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Abstract
In response to the rise in health spending in the US, which totaled nearly $9000 per
capita in 2012, insurers and government payers use two mechanisms to direct spending
toward the most valuable treatments. The first set, “demand-side” incentives, impose
costs on the patient to limit moral hazard. The second set, “supply-side” incentives,
use the physician’s payment as a tool to minimize agency conflicts. I design a new test
of the relative effectiveness of these two avenues in maximizing the value of treatment
choices. Using variation in patients’ and physicians’ exposure to incentives, I find new
evidence that physician-directed incentives may raise long-run costs. Physicians reduce
office-based primary care in response to new payment regimes, substituting prescription
drugs as well as referrals for speciality care. Short-run costs fall, but patients relapse at
higher rates. I discuss the likely mechanism generating this trade-off and its implication
for disease-specific insurance design.
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Introduction

In the past two decades, annual health spending in the United States rose from $256
billion to $2.6 trillion, accounting for nearly 18% of the Gross Domestic Product in 2011.
In response, insurers and policymakers have designed incentives to steer this spending
toward only the most cost-effective medical interventions. The incentives focus broadly
on two conflicts that arise in the market for medical care. On the demand side, many
patients purchase insurance against health risks. Facing only a small fraction of the cost
of their care, patients may demand relatively expensive treatments. On the supply side,
because patients lack the training to diagnose and treat their own condition, they must
employ physicians to oversee their care. The physician, however, has her own private
interests and may favor more intensive interventions. Both conflicts drive increases in
spending.
I compare the effects of two categories of incentives intended to address these conflicts: “demand-side” incentives that affect the patient’s negotiation with his physician
and “supply-side” incentives that govern the transaction between the physician and
insurer. The goal is to inform a key policy question: what set of incentives best limit
the short-run costs from demand and supply-side conflicts without harming long-run
patient health? Typical incentive schemes in this setting only correlate imperfectly with
the insurer’s long-run objective, and so they create trade-offs for designers of an incentive program (Baker (1992) and Lazear (2000)). For example, placing too much power
on demand-side cost sharing can cause patients to quit treatment early, decreasing the
likelihood that they will recover and increasing the rate of relapse. With the greater demand for follow-up care, long-run costs to the insurer may actually increase. Stronger
supply-side incentives, by discouraging repeated physician-patient interactions, may
lead to less tailored treatment regimens and therefore poorer health outcomes.
I measure the importance of this trade-off in setting of prescription drug choice. A
long literature in health economics, reviewed by Goldman et al. (2004), analyzes the effect of patient cost-sharing on drug choice;1 relatively little empirical work analyzes the
effect of supply-side incentives.2 I extend the supply-side literature by providing measurement of a new and important elasticity: when physicians face capitated payments
for a patient’s office visits, to what degree do they substitute away from providing their
1

See, for example, Aronsson et al. (2001), Foo and Cullen (2012), Gaynor et al. (2007), Hellerstein
(1998), Huskamp et al. (2005), Nair et al. (2003), and Shrank et al. (2007).
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Armour et al. (2001), Bloom et al. (2002), and Ho and Pakes (2011) measure the effect of supplyside incentives on aggregate health spending and on the costs of inpatient care.

1

own office-based treatments? Under capitation schemes, physicians receive a lump sum
prospective payment to cover all outpatient services provided to an insured patient.
The physician does not bill the insurer per office visit, and so has an incentive to economize on care. I look for evidence that these physicians recommend prescription drug
treatment or medical care provided by outside specialists; in both cases, the capitated
physician does not bear the cost of the treatment.
I proceed in the paper in two steps. First, I describe a model of the patient-physician
interaction, similar to the approach of Pauly (1980) and Dranove (1988), to highlight the
possible physician responses to three classes of incentives: patient cost-sharing, managed care contracts, and capitated payment schemes. Second, I measure the response of
physicians to these incentives when treating patients suffering from depression. I choose
this setting for two reasons. First, depression care is common in the United States, as
major depression affects 6.5% of adults in the US each year. In 2008, patients filled 164
million monthly prescriptions in the antidepressant class; only cholesterol treatments
and pain medicines exceeded this level of sales.3 Second, for depression diagnoses, physicians choose among multiple treatment options, including office-based psychotherapy
and a large set of prescription drugs. The American Psychiatric Association’s practice guideline lists 26 unique drug compounds approved for depression treatment, with
no single drug proven superior in efficacy (Karasu et al. (2000)). Physicians thus exercise significant discretion in prescribing treatments, leaving opportunity for various
incentives to operate.
The key findings in the empirical exercises appear immediately in the raw shares.
I compare patients whose plans use different financial incentives, from the least restrictive Preferred Provider Organization (PPO) plans that pay physicians per visit to
Health Maintenance Organizations (HMOs) that use a variety of financial incentives
to manage the level of health spending of their enrollees. In the data, HMOs differ
importantly in whether they pay primary care physicians using capitation contracts.
I find that patients with the least restrictive PPO plans that pay physicians per visit
receive psychotherapy at a rate of 8%, with 2/3 of those patients also receiving drug
care. In HMOs plans that nonetheless pay physicians per visit, the share receiving
psychotherapy is much lower, at 2%. Strikingly, for capitated HMO patients, nearly
12% receive psychotherapy, even larger than the share in PPO plans. These differences
in share remain largely unchanged even after controlling for geographic factors, patient
3
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demographics, and physician speciality in a discrete choice framework.
Across the plan types, patients also receive distinct drug treatments during visits
in which the physician prescribes medication. Patients treated under plans that pay
primary care physicians by capitation receive fluoxetine, the generic form of the popular
branded drug, Prozac, at a rate of 18%, a full 10% more often than patients with plans
that pay physicians per visit. This increase in the use of fluoxetine comes at the
expense of prescriptions for heavily-promoted patented treatments, including Lexapro
and Zoloft. Under capitation, physicians choose these branded drugs half as often as
do physicians paid by fee-for-service schemes. Logit models that condition on patient
demographics, physician specialty, region indicator variables, and other background
characteristics show similar but slightly smaller effects: capitation and patient costsharing incentives are associated with an increased share for generic treatments of about
14% and 7%, respectively, holding observables constant.
Given these reduced form results, I estimate a detailed model of the physician’s
treatment recommendation to isolate the mechanism through which the incentives generate the observed cost savings and patient outcomes. Given my intention to examine
multiple incentives in a single framework, it is difficult to find the ideal research design
in which insurers randomly assign the various incentives to patients and physicians.
Without random assignment, selection of patients into insurance plans or physicians
into contracts may bias the measurement. However, several features of the data allow
me to limit concern about selection bias. On the demand-side, to deal with selection of
patients into insurance plans, I restrict my analysis to only those patients newly diagnosed with depression. New patients are unlikely to have chosen their original insurance
plan as a function of the specific depression treatment prescribed to them at the time
of diagnosis. In addition, I include in the model a measure of each patient’s overall
health, the Charlson Comorbidity Index, to control for the possibility that patients
with multiple illnesses select into plans with cheaper out-of-pocket costs for depression
medications. In this way, I compare the treatment choices of patients with similar illness profiles and demographics and with broadly similar insurance plans. I exploit the
“within” patient and broad plan type variation in the payment incentives physicians
face and in the specific out-of-pocket prices patients face for each drug in the choice
set. In addition, for the supply-side measurement, I introduce an auxiliary dataset that
provides evidence of physician behavior in a panel context.
I estimate this detailed choice model using a mixed logit specification that permits
unobserved heterogeneity in physician and patient preferences over price. The results
3

amplify the findings in the raw data and the simple logit analyses: promoting generic
drugs by lowering their relative copayments, holding other incentives fixed, prompts an
increase in the share of generics from 21% to 38%. The change represents an average
price elasticity of -.3, near the median of previous estimates identified in experimental
and cross-sectional studies.4 Greater copayment rates have no significant effect on the
rate of psychotherapy prescribed.
While the response of patients to copayment incentives seems uncontroversial and
follows the pattern in existing work, the response of physicians to supply-side policies requires more analysis. For drug choice, I distinguish empirically between three
theories explaining the observed correlation between capitation and generic drug use:
(1) capitated physicians choose treatments that require fewer follow-up visits, because
the physician bears the cost of repeat visits; (2) other managed care regulations correlated with the use of capitation contracts drive physician choices; and (3) physicians
who enter into capitation contracts have underlying preferences for cost containment.5
I test these theories using both patient-level panel data and physician-level data. I
find support for the first explanation: physicians on capitation contracts concentrate
their prescribing on precisely the set of treatments that generate less switching, holding
prices and patient demographics constant. These products are often effective generics,
including fluoxetine, which price-sensitive patients prefer. Although I control for a rich
set of patient demographics, physician prescribing may reflect either self-interest or an
attention to unobserved patient characteristics.
To test hypotheses (2) and (3), I use cross-sectional data from a survey of physicians. For each physician in the sample, the data contain information on the drugs the
physician selects for all patients she treats in a given week. Physicians in this data typically treat patients enrolled in a variety of insurance plans. I compare the prescribing
habits of physicians who accept capitation for some of the patients they treat against
the habits of physicians who do not accept capitation. The drug shares are statistically
indistinguishable across these two groups. Thus, there is little evidence that physicians
who accept capitation for some but not all of their patients act in a manner wholly
distinct from those physicians who never accept capitation.
For the choice between prescription drugs, psychotherapy alone, or no formal treat4

See Goldman et al. (2004), Huskamp et al. (2005), and Ellison et al. (1997).
In the US healthcare market, physicians rarely face the direct cost of prescription drugs. The
exception is physician-administered drugs, such as oncology treatments, which physicians may purchase directly. In the depression setting, changes in drug price affect the physician through insurance
incentives.
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ment, I find that primary care physicians facing capitation elect psychotherapy treatment at higher rates. Relative to non-capitated HMOs with similar plan incentives
apart from the payment mechanism, those patients in capitated plans receive formal
treatment 2.8% more often. Patients of capitated primary care physicians receive psychotherapy alone at a rate of 1.1%, an increase of .86% percentage points (75%).6
Finally, I evaluate the relative effect of supply and demand-side incentives on health
in the panel data. I find stronger cost-sharing leads to a decline in patient health.
Patients more often quit treatment prematurely, and the rate of relapse in the period 36 months after the initial episode increases from 5.4 to 5.8%, holding constant observed
patient and physician attributes. Supply-side incentives have a similar but stronger
effect. When physicians face capitation incentives, patients adherence to the treatment
chosen by these physicians at a rate that is 2% lower than the adherence rate for patients
treated by physicians paid per visit. The probability of relapse increases 0.6% relative
to the baseline case with no incentives. This increase is 50% greater than the change
seen from introducing cost-sharing.
I proceed in the paper as follows. In Section 2, I provide a model of the patientphysician interaction, demonstrating the potential for conflict and the role of insurer
incentives in this relationship. I then test the model’s hypotheses in an empirical
setting. I describe the data and motivate the empirical specifications in Sections 3 and
4. I analyze the static relationship between incentives and costs in Section 5 and the
dynamic relationship between incentives and health in Section 6. Finally, in Section
7, I discuss the implications of these analyses for optimal insurance design. Section 8
concludes.

2

Model of the Patient-Physician Interaction

I model the physician’s selection of drug treatment for an ill patient to illustrate the
potential for conflict. The asymmetry in information between the trained physician and
the patient gives the physician authority to recommend a treatment that is privately
optimal but may not maximize the patient’s outcome.
I describe special case in which the patient’s health falls into one of two states:
6

This share includes patients initially diagnosed with depression in a primary care office visit but
treated using psychotherapy by other providers, including psychiatrists, within 3 months of the initial
diagnoses. In the data, psychiatrists submit 75% of psychotherapy claims, general practitioners submit
9%, and the balance come from other medical specialists.
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θS or θM , where θS represents a severe illness and θM a mild illness. To treat the
illness, the physician can recommend one of two treatments. The first, dH , is a high
cost blockbuster drug, while the second, dL , is a low cost drug.7 From the patient’s
perspective, the low cost drug, dL is preferable for a mild illness; dH is preferable for a
severe illness. Formally, I assume patient‘s utility takes the following linear form:
UjP atient (θk ) = Yjk − Cj

(1)

Here, the patient suffers from illness k and consumes treatment j. The patient’s utility
depends on: (1) Yjk , the effectiveness of j for illness type θk , in efficacy and tolerability,
and (2) his out-of-pocket cost for the drug, Cj .
When the patient feels ill, he cannot determine his illness type to select the appropriate treatment. He therefore visits a trained physician. The physician does not face
the costs of the treatment but may have private benefits from a particular choice. For
example, if the physician has prescribed treatment j for many patients in the past, she’ll
save the costs of researching the proper dosing levels. Similarly, if drug j is the most
common medication prescribed, she’ll face lower malpractice risk when choosing j. Formally, her utility depends on her own private benefits, bkj , as well as some consideration
for the patient’s utility:
UjP hys (θk ) = bkj + γ(Yjk − Cj )
(2)
where bkj = bj (θk ), and γ ≥ 0
Through the altruism term, γ(Yjk − Cj ), the physician accounts for the patient’s
treatment outcome and drug costs, Cj , weighted by γ. The physician cares about the
patient’s utility because of a responsibility to the Hippocratic oath. As γ increases
toward infinity, the physician acts solely to maximize the patient’s outcome.
In the two drug special case above, I make four simplifying assumptions. First, CH >
CL ; corresponding to the label, costs for dH exceed those for the low cost alternative, dL .
Second, I assume the private benefits to the physician of choices dH or dL do not vary
with the patient’s illness. The physician always receives higher private benefits under
the blockbuster drug, dH . Third, I let E(YHS ) > E(YLS ) and E(YHS −YLS ) > CH −CL > 0.
In the severe illness state where θ = θS , treatment dH is more effective on average than
dL . The blockbuster drug, dH , is also more costly, but the value of the increased
7
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effectiveness exceeds the added cost. Finally, fourth, Iet E(YLM ) ≥ E(YHM ). For mild
illnesses, treatment dL is weakly more effective than dH .
The antidepressant class matches the assumptions of this special case. For example, several low cost treatments outperform new patented alternatives for mildly-ill
patients. In eight studies reported by Gartlehner et al. (2007), Effexor (venlafaxine), a
popular new medication, produced a larger treatment effect for patients suffering from
major depression relative to existing products; for less severe conditions, there was no
strong evidence of improved efficacy. However, in general tolerability, Effexor was associated with a 10% higher incidence of nausea and vomiting relative to existing generic
treatments.
With this simplified setting, I describe the treatment selections that will result in
each of the illness states.
2.0.1

One Period Model

In the severe case, both the patient and physician prefer the high cost drug, dH . It is
more effective on average, and the better expected outcome exceeds the added out-ofpocket costs. In the mild case, there is potential for disagreement. If the patient could
diagnose his own mild condition, he would prefer the low cost drug. The physician will
recommend the low cost drug if and only if her sensitivity to patient outcomes, γ, is
sufficiently high:

E(YLM

E(UHP hys (θM )) < E(ULP hys (θM )) ⇔
bH − bL
< γ⇔
− YHM ) + (CH − CL )

(3)
(4)

When (1) the low-cost drug is more effective, (2) the blockbuster drug is far more
expensive than the low-cost drug, and (3) (bH − bL ) is small, meaning the physician
gains little in private benefits from choosing the blockbuster drug, even weakly altruistic
physicians will select the patient’s preferred choice, dL .
In this setting, there is an simple mechanism to ensure the physician chooses dL
when the patient suffers from a mild illness: pay a lump sum transfer to the physician
of (bH −bL ) whenever she prescribes the low-cost drug. With this transfer, the physician
receives bH in either state. The inequality in (4) becomes γ > 0 and the patient and
physician preferences align.
This first-best scheme fails in practice because the level of the required payment
7

is often unknown, given that the private benefits to distinct alternatives can vary idiosyncratically by physician. Even if patients knew (bH − bL ), they may still lack the
necessary funds to pay it.
With wealth constraints, the patient suffers a decline in welfare from the agency
relationship whenever γ fails to satisfy the inequality in (4). In the second-best world,
insurers can increase the likelihood that the physician chooses appropriately by increasing the gap in copayments between the high and low cost drugs. They may also mimic
the first-best transfer to a degree by paying small bonuses conditional on a physician’s
prescribing behavior.
2.0.2

Two Period Model

To see role of capitation, consider a two period model. Under capitation, the physician
faces an additional cost, S, if the patient returns for a follow-up visit in the second
period. These costs place additional liability on the physician’s initial treatment choice.
In a two-period world, even less altruistic physicians select the patient’s preferred choice.
To see this, consider a slight change to the two drug setting. After realizing outcomes
under drug dL or dH in period 1, patients return early to the physician for consultation
if they experience a poor outcome.8 I denote the probability of an early reassessment
and switch as pH , when the physician chooses dH initially in the mild illness case, and
pL , when the physician (correctly) chooses the low-cost drug, dL , in the mild case.
pH >> pL , and pH , pL lie on [0, 1]. In the case of early reassessments or illness relapse,
the physician faces an additional pecuniary or non-pecuniary cost, S:
UjP hys (.) = bj + γ(Yj − Cj ) − S
The physician’s utility depends on her private benefits, the patient’s utility, and S.
As in the one period example, there is a conflict when the patient suffers from a
mild illness. The expected outcome for the patient in the mild case is higher under the
low-cost treatment. The patient also pays less for the low-cost drug: CL < CH . Thus,
the low-cost drug is the efficient choice for the patient in period 1.
The forward-looking physician will prescribe the low-cost drug if the inequality
8

Specifically, patients will return if the outcome causes them to update their prior beliefs on the
quality of the drug sampled such that its expected utility falls below the expected utility of the
alternative.
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below holds:9
E(ULP hys + UjP hys ) > E(UHP hys + UjP hys ) ⇔
S ∗ (pH − pL )
(bH − bL ) − γE(ULP atient − UHP atient ) <
2 − pH − pL

(5)
(6)

where pH reflects the probability of a costly reassessment when the physician initially
chooses dH and pL reflects the equivalent probability should the physician choose dL
initially. Here, UjP hys is the physician’s utility under a second period choice, j. Dividing
through by E(ULP atient − UHP atient ) > 0:
γ>

E(YLM

(bH − bL )
S ∗ (pH − pL )
−
(7)
M
M
M
− YH ) + (CH − CL ) (E(YL − YH ) + (CH − CL )) ∗ (2 − pH − pL )

The inequality suggests that, as in the one period case, there are ranges of γ for which
the physician will choose the blockbuster drug initially to treat mild illnesses, against
the interests of patients. The second right-hand side term in (7) is unique to the twoperiod case. With this positive-valued term, the inequality is now easier to sustain for
a given γ and for non-zero S, the financial or psychic costs to the physician from a
reassessment. If capitation contracts serve to increase costs S, the inequality in (7) will
hold even for less altruistic physicians. However, capitation will have little effect if the
likelihood of a reassessment is the same regardless of the initial choice. If pH = pL , the
inequality in (7) reduces to inequality (4) from the one period case.10
I apply the insights from this simple two treatment example to the setting of antidepressant choice. Specifically, I test whether increasing the gap in patient copayments
between treatments leads physicians to prescribe more cost-effective drugs; I consider
the effect of changes in HMO design, which can alter the physician’s relative private
benefits from treatments; and, I examine how capitation might encourage better initial
matching to avoid treatment reassessments.
9
The utility of the second period choice, labeled j, differences out of the inequality except for the
cost of reassessment. The choice at period 2 would play a larger role if the horizon extended to future
choices with a discount rate below 1.
10
By focusing on the physician’s “inducement” of demand for her services given asymmetric information, the above discussion most closely matches the agency approach of Pauly (1980) and Dranove
(1988), following the taxonomy described by McGuire (2000). One key distinction is that the choice
of drug treatment is observed and correlates with health status. Thus, a first-best contract, similar
in spirit to health-contingent payments proposed by Arrow (1963), is possible. Such schemes break
down, as discussed, because wealth-constrained patients cannot afford the contractual transfers or
cannot determine how large this transfer must be to override the physician’s private benefits.
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Data

To estimate the effects of demand and supply-side incentives, I employ health insurance claims data available from Thomson Reuters’ MarketScan databases. I obtain
data for 2003-2005 from the Commercial Claims and Encounters database, which contains patient level clinical utilization, expenditure, and enrollment data for inpatient,
outpatient, and prescription drug services. I link this data to patient demographics and
plan design features from the Benefit Plan Design database.11 The individuals recorded
in the data include active employees working for a group of large US firms that contract
with one of 100 participating payers; the employees’ dependents and some classes of
retirees enter the database as well.
I collect a sample of patients diagnosed in an outpatient office visit with one of five
categories of depression diagnoses: major depression; dysthymia and depression with
anxiety; prolonged depressive reaction; adjustment disorder with depressed mood; and,
depression not otherwise specified.12 Conditioning on observed diagnoses rather than
observed prescriptions has three benefits: (1) I can focus on more severe depression categories for which formal guidelines recommend medical intervention, (2) I can examine
the extensive margin choice of no treatment vs. either drug treatment or psychotherapy
and (2) I avoid episodes involving off-label use of antidepressants. However, by requiring the patient receive a depression diagnosis, I may miss individuals in the broader
dataset who do not receive a formal diagnosis but may suffer from depression.13 My
analysis, therefore, pertains only to patients and physicians likely to record a depression
diagnosis during the physician office visit.
I impose the following conditions on patient backgrounds to form an appropriate
sample: patients cannot have a concurrent diagnosis of bipolar disorder or schizophrenia
or receive drugs that signal these conditions, as these illnesses require distinct treatments14 ; the patients’ age must fall between 18 and 64, the range for which the data
are complete; patients must visit a health professional with the ability to prescribe all
11

Thomson Reuters MarketScan Research Databases. Ann Arbor, MI: 2003-2005.
The depression diagnoses listed match the International Classification of Diseases (ICD-9-CM)
codes of: 296.2, 296.3, 300.4, 309.0, 309.1, and 311. Melfi et al. (1998), Pomerantz et al. (2004), and
Akincigil et al. (2007) use similar diagnostic codes in selecting a sample of depression patients.
13
Davidson and Meltzer-Brody (1999) discuss the widespread under-recognition and under-treatment
of depression, particularly in primary care settings.
14
Patients excluded due to comorbidities have a diagnosis in one of the following classes: bipolar
and manic disorders (ICD-9-CM 296.0, 296.1, 296.4-.8) and schizophrenic disorders (ICD-9-CM 295.0295.9).
12

10

possible treatments; and patients must not be pregnant, a condition that raises safety
concerns for many of the treatments. I eliminate individuals dispensed medications
within the first six months of data, since the illness could be pre-existing. In such
cases, I would mistakenly interpret a second or third treatment choice as the initial
decision. For the purposes of this static choice model, I restrict the analysis to the first
prescription filled after the patient’s initial depression diagnosis. I use the patient’s
entire episode of treatment for duration model examinations. The initial filters lead
to a dataset of 98,139 unique patients observed between July 2003 through December
2005.
The data include background variables specific to the individual: (1) patient demographics, including age, gender, home county, and diagnosis; (2) the specialty of the
treating physician; and, (3) characteristics of the patient’s insurance plan, including
the required copayments. The MarketScan data also include a plan-specific “ingredient cost” for each drug, which is the insurer’s cost excluding the dispensing fee, sales
tax, and rebates from the drug manufacturer. I supplement this data on drug prices
with information on each drug’s average side effects, dosing, and efficacy from psychiatry textbooks, clinical practice guidelines, and a meta-analysis of published clinical
trials.15 From the MarketScan data, I also record whether a patient’s episode contains
any claims for psychotherapy treatment during the period. Finally, I collect county-level
information on reported wages, dividends, and interest income using the U.S. Internal
Revenue Service’s Statistics of Income for the 2005 tax year. I match this data to the
county reported in patient records.
Tables 1 and 2 contain summary statistics on the individual and drug-specific data.
Of the 98,139 unique enrollees, 44% visit general practitioners, 28% visit a psychiatrist,
and 28% visit other specialists, such as obstetricians. 28% suffer from major depressive
disorder, the most severe diagnosis in the depression hierarchy. Women compose 71%
of the observed sample diagnosed with depression. Of the plan types, capitated health
maintenance organizations (HMOs) cover 33% of patients in the sample; non-capitated
HMOs cover 14%; and other non-capitated plans, including preferred provider organizations (PPOs), cover the remaining 53% of patients.
The plan type categorical variable plays an important role in the analysis. In panel
1 of Table 8, I list the types of incentives commonly employed by each plan category,
including whether the plan uses drug formulary tiers, utilization review, and precer15

See Murphy et al. (2009), Karasu et al. (2000), and Gartlehner et al. (2007).
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tification requirements for inpatient care. Capitated and non-capitated HMO plans,
as defined by the database, differ in that capitated plans pay general practitioners for
outpatient care using lump-sum payments rather than reimbursing physicians for each
visit or procedure. One can find evidence that capitated plans indeed employ such
payment schemes by looking at the types of complementary incentives included in the
alternative plan types. Crucially, the two types of HMOs both have strict drug formularies and more often employ carve-out plans for mental health care relative to PPOs.
The HMO plans differ in that the capitated HMOs rarely employ utilization review
and case management–in practice, there is little need for explicit utilization review if
payment incentives cause capitated physicians to internalize the cost of their referrals.
In the sample period, physicians choose between 19 medication options. The most
common medications appear in Panel 1 of Table 1, along with their relative market
shares, the average patient copayments, and the reported insurer costs across years. The
psychotherapy share reported includes only those patients who received psychotherapy
but no drug care; if a patient received both, his treatment would contribute to the
relevant share of the drug he filled.
Using medical references, I categorize the set of treatments according to their effect on the concentration of three neurotransmitter chemicals in the brain—dopamine,
norepinephrine, and serotonin—that previous research connects to feelings of well-being
(Murphy et al. (2009)). The subclasses include: SSRIs, which selectively inhibit the reuptake of serotonin; NDRIs, which affect norepinephrine and dopamine; SNRIs, which
affect serotonin and norepinephrine; TCAs or tricyclic antidepressants, which unselectively block the reuptake of serotonin; serotonin receptor agonists or antagonists,
labeled SM as serotonin modulators; and, NASSAs, noradrenergic and specific serotonergic antidepressants, which similarly affect serotonin receptors.
The costs reported in Table 1 differ substantially across drugs. For a given drug,
there is also significant variation across insurance plans. I use the plan-specific drug
costs in estimating the choice models. In addition, two drugs entered in 2004, the
center of my sample period: citalopram, the generic version of Celexa, and a new
branded SNRI, Cymbalta (duloxetine).

12
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Empirical Motivation

To motivate a detailed study of the physician’s choice behavior, I first present correlations between insurer-designed incentives and the choice of antidepressant treatment.
In Table 2, I present the distribution of drug choices conditional on supply-side incentives. Because I use insurance claims data, I only observe prescriptions actually filled.
If a patient received a prescription for an antidepressant during an office visit but never
filled it, that patient would fall into the ‘none’ treatment share.16 I separate out the
share of individuals who receive psychotherapy only, according to the insurance record.
In Table 2, individuals receiving both psychotherapy and an antidepressant fall into the
share for the relevant drug treatment.
From the observed shares, it is clear that, unconditionally, patients treated under
HMO plans that offer capitation contracts receive a far different distribution of drugs
than those patients treated under PPOs or non-capitated HMOs. Capitated physicians
use generics, before conditioning, at a rate of 36%, 13% more than physicians paid by
non-capitated HMOs and 23% more than physicians treating patients under PPO plans.
The largest difference appears in the shares of two treatments in the same ingredient
subclass: Lexapro (escitalopram), a branded treatment, and fluoxetine, the generic form
of the branded drug, Prozac. Lexapro’s share for patients treated under capitation is
8.5% relative to 15.6% for patients on non-capitated plans. The reverse is true for
fluoxetine: 17.6% of patients on capitated plans receive fluoxetine, while only 7.4% of
patients on non-capitated plans do. I separate out later whether these differences in
preferences relate to patient characteristics, supply-side incentives, or the copayments
that patients pay.
On the extensive margin, the unconditional shares in Figure 1 illustrate that supplyside incentives affect the three broad category choices of no treatment, psychotherapy, or
prescription drug care only. Comparing across HMO plans, those that pay primary care
physicians via capitation show much greater use of psychotherapy to treat depression
patients: the rate of psychotherapy treatments is 11.5% in capitated HMOs, vs. 2.1%
for non-capitated HMOs. As a comparison, patients on the least restrictive PPO plans
in the private insurance data use psychotherapy for the depression diagnoses I study at
a rate of only 8%. The use of psychotherapy in capitated plans is largely from primary
16

Similarly, if the physician offered the patient a free sample of drug A, that patient would not
contribute to the share for A unless he filled a new prescription for it at a pharmacy within 3 months
of his initial office visit.
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care physicians referring patients to psychiatric specialists; primary care physicians
Treatment(Choice,(by(Plan(Type4
conduct only 9% of all psychotherapy conducted in the broader dataset.
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Figure 1: Treatment choice, by plan type
I replicate this simple comparison of treatment choices in a logit framework, to control for incentives and observable patient background characteristics that the medical
literature suggests may affect outcomes. Specifically, I condition on patient gender,
patient age summarized into five blocks, and the patient’s diagnosis. Moreover, Hellerstein (1998), Jones et al. (2001), and Filippini et al. (2006) demonstrate that prescribing
behavior differs according to region, the physician’s specialty, and other socioeconomic
factors. I control for the specialty of the treating physician, the average income in the
patient’s home county, whether the individual lives in a metropolitan area (as defined
by the US Census Bureau), and also whether the patient lives in a state where the law
requires pharmacists to dispense generic drugs when possible.17
From the logit results shown in Panel 1 of Table 3, it is clear that holding observables constant, the main results persist: physicians with incentives under capitation
prescribe far more generics. The generic share is roughly 14% higher under capitated
HMOs relative to either PPO plans without capitation or HMO plans without capita17

In 14 states, state law mandates that pharmacists dispense the generic form of a prescription
written for an off-patent branded compound unless the physician expressly forbids substitution. In the
remaining states, pharmacists exercise discretion.
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tion. In Panel 2 of Table 3, when patients face cost-sharing, the share of physicians
recommending branded drugs falls 6.5% relative to physicians whose patient does not
face these incentives. With cost-sharing, 1.7% more patients fail to initiate treatment
all together.
For the margin of drug vs. office-based treatment, the logit results show that patients
who visit primary care physicians paid via capitation do receive more psychotherapy
than their observably similar counterparts whose plans pay physician per visit. The
rate of psychotherapy performed at some point in a patient’s episode is 0.85 percentage
points (80 percent) higher for capitated patients.18

5

Incentives and short-run costs

The summary statistics and initial discrete choice analysis suggest stronger incentives
correlate with greater use of generic drugs. I estimate the physician’s utility using
a mixed logit model to allow patients and physicians to respond idiosyncratically to
incentives.19 I then determine the likely mechanisms through which copayments and
capitation influence the physician’s treatment recommendation.

5.1

Product Choice Model

I estimate the parameters of the joint patient and physician utility function, choosing a
specification similar to the theoretical model outlined earlier. The patient cares about
an option’s effectiveness and his required copayment. In making a recommendation
to the patient, the physician accounts for the patient’s utility, to degree γ, but also
maximizes her own private benefits.
I include drug fixed effects to proxy for a medication’s expected efficacy and tolerability as well as features like the convenience of the required dosing.20 I measure the
18

The baseline predicted rate of psychotherapy in this logit analysis is 1.06% when the primary care
physician is the first to record the patient’s depression diagnosis. If a psychiatric specialist records the
first diagnosis, presumably after a primary care physician referred the patient for specialty care, the
predicted baseline rate of psychotherapy for the illustrative patient’s profile is higher, at nearly 15%.
19
A simple conditional logit produces cross-price elasticities proportional to the prior shares of the
drugs, rather than allowing individuals in the model to substitute to a new treatment more heavily from
treatments that are similar. This is known as the Independence of Irrelevant Alternatives property.
By ‘mixing’ over the distribution of price sensitivities in a mixed logit, I break the counter-intuitive
property by producing correlations in the unobserved portion of utility for products with similar
observed characteristics.
20
If firms choose formulary prices based on these product characteristics, including fixed effects

15

patient’s sensitivity to copayment levels by including the log of the copayment in the
specification. I allow patients to differ in their sensitivity to price depending on their
age, diagnosis, and the average income in the patient’s home county. I also introduce
random coefficients on the price variable to capture unobserved individual heterogeneity in the patient’s price sensitivity. For individual i on drug j in period t, the patient’s
utility equals:
P atient
P atient
= bi ln(copayijt ) + aZijt
+ εPijtatient
Uijt
where unobservables that vary over time fall into a logit error term, εPijtatient . Here,
P atient
contains the drug fixed effects and the interactions between the patient’s deZijt
mographics and the copayment level. The copayment level itself enters the model with
a random coefficient, bi .
The physician accounts for these features but may also react to the insurer’s cost,
particularly if the insurer enforces strict regulations on prescribing. I introduce an
insurer price variable with a random coefficient to account for unobserved heterogeneity
in responsiveness across the physician population. In the model, physicians may also
respond differently to insurer costs and copayments depending upon their specialty and
P hys
with
the characteristics of the patient’s insurance plan. These interactions enter Zijt
fixed coefficients:
P hys
P hys
P atient
Uijt
= γUijt
+ di ln(insurer costijt ) + cZijt
+ εPijthys
!
ln(copayijt )
= (γbi , di )
+ (γa, c)Zijt + εijt
ln(insurer costijt )

= βi0 Xijt + α0 Zijt + εijt

(8)
(9)
(10)

Here, βi follows a normal distribution, with mean and variance (b, W ) to estimate. Zijt
P hys
P atient
combines Zijt
and Zijt
. I use a joint error term for the patient and physician, εijt ,
which follows an extreme value distribution. I cannot separately identify γ from bi and
a. I include it in the above formulation to illustrate that the level of the physician’s
attention to patient interests may lessen the influence of copayments on the choice.
The strength of demand-side incentives relative to supply-side incentives is an empirical
question; the elasticities with respect to the policies depend on either the size of γ or
the size of bi and a relative to di and c.
in the specification limits the potential bias from the relationship between price and time-invariant
unobservables.
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I estimate three specifications, differing in the components of the matrix Zijt . I
proceed in estimation via a Bayesian Markov Chain Monte Carlo (MCMC) approach
in which the resulting estimates equal the average over draws from the posterior distributions of the parameters of interest.21
The top panel of Table 4 contains both the fixed coefficient estimates as well as the
estimated parameters of the normally distributed random coefficients on the copayment
and the insurer cost. While I consistently estimate these population parameters, I
cannot estimate consistently any individual’s parameters, since I condition only on
the first period choice.22 As a result, in counterfactual predictions, I use Bayes’ rule
to form a conditional distribution of the individual coefficients, conditioning on the
observed first period choice. I draw from this posterior distribution using a MetropolisHastings algorithm and use the draws in place of a direct estimate of the individual’s
coefficients.23
Specification (1) implies that the sensitivity to patient prices follows a normal distribution with a mean equal to -.265 and a variance of .026; the insurer cost parameter has
a mean equal to -.043 and a variance of .009. In Figure 2, I illustrate the distribution
of patient and physician sensitivities to both copayments and insurer prices.24
Specification (2) includes an interaction term I create by multiplying the insurer’s
cost with a capitation indicator. The coefficient on this term suggests capitated doctors care more on average about the insurer’s cost than do other physicians. Physicians
treating patients diagnosed with more severe illness categories, holding other observables constant, care far less about copayment levels. As in the theoretical model, when
the likelihood of relapse or reassessments is high regardless of the treatment selected
initially, incentives may have weaker effects on the physician’s choice. In addition, I find
21

I follow an MCMC approach in estimation for two reasons. First, it reduces computation. Within
the estimation procedure, I collect draws from the conditional distribution of the individual’s price
sensitivity parameter. I reuse these draws later to predict drug shares under counterfactual pricing
policies. Second, in this setting, including individual-specific heterogeneity in treatment choices in the
empirical model allows me to fit the data much better than using a simpler discrete choice model. I
choose hierarchical priors to capture flexibly the relationships between heterogenous consumers. An
appendix containing convergence tests for the MCMC estimation are available from the author upon
request.
22
I would need to observe multiple choice situations for an individual, say across markets or time,
to obtain a consistent estimate of the individual-level parameters (Train (2003)).
23
Drawing from this distribution requires no additional computation time because I have the necessary draws in storage as a by-product of the MCMC procedure used to estimate the mixed logit
parameters.
24
The plots represent 100,000 draws from a normal distribution with the mean and variance estimated
in Specification (1).

17

Figure 2: Distribution of Mixed Logit Random Coefficients
For Insurer Cost and Patient Cost per Day Supply
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Figure 2: Distribution of Mixed Logit Random Coefficients. For insurer cost and patient
cost per day supply.
that psychiatrists place significantly more emphasis on lower copayments in their choice
than do general practitioners. Physicians prescribing treatment for patients with many
comorbidities–and likely may more chronic diseases requiring drug treatment–also seem
to favor drugs with lower patient out-of-pocket costs.
To examine model fit, I compare the predicted shares under the mixed logit estimates in specification (3), shown in the “base” column of Table 5, with the raw shares
reported in Table 2. The general pattern and magnitudes of the predictions match the
observed shares well. I also calculate implied price elasticities in the model, averaged
over physician and patient-specific sensitivities. The elasticities range between -.3 and
-.4, depending on the drug treatment. This is at the median of the range of elasticities
found in a meta-regression analysis by Gemmill et al. (2007).

5.2

Patient-directed incentives

I use the estimated price sensitivities to illustrate how alternative copayment policies
may affect generic drug use and overall health spending. These estimates account for
both observed and unobserved heterogeneity in price sensitivity. Both the physician and
patient’s preferences may play a role in generating the observed shares. If physicians
18

shift their prescribing toward cheaper medications under stronger incentives, this may
stem from altruism or from pressure applied by the patient. When initiation increases,
it may reflect either the physician writing more prescriptions or patients actually filling
the prescription the physician writes.
The results of three counterfactual experiments related to price incentives appear in
Table 5. In the first, I change the relative levels of the copayments such that branded
drugs cost about $50 per 30 day supply, the 95th percentile of copayments in the data.
The result is a slight shift toward generics—a 2.5% increase—with some reorientation in
shares toward drugs with lower costs and lower average side effects, such as fluoxetine.
Examination 2 shows more drastic effects. Shifting the copayment of generic drugs to
zero leads to an increase in the generic share from 20.6% to 37.6%. Part of that increase
comes from greater initiation of treatment, as the outside option loses nearly 6% from a
baseline of 24.3%. Given the same marginal cost between ‘none’ and generics, patients
and physicians shift to pharmacologic treatment, judging it to have higher expected
health returns. Examination 3 shows little effect from changing the underlying insurer
cost. Under current incentives, physicians seem attuned to patient satisfaction but
not directly to the insurer’s bottom line. These results match findings in earlier work,
including Goldman et al. (2004) and Huskamp et al. (2005).
In interpreting these results, one potential concern is that patients select into particular plans based on the plan’s copayment level. Part of the measured price response
may reflect patient characteristics that drive plan selection. I address this concern in
two ways. First, I estimate the choice model on data from private insurance claims,
restricting the analysis to patients newly diagnosed with depression. In this setting,
patients choose from a small range of plans, unlike the larger menu available to patients buying coverage on the individual market or choosing a Medicare Part D plan.
Using information on the patient’s first treatment upon diagnosis also makes it unlikely
that patients have selected into one of their employer’s insurance plans based on the
expected costs of unforeseen depression treatment. Second, I test whether the overall
health of the patient is correlated with both the level of copayments and the likelihood
of receiving particular expensive drugs. If patients select into plans based on health
status, one might expect those patients with more severe past and ongoing illnesses will
choose plans with better coverage of depression drugs. I control for a measure of the
patient’s health, the Charlson comorbidity index in specifications (2) and (3) in the top

19

panel of Table 4.25 The qualitative results change very little with these specifications.

5.3

Physician-directed incentives

The predicted shares in Examination 4 in Table 5 reveal the influence of capitation on
physician decisions. When insurers pay physicians using capitation, physicians select a
distinct distribution of treatments, much like in the raw shares in Table 2. The share of
individuals on generics increases from 20.6% to 35.5%, roughly the same increase seen
in the counterfactual world in which copayments on generic drugs equal $0. Physicians
again prefer standard generic drugs including fluoxetine, citalopram, and paroxetine.
They use fewer drugs in the NDRI and the newer SNRI sub-classes.
There are multiple channels through which capitated payments affect the physician’s drug choice. I distinguish between three major hypotheses empirically, each with
different welfare implications: (1) capitated physicians seek out drugs that cause fewer
patient follow-up visits, since physicians bear the risk of repeat consultations; (2) plans
that pay physicians using capitation impose a variety of regulations on the physician
that change her behavior apart from the reimbursement scheme; and (3) capitated plans
contract with physicians predisposed to cost containment. I look for evidence of each.
To examine the first theory, I control in the product choice model for patient diagnosis, age, county-level income, the specialty of the treating physician, a comorbidity
index, and an unobserved characteristic that I use to proxy for income variation in the
patient population. Controlling for these characteristics, I still find significant differences in drug shares under capitation, as reported in the final column of Table 5.
To examine whether physicians select particular treatments with a lower likelihood
of switching, I run a hazard model with a dependent variable that equals the time
to the first “switch.” A drug switch occurs when the patient switches either to a new
antidepressant or quits treatment altogether. I allow the hazard of switching to change
over time by employing a Weibull distribution in the empirical specification. I control for
drug compound fixed effects in the specification to reduce the concern that unobserved
choice characteristics introduce bias in the remaining coefficients, conditional on the
model choice. In addition to controlling for observed incentives, I also include a rich
set of patient background characteristics, including age by quantile, gender, diagnosis,
region, and county-level income, as well as the physician’s specialty. I report the model’s
25

Charlson et al. (1987) define an index that predicts a patient’s ten-year mortality as a function of
previous diagnoses, including heart disease, diabetes, HIV/AIDS, and cancer.
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estimates in Table 6 and the predicted hazard rates by drug in Table 7.
The hazards by drug compound differ importantly and in ways partially predicted
by clinical research. Table 7 illustrates, for example, that SSRIs paroxetine (Paxil),
sertraline (Zoloft), and fluoxetine (Prozac) have some of the lower hazard rates, all
near 23-25%. Comparing the shares in Table 5 with the predicted hazards from the
Weibull model in Table 7, the drugs prescribed more often by capitated physicians are
precisely those with lower hazards of switching.
This result has two possible interpretations. First, it could reflect capitated physicians choosing treatments that limit costly follow-up care out of self-interest. Second,
though I control as best as possible for patient-level attributes, the model may miss
a characteristic that explains both patient selection into capitated plans and patient
preference for drugs that cause fewer repeat visits. Physician behavior might then reflect a desire to match patient preferences. Thus, I judge the impact of incentives on
patient welfare not by the distribution of prescriptions alone, but also by patient health
outcomes. I show later that patients on capitated plans quit treatments early and relapse at greater rates. This suggests capitation incentives may lead to choices out of
line with patient preferences.
As a second rationalization for the choices of capitated physicians, I test whether
coincident incentives employed by capitated HMO plans enter the physician’s decision
process. In addition to prospective payment, insurers may issue warnings to physicians
when they prescribe high volumes of expensive drugs or monitor their actions via electronic medical records. To examine this hypothesis, I collect information at the plan
level on the types of incentives employed across capitated HMO plans, non-capitated
HMO plans, and PPO plans. In Table 8, I list the frequency of each tool by plan type.
For example, the two categories of HMO plans both use formulary incentives more
often than PPOs and charge higher prices for “non-preferred” drugs. The capitation
effect described earlier appears when comparing capitated HMOs with non-capitated
HMOs. This within-HMO comparison controls for the effects of correlated incentives,
suggesting the main findings relate importantly to the reimbursement scheme itself.
Finally, I consider whether the selection of providers into the plan network explains
the capitation results. Physicians electing to accept capitated payments for medical
services may be those with better knowledge of available drug alternatives or may have
a higher sensitivity to patient costs and outcomes. To provide some evidence on this
hypothesis, I employ a physician-level dataset, the National Ambulatory Medical Care
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Survey (NAMCS), which samples patient visits to office-based physicians.26 The survey collects information on the patient’s background and the physician’s characteristics,
for all patients who visit the surveyed physician in a specific recording interval. The
sample provides detailed information on the physician’s managed care contracts, the
characteristics of her practice and patient population, and on the physician’s prescription choices across patients. However, unlike the main dataset, it lacks detail on the
payment scheme for any particular patient. That is, when observing the choice for a
patient, I cannot identify whether that patient’s plan pays the physician using capitation. I therefore analyze variation in the behavior of a cross-section of physicians in the
NAMCS data who differ in their capitation share. I collect the NAMCS data for the
same sample period and for the same diagnosis classes chosen in the main analysis.
Panel 1 of Table 9 shows the correlations in the data across the physician practice
characteristics on which I condition in the choice model. Panel 2 shows results from a
logit model that varies the characteristic, “physician accepts new patients on capitated
plans,” while holding constant other physician and patient background characteristics.
If underlying, stable preferences govern a physician’s prescription choices independent of
financial incentives, I would expect physicians who accept capitation for some patients
to write fewer branded prescriptions and more generic prescriptions for all of the patients
they treat. In addition, I estimate a choice model that controls for capitation and
other physician attributes, such as whether the insurer directly employs the physician.
If adding these controls diminishes the effect from capitation, then it may be these
attributes—and not the reimbursement scheme alone—that explains observed behavior.
I present the predictions from this logit exercise in Panel 2 of Table 9. Physicians
who accept capitation for some patients prescribe substantially the same treatments
across their entire patient panel as do physicians paid only via fee-for-service schemes.
Physicians accepting some capitated patients write slightly fewer branded prescriptions
for Lexapro, but the difference in share is far smaller than the differences in prescribing
observed in the main analysis. Overall, the physician-level data provides little evidence that physicians who accept capitated plans are predisposed to cost containment,
independent of the financial incentives.
26

National Ambulatory Medical Care Survey, National Center for Health Statistics, Hyattsville, MD:
2003-2005.
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6

Incentives and health

Improving the quality of depression care requires addressing both the cost and health
dimension of outcomes. I measure the effect on health using a hazard model of exit
from drug care and a conditional logit predicting rates of relapse in the sample.27

6.1

Adherence and relapse

I estimate a hazard model to predict the time to exit as a function of incentives. I use
a Weibull distribution in the empirical specification to allow the hazard to vary within
a patient episode. The estimated scale parameter in Table 10 implies an increasing
hazard—the pace of exit from care accelerates the further one is into an episode. I
control for a large set of patient demographics as well as the physician’s specialty.
To capture differing hazards by drug, I include drug indicator variables as well as
an indicator for whether a drug requires two or more daily doses. Finally, I control
for managed care incentives, for the level of the patient’s drug copay for his initial
treatment, and for the patient’s plan type—capitated HMO, non-capitated HMO, or
PPO. This analysis includes the prescription paths for the same 98,139 unique patients
appearing in the product choice model.
The estimates from the hazard model appear in Table 10. The dependent variable
reflects the number of monthly decision points that elapse before the observed exit
from treatment.28 Fixing other patient background characteristics, more severely-ill
patients and those in higher income counties remain on treatment longer. Relative to
general practitioners, patients treated by psychiatrists remain on treatment longer, as
do patients treated by other specialists. The characteristics of the initial drug chosen
also matter: patients starting on drugs that require 1-2 doses per day as opposed to
2-3 show greater adherence to treatment.
Copayments and capitation both importantly increase the hazard of exit conditional
on drug fixed effects and background variables. I illustrate this pattern for capitation in
Figure 3. The estimated hazard rates begin around 20% and increase to 30-35% three
27

The clinical literature distinguishes between relapse, the return of symptoms in an ongoing episode,
and recurrence, a new episode following a recovery period of several months. Lacking detailed medical
records, I cannot separately apply these designations. I use “relapse” to describe both cases in my
sample.
28
I use the coarser monthly measure, rather than the observed number of days before a reevaluation
or exit, since the daily variation may simply reflect the difficult of scheduling a consultation with a
physician.
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Figure 3: Predicted Exit Hazards from Weibull Duration Model
Conditional on Insurance Plan Type (95% CI Shown)
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Figure 3: Predicted exit hazards of exit from Weibull duration model. Conditional
on insurance plan type (95% confidence interval shown), for individuals beginning on
Fluoxetine
months into treatment. The American Psychiatric Association’s guideline for depression
treatment recommends patients diagnosed with depression follow a treatment course
for at least 6 months (Karasu et al. (2000)). The data make clear that the existing
incentive structure fails to encourage the recommended treatment regimen, particularly
for individuals diagnosed with major depression.
The rates of adherence found match results in Pomerantz et al. (2004), Melfi et al.
(1998) and Akincigil et al. (2007). Poor adherence is a problem for health if patients
continue to suffer from depression symptoms or relapse. I test for the effect of incentives
on relapse using a logit model. I report the results in Table 11.
I define a relapse as a new office visit or prescription filled after a gap of 3 months
from the last observed office visit or from the exhaustion of the patient’s final prescription, whichever is later. For example, if a patient exhausted the supply of his last
prescription on January 1, 2004, I examine the next six months of data. If the patient
did not receive care for depression in January, February, and March, but did appear for
depression care sometime after April 1, I consider the office visit a relapse. To simplify
the problem of censoring, I look only for new depression care occurring between 3 and
6 months after the initial active treatment period ended. Overall, 33,657 unique individuals had episodes with a 3 month gap after the last treatment, followed by at least 3
24

more months of data to allow me to identify whether the patient relapsed during that
period. In this subsample, 5.4% of patients suffered a relapse.
Karasu et al. (2000) find that 50% of patients relapse over two years. This is
equivalent to a constant rate of relapse of 2.9% per month over 24 months. Over three
months, the literature would predict that 8.3% of patients relapse. The rate in my
sample is slightly lower because I do not measure relapses that occur when a patient
seeks inpatient care.

6.2

Patient vs. physician-directed incentives

I use the logit estimates to predict changes in relapse as a function of incentives. I
report these examinations in panel 2 of Table 11. I hold constant the length of the
initial treatment episode—which can proxy for illness severity and/or the quality of the
initial depression care—as well as a rich set of patient background characteristics. Both
higher copayments and the introduction of capitation lead to statistically significant
increases in the rate of relapse in outpatient and prescription care. Capitation has
an effect 50% stronger than demand-side incentives. The relapse rate increases from
to 5.4% to 6.0% with all patients on capitated plans; doubling copayments leads to a
0.4% increase in relapse. Over two years, assuming a constant rate of relapse, 35.9% of
patients will relapse in the baseline case without incentives. Given the logit estimates,
38.0% of patients facing increased copayments and over 39% facing capitation incentives
will likely suffer a relapse.

7

Optimal insurance design

The results from both the static and dynamic analyses provide insight into the policymaker’s incentive design problem. In the product choice model, I predict how alternative pricing policies would affect the initial choice of the physician. I calculate now, in
dollars, how these alternative policies impact the insurer’s profit. Looking only at prescription drug costs, I sum the individual-specific insurer costs by patient, subtracting
off the copayments these patients pay for their treatment.29 With existing incentives,
insurers’ costs for the first 30 days of drug treatment for the roughly 100,000 individuals in the sample observed equals $3.0 million. Increasing the branded copayment up
29

The negotiated payment between the insurer and pharmacy typically accounts for the copayment
revenue collected by the pharmacy. See Levy (1999).
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to the 95th percentile reduces the insurers’ costs 24% to $2.3 million, as insurers take
in more revenue from copayments and physicians prescribe cheaper generics.30 More
modest increases in branded copayments lead to smaller cost savings for the insurer. A
policy that decreases generic copayments to $0 actually raises costs by about $79,000
or 3%. The composition of use shifts toward generics, but 5.9% more patients initiate
treatment. Finally, paying all physicians by capitation decreases costs by 19.6%.
Capitation appears to have a stronger effect on short-run drug costs than changes
to the relative copayments. However, these savings neglect the costs from relapse and
from the small increase in referrals to specialists’ care for psychotherapy. The dynamic
analysis suggests that stronger incentives lead to greater need for follow-up care. With
lower initiation of drug treatment or a change in the quality of the patient-drug match,
patients relapse more often. The increase in relapse is 50% greater under supply-side
incentives. This finding suggests the optimal insurance design may vary by disease. For
conditions like depression that may become chronic, the insurer can minimize long-run
costs by employing weaker incentives and focusing on demand-side tools rather than
capitation. For acute conditions with little risk of relapse, using capitation, possibly in
combination with demand-side incentives, may minimize costs.

8

Conclusion

The interrelationships between patients, physicians, and insurers grew out of two characteristics of the market for prescription drugs: patients lack the knowledge to select
their own treatment and also face uncertainty in their future health status. The theoretical model predicts that when physicians possess more information than their patients,
the physician’s treatment selection may diverge from the patient’s preference. Absent first best contracts, insurers operating in this market can encourage physicians to
prescribe cost-effective drugs by employing supply and demand-side incentives.
In the data, the application of these incentives involves trade-offs. Conditional on
recommending drug treatment, both capitation and copayment policies encourage the
selection of cheaper alternatives within the choice set, shifting prescribing from popular
branded drugs to a common, effective generic. Higher copayments on the demandside, however, can cause price-sensitive patients to quit the recommended treatment
30

Patients may also leave an insurer’s plan in response to high cost-sharing. The feedback of incentives on the insurer’s overall enrollment can also hurt profitability. I lack data on patient plan
enrollment changes, and so neglect this dimension of the insurer’s maximization in my analysis.
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course prematurely. Capitation, by placing the risk of follow-ups on the physician,
encourages physicians to concentrate prescribing on drugs with simpler dosing and
moderate effectiveness for a broad population. Under less tailored care, relapse rates
increase.
The relative benefits of using demand and supply side incentives depends on disease
characteristics, including the likelihood of costly relapse. If follow-up costs are low,
strong supply-side policies provide a sharp reduction in short-run costs. If the illness
may become chronic, minimizing long-run costs requires weaker supply-side incentives.
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Table 1: Summary Statistics on Product and Patient Characteristics
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Table 2: Distribution of Treatments Prescribed, Conditional on Covariates
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((((((((((((((((18.75
((((((((((((((((17.06
((((((((((((((((((1.69
((((((((((((((((((0.49

((((((((((((((((((1.41
((((((((((((((((((0.60
((((((((((((((((((0.81
((((((((((((((((((0.07

Notes:T
1.(Source:(Thomson(ReutersV(MarketScan(Outpatient(and(Drug(Claims(Database,(years(2003I2005.(T
2.(Exercise(sets(remaining(background(variables(to(the(following(values:(Specialty=General(Practitioner;(
Diagnosis=major(depression;(Gender=Female;(Region=West;(Age(Quintile=40thI60th;(In(MSA?=Yes;(
Restrictive(Annual(Cap(on(Psych.(Visits=No;(Psychiatric(CarveIOut=No;(Mandatory(Gen.(Subs(State?=No;(
Oﬃce(Visit(Copayment(=($10;(County(Average(Income(=(Median.T

((((((((((((((((18.22
((((((((((((((((21.02
((((((((((((((((18.75
((((((((((((((((((2.80)
((((((((((((((((((0.51
((((((((((((((((((0.53)
((((((((((((((((((0.38

((((((((((((((((((1.06
((((((((((((((((((0.22
((((((((((((((((((1.41
((((((((((((((((((0.85
((((((((((((((((((0.06
((((((((((((((((((0.35)
((((((((((((((((((0.05

No(recorded(
Psychotherapy
treatment

Treatment(Type

Branded(drug( Generic(drug(
Predicted(Probabilities((in(%)
only
only
Panel&1:&Plan&Type/Physician&Payment&Regime
Prob.(HMO,(capitated
((((((((((((((((37.67 ((((((((((((((((43.05
Prob.(HMO,(nonIcapitated((POS)
((((((((((((((((49.28 ((((((((((((((((29.48
Prob.(PPO/Comprehensive
((((((((((((((((50.57 ((((((((((((((((29.27
HMO,(cap.(I((HMO,(nonIcap.
((((((((((((((((11.62) ((((((((((((((((13.58
Std.(error(of(change
((((((((((((((((((0.71 ((((((((((((((((((0.72
HMO,(cap.(I(PPO/Comp.
((((((((((((((((12.91) ((((((((((((((((13.79
Std.(error(of(change
((((((((((((((((((0.56 ((((((((((((((((((0.58
Panel&2:&Cost&Sharing&Regimes
Prob.(w/Copay(Incent,(No(Coin(Incent
((((((((((((((((50.57 ((((((((((((((((29.27
Prob.(w/No(Copay(Incent,(No(Coin(Incent
((((((((((((((((57.10 ((((((((((((((((25.24
Copay(IncentI(No(Copay(Incent,(No(Coin
((((((((((((((((((6.52) ((((((((((((((((((4.03
Std.(error(of(change
((((((((((((((((((0.75 ((((((((((((((((((0.72

Table 3: Multinomial Logit Examination of Drug Category Choice

Table 4: Mixed Logit Estimates
Variable
log(insurer.cost)
log(patient.drug.copay)
variance,.log(insurer.cost)
variance,.log(patient.drug.copay)
Age*log(copay)
Office.visit.copay*log(copay)
1{MDD}.*log(copay)
1{Psychiatrist}.*log(copay)
1{Cap..HMO}*log(insurer.cost)
1{Non6Cap..HMO}*log(insurer.cost)
1{high.charlson.index}*ln(copay)
1{high.charlson.index}*ln(insurer.cost)
Drug.effects.included?
Interactions.of.drug.effects.with.capitation?

(1)
Estimate Std.Error
60.0431
0.0024
60.2646
0.0053
0.0087
0.0006
0.0257
0.0030

Yes
No

(2)
Estimate Std.Error
0.0562
0.0104
60.4375
0.0197
0.0907
0.0047
0.1512
0.0100
0.0021
0.0006
0.0036
0.0008
0.2196
0.0174
60.2098
0.0129
60.0630
0.0067
60.0161
0.0063
60.0798
0.0137
0.0042
0.0074
Yes
No

(3)
Estimate Std.Error
60.0919
0.0034
60.2111
0.0103
0.0206
0.0014
0.2308
0.0128

60.0759
0.0205
Yes

0.0141
0.0055

Yes

Distribution.of.coefficients.in.the.population:
Calculated.using.100,000.draws.from.a.normal.distribution.with.the.estimated.parameters.
from.specification.(1)
%.of.draws.with.
Random.Coefficient
Mean
Std.Dev. coefficient.below.zero
log(insurer.cost)
60.0432
0.0932
67.8%
log(patient.drug.copay)
60.2649
0.1594
95.1%
Notes:\
1..Source:.Thomson.Reuters^.MarketScan.Outpatient.and.Drug.Claims.Databases,.years.200362005.\
2..Mixed.logit.estimated.via.Markov.Chain.Monte.Carlo.methods...The.estimates.come.from.a.sequence.of.20,000.
draws.collected.after.a.burn6in.sequence.of.75,000.draws.to.ensure.convergence.to.the.relevant.posterior.
distributions.\
3..Log.price.variables.have.random.coeﬃcients...I.report.above.both.the.mean.estimates.and.the.variance.
estimates...The.variances.come.from.the.main.diagonal.of.the.covariance.matrix.calculated.using.draws.from.the.
posterior.distribution.\
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(1)
Copay+of+branded+
drugs+=+95th+pctile+($50+
for+30+days)
Estimate Std.+Error
++++++++++26.61 ++++++++++++0.19
++++++++++++2.01 ++++++++++++0.07
++++++++++++2.15 ++++++++++++0.04
++++++++++15.16 ++++++++++++0.06
++++++++++++9.56 ++++++++++++0.15
++++++++++++4.52 ++++++++++++0.02
++++++++++++3.22 ++++++++++++0.01
++++++++++11.97 ++++++++++++0.07
++++++++++++1.77 ++++++++++++0.05
++++++++++++8.61 ++++++++++++0.04
++++++++++++3.21 ++++++++++++0.03
++++++++++++4.76 ++++++++++++0.07
++++++++++++0.93 ++++++++++++0.19
++++++++++++1.49 ++++++++++++0.13
++++++++++23.09
++++++++++50.31

(3)
Insurer+costs+for+
Copay+of+generic+drugs+ branded+drugs+increase+
set+to+$0
by+20%
Estimate Std.+Error Estimate Std.+Error
++++++++++18.47 ++++++++++++0.20 ++++++++++24.53 ++++++++++++0.16
++++++++++++1.71 ++++++++++++0.13 ++++++++++++2.12 ++++++++++++0.06
++++++++++++3.56 ++++++++++++0.04 ++++++++++++1.95 ++++++++++++0.05
++++++++++13.08 ++++++++++++0.05 ++++++++++16.24 ++++++++++++0.06
++++++++++15.52 ++++++++++++0.17 ++++++++++++8.60 ++++++++++++0.14
++++++++++++7.52 ++++++++++++0.04 ++++++++++++4.05 ++++++++++++0.02
++++++++++++2.89 ++++++++++++0.01 ++++++++++++3.61 ++++++++++++0.02
++++++++++10.35 ++++++++++++0.06 ++++++++++12.88 ++++++++++++0.08
++++++++++++1.47 ++++++++++++0.04 ++++++++++++1.84 ++++++++++++0.05
++++++++++++7.70 ++++++++++++0.03 ++++++++++++9.64 ++++++++++++0.04
++++++++++++5.38 ++++++++++++0.04 ++++++++++++2.87 ++++++++++++0.03
++++++++++++4.23 ++++++++++++0.15 ++++++++++++5.30 ++++++++++++0.07
++++++++++++1.38 ++++++++++++0.20 ++++++++++++0.84 ++++++++++++0.16
++++++++++++2.28 ++++++++++++0.14 ++++++++++++1.34 ++++++++++++0.13
++++++++++37.63
++++++++++20.76
++++++++++43.90
++++++++++54.71

Predicted+Shares
(2)

All+patients+enrolled+in+
capitated+HMO+plans
Estimate Std.+Error
++++++++++28.11 ++++++++++++0.21
++++++++++++1.65 ++++++++++++0.10
++++++++++++2.67 ++++++++++++0.05
++++++++++++9.65 ++++++++++++0.04
++++++++++18.29 ++++++++++++0.18
++++++++++++5.89 ++++++++++++0.03
++++++++++++2.22 ++++++++++++0.03
++++++++++++9.29 ++++++++++++0.07
++++++++++++0.76 ++++++++++++0.07
++++++++++++6.61 ++++++++++++0.04
++++++++++++5.12 ++++++++++++0.05
++++++++++++3.61 ++++++++++++0.11
++++++++++++0.63 ++++++++++++0.21
++++++++++++1.87 ++++++++++++0.18
++++++++++35.47
++++++++++36.42

(4)

Notes:`
1.+Source:+Thomson+Reutersa+MarketScan+Outpatient+and+Drug+Claims+Databases,+years+2003L2005.`
2.+Predicted+shares+rely+on+coeﬃcients+from+speciﬁcation+(3)+reported+in+Table+4.`
3.+Standard+errors+computed+using+draws+from+the+posterior+distribution,+conditioning+on+the+observed+ﬁrst+period+choice.++The+computation+involves+further+
simulation+to+account+for+the+sampling+distribution+of+the+estimated+coeﬃcients+themselves.`

Original+sample
Product+Name
Class
Brand?
Estimate Std.+Error
No+drug+treatment None
N
++++++++++24.33 ++++++++++++0.16
Celexa
SSRI
Y
++++++++++++2.13 ++++++++++++0.06
Citalopram+HBr
SSRI
N
++++++++++++1.93 ++++++++++++0.05
Lexapro
SSRI
Y
++++++++++16.36 ++++++++++++0.06
Fluoxetine+HCL
SSRI
N
++++++++++++8.53 ++++++++++++0.14
Paroxetine+HCL
SSRI
N
++++++++++++4.02 ++++++++++++0.02
Paxil+CR
SSRI
Y
++++++++++++3.63 ++++++++++++0.02
Zoloft
SSRI
Y
++++++++++12.97 ++++++++++++0.08
Cymbalta
SNRI
Y
++++++++++++1.85 ++++++++++++0.05
EffexorLXR
SNRI
Y
++++++++++++9.71 ++++++++++++0.04
Bupropion+HCL
NDRI
N
++++++++++++2.85 ++++++++++++0.03
Wellbutrin+XL
NDRI
Y
++++++++++++5.34 ++++++++++++0.06
Amitriptyline+HCL TCA
N
++++++++++++0.83 ++++++++++++0.16
Trazodone+HCL
SM
N
++++++++++++1.33 ++++++++++++0.13
Overall+Generic+Share ++++++++++20.59
Overall+Branded+Share ++++++++++55.08

Base

Table 5: Mixed Logit - Predicted Drug Choice Probabilities for Selected Antidepressants

Table 6: Estimates from a Weibull Duration Model on Drug Switches
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Table 7: Predicted hazard rates of switching away from initial treatment choice. Estimates from Weibull duration model.
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Table 8: Observed supply and demand-side incentives across benefit plans, by broad plan type

Table 9: Examination of Physician Characteristics on Prescribing Behavior
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Table 10: Estimates from a Weibull Duration Model on Exit
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Table 11: Rates of Illness Relapse Conditional on Incentives and Demographics
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