) and (6) I investigate the sensitivity of the results to the discount factor.
I consider two extreme choices: δ = 0 in column (5) and δ → 1 in column (6). When δ = 0,
the physician does not account for future non-refilling, and her value function becomes her
drug-specific utility, uMD. When δ → 1, the physician places all weight on future periods,
and so her value function is Pr(r|d)uMD. The choice of δ does not affect patient preferences.
It mechanically changes the scale of physician utility, but results in similar marginal effects
for the prescribing decision, as well as similar counterfactuals.

Finally in columns (7) and (8) I show sensitivity to alternative ways of handling prices.
In column (7), I drop the 11 plan years that have imputed drug prices, i.e. drug-plan-year
cells with zero days supply purchased. This does not materially affect the results. In column
(8), I take an alternative, extreme approach to handling rebates: I assume that they are
all zero. This raises the estimated price sensitivities (as rebates make prices smaller), but
otherwise has a small effect on the results; the estimated effect of HMOs on spending is
now larger, but this in part is a consequence of higher overall spending from eliminating
rebates. Overall, therefore, the results appear robust to weaker identification assumptions,
to alternative choices of δ, and to alternative ways of handling prices.

19To be precise, I regress copay×HMO, copay×(1-HMO), price×HMO, and price×(1-HMO) on
contributor-drug-year fixed effects. A contributor is an organization providing data to Marketscan, which I
assume is an employer providing health insurance.
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Table B.1: Sensitivity analysis

(1) (2) (3) (4) (5) (6) (7) (8)

Base
Health

Controls
Full HMO

Fixed effects
No plan
selection

δ = 0 δ → 1
No

imputation
No

rebates

Panel A: Patient utility function

Copay ×(1−HMO) -0.44 -0.45 -0.34 -0.37 -0.44 -0.44 -0.45 -0.44
(0.08) (0.08) (0.06) (0.07) (0.08) (0.08) (0.08) (0.07)
[-0.10] [-0.10] [-0.08] [-0.09] [-0.10] [-0.10] [-0.10] [-0.10]

Price ×(1−HMO) -0.05 -0.05 0.04 0.01 -0.05 -0.05 -0.05 -0.05
(0.06) (0.06) (0.04) (0.05) (0.06) (0.06) (0.06) (0.05)
[-0.01] [-0.01] [0.01] [0.00] [-0.01] [-0.01] [-0.01] [-0.01]

Copay ×HMO -0.53 -0.54 -0.56 -0.41 -0.53 -0.53 -0.53 -0.53
(0.07) (0.07) (0.08) (0.09) (0.07) (0.07) (0.07) (0.07)
[-0.13] [-0.13] [-0.13] [-0.10] [-0.13] [-0.13] [-0.13] [-0.13]

Price ×HMO -0.09 -0.08 -0.07 -0.06 -0.09 -0.09 -0.09 -0.08
(0.07) (0.06) (0.06) (0.06) (0.07) (0.07) (0.07) (0.06)
[-0.02] [-0.02] [-0.02] [-0.01] [-0.02] [-0.02] [-0.02] [-0.02]

Panel B: Physician utility function

uP × (1−HMO) 2.37 2.18 3.08 2.46 1.54 2.37 2.24 2.18
(0.52) (0.47) (0.73) (0.63) (0.33) (0.52) (0.51) (0.50)
[0.14] [0.14] [0.18] [0.14] [0.15] [0.14] [0.13] [0.13]

Price ×(1−HMO) 0.03 0.04 -0.11 0.01 -0.09 0.03 0.01 0.09
(0.13) (0.12) (0.19) (0.18) (0.08) (0.13) (0.13) (0.11)
[0.00] [0.00] [-0.01] [0.00] [-0.01] [0.00] [0.00] [0.01]

uP ×HMO 6.02 5.76 2.34 6.68 3.46 6.06 5.92 5.63
(0.63) (0.56) (1.53) (0.89) (0.52) (0.63) (0.62) (0.74)
[0.31] [0.29] [0.12] [0.35] [0.30] [0.31] [0.30] [0.29]

Price ×HMO -1.02 -0.93 -0.92 -1.01 -0.67 -1.02 -1.00 -0.77
(0.42) (0.38) (0.37) (0.35) (0.25) (0.43) (0.44) (0.34)
[-0.05] [-0.05] [-0.05] [-0.05] [-0.06] [-0.05] [-0.05] [-0.04]

Panel C: Counterfactual Effect of HMO price sensitivity

Price prescribed -0.12 -0.11 -0.09 -0.12 -0.10 -0.12 -0.11 -0.16
Copay prescribed -0.01 0.00 -0.00 -0.01 -0.01 -0.01 -0.01 -0.01
Total spending -29.9 -27.8 -23.1 -29.4 -26.5 -30.0 -28.8 -39.4
OOP spending -1.61 -1.46 -1.20 -1.58 -2.21 -1.60 -1.91 -2.72
Pr(refill) 0.00 0.00 0.00 -0.001 0.00 0.00 0.00 0.00
Consumer surplus -2.95 -2.54 -2.95 -3.50 -0.78 -3.00 -2.70 -1.88
∆ C prescribed 0.09 0.07 0.03 0.09 0.08 0.09 0.10 0.22
∆ C consumed 0.10 0.08 0.05 0.10 0.06 0.10 0.10 0.16

Notes: Sample is as defined in Table 2. The patient utility function is estimated from a logit of refill against
the indicated controls, as well molecule-year and insurance plan-year fixed effects. “Health controls” adds patient
diagnoses interacted with molecule fixed effects (see Appendix A for details). “Full HMO fixed effects” adds drug-
HMO-year fixed effects. “No plan selection” adds the residuals from a regression of drug prices on drug-year-
employer fixed effects. For the physician utility function estimation, see text. For readability, physician preference
parameters are scaled by 100 (except in columns 5 and 6). The counterfactuals show the effect of giving non-HMO
physicians physicians the price sensitivity of HMO physicians. Robust standard errors, clustered on insurance plan,
in parentheses. Average marginal effects in brackets.
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Figure B.1: Effect of HMO incentives on Lipitor’s, Zocor’s, and Mevacor’s Marketshare
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Notes: Figure shows the predicted impact of giving non-HMO physicians the cost-control incentives of HMO
physicians in the marketshare of Lipitor, Zocor, and Mevacor.
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