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Abstract

This paper measures the importance of consumer learning and consumer heterogeneity in
US prescription drug markets, during 1984-1990. T consider a consumer learning model, which
incorporates heterogeneity in price sensitivity. Since perceived drug attributes are unobserved by
the econometrician but potentially observed by firms, this may generate a simultaneity problem
when estimating the demand model. This paper provides a new estimation procedure to take this
problem into account. Using this new method and a data set detailing the evolution of prices
and market shares for 25 drugs, I estimate the distribution of patient preferences that determine
how patients evaluate risks, perceived attribute levels, and prices when choosing between a brand-
name drug and its generic counterparts. The estimates show that in general the public was risk-
averse, uncertain about generic attributes and had pessimistic initial priors during the 80s. Two
counterfactual experiments are conducted using the parameter estimates. One experiment shows
that learning plays an important role in explaining the slow diffusion of generics, after controlling for
the value of the outside good, the number of generic firms, and generic prices. Another experiment
demonstrates that diffusion rates of generics vary considerably across patient types, indicating that
there is significant consumer heterogeneity in price sensitivity.

JEL Classification Numbers: C15, D12, D83, I11, L15, L65



1 Introduction

As expenditures on prescription medications continue to increase,! the U.S. Congress has been
looking for ways to contain prescription drug costs. To reduce inflation in pharmaceutical costs,
Congress passed legislation in 1984 (Waxman-Hatch Act) that allowed for fast marketing approval
of low-cost generic drugs.? Since then, the Food and Drug Administration (FDA) has approved
hundreds of generic drugs. The surge of generics has not only helped control health care costs, but
also provided an unique opportunity to study market evolution. Unlike other markets, defining
the market opening date is relatively simple, because the patent expiration dates are observed by
researchers. The large number of products available in the pharmaceutical industry also provides
a reasonable sample size for conducting empirical analysis.

There are two interesting features of market evolution in this industry: (i) there has been
a slow diffusion of generic drugs into the market, though generics typically cost 50 to 75 percent
less than the brand-name originals, and (ii) many brand-name originators keep increasing their
prices after generic entry. This paper argues that consumer learning is needed to explain the
slow diffusion, and consumer heterogeneity is needed to capture the pricing pattern. However,
there have been no studies to date that use product level data to estimate a demand model with
these features, and take the endogeneity of price into account. If firms are forward-looking and
consumer learning is important, modeling the supply side will involve using a dynamic oligopoly
model. Unfortunately, the computational burden of solving a stochastic version of such a model
has hindered the application of full solution maximum likelihood. Moreover, the complexity of
the learning model has limited the application of instrumental variable techniques in estimating
demand side parameters.

In this paper I develop a structural demand model with consumer learning and consumer
heterogeneity. To estimate this model, I also develop a practical procedure, which does not re-
quire solving a dynamic oligopoly model. My estimation approach is to approximate firms’ pricing
policy functions, expressing it as a polynomial in the state variables, including both observed and

unobserved product characteristics. I take the endogeneity of price into account by estimating

'For example, “U.S. develops expensive habit,” Wall Street Journal, November 16, 1998, p.1.
2A generic drug is essentially an imitation of an original brand-name drug. When the patent protection on the

original drug expires, other manufacturers can make copies and reproductions of the drug.



the consumer learning model jointly with this pseudo-policy function. Since some of the product
characteristics are latent to the econometrician, I obtain parameter estimates by using simulated
maximum likelihood. This method is computationally feasible and does not impose strong assump-
tions about the process by which the pricing policy functions are formed. Using this framework
and a data set detailing the evolution of prices and market shares for 25 drugs from 1984-1990,
I estimate the distribution of preferences that determines how the demand side evaluates risks,
perceived attribute levels, and prices when choosing between a brand-name drug and a generic
drug.

The estimates imply that patients are risk-averse, consumer heterogeneity is important, and
on average patients have pessimistic prior expectation about the quality of generics. Using the
estimates, I conduct two counterfactual experiments. In the first experiment, I show that learning
plays an important role in explaining the slow diffusion of generics, after controlling for changes in
the value of the outside good, the number of generic firms, and the generic price. In the second
experiment, I demonstrate that generic diffusion rates vary systematically across consumer types,
suggesting that there is significant consumer heterogeneity in price sensitivity.

The rest of the paper is organized as follows. Section 2 provides some background on the
U.S. pharmaceutical industry and discusses the related literature. Section 3 describes the demand
model. Section 4 describes the data set and explains the estimation strategy. Section 5 presents
parameter estimates and the results of counterfactual experiments. The last section concludes by

discussing limitations of this study and directions for future research.

2 Background and Literature Review

2.1 Equivalence between Brand-name and Generic?

Do generic firms supply as high quality a product as the brand-name firm? This is a hotly debated
topic. Not every generic drug is certified by the FDA to be “therapeutically equivalent” to the

originator’s product.? Even if they are, due to legal reasons, they may still differ in inactive

8Products certified as “therapeutically equivalent” by the FDA are: (i) pharmaceutically equivalent, in that they
contain the same active ingredient(s), are of the same dosage form, route of administration, are identical in strength

or concentration, and meet applicable standards of purity and quality; (ii) bioequivalent, in that in vivo or in vitro



4

ingredients or shape.* Nowadays, many people believe that these factors are trivial and will not

influence the clinical outcome. However, generic drugs were relatively new in 1984 to 1990, the

® Therefore, it seems plausible that the public (i.e., physicians,

period that my data set covers.
pharmacists and patients) may have been risk averse and uncertain about the quality of generics.

The fact that brand-name drugs retain a substantial market share despite the large brand-
generic price differential provides support for the uncertainty hypothesis. This view is shared
by other researchers (Caves et al.[11], Frank and Salkever[19], Griliches and Cockburn[23]). The

“generic scandal” disclosed in 1989 also suggests that some generic drugs might not have been as

good as brand-name drugs during the 80s.5

2.2 Slow Diffusion of Generic drugs

One distinct feature of the U.S. prescription drug market is that new generic drugs typically take
several quarters to achieve significant sales, even though there is very little movement of relative
generic prices (sometimes even upward movement) (Griliches and Cockburn[23], Berndt et al.[3]).”
To illustrate this fact, I consider the co-movements of average market share of generics and average
relative price of generics.® Figure 1 and 2 plots the average relative price of generics against time
and the average market share of generics against time, respectively. The data is quarterly and

period 0 refers to the first quarter that generics enter the market. Although the average relative

tests does not show a significant difference in the rate and extent of absorption of the reference drug; (iii) adequately
labeled; and (iv) manufactured in compliance with Current Good Manufacturing Practice regulations. The FDA
always emphasizes that products evaluated as therapeutically equivalent are expected to have equivalent clinical
effect regardless of whether they are brand-name or generics.

‘Due to the trademark protection, the generic manufacturers may not be allowed to produce generic versions that
have exactly the same appearance as the brand-name originals.

Generic drugs are uncommon prior to the 1984 Waxman-Hatch Act because generic manufacturers were required
to repeat all clinical tests, which were very costly.

SInvestigations by the U.S. Attorney’s office during 1988-89 discovered that: (i) there were several cases of bribery
in the generic drug approval process, (ii) some generic firms obtained the FDA approval for marketing new generic
drugs by submitting false data, and (iii) some generic firms were found violating good manufacturing practices.

"These features were particularly prevalent in the 80s (Grabowski and Vernon[22]).

81 use my data set, which consists of 25 drugs, to obtain average market shares of generics and average relative

prices of generics.



price of generics remains fairly constant for the first five periods at around 0.6, the average market
share of generics has increased from about 0.05 to more than 0.3.

In general there are three possible explanations for slow diffusion of generics: (i) it may take
time for risk-averse physicians, pharmacists and patients to acquire knowledge about the quality of
generic drugs, (ii) it may take time for new generic entrants to set up their production facilities and
move through the distribution channels, and (iii) it may take time for physicians, pharmacists and
patients to become aware of its availability. The last two factors, though generally reasonable, may
not apply to pharmaceutical markets. It should be noted that many generic firms have been active
in the industry for years during the period that I study. It seems likely that they have already
developed the distribution channels to market their existing generic products for other drugs.” Ad-
ditionally, the FDA should have already ensured that their facilities are ready for production when
giving their approval to market the new generic product. Therefore, factor (ii) does not seem to be
very relevant. In addition, the approval of the first generic product is typically important news for
the industry and is heavily reported in newspapers, journals and magazines of the health profes-
sions. Pharmacists are also frequently contacted by sales representatives from generic firms. Thus,
factor (iii) also seems likely to be of minimal importance in explaining pharmaceutical markets.

However, there is evidence which suggests factor (i), learning with risk-aversion, may be im-
portant in explaining observed diffusion patterns. Several studies surveyed opinions from physicians,
pharmacists, and patients regarding the factors that determine their choices between a brand-name
drug and its generic counterparts (e.g., Strutton et al.[41], Carroll and Wolfgang[10], and Mason
and Bearden[31]). Their results indicate that physician, pharmacist, and patient perceptions of
generic quality, and related risk concerns, were important determinants for adopting generic drugs
during the 80s. As mentioned above, a brand-name drug and its generic counterparts may use
different inactive ingredients such as tablet fillers, binders and coatings. People may worry that
these factors could affect the efficacy of generic drugs. In addition, given that generic drugs were
relatively uncommon before 1984, it seems that learning is the most plausible explanation for the

slow diffusion of generics during 1984-1990.

9Although there were significantly fewer generic drugs prior to 1984, the major generic firms were already estab-

lished in the 70s.



2.3 Pricing Pattern and Consumer Heterogeneity

Another surprising feature of the data is that many brand-name firms raised their prices after
generic entry. This fact has been documented using data during the 70s and 80s (Caves et al.[11],
Grabowski and Vernon[21], Scott[38], Schondelmeyer[37], Suh et al.[42], Frank and Salkever[19]).
I illustrate this fact in Figure 3, which plots the average wholesale price per patient day
(AWP) for brand-name drugs and generic drugs against time, where price is measured at 1990
dollars. This figure displays the pricing patterns in all my samples (altogether 25 markets), and
shows that brand-name prices increase after generic entry for 17 markets.'® In six markets, brand-
name prices remain relatively constant after generic entry.!' In two markets, brand-name prices
drop after generic entry.!? In contrast, average generic prices are consistently decreasing over time.
The increase of brand-name prices in response to generic entry is conjectured to be a result
of consumer heterogeneity (Caves et al.[11], Grabowski and Vernon[21], Frank and Salkever[19]).
It has been argued that consumers are heterogeneous in terms of their price sensitivity. When
generics enter the market, price-sensitive consumers switch to low cost generics. Consequently, the
brand-name firm faces a more price-inelastic demand and hence can raise its price. This explanation
is further supported by the fact that insurance plans for prescription drugs in the U.S. are quite
diverse in terms of their coinsurance rate (Office of Technology Assessment[43]). Although this
explanation has been suggested in the literature, it should be emphasized that this is the first
study attempting to measure the importance of consumer heterogeneity in U.S. prescription drug
markets. In Ching[12], I empirically examine how pricing patterns of firms are related to consumer

heterogeneity by using a dynamic oligopoly structural model.

""These 17 markets are amiloride (Figure 3[1,1]), clonidine (Figure 3[1,2]), methyldopa (Figure 3[1,4]), hy-
drochlorothiazide methyldopa (Figure 3[1,5]), propranolol (Figure 3[2,1]), clorazepate (Figure 3[2,5]), diazepam (Fig-
ure 3[3,1]), flurazepam (Figure 3[3,2]), oxazepam (Figure 3[3,4]), temazepam (Figure 3[3,5]), desipramine (Figure
3[4,1]), doxepin (Figure 3[4,2]), maprotiline (Figure 3[4,3]), trazodone (Figure 3[4,4]), thiothixene (Figure 3[5,2]),
cephalexin (Figure 3[5,3]) and clindamycin (Figure 3[5,5]).

"' These six markets are disopyramide (Figure 3[1,3]), verapamil (Figure 3[2,2]), baclofen (Figure 3[2,3]), carba-
mazepine (Figure 3[2,4]), lorazepam (Figure 3[3,3]) and cephradine (Figure 3[5,4]).

2These two markets are haloperidol (Figure 3[4,5]) and perphenazine (Figure 3[5,1]).



2.4 Demand for Prescription Drugs

The choice between a brand-name drug and a generic drug is jointly determined by physicians,
pharmacists and patients. Patients, who are insufficiently well-informed to decide on the merits
of products, consult physicians on the efficacy and safety of generic drugs. Taking their insurance
coverage into consideration, patients then choose either a brand-name drug or one of its generic
counterparts, which are typically produced by several generic firms. If a patient chooses generics,
he/she will receive a generic drug that his/her pharmacist has kept in stock.

One may argue that due to the presence of health insurance, decision makers need not pay the
cost of drugs, and hence they may not take prices into account when making choices. However, this
claim is not warranted in US. Although the majority of the US population has prescription drug
coverage, it is uncommon for insurance plans to cover the drug costs in full.'®> During the 80s, most
private health insurance providers had “major medical” plans with an overall annual deductible
and some coinsurance rate applied to all covered services, including prescription expenses. The rest
usually required a fixed copayment for prescription drugs instead of including them in the overall
deductible.'* Hence, even if many argue that physicians do not have an incentive to learn drug
prices, it seems plausible that a majority of patients, who are responsible for paying part of the
prescription expenses, have an incentive to find out the brand-generic price differential.

Another interesting feature of the demand for pharmaceuticals is that learning from others
seems to be relatively more important compared with other markets. Physicians or pharmacists
who are in contact with many patients serve the function of information pooling. In addition to
communications among physicians and pharmacists, there are institutions like insurance companies
and the FDA’s MedWatch, which keep track of the past experiences of a drug product and update
the industry’s perceived efficacy and safety of drug products.

13For instance, Medicare does not provide any prescription drug coverage.
1411 1989, about 70% of the non-elderly population had private health insurance coverage. Among those, about 61%
had an overall annual deductible and some coinsurance rate applied to prescription expenses (Office of Technology

Assessment[43]). HMOs and PPOs are not very common in the 80s.



2.5 Literature Review

There is a growing interest in modeling the demand for prescription drugs. Stern[40] estimates a
two-level nested logit model using product level data from four therapeutic classes (Minor Tran-
quilizers, Gout, Oral Diabetics and Sedatives), where consumers choose among drugs of the same
therapeutic class at the first level, and then choose between a brand-name drug and generics at the
second level. Ellison, Cockburn, Griliches and Hausman[17] estimate an Almost Ideal Demand Sys-
tem using product level data on four anti-infective drugs. Berndt, Bui, Reiley and Urban[2] estimate
the effect of advertising in the US anti-ulcer drugs market. Hellerstein[26] estimates a physician’s
prescription choice model using individual level data. All these studies ignore state dependence in
demand.'® However, if state dependence is present, estimating a model without it could potentially
lead to bias in the estimates and give misleading policy implications (Heckman[24]). For example,
when there is positive state dependence, a price promotion will not only affect the quantity sold in
the current period, but also have a long-term impact on demand. A demand model without state
dependence will not be able to predict such a long-term effect.

Currie and Park[15] incorporate state dependence by estimating a Bayesian learning model for
anti-depressant drugs. But there is no consumer heterogeneity in terms of price sensitivity in their
model. Coscelli and Shum[13] use a similar framework to estimate an individual level physician’s
choice problem for omeprazole. Crawford and Shum|[14] estimate an individual level choice problem
under uncertainty for the Italian anti-ulcer drug market. Both Coscelli and Shum[13] and Crawford
and Shum[14] model how individuals choose a brand-name drug that matches their needs well, and
they use individual level data to estimate their models. But learning from others or spillover effects
are not allowed in their model. In these three studies, price is assumed to be exogenous. Exogeneity
of price can be justified in Coscelli and Shum|[13] and Crawford and Shum[14] because they study
the Italian market where there are price controls. However, Currie and Park[15] use product level
data from the US market, where pharmaceutical firms are free to set their prices.

In contrast to these papers, I develop an estimation technique to take the endogeneity of prices
into account. In terms of modeling, T focus on aggregate learning (or learning from others). Note

that both Currie and Park[15] and Coscelli and Shum[13] impose the restriction that agents are

'5State dependence in demand refers to any causal relationships between past purchasing behavior and current

purchasing behavior. Consumer learning could be one of these causal relationships.



risk-neutral. Although my model is similar to their models, I estimate the risk-aversion parameter
from the data.

Berndt, Pindyck and Azoulay[4] estimate a reduced form diffusion model for the US anti-ulcer
drug market. They focus on estimating the diffusion rate of new brand-name drugs, and find that
it is significant in this market. They argue that diffusion is due to consumer learning and word-of-
mouth communication. However, their reduced form model is not derived from an economic model.
On the contrary, my model generates diffusion directly from a Bayesian learning model. Although
the Bayesian learning model imposes more structure to the predicted diffusion pattern, I find that
the model is able to explain the data fairly well. Moreover, I recover the preference parameters,
which are useful for policy experiments. In terms of application, I measure the diffusion rate for
generics instead of new brand-name drugs. It should also be mentioned that my data set consists of
25 drugs and covers five therapeutic classes. Therefore, the results obtained here are more general

than the previous studies.

3 The Model

As argued in the previous section, the stylized facts of the slow diffusion of generics and the increase
in brand-name price after generic entry suggest that a demand model for prescription drugs should
incorporate consumer learning and consumer heterogeneity. In this section I extend the individual
Bayesian learning demand model developed by Erdem and Keane[18] to a market level demand
system where consumer preferences are allowed to be heterogeneous.

Product characteristics can be distinguished as p;, A;, and {;, where p; is the price of product
j, Aj is the mean attribute level of product j, and &; represents an unobserved demand shock (e.g.,
manufacturer rebates) for product j. All agents in the model are perfectly informed about p; and
&j, but are imperfectly informed about A;.

At the beginning of each period, patients make their choices based on the public perception
about the quality of each product.'® After taking their drugs, some patients reveal their experience

signals to the public when revisiting their physicians. Then physicians, who act as an information

5T other words, the public information set is common knowledge.



aggregator, update the public information of the mean attribute for each product in a Bayesian
fashion.”
The model can be broken up into two components: (1) learning about product attributes,

and (2) demand. I now describe them in turn.

3.1 Learning about Product Attributes

A drug is an experience good. But each patient i’s experience of the attribute of product j at time
t (/Nlijt) may differ from its mean attribute level A;. The difference between /Nlijt and A; could be
due to the idiosyncrasies across people in reacting to drugs. For instance, when different patients
take the same pain-relief drug, the time that they need to wait before their headache disappears
may vary, simply because they have different severity of illness. Even when a patient takes the
same drug at different points in time, the waiting time may still change, as body conditions may
vary (it may depend on how much sleep one had, how much one ate, and what other drugs one
is concurrently taking, etc.). In addition, there might be some intrinsic quality differences on the
production side — different batches of drugs may have different qualities. I refer to this variation in
effectiveness as “experience variability”.

The experience variability may be expressed as

Aije = Aj + Gije, (1)

where flijt is the experience signal that patient i receives when consuming drug j at time ¢ (j = b

denotes the brand-name drug, and j = 1,---,n,4 denotes generic drugs, where n, is the number of

generic entrants). The error term associated with experience variability (d;5;) is treated as an i.i.d.
random variable with zero mean.

Since I only observe total generic sales and average generic prices, I assume all generic drugs

share the same mean product attribute level. Hence, A; = Ay =: Ay,Vj,k =1,---,n,. Then, the

experience variability for generic drugs can be rewritten as:

Ajp = Ay + i, (2)

7 As discussed in the previous section, this is motivated by the feature of learning from others in prescription drug

markets.



where [ =1,---,n,.

The initial period of my model (¢ = 0) is the period right before the patent expires. Since
brand-name products have typically been on the market for six to ten years when their patents
expire, I assume that the public has already accumulated a sufficient number of experience signals
to infer their true mean attribute levels. Hence, in the model the public is only uncertain about
mean attribute levels of generic drugs.

In order to facilitate the construction of Bayesian updating rules, the signal noise d;;; and
the initial prior on A, are assumed to be normally distributed. Letting £ = 0 be the initial period

of the model, I have

sijt ~ N(0,03), (3)

Ay~ N(4,0%,(0)), (4)

where az‘g(O) is the initial variance (at ¢ = 0) or uncertainty about A,. According to (3) and (4),
when a generic drug is first introduced, the initial prior is that its mean attribute level (A4,) is
normally distributed with initial prior mean A and initial prior variance a%g (0). Thus, letting I(0)
denote the initial prior information about generic drugs, E[A,|1(0)] = A.

Let S; be the set of experience signals that are revealed to physicians at time . Since not
every patient revisits his/her physician, the cardinality of S; (card(S;)) is generally smaller than
the quantity of generics consumed at time ¢ (gy), which is the total number of experience signals
revealed to patients. Let x be the fraction of experience signals revealed to physicians in each
period. Then card(S;) = kqg.'®

Physicians as a whole use information revealed to them over time (i.e., S;) to update the
prior expectation of Ay. The updating of the public information set will not occur until the end
of the period (i.e., until the experience signals are revealed in that period). Let flgt be the sample
mean of the set of experience signals revealed to physicians at time t.'” Then according to the

Bayesian rule (DeGroot[16]):

E[Ag|I(t +1)] = E[AG[I(1)] + By(1)(Age — E[Ag|L(2)]), (5)

'80ne can interpret k as the probability that a patient revisits a phsyician and discuss his/her experiences about
generics. Since gg; is typically very large (in the order of several hundred thousands), I assume sampling errors can
be ignored and hence card(S;) = Kkqq:.

2

"Let Ay be the true mean attribute level of generic drugs. Then, Ag|(kqqe, I(t)) ~ N(A,, —2).

93 Kagt

10



where (3,(t) is a Kalman gain coefficient, which is a function of experience variability (o5), perceived

variance (of‘g (t)). The Kalman gain coefficient can be expressed as:

0.2
By(t) = 0 (6)

01249 (t) + %

The B, coefficient can be interpreted as the weight associated with the new information when
updating the prior expectation of A,. Each time aig(t) is updated, the f3, coefficient will be
updated accordingly.

The perception variance at the beginning of time ¢ + 1 is given by (DeGroot[16]):

1
2 _
7 lt+ 1) = 7)
Uig(O) Ug

where Qg (= 23:1 qqr) is the cumulative consumption of generics, or,

1
0%, (t+1) = — —ar (8)
Uig (t) o}

Equations (7) and (8) suggest that the perceived variance associated with A, (and consequently
the perceived variance of A;;) will be lower, ceteris paribus: (a) the lower the experience variability
of the product; and (b) the more experiences the public has with generic drugs.?? Also, it should
be noted that it is the ratio between the experience variability (03) and the fraction of experience
signals revealed (k) that determines the rate of learning.

Equation (7) implies that, after observing a sufficiently large number of experience signals
for a product, the public will learn about the true mean attribute level, A;, in an arbitrarily
precise way (i.e., 04,(t) — 0 and E[A;|I(t)] — A; as the number of signals received grows large).
This implication justifies our assumption that the public has already learned about the true mean
attribute level of each brand-name drug perfectly in the initial period (the period right before
patent expiration), i.e., 04,(0) = 0 and E[A,|I1(0)] = Ay.

201t is implicitly assumed that patients, who do not have their experience signals revealed to the public, will not use
their own experience signals in updating their priors. Notice that the initial slow diffusion of generic sales exhibited
in the data suggests that learning is a slow process. Since the sales of generics is at least in the thousands of patient
days per quarter, the normalized experience variability (o5/x) will need to be fairly large if learning takes time. This
implies that the marginal contribution of a single experience signal to the information set will be very small. Hence,
including a patient’s own signal should not make much difference in the updating process, but makes the state space

much more complex.
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3.2 Demand

The demand for prescription drugs is complex. The principal-agent relationship among patients,
physicians and pharmacists certainly plays an important role in determining demand in this market.
However, with only product level data (i.e. prices, quantities and measurable characteristics of the
products) available, it would be very difficult, if not impossible, to identify the parameters of a
demand model with multiple decision makers. Thus, my demand model abstracts away from this
multiple-decision making process.

The demand system is obtained by aggregating a discrete choice model of individual patient
behavior, which is an extension of the one in Erdem and Keane[18]. In each market, a patient’s
choice is modeled as a two-stage nested process. The choice set J is partitioned into subsets J;,
where [ € {0,b,g9}. The choice set Jy only consists of an “outside” alternative, .J, only consists
of the brand-name drug (b), and J, consists of the generic drugs (1,---,n,). Patients select the
subset J; first, then they select an alternative in that subset, in each of T' discrete periods of time,
where T is finite.?!

Alternatives are defined to be mutually exclusive, so that if d;;(t) = 1 indicates that alter-
native j is chosen by patient i at time ¢ and d;;(t) = 0 indicates otherwise, then 3¢ ; d;;(t) = 1.
It should be noted that the outside alternative includes receiving no treatment and other non-
bioequivalence drugs, which could treat the same disease.

Let I(t) denote the public information set at the beginning of time ¢. Patients gain access
to I(t) through physicians. Associated with each choice j at time ¢ is a current period expected
utility E[U;;(t)|1(t)], where E[.] is the mathematical expectation operator. The expected utility is
known to each patient at time ¢. The specific form of the expected utilities E[U;;(t)|1(t)] will be
introduced in the next section. When patient ¢ makes his/her purchase decision, his/her objective
is to maximize current period expected utility:

B[ Uij(t)di (1) 1(1)). (9)

jes

2Tt might seem implausible that a patient can choose among generics in J,, as this is largely a decision by
pharmacists. But in a two-stage nested process, without loss of generality one can interpret that patients are
randomly assigned a generic drug j in the second stage. This captures the idea that patients do not know which

generic drug they will receive when filling their prescriptions.

12



It is plausible that patients recognize that current choices may affect the public information
set. As a result, they may have an incentive to experiment with new products to learn their true
mean attributes. If such an incentive is strong, it may be more reasonable to model patients as
maximizing their lifetime expected utility rather than their current expected utility. However, in
the context of purchasing pharmaceuticals, some illnesses are very short-term and happen relatively
infrequently during one’s lifetime. In those cases, it seems plausible to assume that the incentive
to experiment is small. In addition, even for a long-term illness an individual patient’s incentive to
try generic drugs will be significantly weakened if the normalized experience variability (o45/k) is
large, again because the marginal contribution of a single experience signal to the information set
will be very small.?? As argued above, the slow diffusion of generic sales suggests that this would
be the case for pharmaceutical markets. Hence, the assumption of maximizing expected current
utility seems to be a reasonable approach.

I assume that the indirect utility of consuming a drug can be adequately approximated by an
additive compensatory multi-attribute utility model (Lancaster[28]), and is given by the following

expression:
Uiji = —cipji + whije — wr A%, + & + G + eije, (10)

where U;j; is the utility for patient 4 conditional on choice of product j at time ¢; pj; is the price for
product j at time ¢; w is patients’ attribute weight on A; r is the risk coefficient; «; is the utility
weight that patient ¢ attaches to price; {;j; represents the mean valuation of product j’s unobserved
demand shock at time t; ((jz + e;j¢) represents the distribution of consumer preferences about
this mean. The parameters «;, (;; and e;;; are unobserved by the econometrician but observed
by patients in the model when they make purchase decisions. It should be noted that flijt is not
observed by patients when they make their purchase decisions. It is observed by them only after
they consume the drug, but remains unobserved by the econometrician. Therefore utility is a

function of experienced attribute levels (A;;;) and not the true mean attribute levels (A4;).

221t should be pointed out that there is an externality problem in the learning process. An individual patient does
not take into account the spillover benefit of his/her experience signals to other patients. Since the total number of
patients for any particular illness is typically very large (over a million), it may be socially optimal for the economy to

experiment with generic drugs even though the normalized experience variability is large from an individual viewpoint.

13



As I discussed before, the actual price paid by patients may vary because of the variation
in health insurance coverage. Since the distribution of actual prices paid by the patients is not
observed in my data set, I allow «; to be heterogeneous in order to capture this institutional feature.
Moreover, the heterogeneity of ; could be crucial in explaining the pattern that brand-name prices
increase in response to generic entry.?3

For each patient 7, (;;; is common to all products in group /. This introduces group correlation
of utility levels. In the nested logit framework, e;;; is distributed Extreme Value with variance
(mp2)?/3, and ((ie+ei i) is distributed Extreme Value with variance (mu1)?/3.2* One interpretation
is that conditioning on choosing generics, e;;; is an error term associated with generic drug j.

The income term in the indirect utility function is suppressed (it will be canceled out later
in the logit formulation of choice probabilities). This specification suggests that utility is linear
in p and &, which implies that patients are risk neutral with respect to p and £. It is assumed
that agents in the model can measure drug attributes according to a fixed scale, e.g., a patient can
measure attributes such as how long his stomach pain would be suppressed after taking the drug.?’
Hence, one can represent patients’ risk-averse behavior with respect to A by using the concavity
of the utility function. As I argued above, risk-averse behavior could play an important role in
explaining the slow diffusion of generics observed in the data. Therefore, I allow a quadratic term
in A to enter the utility function. Given a strictly positive w, the patients are risk averse, risk
neutral or risk seeking as r > 0, r = 0 or r < 0, respectively with respect to A.

It follows from Equation (10) that the expected utility associated with generic drug j is,

EUjilI(t)] = —aipji +wE[Aij|I(t)] — wrE[Aj|1(4)]?

—wrE[(Aiji — E[Ag IE))2I(E)] + &t + Cige + €ije- (11)

21t should be noted that w and r are assumed to be homogeneous. I make this assumption because it is very
difficult, if not impossible, to identify the parameters of the model if I allow all three coefficients, (a,w, ), to be
heterogeneous given the market level data I have.

?4The exposition of the nested logit model framework follows from Cardell[8].

25 Obviously, drug attributes are multi-dimensional. Implicitly, I assume patients are able to use a scoring rule to
map all measurable attributes to a one-dimensional index. It is the value of this one-dimensional index that enters

the utility function.
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Patient i’s expected utility of purchasing generic drug j at time ¢, given his/her perception at
the beginning of time ¢, is a linear function of price, a concave (r > 0), linear (r = 0) or convex
(r < 0) function of the expected levels of /th, and a linear function of the perceived “variance” in
flijt. Furthermore, the stochastic components of the utility function (&;¢, (igt, €ij¢) reappear in the
expected utility equation because they are stochastic only from the econometrician’s point of view.

Now note that in Equation (11), the term E[(A;;;—E[A;;|I()])?|I(t)] can be decomposed into
034—0124], (t) (see (2)). Note further that d;;; has zero mean. Hence, E[A;j|I(t)] = E[A,4|I(t)],Vi, V] €

Jy (see (1)). T also restrict &;; = &g, V5 € J,. Consequently, for all j € J,, I obtain,

ElUiji|I(t)] = —aipji+wE[Ag|I(t)] — u)rE[Ag\I(t)]2

—WT(U(% + (71249 (1) + &gt + Cige + €iji. (12)

Since I assume that the public have already learned perfectly about the true mean attribute
level of the brand-name drug, A, (i.e. 04,(t) = 0 and E[A,|I(t)] = Ap,Vt = 0,---,T), it follows

from Equation (12) that the expected utility of purchasing a brand-name drug can be written as,
E[Uibtu(t)] =  —Q;Dpt + u)Ab - u)TAg — u)TO'g + f{;t + éz’bta (13)

where €5 = Gt + €t

Equations (10)-(11) apply only to the drugs under analysis. In each period, patients may
also choose an outside alternative (i.e. other non-bioequivalent drugs or no treatment). T assume
the expected utility associated with the outside alternative to be a linear function of time plus a

stochastic error component,
ElUiots|I(t)] = ¢oi + brit + ot (14)

where €0t = (ot + €t The time trend is meant to capture the possibilty that the quality of
alternative treatment may be improving over time (or their cost may be dropping) in a reduced
form way.

My data set does not have information on differences in the value of the outside alternative.
Thus, to account for the possibility that there is more unobserved variation in the valuation of the
outside alternative, I allow the outside good coefficients (¢y;, ¢1;) to be heterogeneous.

It should be noted that the presence of the outside alternative allows us to model aggregate

demand for the brand-name and generic drugs as a function of prices and product characteristics. In
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the absence of an outside alternative, a general increase in prices for both the brand-name original
and its generic versions will not decrease the total sales of the drug.

As in Heckman and Singer[25], I specify the heterogeneity of the price response coefficient
(cv;) and coefficients for the outside alternative (¢g;, ¢¢;) follows a discrete multinomial distribution.
Accordingly, we distinguish between K different “types” of individuals, where each type k =1, ..., K
is characterized by a different triple (o, ¢, ¢F). The population proportion of each type is given

by 1, = Pr(a; = of, ¢o; = ¢k, ¢ri = ¢F). Define

E*U0|I(t)] = &5 + it (15)
EFU4 L)) = —afpji+wAy — wrA] —wrod + &y, (16)

and for j € J,
EFULI)] = —aPpji+wE[AI(t)] — wrE[A,|I(t)]? (17)

—wr(oj + 04, (1)) + &,

E[UJI()] = {E'[UnlI@)),- EX[UslI(0)]}je. (18)

Suppose that a patient has chosen J,,, at the first stage. In the second stage, conditioning on

type k, he or she will choose an alternative j € J,,,, with probability,

crn( BRI
Py, GIEFUI(#)]) = Zleinfp([gj’“t['éfz)%gﬁw) ' "

The probability of choosing J,, from J is,

P(J | EF[U|I(1)]) = S, {ip(}SchQ(L}S‘Z/M)’
€10,0,9

(20)

where Sy, = poln[Y e, exp(EF[Uy|I(t)]/u2)]. With Equation (19) and (20), it is straightforward
to derive the choice probabilities for [ € {0,b, g},

Ela(E[UI(t)];0)] = MP(|E[U|I(t)];0), (21)

where M is the total number of patients.
As pointed out in Berry and Pakes[5] and Ackerberg and Rysman[1], the i.i.d. extreme value

error terms (e;j;’s) represent unobserved product differentiation that is symmetric across products.?®

*SNote that E[Ay|I(t)] is also an unobserved product characteristic but it is asymmetric across products.
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The unobserved product differentiation could be due to the uncertainty about quality differences
among individual generic drugs, which I do not model explicitly. This feature of the model has
caused the price-cost margin to be strictly bounded away from zero even when the number of
generics increases to infinity. The reason for this result is that each additional generic entrant
creates one more dimension to the symmetric unobserved product differentiation (SUPD) space.
Moreover, the higher the variance of e;j;, the larger the bound as it increases market power of each
product. Intuitively, 2, which measures the variance of e;;;, represents the degree of SUPD. As I
will discuss in Section 5.1.2, the price of generics consistently decreases over time even when the
number of generic entrants becomes fixed. This suggests that the degree of SUPD may decrease over
time. This could happen if the uncertainty about qualities of individual generic drugs is resolved

over time. To capture this, I model po as a function of generic entry time, e,

s ler) = fizeap(—iey). (22)

In this parameterization, I allow the possibility that uo may decrease over time.?” As demon-
strated in Ching[12], this feature has significantly improved the flexibility of a supply side model

in generating pricing patterns that are similar to the data.

4 Data and Estimation

4.1 Data
4.1.1 Sample Selection

A drug is defined as a chemical or a combination of chemicals that is patented by its originator.
It can be produced by either the originator or generic firms after patent expiration. Sample drugs
were selected from chemicals whose patents expired during the four year period from 1984 through

1987.28 This period was chosen because the Drug Price Competition and Patent Term Restoration

7Tt should be noted that this approach is similar to Ackerberg and Rysman([1].

*The data set described here is the same as the one used in Suh et al.[42]. The data on sales volume, revenue and
patent expiration date were originally collected by Stephen Schondelmeyer on behalf of the U.S. Office of Technology
Assessment. I also obtained a data set on patent expiration dates from Fiona Scott Morton. I used her data to cross
check the information that I collected from other sources. The discussion in this section is heavily drawn from Suh

et al.[42].
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Act of 1984 lowered entry barriers for multiple source drugs. The following classes of products
were excluded from the sample: (i) over-the-counter drugs; (ii) drugs used exclusively in a hospital
setting; (iii) drugs for which generic entry was found to be earlier than the patent expiration year;
(iv) drugs that did not experience any generic entry; and (v) drugs that involved some legal issues.

There are 30 sample drugs that satisfy the selection criteria above. They are then classified
by therapeutic classes: 7 of them are heart disease drugs, 8 are depressants, 4 are anti-depressants,
3 are anti-psychotic drugs, 3 are antibiotics, and each of the five remaining drugs belongs to a
distinct class.?? When estimating the model, I allow parameters to be different across therapeutic
classes. However, this leads me to exclude classes that consist of only one drug in my sample,
because of their small number of observations. I therefore only use data on the first five classes of

drugs (altogether 25 drugs) listed above to estimate my model.

4.1.2 Data Sources

Data sources for this study include: Intercontinental Marketing Services (IMS),?" the pharmaceu-
tical Manufacturers Association (PMA) and the Food and Drug Administration (FDA).

Data on sales revenue and quantities sold are obtained from the IMS U.S. Drugstore (USD)
and U.S. Hospital (USH) database. Data for each labeler by strength, dosage form, and package
size were extracted. The data set contains quarterly data from the first quarter of 1980 through
the fourth quarter of 1990. Observations in this data set represent combined sales from drugstores
and hospitals. A detailed discussion on the data collection process can be found in Berndt et al.[2].

The patent expiration dates are obtained from the FDA and the PMA’s Report of Patents
on Medical Products. The approval dates for Abbreviated New Drug Applications (ANDA) for
marketing generic drugs are obtained from the FDA’s Orange Book. Daily Defined Dose (DDD)
and Average Treatment Duration (ATD) are collected from the Medispan’s Price-Trek database.
DDD is used to standardize the unit to the number of patient days. ATD is used to obtain the

number of patient days that on average each purchase decision would amount to.

2%These five drugs are lactulose (anti-constipation), metoclopramide (anti-nausea), acetohexamide (anti-diabetes),
danazol (anti-endometrosis) and meclofenamate sodium (anti-inflammatory).

30IMS is a private company that specializes in collecting sales data for the pharmaceutical industry.
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The estimates of the number of patients who have been diagnosed with a particular condition
are obtained from National Ambulatory Medical Care Survey and the National Hospital Discharge
Survey. These estimates together with ATD are used to create the size of market variable for each

chemical.?!

4.2 Estimation

The potential endogeneity of price is the main concern in estimating this class of product differen-
tiated market models. If firms know unobserved product characteristics (E[A4|I(t)] and &) when
they choose prices, it is likely that prices are correlated with them. If this correlation exists and the
econometrician ignores it when estimating the model, not only will the price coefficient be biased,
but so will the other preference parameters that determine the rate of learning.

Berry[6] and Berry et al.[7] (BLP) have developed a GMM based method to account for
this endogeneity problem. To apply their procedure, one would first use a contraction mapping
to recover each product’s “aggregate” unobserved product characteristic (denoted as ;) from the
market shares and a given set of parameter values. One would then use ;s to create the sample
analog for the moment conditions. Unfortunately, ¢;;, being a function of E[A;|I(t)], E[A;|I(t)]?
and ¢, is serially correlated and non-stationary in general.3? Another complication is that when
constructing the moment conditions, one needs to compute the mean of E[A,|I(t)] and E[A4,|1(t)]?

t—1

-0, which is quite computationally burdensome. These issues make it difficult

conditioning on {g,- }

to use GMM to estimate this model.

31 As in Stern[40], for each disease category, I use data from the National Ambulatory Medical Care Survey
(NAMCS) and the National Hospital Discharge Survey (NHDS) to obtain an estimate of the total number of in-
dividuals who were diagnosed with a particular condition by a physician or a hospital in a particular year. I then
obtain the mean total number of patients by averaging the total number of patients over years. The total size of the
market (in number of patient days) is taken to be the ATD within the category multiplied by the mean total number
of patients.

32To my knowledge, all the discrete choice product differentiation models, which are estimated using the BLP

method, assume that there is only one unobserved product charatertistic for each product (i.e., &;¢).
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4.2.1 Maximum Likelihood: Approximation Approach

Instead of using the BLP procedure to estimate this model, I develop another estimation approach
in this section. To understand the contribution of my method, it would be useful to review the clas-
sical full information maximum likelihood approach (FIML). In FIML, the econometrician needs
to model the oligopolistic supply side explicitly, then derive a pricing policy rule as a function of
observed and unobserved product characteristics, and other state variables. Then, the econome-
trician forms the joint likelihood function of a sequence of prices and quantities, and consistent
estimates of the parameters can be obtained by maximizing the likelihood function. FIML is an
iterative process, which requires solving numerically the supply-side oligopoly model for a given
set of parameter values, then evaluating the likelihood function, etc., until the likelihood is max-
imized. However, as the demand side involves learning and firms may be forward-looking, the
full solution of the oligopoly model involves solving a multi-agent dynamic programming problem,
which is very computationally demanding. For the dynamic oligopoly model of the pharmaceutical
industry that is detailed in Ching[12], a single solution takes roughly 60 hours of cpu time on a Sun
Ultra 60/360MHz SPARC-II processor workstation. Hence, full information maximum likelihood
is infeasible in this context. In addition, even if the econometrician has the computation power to
apply FIML, biased estimates may still result if the equilibrium model is misspecified.

For these reasons, instead of generating a pricing policy function by solving a supply-side
model explicitly, my estimation approach approximates the pricing policy function by expressing
it as a polynomial of the state variables. As explained above, E[A4|I(t)] and & may be correlated
with p;, where p; = (pp,pg¢). In addition, p;; may also depend on (aig(t),ngt,t) through the
oligopolistic equilibrium (recall that ng is the number of generic entrants at time t).33 Hence, the

true pricing policy function, p(.), should be a function of (ngt,t,U%g(t),E[Ag|I(t)],§bt,§gt). For
j € 1{b, g},

Pt = 5 (ngta ta U%g (t)a E[Ag |I(t)]7 gbta {gt)Vjta (23)

where v is an error term, which captures productivity shocks, or “optimization” errors that prevent

the firm from correctly implementing the optimal pricing policy function, p;(.). Implicitly, T assume

33The time trend, ¢, may affect equilibrium prices because it enters the utility function for the outside good. A

time trend in the pricing policy function could also capture some systematic increase in production costs over time.
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that firms know that there are random factors that lead to ex post discrepancies between intended
and realized decisions, and p;(.) has already taken these uncertainties into account.

Taking logs on both sides of Equation (23), I obtain,

log(pje) = log(pj(nge, t, 0%, (t), B[Ag (1)}, &, Egt)) + log(vje). (24)

To approximate log(p;(.)), I use a polynomial series estimator. In other words, I project log(p;:)
onto a polynomial of (ng,?, Uf‘g (), E[Ag|I(t)], &, Egt). Assuming that the error term, vjy, is dis-

tributed log normally, I obtain the conditional likelihood of observing py,

fp(pt‘ngta ta 0'1249 (t)? E[Ag‘l(t)]ﬂ ét; 915 7)? (25)

where & = (&u,&qt); v is the vector of parameters that are associated with the state variables in
©;j(.); 0; is a set of learning paramters that determines ‘72,49 (t) and E[A4|I(t)]. 6, is a subset of the
demand side parameters, 6, which includes the parameters of the utility function as well.3*
Recall that the observed quantity demanded, gj;, follows a multinomial distribution and
therefore is subject to sampling errors, 77jt-35 I incorporate these sampling errors explicitly into
the estimation procedure. Given that the market sizes are always over one million, I assume the

normal distribution approximates the multinomial distribution well. For j € {b, g}, the quantity of

output, gj;, can be expressed as,

qjt = M Pr(j|p, ngt, t, a%g(t), E[AG|I(t)], &5 64) + njt, (26)
where
_ Pr(blt)(1 — Pr(blt)) —Pr(b|t)Pr(g|t)
Vartn) = M ( ~Pr(b)Pr(gl))  Prigl)(1 ~ Pr(glt) > ’ 1)
Pr(il) = Pr(ilpangt. %, (0, BLAI(0)],¢:00). (28)

Notice that when the sample size is large (e.g. over one million in this context), Var(n) may be so

small that it alone is not sufficient to explain the discrepancies between the model and the data.

34Note that since T approximate log(gp;(.)), v;+ will also contain an approximation error, which should be a funciton
of the state variables by construction. I assume that a polynomial series estimator is able to approximate log(p;(.))
well, and hence the magnitude of the approximation error is very small, and can be ignored.

35BLP does not incorporate sampling errors into their estimation procedure. They consider the sample size, M, to

be very large, and hence disregard sampling errors.

21



Thus, it should be emphasized that the main sources of uncertainty for output are the structural
disturbances: E[A4|I(t)] and &. I denote fq(qt|pt,ngt,t,a%g(t),E[AgH(t)],ft;Gd) as the likelihood
of observing ¢; conditional on (pt,ngt,t,U%g(t),E[AgU(t)],gt), where ¢j; is assumed to be i.i.d.
normal for 7 = b, g.

The joint likelihood of observing (g, p¢) is simply the product of f,(q:|ps,.) and fp(p:].), ie.,
l(qtapt|ngt7 ta 0-1249 (t)’ E[AQ|I(t)]7 gta eda 7) = (29)
fq(CIt|Pt, ngta t7 U2Ag (t)a E[Ag|-[(t)]7 gta ed)fp(pt‘ngta ta 0-1249 (t)a E[Ag ‘I(t)]a gta gla 7)

Now note that az‘g () is a function of {g,,}:_} (see Equation (8)). Therefore, one can rewrite (29)

as,
l(qtapt|ngta ta U%g (t)ﬂ E[Ag|1(t)]a gt; gda ’7) = (30)
l(qtapt|ngta t7 {qg’r}Fr_:l()a E[Agu-(t)]a gta gda 7)

For each market, the likelihood of observing ¢ = {g;}1_, and p = {p;}L, is,

L(Qap‘{ngTvT’E[AQ‘I(T)]afT}Z:U;gda’)’) = (31)

T
H l(qtapt‘ngta ta {qu}zfr—zl[]’ E[Ag|I(t)]? gt; gda IY)
t=0

But (&, E[Ag|I(t)]) are unobserved to the analyst and therefore must be integrated over to form

the unconditional sample likelihood for (g, p;), that is,

L(q. pl{ngr } o AT} 01 00,7) = (32)

T
[ [ Tt pilngest. agr b, BUAG 1(0)) €43 00 AP ({6 V) AF ({BIA, ()} Ey).

If &; is i.9.d., the above integrals can be rewritten as,

L(q, pl{ngr Yo {m} 20100, 7) = (33)

T
JALLL s pringe b {agr Vimh, BIAT). €000 VAP (€01 (LA 1]V ).
t

Evaluating (33) numerically is very difficult. It involves high order integrals because E[A,4|I(t)] is
autocorrelated. I resolve this problem by using the method of simulated maximum likelihood.
In the simulation approach, one uses Monte Carlo methods to simulate the high order integrals

that enter the likelihood function rather than evaluating them numerically (Pakes[34], Lerman and
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Manski[29], McFadden[32], Pakes and Pollard[35], Keane[27]). To obtain the simulated likelihood
for (g, pt), I first make D¢ draws of (&§) and D4 draws of {E[A,|I(#)]"}]—, from their distributions
F(&) and F({E[Ag|I(t)]}L,), respectively, where the superscript s and r distinguish the simulated
values from the actual values. Then the simulated likelihood can be obtained by averaging the
conditional likelihood over all of the simulated sets of unobservables,
L(q,p\{nm}f 150d,7) =~ (34)

Dsa T D,

Z{H Z l qtapt‘ngta t {qu}?r 1(]a E[Ag|I(t)]rﬂ éts: gda ’7)]}
t
It is worth emphasizing how to obtain a sequence {E[A4,|I(t)]"}/_,. Recall Equation (5),

BlAgI(t+1)] = E[AGI()]+ By(t)(Ag — E[Ag|I(1)),

where
_ 0’6
A = Aj+e
9t N HQgt
a 4 N(©O,1). (35)

Hence, E[Ay|I(t)] is a function of {g, }._ and {e,}. Y. To draw a sequence {E[A,|I(#)]"},, I
first draw a sequence {¢} }tT:_Ol, which in turn can generate a sequence of sample means of experience
signals, {A7,}1_, (Equation (35)). Using this sequence {A},}7; and the Bayesian updating formula
for E[A,|1(t)] (Equation (5)), one can recursively generate a sequence {E[A,|I(t)]"}/_;.

It should be noted that the sampling errors for quantities demanded (1) and the prediction
errors for prices (v) serve the function of kernel smoothers in forming the simulated likelihood
function. For each draw of the unobservables (¢/, E[A,|1(t)]"), the conditional likelihood (g, p;|.)
in Equation (34) is differentiable and assigns positive density to any value of quantity demanded
and price. They also smooth the likelihood function so that it is differentiable with respect to the
parameters. Consequently, it is possible to maximize the likelihood using optimization techniques
based on derivative information.

However, when the variance of sampling errors for quantity demanded is very small, the
simulated likelihood function will closely approximate a step function of the parameters. This
could create problems when applying a derivative-based optimization algorithm. In estimating

the model, T found that the sampling errors were indeed too small for a derivative-based search
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algorithm to work well. So I have increased the variances of the sampling errors by multiplying
them by constants in order to smooth the likelihood function. This approach is similar to the
kernel-smoothed frequency simulator for a discrete response model suggested by McFadden[32].
The values of the constant terms are reported in Table 1.36

The estimation approach described here is in the spirit of Olley and Pakes[33] where they
use polynomials to approximate the decision rule for selection and investment, and Geweke and
Keane[20] where they use polynomials to approximate an agent’s future payoffs. This technique
allows one to obtain estimates for the parameters from the demand side, which include the pa-
rameters for the utility function ((my,o®, ¢f, ¢k, K, w,r, K, 05,0¢), the parameters for the initial
prior (A,04,(0)), and the true mean attribute level of generics (A4,). This method has the advan-
tage of correcting the simultaneity problem for the demand model without imposing a particular
supply-side model. As a result, using the parameter estimates, one can simulate various supply-side
models and see which one generates the pricing function that is closest to the data. The parameter
estimates for the pseudo-pricing policy function also allow one to learn the structure of the true
pricing policy function. Indeed, given the above framework, one can easily carry out likelihood ratio
tests to see if the pricing policy function depends on unobserved product characteristics. Moreover,
the maximum likelihood estimator, which explicitly takes the whole distribution of E[A4|I(t)] into
account, is potentially more efficient than the GMM estimator, provided that one can approximate

the pricing policy function well.

4.2.2 Identification

Now I discuss the identification of the structural parameters in details. Notice that the likelihood
function requires the entry time of generic firms to be exogenous, i.e., uncorrelated with ¢;; and
E[A,|I(t)]. In the prescription drug market, the entry time of generic firms depends on when they
receive approvals from the FDA. Usually, the regulatory approval time does not depend on market
conditions, i.e., {;; and E[A4|I(t)]. Instead, it depends on the quality of the application and the

total workload at the Office of Generic Drugs. This institutional feature introduces exogenous ran-

36 As in all kernel smoothing, there is a tradeoff. A higher degree of smoothing makes the search algorithm performs
better, but also induces bias. Hence the degree of smoothing should be as small as possible while permitting the

search algorithm to perform well.
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domness to the entry time, which makes the variation of the number of generic entrants (ny;) largely
exogenous over time. Consequently, ny and £, which serve the function of exclusion restrictions,
help identify the price coefficient in the utility function.3”

When there are two unobserved product characteristics (§; and E[A4|I(t)]), it might seem
difficult to identify their standard deviations. But note that the standard deviation of E[Ag4|I(%)]
will become arbitrarily small in the long run. Hence, the standard deviation of &; can be identified
by the steady state fluctuation in market shares.?® Before reaching the steady state, the empirical
fluctuation of market shares net of those due to ¢ must be contributed by E[A,|I(t)]. The rate at
which the fluctuation of market shares converges to the steady state basically depends on the rate
of learning, and therefore identifies 0%9(0) and o5/k (Equation (7) and (8)). The initial market
shares help identify the initial prior mean (A). The long-run steady state market shares identify
the true mean attribute level of generics (A4y). The evolution of the market shares, 02,49 (t) and
E[A,|I(t)] identify the utility weight for attribute (w), and the risk aversion parameter (r). The
variation in choice sets (as the number of generic firms increases) and the substitution pattern
between brand-name and generic drugs identify the proportion of each patient type (7).’

It should be noted that there are a number of markets in which market shares of brand-
name drugs stay at a surprisingly high level, even though these markets seem to have reached long
run equilibrium with several years having elapsed since patent expiration. Given the large price
differentials between brand-name and generic drugs, the estimates of the true mean attribute of
the brand-name drug is necessarily higher than that of the generics, i.e., Ay, > A,. However, since
the FDA has certified the equivalence of generics, some people may be uncomfortable with this
result. In fact, it is likely that physicians and patients may value the reputation or the image of
the brand-name drug. Hence, when interpreting Ay, one should think of it as the mean attribute
level of the brand-name drug plus some psychological benefit of consuming it.

The identification of the coefficients of the unobserved state variables in the pricing policy

function partly hinges on the functional form assumptions. This is why I propose to use a flexible

3TRecall that ng¢ and t enter the pricing equation only because they both affect the equilibrium prices via the
oligopolistic equilibrium. Although ng4: enters the demand model, it affects demand only through the denominator
of the logit formula. Also, note that the time trend only appears in the utility of choosing the outside good.

%8By steady state, I mean E[A,|I(t)] becomes a constant.

39Petrin[36] provides an intuitive argument about how variation in choice sets identify consumer heterogeneity.
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functional form to approximate the pricing policy function. Ideally, if there are no data limitations,
one should experiment with different orders of polynomial and select the specification that best fits
the data. Given a particular functional form, the coefficients for {,; and &, can be identified by the
steady state correlations of prices and market shares. The non-steady state correlation between
prices and market shares, controlling for &, and &g, identify the coeflicient for E[A,|I(t)].

Now I turn to discuss the identification of fio and ¢ in Equation (22). Recall that these two
parameters determine the degree of symmetric unobserved product differentiation among generics
over time, which in turn determine the level of prices and the generic pricing trend generated by a
supply side model. This feature has significantly improved the flexibility of a supply side model in
generating pricing patterns. I have tried to estimate fis and ¢ jointly with other parameters, but find
that the parameter estimates generate unsatisfactory equilibrium pricing patterns that are mostly
far too high and flat. This is not surprising as a major source of identification for f; and ¢ should
come from the supply side, which is avoided by the estimation method used here. However, as
discussed above, explicitly incorporating the supply side into the estimation procedure has proved
to be computationally infeasible. Therefore, I have decided to calibrate the initial guess of all the
parameters by informally matching predicted equilibrium market shares and pricing patterns with
the observed ones. Then I fix i; and ¢ at the calibrated values and estimate other parameters. The

calibrated values for j; and ¢ are given in Table 2.

5 Results

The estimation results presented here are based on data for 25 drugs. They are grouped into four
categories by therapeutic class: (i) heart disease drugs, (ii) depressants, (iii) anti-psychotic drugs
and anti-depressants, as well as (iv) antibiotics. Treating product/quarter as one observation, the
number of observations are 300 for heart disease drugs, 321 for depressants, and 256 for anti-
depressants and anti-psychotic drugs, and 86 for antibiotics.

Recall each drug correspond to an individual market. The following parameters are allowed to
differ across markets: the coefficients for the utility of the outside good (¢]5, qb,’f), the mean attribute
levels of generics (A4,), and the fraction of experience signals that is revealed to physicians in each

period (k). The rest of the parameters are common across markets within a category (but they are
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allowed to differ across categories). These common parameters include the price coefficients (o),
the weight attached to the attribute (w), the risk coefficient (r), the initial prior variance (azlg((])),
the experience variability (02), the proportion of each patient type (), and the standard deviation
of the unobserved product characteristics (o¢). I estimate a version of the demand model with two
types of patients (k = 0,1).%® The total number of structural preferences parameters is 51 for
heart disease drugs, 57 for depressants, 51 for anti-psychotic drugs and anti-depressants, and 27 for
antibiotics.

As explained in the previous section, one should experiment different order of polynomials
when approximating the pricing policy function. However, the number of observations for this
study is not sufficiently large to support an extensive specification search. As an initial step, I use

a first-order polynomial to approximate the pricing policy function. For j € {b, ¢},

log(pjt) = jo +Yjit + Yjong + Y304, (t)

+yaE[Ag|I(t)] + vis&er + Vjeot + Ujt- (36)

Some coefficients for the pseudo-pricing policy functions are common for markets within a category.
These common coefficients include those on the perceived variance of the generic attribute, the
expected attribute level for generics, the brand-name demand shock and the generic demand shock.
Other parameters, which include the intercept, the coefficients for the time trend, the number of
generic entrants and the variances of the prediction errors, are allowed to differ across drugs, but
with restrictions. The total number of parameters in the pricing policy function is 40 for heart
disease drugs, 43 for depressants, 47 for anti-psychotic drugs and anti-depressants, and 25 for
antibiotics. This simple specification might first seem inadequate in approximating the pricing
policy function. But as I will demonstrate in section 5.1.3, it does surprisingly well in fitting the

observed pricing pattern.

5.1 Parameter Estimates

For simplicity, £;’s are assumed to be i.i.d. normal. For identification reasons, in each category

the fraction of experience signals revealed (k) for one market must be fixed. I fix k(amiloride) for

4ONotice that the price coefficient and the coefficients for the outside good are type specific.
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heart disease drugs, x(baclofen) for depressants, k(desipramine) for anti-psychotic drugs and anti-
depressants, and «(cephalexin) for antibiotics. Similarly, the mean attribute level of one product
must be fixed, because the absolute levels have no meaning. A natural choice is to fix the mean
attribute level for the brand-name drug, which is set to zero for all categories.*! The parameter
estimates and standard errors are shown in Tables 4 - 8. The number of draws that I use is 100
for {E[A,I(t)]"}E,, and 100 for &. T will discuss the parameters of the utility function and the

pricing policy functions in order.

5.1.1 Utility Function

All estimates for the structural parameters are statistically significant and share similar qualitative
features across categories. I first discuss the estimates for preference parameters, which are reported
in Table 4. The utility weight on attribute (w) and the risk coefficient (r) are positive for all
categories, indicating risk-averse behavior. In other words, an increase in the perceived variance of
the generic attribute will lower the expected utility of choosing generics. The experience variabilities
(02) are positive. The initial prior variances (01249(0)) are large, indicating that the patients are
uncertain about the mean attribute levels of generics initially. The initial prior means (A) are
negative, suggesting that the initial expectation about the mean attribute of generics is lower than
the value of Ay, which is fixed at zero.

Table 5 presents the estimates for mean attribute levels, and the fractions of experience signals
revealed. The estimated true mean attribute levels of generics (A,’s) for all markets are significantly
different from zero. They are negative and thus lower than the mean attribute level of brand-name
originals. As discussed in section 4.2.2, A, includes some psychological benefit of choosing a brand-
name drug that cannot be sorted out from its actual mean attribute level in the current framework.
Hence, one should not conclude that the quality of the brand-name drug is better than the quality
of generic drugs simply from the higher value of A,. The fractions of experience signals revealed

(k) are also positive. Recall it is the ratio between the experience variability (¢7) and the fraction

1 The quadratic utility function used here also requires attribute levels to be below a certain level so that utility
is increasing in the attribute level. Therefore, in the estimation procedure, I set A, = 0 initially, and update it if
necessary during each step of the optimization algorithm to ensure it stays in the proper range. It turns out that A
does not need to be updated at all. Let A™*® be the value of A that maximizes utility. According to the estimates,

the implied A™*"’s range from 0.57 to 1.91, which is greater than A, (=0). The estimated Ay’s are all below A;.
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of experience signals revealed (r) that determines the rate of learning. The absolute values of o3
and x by themselves have no meaning.

To illustrate whether the public has optimistic or pessimistic initial prior about generics,
I compute the difference between true mean attributes and initial prior mean attributes (AA)
according to their estimates. The results are reported in Table 5. Only two out of 25 true mean
attribute levels (disopyramide and verapamil) are lower than their initial prior means. This suggests
that patients generally have pessimistic initial priors about generic qualities, which seems plausible
for the period of 1984-90. As discussed in section 2.1, there were much fewer generic drugs available
on the market before 1984. Therefore, pessimistic priors could very well result from lack of actual
experiences with generic drugs, and the general perception that generic products have inferior
quality compared with brand-name products. Moreover, this result is also consistent with some
survey studies in the 80s (e.g., Carroll et al.[9], Carroll[10]), which find that physicians, pharmacists
and patients express concerns about the quality of generics.

Since the coefficients for the outside good do not have clear structural interpretations, I do not
report their estimates. I now turn my discussion to the parameter estimates for the pseudo-pricing

equations.

5.1.2 Pricing policy functions

In searching for a specification for the pricing policy functions, I first regressed log prices on the
observed explanatory variables, (i.e., the time trend and the number of generic entrants), allowing
the coeflicients to be market specific and unrestricted. But with limited data available, I am forced
to impose restrictions on the coefficients when jointly estimating the pricing policy function and
the demand model. To gain efficiency, I constrain coefficients on the observed variables that were
“close” for different markets to be equal. I also constrain coefficients on unobserved variables to be
equal across markets within a category, but allow them to differ across categories. The unobserved
variables include the perceived variance of the generic attribute, the expected attribute level of
generics, the brand-name demand shock and the generic demand shock. I focus my discussion on
the time trend, the number of generic entrants, and the unobserved variables. Since the intercepts
do not have decisive structural interpretations, their estimates are not reported here.

Brand-name drug: the time trend and the number of generics
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Table 6 reports the estimates of the time trend and the number of generics for brand-name
drug pricing policy function. I will discuss each of them in order.

Time trend: Restrictions on coefficients are self-explanatory from the table. For instance, the
time trends for heart disease drugs are restricted to be the same across drugs; for depressants, they
are restricted to be zero for baclofen and carbamazepine, and restricted to be the same for other
drugs.

There are 21 out of 25 markets that show positive and significant time trends (one shows a
negative time trend). One explanation for this result is that as increasing numbers of price sensitive
patients shift from a brand-name drug to its generic counterparts or the outside good over time,
the demand faced by the brand-name firm becomes more inelastic. This consumer heterogeneity
effect alone tends to raise prices of the brand-name drug. But the presence of generics has also
created a more competitive environment, which should drive down prices of the brand-name drug.
When the consumer heterogeneity effect outweighs the competition effect, brand-name prices may
increase over time.

Number of generics: Only nine markets have significant coefficients for the number of generics.
Among the ones with significant coefficients, six of them are positive. The results suggest that
generic entry has minimal impact on brand-name prices for most of the markets. As I will discuss
in the next subsection, entry of generics lowers generic prices. This could attract more price-
sensitive consumers away from brand-name drugs. Again, the consumer heterogeneity effect and
the competition effect work against each other. The sign of the coefficient for the number of generics
would depend on which effect dominates.

Generic drugs: the time trend and the number of generics

Now I discuss the estimates of the time trends and the number of generics for generic drug
pricing policy functions. The results are reported in Table 7.

Time trend: Overall, 17 markets display negative and significant time trends, indicating that
the number of generic entrants alone cannot explain the decline in generic prices in these markets.
This is consistent with introducing a time trend to the variance of the logit taste shocks at the

second stage of the nested choice process.

30



Number of generics: Eighteen out of 25 markets have negative and significant coefficients for
the number of generics.*?> As expected, since the consumer heterogeneity effect does not apply to
the generic market, the competition effect alone has lead to lower generic prices when more generic
firms enter.

Unobserved variables

Table 8 reports the estimates of unobserved variables: the perceived variance of the geneirc
attribute,? the expected generic attribute, the brand-name demand shock and the generic demand
shock. I will report the estimates for brand-name drugs and generic drugs in order.

Brand-name: 1 first discuss the estimates for the brand-name drug pricing policy function.
The coefficients for the perceived variance of the generic attribute are positive and significant
for heart disease drugs, anti-depressants and anti-psychotics, and antibiotics. This suggests that
higher uncertainty about the generic attribute may lead to higher brand-name prices. This seems
reasonable because uncertainty about the generic attribute lowers the expected utility of choosing
generics. The expected generic attribute is positive and significant for heart disease drugs. This
coefficient may be picking up the fact that, on average both log(py) and E[A4|I(t)] are increasing
and leveling off over time for heart disease drugs.** The coefficient for the generic demand shock
is positive and significant for heart disease drugs. This suggests that as the demand for generics
shifts up, the brand-name firm is able to price higher. This might happen if generic firms raise their
prices accordingly and hence give the brand-name firm some room to raise its price. (The generic
demand shock in the generic pricing equations is also positive and significant, which is consistent
with this reasoning.) For antibiotics, the brand-name demand shock is positive and significant, the
generic demand shock is negative but only significant at 10% level. This seems to be consistent

with standard intuitions. Other estimates are not significant.

42Five out of 25 markets, whose estimates are restricted to be the same, have a positive value. The positive estimate
might result from the fact that more patients shift to generics when one more generic firm enters the market. As a
result, the brand-name firm might raise its prices. This gives the generic firms more room to raise their prices. This
kind of outcome seems to be quite rare.

*3Note that the perceived variance of the geneirc attribute is not exactly an unobserved variable (or latent variable)
in the econometric sense. Conditioning on a set of parameter values and the data, one can derive its value from the
model according to Equation (7).

“0On average, E[A,|I(t)] increases over time because of the general pessimistic prior.
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Generic: The coeflicients for the perceived variance of the generic attribute is negative and sig-
nificant for depressants, which suggests that the higher the uncertainty about the generic attribute,
the lower the generic price. This is consistent with the intuition described above. The expected
generic attribute levels are negative and significant for heart disease drugs and depressants. For the
similar reason described above, the coefficients may mainly pick up the high negative correlation
between log(pg:) and E[A4|I(t)]. The generic demand shock is positive and significant for heart
disease drugs, which is consistent with standard intuition. Other estimates are not significant.

There are only 12 unobserved variables that are significant for all categories. The statistical
insignificance of the unobserved variables could be due to the restrictions imposed on them and
the small number of observations.?> Another possibility is that the pricing policy function may
not depend on the values of E[A4|I(t)], &y, and £y for some markets. This may result if firms
choose prices before they observe these three variables. It is difficult to draw concrete conclusions
at this point due to the small sample size. In future research, I will try to use more data, relax
some restrictions, and experiment with different order of polynomials in the pseudo-pricing policy

function.

5.1.3 Goodness of Fit

To illustrate the goodness of fit, I simulate 100 sequences of price and quantity pairs for both the
brand-name drug and the generic drug, from the demand model and the pseudo-pricing policy
function using the parameter estimates. The number of generic firms is taken as exogenous. I then
compute the average predicted price and quantity for each period by averaging simulated prices
and quantities. Figure 4 plots the average predicted demand vs. the actual demand for brand-name
drugs. Figure 5 plots the average predicted demand vs. the actual demand for generic drugs. In
general, the model is able to fit the demand pattern quite well, particularly for brand-name drugs.
For generic drugs, the predicted demand generally has an inverted U-shape. This is due to the fact
that T restrict the standard error of the logit taste shocks for generics to decline over time. Such
a restriction implies that the utility of choosing generics drops over time, holding everything else
fixed. The initial increase in the utility of choosing generics is due to the decrease in generic prices

and uncertainty.

“Recall that they are restricted to be the same across markets that belong to the same category.
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Figure 6 plots the average predicted price and the actual price for brand-name drugs. Figure
7 plots the average predicted price and the actual price for generic drugs. Despite the simple
functional form for the pricing policy functions, they do well in fitting the pricing pattern. There
are two exceptions where the predicted brand-name price does not match well with the data:
baclofen (Figure 6[2,3]) and carbamazepine (Figure 6]2,4]). Both are depressants. Notice that
the actual brand-name pricing pattern for baclofen and carbamazepine appear to have inverted
U-shapes. Such a pattern is difficult for our specified functional form to fit well. Conceivably,
one needs a quadratic term for either the time trend, or the number of generics in the pseudo-
pricing policy function. Since this type of pattern is not common, I decided to use a first-order
approximation for all cases. However, given the inverted U-shape pricing pattern of baclofen and
carbamazepine, it is clear that a time trend will not help for these two cases. I therefore restricted
the time trend for baclofen and carbamazepine to be zero.

To further illustrate the goodness of fit for this model, I take the average of the predicted
demand for generics across all markets. The results are reported in the fifth column of Table 9.
The average actual generic demand for all markets is reported in the fourth column of Table 9. The
second column of Table 9 lists the number of markets used to calculate average generic demands.
The number of markets available drops over time because some markets have their patents expired
later than others, and my data end in the fourth quarter of 1990. Period zero refers to the quarter
in which generics just entered the market. The initial average predicted demand is 2.74 million
patient days, which is about 70 percent of the average actual demand. In about two quarters,
the average predicted demand reaches 8.02 million patient days, which is about 98 percent of the
average actual demand. From the third quarter to the 13th quarter, the average predicted demand
remains slightly higher than the average actual demand. From the 13th quarter to the 19th quarter,
the average predicted demand becomes slightly lower than the average actual demand.*® Overall,

the simulation results demonstrate that the model fits the data reasonably well.

61 do not focus my discussion on the period beyond the 19th quarter because the number of markets has become

quite small.
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5.2 Counterfactual Experiments

In this section, I discuss two counterfactual experiments. The first experiment studies to what
extent learning alone can explain the slow diffusion of generics. The second experiment examines

the change in demand composition over time.

5.2.1 Rate of Learning and Rate of Diffusion

One way to measure the rate of learning is to use the rate at which the perceived variance of the
generic attribute diminishes over time. The third column of Table 9 shows the change in the average
perceived variance (taken across all markets) over time. Again, the simulation and the average are
obtained in the same fashion as the previous section. Notice that the average perceived variance
quickly decreases by about 50 percent in the first three quarters after the first generic entered the
market (from 38.58 to 20.70). Then it decreases by approximately another 50 percent in the next
five quarters (from 20.70 to 10.12). The rate of learning keeps diminishing as the average perceived
variance becomes smaller. This is consistent with the Bayesian updating formula for the perceived
variance (see Equation (8)).47

How much of the slow diffusion of generics is due to learning? This question is not trivial to
answer. Other than learning, the decline in generic prices and the change in the value of the outside
good can also affect the diffusion rate. One advantage of estimating the structural parameters of
the learning model is that it allows me to disentangle the effect of learning from other factors,
by simply changing some parameters values. To investigate the effect of learning, I set the initial
perceived variance (03‘9(0)) to zero, and the initial prior mean attribute level (A) to the actual
mean attribute level (A4,). Keeping everything else at the estimated parameter values, I then re-
simulate the model and compute the average predicted quantities and prices. In this counterfactual
situation, the simulated data represents outcomes from markets where patients are certain about the
mean attribute level right from the beginning. By examining the difference between the simulated
data from the model without uncertainty and that from the original model with uncertainty, I can

conclude how much of the slow diffusion is due to learning.

“"One may notice that the average perceived variance is fluctuating, instead of diminishing, from quarter 13 to
the quarter 17. This is due to the decline in the number of markets that are available for computing the average

perceived variance (See column two of Table 9).
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Again, I use the demand model and the pricing policy function to conduct this exercise. The
results are summarized by reporting the average predicted demand for generics. The last column
of Table 9 reports the average predicted generic demand for the model without uncertainty. It
appears that without learning the demand for generics is much too high initially and then stays
too high for many quarters compared with the average actual demand (the fourth column of Table
9), or the average predicted demand from the original model with uncertainty (the fifth column of
Table 9). In sum, the predicted diffusion rate in the model without uncertainty is much quicker
than the actual diffusion rate.

It should be emphasized that the change in generic demand in the model without uncertainty
has filtered out the learning effect, and therefore is mainly due to (i) the decline in generic prices
and (ii) the change in the value of the outside good. A comparison about the predictions between
these two version of the model shows that these two factors are not sufficient to generate the
generic diffusion rate observed in the data. In other words, the uncertainty about generic attribute
is crucial in replicating observed diffusion patterns.

Note that it is hard to conduct this experiment using a reduced form diffusion model such
as the one in Berndt et al.[4] or Mahajan et al.[30]. Their diffusion models are not derived from
a formal economic model. Therefore, it is difficult to relate the reduced form parameters to the
structural parameters of the Bayesian learning model. As a result, if one wants to study the impact
of a change in the initial prior, it is not clear how to simulate the effect on the diffusion of generics
from the reduced form model, as the values of its parameters will change in some unknown ways.

The results also suggest that it may be worthwhile to launch advertising campaign to educate
the public about the safety and bioequivalence of generic drugs. Such a campaign could reduce
the consumer uncertainty about the generic quality, and hence increase generic substitution and
lower the prescription drug expenditures, as predicted by this experiment. Recently, an insurance
company, Blue Cross Blue Shield of Michigan, has adopted this approach to promote the use
of generic drugs. Their one million dollars statewide advertising campaign for generics, which
emphasizes generic drugs are safe and effective, has resulted in about 30 million dollars savings this

year (Sherrid[39]).
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5.2.2 Change in Demand Composition

Intuitively, I expect that the diffusion rate of generics is faster in the price-sensitive segment of
the market. However, with only aggregate level data, I do not observe the difference between the
price-sensitive patients and the price-insensitive patients in terms of their demand patterns. Having
estimated the structural parameters, I am able to simulate the demand patterns of each patient
type. The simulated demand patterns are used to illustrate how the diffusion rates of generics vary
across patient types.

Figure 8 shows the demand patterns for the type 0 patients. The demand for generics
surpasses that for brand-name drugs in 19 out of 25 markets over time.*® Moreover, it takes less
than eight quarters for generic drugs to outperform brand-name drugs in these 19 markets.

Figure 9 shows the demand patterns for type 1 patients. For these patients, there are only
nine markets, in which the demand for generic drugs outperforms that for brand-name drugs.*? In
more than half of the markets (16 out of 25), brand-name drugs remain dominant throughout the
period.®?

A comparison of these two figures reveals that on average type 0 patients switch to generics
quicker than type 1 patients. This indicates that type 0 patients are relatively more price-sensitive
than type 1 patients, which is intuitively appealing. As generic prices decrease over time, on
average price-sensitive patients switch to generic drugs sooner because they put more weight on

price differentials between brand-name drugs and their generic counterparts. However, since price-

“®These 19 markets include clonidine (Figure 8[1,2]), methyldopa (Figure 8[1,4]), hydrocholorothiazide methyl-
dopa (Figure 8[1,5]), propranolol (Figure 8[2,1]), baclofen (Figure 8]2,3]), carbamazepine (Figure 8[2,4]), clorazepate
(Figure 8[2,5]), diazepam (Figure 8[3,1]), flurazepam (Figure 8[3,2]), lorazepam (Figure 8[3,3]), temazepam (Figure
8[3,5]), desipramine (Figure 8[4,1]), doxepin (Figure 8[4,2]), trazodone (Figure 8[4,4]), haloperidol (Figure 8[4,5]),
perphenazine (Figure 8[5,1]), thiothixene (Figure 8[5,2]), cephalexin (Figure 8[5,3]) and cephradine (Figure 8[5,4]).

“These nine markets include clonidine (Figure 9[1,2]), baclofen (Figure 9[2,3]), lorazepam (Figure 9[3,3]), doxepin
(Figure 9[4,2]), trazodone (Figure 9[4,4]), haloperidol (Figure 9[4,5]), perphenazine (Figure 9[5,1]), cephalexin (Figure
9[5,3]) and cephradine (Figure 9[5,4]).

*0These 16 markets include amiloride (Figure 9[1,1]), disopyramide (Figure 9[1,3]), methyldopa (Figure 9[1,4]),
hydrochlorothiazide methyldopa (Figure 9[1,5]), propranolol (Figure 9[2,1]), verapamil (Figure 9[2,2]), carbamazepine
(Figure 9[2,4]), clorazepate (Figure 9[2,5]), diazepam (Figure 9[3,1]), flurazepam (Figure 9[3,2]), oxazepam (Figure
9[3,4]), temazepam (Figure 9[3,5]), desipramine (Figure 9[4,1]), maprotiline (Figure 9[4,3]), thiothixene (Figure 9[5,2])
and clindamycin (Figure 9[5,5]).
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insensitive patients put more weight on perceived attribute differentials, their demand for generic
drugs remains lower than that for brand-name drugs over time in many markets.

The results are consistent with Grabowski and Vernon|[21] and Frank and Salkever[19], who
conjecture that there may be significant consumer heterogeneity in price sensitivity. Their con-
jecture is based on the observation that many brand-name firms raise their prices after generic
entry. They argue that brand-name prices could increase with the percentage of the brand-name
sales accounted for by price-insensitive patients. Interestingly, the model here predicts that this
percentage increases over time, as on average price-sensitive patients switch to generics sooner than
price-insensitive patients.

Overall, the sensible predicted demand patterns provide support for the model. It should be
emphasized that I did not use information about the demand by patient type, or the equilibrium
markups in estimation. The predicted demand patterns across patient types are thus generated by

the structure of the demand model alone.

6 Conclusion

Motivated by the slow diffusion of generics and the counterintuitive pricing behavior of brand-name
firms, this paper starts out with a demand model of prescription drugs, which incorporates consumer
learning and consumer heterogeneity. The paper then estimates the model using data from 25
markets. It is found that in general the public was risk-averse, uncertain about generic qualities,
and had a pessimistic initial prior during the 80s. In 23 out of 25 markets, the initial prior means are
lower than the true generic mean attributes. Using a counterfactual experiment to control for other
factors that could contribute to the slow diffusion of generics, this paper shows that learning played
an important role in this regard during the 80s. Another counterfactual experiment demonstrates
that the evolution of market shares are very different across patient types, suggesting that patients
can be classified into two categories: price-sensitive and price-insensitive. In general, the diffusion
rate of generics for price-sensitive patients is faster than that for price-insensitive patients. This
implies that the average price sensitivity of the brand-name drug consumers decreases over time, a

prediction that is consistent with the previous conjecture in the literature.
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Given the significance of consumer learning in the prescription drug markets, one implica-
tion is that generic firms may have a dynamic incentive to lower their prices in order to increase
experimentation and hence speed up learning. But the brand-name firms may also have a dy-
namic incentive to lower their prices so as to prevent patients from trying generics. To capture this
kind of strategic behavior, it is necessary to develop a dynamic oligopoly model, where firms are
forward-looking. In Ching[12], I construct a dynamic equilibrium model with these features.

It needs to be emphasized that this paper assumes the proportion of price-sensitive (and
price-insensitive) patients is fixed over time (7). It is possible that the proportion of price-sensitive
patients might increase over time due to, e.g., an increasing number of insurance companies adopting
reimbursement policies that favor generics. Future research will try to incorporate other data
sources to control for changes along this dimension.

Another limitation of this study is that the experiment used to determine the importance
of learning assumes the reduced form pricing policy function remains a good proxy for the true
equilibrium pricing policy function after changing the initial priors. In addition, although I have
demonstrated that consumer heterogeneity in terms of price sensitivity is important, I have not
shown to what extent this feature can explain pricing patterns. To address these issues, I generate
the pricing policy function by solving a stochastic dynamic oligopoly structural model numerically
in Ching[12]. T then examine the extent to which this pricing policy function can explain the
data empirically. One important reason for estimating the structural preference parameters and
solving a dynamic oligopoly structural model is that they are crucial for evaluating various policy
experiments. For example, in Ching[12] T use the equilibrium model to study the welfare impact of
a policy, which reduces the FDA average approval time for marketing generic drugs.

This paper also develops a novel and computationally feasible procedure to estimate a class of
discrete choice product differentiation models. While in principle the procedure is able to identify
the parameters of the utility function and the pseudo-pricing policy function, it may require more
data, relative to the standard procedure, to achieve satisfactory results. More evidence on the

properties of this estimator remains to be gathered in the future.
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Table 1: Constant terms for increasing the sampling errors

HEART DISEASES

amiloride

clonidine

disopyramide

methyldopa

hydrochlorothiazide methyldopa
propranolol

verapamil

DEPRESSANTS

baclofen
carbamazepine
clorazepate
diazepam
flurazepam
lorazepam
oxazepam
temazepam

ANTI-DEPRESSANTS

desipramine
doxepin
maprotiline
trazodone

ANTI-PSYCHOTIC

haloperidol
perphenazine
thiothixene

ANTIBIOTICS

cephalexin
cephradine
clindamycin

40
15
600
a0
30
2000
2000

120
20
35
a0
500
140
10
300

100
15
1.5

2.5

25

[y
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Table 2: Calibrated parameter values determining the variance of Logit errors

I [ad] M M3 L

HEART DISEASES

amiloride 0.5 0.5 0.35 0.35 0.00
clonidine 1.0 1.0 0.70 0.70 0.10
disopyramide 1.75 1.75 1.23 1.23 0.01
methyldopa 1.00 1.00 0.70 0.70 0.025
hydrochlorothiazide methyldopa 0.90 0.90 0.63 0.63 0.03
propranolol 0.75 075 0.53 0.53 0.08
verapamil 1.25 1.25 0.88 0.88 0.01
DEPRESSANTS

baclofen 048 039 048 0.39 0.00
carbamazepine 1.36 1.11 1.36 1.11 0.03
clorazepate 1.60 1.30 1.60 1.30 0.13
diazepam 1.76 143 176 143 0.08
flurazepam 04 033 04 033 0.06
lorazepam 0.8 065 08 065 0.05
oxazepam 1.68 1.37 1.68 137 0.05
temazepam 048 039 048 0.39 0.05

ANTI-DEPRESSANTS

desipramine 2.50 1.50 2.50 1.50 0.04
doxepin 1.00 0.60 1.00 0.60 0.05
maprotiline 2.20 1.32 220 1.32 0.35
trazodone 2.50 1.50 250 1.50 0.05

ANTI-PSYCHOTIC

haloperidol 2.20 1.32 2.20 1.32 0.035
perphenazine 3.00 1.80 3.00 1.80 0.035
thiothixene 1.50 0.90 1.50 0.90 0.035
ANTIBIOTICS

cephalexin 1.30 0.30 0.65 0.13 0.05
cephradine 1.00 0.234 0.50 0.10 0.05
clindamycin 1.50 0.351 0.75 0.15 0.00

The superscript of u indexes patient type,
the subscript of p indexes level for the nested logit demand model.
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Table 3: Number of Observations and parameters

Number of Number of Number of parameters
observations structural  for pricing equations
parameters

Heart disease drugs 300 51 40

Depressants 321 57 43

Anti-depressants and

Anti-psychotic drugs 256 51 47

Antibiotics 86 27 25

Table 4: Estimated Preference parameters

Heart Diseases Depressants Anti-depressants  Antibiotics
Anti-psychotics

Learning parameters:

risk coefficient (r) 0.731* 0.592* 0.262* 0.879*
(0.036) (0.018) (0.006) (0.028)

utility weight for attribute (w) 0.014* 0.028%* 0.036* 0.023*
(0.001) (0.001) (0.001) (0.001)

experience variability (o3) 0.18* 0.716* 0.685* 1.23*
(0.02) (0.03) (0.02) (0.02)

initial prior variance (03 (0)) 33.31* 42.60* 49.02* 15.81%
(0.88) (1.38) (1.40) (0.17)

initial prior mean (A) -17.77* -15.43* -25.32% -9.21%*
(0.049) (0.264) (0.43) (0.09)

Consumer heterogeneity

parameters:

type 0 price coefficient (a®) 0.029* 0.032* 0.036* 2.5e-3*
(3.0e-4) (4.0e-4) (0.003) (2.3¢-4)

type 1 price coefficient (a') 0.010%* 0.008* 0.012% 1.2e-3%
(1.0e-4) (2.0e-4) (0.001) (1.7e-4)

proportion of type 0 (mp) 0.367* 0.490* 0.407* 0.513*
(0.005) (0.003) (0.003) (0.006)

standard deviation of unobserved

product characteristic (o¢) 0.237* 0.450* 0.566* 0.187*
(0.008) (0.002) (0.002) (0.001)

Standard errors are reported in parenthesis
Number of draws for demand shocks = 100
Number of draws for E[A,|I(t)] = 100

Notes:
* _ t-statistic > 1.96
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Table 5: Estimated Mean Attribute levels and Fraction of experience signals revealed

True mean Difference in Fraction of experience
attributes (4,) mean attributes  signals revealed (k)
(A4, = A, - A)

Estimates s.e.  Estimates s.e. Estimates s.e.
Heart Diseases Drugs:
amiloride -10.42* 0.12 7.35% 0.13 6.7¢-6
clonidine -5.77* 0.10 4.63* 0.11 7.1e-11%* 7.7e-13
disopyramide -25.09* 0.25 -7.32% 0.26  2.0e-8* 3.8¢-9
methyldopa -13.76* 0.12 4.01* 0.13  2.0e-9* 2.9e-11
hydrochlorothiazide methyldopa -13.15%* 0.12 4.62* 0.38 4.8e-11% 6.1e-13
propranolol -11.00%* 0.16 6.77* 0.17 1.9e-11%* 3.5e-13
verapamil -22.83% 0.19 -5.06* 0.20 7.3e-9* 3.0e-9
Depressants:
baclofen -4.62* 0.13 10.81* 0.30 1.0e-4
carbamazepine -14.37* 0.24 1.06* 0.36  1.9e-9* 1.6e-11
clorazepate -11.50% 0.23 3.93* 0.35 5.3e-10* 5.6e-12
diazepam -11.42%* 0.27 4.01%* 0.38  2.0e-10%* 2.5e-12
flurazepam -3.51% 0.1  11.92%* 0.28 1.5e-5* 3.0e-6
lorazepam -8.06* 0.15 7.37* 0.31 1.2e-8* 2.1e-10
oxazepam -10.38* 0.2  5.05% 0.33  1.9e-9* 3.4e-11
temazepam -6.64* 0.12 8.79* 0.29 7.4e-8* 1.6e-9
Anti-depressants:
desipramine -15.75* 0.29 9.57* 0.52  1.0e-8
doxepin -4.67* 0.13 20.65* 0.45 3.3e-9* 6.7e-11
maprotiline -19.27* 0.35 6.05% 0.56 1.1e-8* 8.5e-10
trazodone -14.09* 0.26 11.23%* 0.25 1.6e-9* 1.9e-11
Anti-psychotic drugs:
haloperidol -6.19* 0.19 19.13%* 0.74 1.1e-10* 2.2e-12
perphenazine -6.45% 0.13 18.87% 045 6.3e-9* 2.8e-11
thiothixene -11.87* 0.24 13.45* 0.49 2.5e-8* 3.8e-10
Antibiotics:
cephalexin -1.11* 0.06 8.10* 0.11  1.0e-8
cephradine -2.09* 0.02 7.12%* 0.10 6.5¢-8* 1.5e-11
clindamycin -7.84* 0.10 1.37* 0.14 1.9e-7* 1.1e-10
Notes:

* _ t-statistic > 1.96
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Table 6: Pricing policy function for brand-name drugs: time trend and number of generics

Estimate s.e Estimate s.e

Heart Disease Drugs: Depressants:
time trend (yp1): 0.013* 0.002 time trend*** (yp1):

others 0.026* 0.002

baclofen, carbamazepine 0
no. of generics (Vp2): no. of generics (Vp2):
amiloride 0.113* 0.047  baclofen 0.020* 0.009
clonidine 0.013** 0.007 carbamazepine 0.001 0.009
disopyramide -0.007 0.005 clorazepate 0.017** 0.009
methyldopa 0.005 0.004 lorazepam -0.014* 0.004
propranolol -1.2e-4 0.003 diazepam, flurazepam,
hydrochlorothiazide methyldopa 0.010%* 0.005 oxazepam, temazepam -0.002 0.004
verapamil 0.008 0.009
Anti-depressants and Antibiotics:
Anti-psychotic drugs:
time trend (yp1): time trend (yp1):
desipramine, trazodone 0.043* 0.004 cephalexin 0.021* 0.006
doxepin 0.025* 0.005 cephradine 0.003 0.003
maprotiline 0.013* 0.003 clindamycin 0.030* 0.005
haloperidol -0.053* 0.007
perphenazine 0.009* 0.004
thiothixene 0.013* 0.002
no. of generics (Vp2): no. of generics (Vp2):
desipramine, trazodone -0.023* 0.009 cephalexin 0.008 0.008
doxepin 0.002 0.008 cephradine -0.005 0.015
maprotiline 0.009 0.009 clindamycin -0.017 0.022
haloperidol 0.027* 0.009
perphenazine 0.035* 0.017
thiothixene 0.018* 0.006
Notes:

* _ t-statistic > 1.96

** _ t-statistic > 1.65

*** _ For depressants, the time trends are restricted to be zero for baclofen and carbamazepine,
and restricted to be the same for other drugs.
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Table 7: Pricing policy function for generic drugs: time trend and number of generics

Estimate s.e Estimate s.e
Heart Disease Drugs: Depressants:
time trend (vq1): time trend (vq1):
amiloride, baclofen,flurazepam,
hydrochlorothiazide methyldopa, oxazepam,temazepam  -0.032 0.031
verapamil -3.0e-5 0.003 carbamazepine -0.069* 0.005
clonidine -0.028* 0.006 clorazepate -0.060* 0.006
disopyramide -0.021* 0.003  diazepam -0.051* 0.039
methyldopa -0.038* 0.005 lorazepam -0.059* 0.004
propranolol -0.039% 0.007
no. of generics (V42): no. of generics (v42):  -0.036* 0.005
amiloride, clonidine,
disopyramide,
hydrochlorothiazide methyldopa -0.034* 0.007
methyldopa 0.006 0.007
propranolol -0.042* 0.007
verapamil -0.099* 0.012
Anti-depressants and Antibiotics:
Anti-psychotic drugs:
time trend (vq1): time trend (vq1):
desipramine, haloperidol -0.077* 0.003  cephalexin -0.025* 0.005
doxepin -0.030* 0.004  cephradine -0.041* 0.002
maprotiline -0.023* 0.004 clindamycin -0.011 0.006
trazodone -0.030* 0.015
perphenazine -0.013* 0.002
thiothixene -0.046* 0.002
no. of generics (Yg2): no. of generics (Vg2):
desipramine, doxepin, maprotiline, cephalexin, cephradine -0.04* 0.006
perphenazine, thiothixene 0.012* 0.006 clindamycin 0.07 0.038
trazodone -0.077* 0.034
haloperidol -0.015%* 0.003
Notes:

* _ t-statistic > 1.96
**k _ t_statistic > 1.65
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Table 8: Pricing policy function: unobserved variables

Heart Diseases Depressants Anti-depressants  Antibiotics
Anti-psychotics
Brand-name:
variance of generic attribute (7p3) 0.002* -3.9¢-4 0.003* 0.010*
(0.001) (0.002) (0.001) (0.004)
expected generic attribute (yp4) 0.015* -0.002 0.003 -0.002
(0.006) (0.005) (0.003) (0.006)
brand-name demand shock (7p5) 0.001 0.001 4.3e-4 6.8e-3*
(0.001) (7.0e-3) (3.7e-4) (2.1e-4)
generic demand shock (yp6) 0.006* 4.0e-4 -0.001 -1.5e-3**
(0.003) (0.002) (0.001) (8.1e-4)
Generic:
variance of generic attribute (v,3) -4.0e-5 -0.007* -9.0e-5 -0.002*
(0.001) (0.002) (0.001) (0.001)
expected generic attribute (7y44) -0.017* -0.032* -0.001 0.003
(0.006) (0.007) (0.003) (0.008)
brand-name demand shock (745) 1.7e-4 9.0e-4 6.6e-5 6.0e-4
(0.001) (0.009) (0.001) (6.1e-4)
generic demand shock (7y46) 0.009* 0.001 -0.001 -3.0e-4
(0.003) (0.002) (0.001) (0.002)
Brand-name and generic:
variance of prediction error: 0.005* 0.006* 0.001*
(3.2¢-4) (5.0¢-4) (1.4¢-4)
desipramine 0.004*
(4.0e-4)
doxepin 0.002*
(4.5e-4)
maprotiline 5.0e-4*
(1.3e-4)
trazodone 0.014*
(0.003)
haloperidol 0.009*
(0.002)
perphenazine 0.001*
(2.0e-4)
thiothixene 0.001%*
(1.7e-4)

Standard errors are reported in parenthesis
Notes:

* _ t-statistic > 1.96

** _ t-statistic > 1.65
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Table 9: Average generic sales, predicted generic sales and predicted perceived variance (number

of patient days, million)

Time Number of Model with  Model without
(quarter) markets E[aiq (t)] Data uncertainty uncertainty
0 25 38.58 4.05 2.74 15.67
1 25 31.47 6.87 4.84 22.04
2 25 25.25 8.19 8.02 23.93
3 25 20.70 9.74 10.41 26.31
4 25 17.35 10.56 1297 27.27
) 25 14.86 11.70 14.91 28.03
6 25 12.93 12.64 16.97 2891
7 25 11.32 13.57 17.70 28.23
8 25 10.12 14.64 18.28 27.91
9 25 9.48 15.34 19.42 28.51
10 24 8.75 16.81 19.43 27.57
11 23 8.31 17.59 19.60 27.51
12 22 7.86 18.46 20.14 27.93
13 21 7.52 19.09 20.40 27.87
14 18 7.72 21.81 20.10 29.14
15 16 7.84 21.55 20.29 28.19
16 14 7.65 25.87 21.79 29.99
17 12 8.37 25.12  20.13 29.76
18 11 6.83 26.79 20.92 29.06
19 9 6.66 25.80 20.19 27.64
20 7 5.49 38.90 26.08 35.17
21 4 5.11 54.03 20.07 32.90
22 2 1.66 11.86 10.64 12.28
23 1 2.89 21.24 18.94 22.11
24 1 2.80 20.52 18.17 21.18
Notes:

quarter 0 refers to the quarter in which generics just entered the market.
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Figure 1: Average relative prices of generics vs time
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Figure 2: Average market shares of generics vs time
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