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Abstra
tThis paper measures the importan
e of 
onsumer learning and 
onsumer heterogeneity inUS pres
ription drug markets, during 1984-1990. I 
onsider a 
onsumer learning model, whi
hin
orporates heterogeneity in pri
e sensitivity. Sin
e per
eived drug attributes are unobserved bythe e
onometri
ian but potentially observed by �rms, this may generate a simultaneity problemwhen estimating the demand model. This paper provides a new estimation pro
edure to take thisproblem into a

ount. Using this new method and a data set detailing the evolution of pri
esand market shares for 25 drugs, I estimate the distribution of patient preferen
es that determinehow patients evaluate risks, per
eived attribute levels, and pri
es when 
hoosing between a brand-name drug and its generi
 
ounterparts. The estimates show that in general the publi
 was risk-averse, un
ertain about generi
 attributes and had pessimisti
 initial priors during the 80s. Two
ounterfa
tual experiments are 
ondu
ted using the parameter estimates. One experiment showsthat learning plays an important role in explaining the slow di�usion of generi
s, after 
ontrolling forthe value of the outside good, the number of generi
 �rms, and generi
 pri
es. Another experimentdemonstrates that di�usion rates of generi
s vary 
onsiderably a
ross patient types, indi
ating thatthere is signi�
ant 
onsumer heterogeneity in pri
e sensitivity.JEL Classi�
ation Numbers: C15, D12, D83, I11, L15, L65
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1 Introdu
tionAs expenditures on pres
ription medi
ations 
ontinue to in
rease,1 the U.S. Congress has beenlooking for ways to 
ontain pres
ription drug 
osts. To redu
e in
ation in pharma
euti
al 
osts,Congress passed legislation in 1984 (Waxman-Hat
h A
t) that allowed for fast marketing approvalof low-
ost generi
 drugs.2 Sin
e then, the Food and Drug Administration (FDA) has approvedhundreds of generi
 drugs. The surge of generi
s has not only helped 
ontrol health 
are 
osts, butalso provided an unique opportunity to study market evolution. Unlike other markets, de�ningthe market opening date is relatively simple, be
ause the patent expiration dates are observed byresear
hers. The large number of produ
ts available in the pharma
euti
al industry also providesa reasonable sample size for 
ondu
ting empiri
al analysis.There are two interesting features of market evolution in this industry: (i) there has beena slow di�usion of generi
 drugs into the market, though generi
s typi
ally 
ost 50 to 75 per
entless than the brand-name originals, and (ii) many brand-name originators keep in
reasing theirpri
es after generi
 entry. This paper argues that 
onsumer learning is needed to explain theslow di�usion, and 
onsumer heterogeneity is needed to 
apture the pri
ing pattern. However,there have been no studies to date that use produ
t level data to estimate a demand model withthese features, and take the endogeneity of pri
e into a

ount. If �rms are forward-looking and
onsumer learning is important, modeling the supply side will involve using a dynami
 oligopolymodel. Unfortunately, the 
omputational burden of solving a sto
hasti
 version of su
h a modelhas hindered the appli
ation of full solution maximum likelihood. Moreover, the 
omplexity ofthe learning model has limited the appli
ation of instrumental variable te
hniques in estimatingdemand side parameters.In this paper I develop a stru
tural demand model with 
onsumer learning and 
onsumerheterogeneity. To estimate this model, I also develop a pra
ti
al pro
edure, whi
h does not re-quire solving a dynami
 oligopoly model. My estimation approa
h is to approximate �rms' pri
ingpoli
y fun
tions, expressing it as a polynomial in the state variables, in
luding both observed andunobserved produ
t 
hara
teristi
s. I take the endogeneity of pri
e into a

ount by estimating1For example, \U.S. develops expensive habit," Wall Street Journal, November 16, 1998, p.1.2A generi
 drug is essentially an imitation of an original brand-name drug. When the patent prote
tion on theoriginal drug expires, other manufa
turers 
an make 
opies and reprodu
tions of the drug.1



the 
onsumer learning model jointly with this pseudo-poli
y fun
tion. Sin
e some of the produ
t
hara
teristi
s are latent to the e
onometri
ian, I obtain parameter estimates by using simulatedmaximum likelihood. This method is 
omputationally feasible and does not impose strong assump-tions about the pro
ess by whi
h the pri
ing poli
y fun
tions are formed. Using this frameworkand a data set detailing the evolution of pri
es and market shares for 25 drugs from 1984-1990,I estimate the distribution of preferen
es that determines how the demand side evaluates risks,per
eived attribute levels, and pri
es when 
hoosing between a brand-name drug and a generi
drug. The estimates imply that patients are risk-averse, 
onsumer heterogeneity is important, andon average patients have pessimisti
 prior expe
tation about the quality of generi
s. Using theestimates, I 
ondu
t two 
ounterfa
tual experiments. In the �rst experiment, I show that learningplays an important role in explaining the slow di�usion of generi
s, after 
ontrolling for 
hanges inthe value of the outside good, the number of generi
 �rms, and the generi
 pri
e. In the se
ondexperiment, I demonstrate that generi
 di�usion rates vary systemati
ally a
ross 
onsumer types,suggesting that there is signi�
ant 
onsumer heterogeneity in pri
e sensitivity.The rest of the paper is organized as follows. Se
tion 2 provides some ba
kground on theU.S. pharma
euti
al industry and dis
usses the related literature. Se
tion 3 des
ribes the demandmodel. Se
tion 4 des
ribes the data set and explains the estimation strategy. Se
tion 5 presentsparameter estimates and the results of 
ounterfa
tual experiments. The last se
tion 
on
ludes bydis
ussing limitations of this study and dire
tions for future resear
h.2 Ba
kground and Literature Review2.1 Equivalen
e between Brand-name and Generi
?Do generi
 �rms supply as high quality a produ
t as the brand-name �rm? This is a hotly debatedtopi
. Not every generi
 drug is 
erti�ed by the FDA to be \therapeuti
ally equivalent" to theoriginator's produ
t.3 Even if they are, due to legal reasons, they may still di�er in ina
tive3Produ
ts 
erti�ed as \therapeuti
ally equivalent" by the FDA are: (i) pharma
euti
ally equivalent, in that they
ontain the same a
tive ingredient(s), are of the same dosage form, route of administration, are identi
al in strengthor 
on
entration, and meet appli
able standards of purity and quality; (ii) bioequivalent, in that in vivo or in vitro2



ingredients or shape.4 Nowadays, many people believe that these fa
tors are trivial and will notin
uen
e the 
lini
al out
ome. However, generi
 drugs were relatively new in 1984 to 1990, theperiod that my data set 
overs.5 Therefore, it seems plausible that the publi
 (i.e., physi
ians,pharma
ists and patients) may have been risk averse and un
ertain about the quality of generi
s.The fa
t that brand-name drugs retain a substantial market share despite the large brand-generi
 pri
e di�erential provides support for the un
ertainty hypothesis. This view is sharedby other resear
hers (Caves et al.[11℄, Frank and Salkever[19℄, Grili
hes and Co
kburn[23℄). The\generi
 s
andal" dis
losed in 1989 also suggests that some generi
 drugs might not have been asgood as brand-name drugs during the 80s.62.2 Slow Di�usion of Generi
 drugsOne distin
t feature of the U.S. pres
ription drug market is that new generi
 drugs typi
ally takeseveral quarters to a
hieve signi�
ant sales, even though there is very little movement of relativegeneri
 pri
es (sometimes even upward movement) (Grili
hes and Co
kburn[23℄, Berndt et al.[3℄).7To illustrate this fa
t, I 
onsider the 
o-movements of average market share of generi
s and averagerelative pri
e of generi
s.8 Figure 1 and 2 plots the average relative pri
e of generi
s against timeand the average market share of generi
s against time, respe
tively. The data is quarterly andperiod 0 refers to the �rst quarter that generi
s enter the market. Although the average relativetests does not show a signi�
ant di�eren
e in the rate and extent of absorption of the referen
e drug; (iii) adequatelylabeled; and (iv) manufa
tured in 
omplian
e with Current Good Manufa
turing Pra
ti
e regulations. The FDAalways emphasizes that produ
ts evaluated as therapeuti
ally equivalent are expe
ted to have equivalent 
lini
ale�e
t regardless of whether they are brand-name or generi
s.4Due to the trademark prote
tion, the generi
 manufa
turers may not be allowed to produ
e generi
 versions thathave exa
tly the same appearan
e as the brand-name originals.5Generi
 drugs are un
ommon prior to the 1984 Waxman-Hat
h A
t be
ause generi
 manufa
turers were requiredto repeat all 
lini
al tests, whi
h were very 
ostly.6Investigations by the U.S. Attorney's oÆ
e during 1988-89 dis
overed that: (i) there were several 
ases of briberyin the generi
 drug approval pro
ess, (ii) some generi
 �rms obtained the FDA approval for marketing new generi
drugs by submitting false data, and (iii) some generi
 �rms were found violating good manufa
turing pra
ti
es.7These features were parti
ularly prevalent in the 80s (Grabowski and Vernon[22℄).8I use my data set, whi
h 
onsists of 25 drugs, to obtain average market shares of generi
s and average relativepri
es of generi
s. 3



pri
e of generi
s remains fairly 
onstant for the �rst �ve periods at around 0.6, the average marketshare of generi
s has in
reased from about 0.05 to more than 0.3.In general there are three possible explanations for slow di�usion of generi
s: (i) it may taketime for risk-averse physi
ians, pharma
ists and patients to a
quire knowledge about the quality ofgeneri
 drugs, (ii) it may take time for new generi
 entrants to set up their produ
tion fa
ilities andmove through the distribution 
hannels, and (iii) it may take time for physi
ians, pharma
ists andpatients to be
ome aware of its availability. The last two fa
tors, though generally reasonable, maynot apply to pharma
euti
al markets. It should be noted that many generi
 �rms have been a
tivein the industry for years during the period that I study. It seems likely that they have alreadydeveloped the distribution 
hannels to market their existing generi
 produ
ts for other drugs.9 Ad-ditionally, the FDA should have already ensured that their fa
ilities are ready for produ
tion whengiving their approval to market the new generi
 produ
t. Therefore, fa
tor (ii) does not seem to bevery relevant. In addition, the approval of the �rst generi
 produ
t is typi
ally important news forthe industry and is heavily reported in newspapers, journals and magazines of the health profes-sions. Pharma
ists are also frequently 
onta
ted by sales representatives from generi
 �rms. Thus,fa
tor (iii) also seems likely to be of minimal importan
e in explaining pharma
euti
al markets.However, there is eviden
e whi
h suggests fa
tor (i), learning with risk-aversion, may be im-portant in explaining observed di�usion patterns. Several studies surveyed opinions from physi
ians,pharma
ists, and patients regarding the fa
tors that determine their 
hoi
es between a brand-namedrug and its generi
 
ounterparts (e.g., Strutton et al.[41℄, Carroll and Wolfgang[10℄, and Masonand Bearden[31℄). Their results indi
ate that physi
ian, pharma
ist, and patient per
eptions ofgeneri
 quality, and related risk 
on
erns, were important determinants for adopting generi
 drugsduring the 80s. As mentioned above, a brand-name drug and its generi
 
ounterparts may usedi�erent ina
tive ingredients su
h as tablet �llers, binders and 
oatings. People may worry thatthese fa
tors 
ould a�e
t the eÆ
a
y of generi
 drugs. In addition, given that generi
 drugs wererelatively un
ommon before 1984, it seems that learning is the most plausible explanation for theslow di�usion of generi
s during 1984-1990.9Although there were signi�
antly fewer generi
 drugs prior to 1984, the major generi
 �rms were already estab-lished in the 70s.
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2.3 Pri
ing Pattern and Consumer HeterogeneityAnother surprising feature of the data is that many brand-name �rms raised their pri
es aftergeneri
 entry. This fa
t has been do
umented using data during the 70s and 80s (Caves et al.[11℄,Grabowski and Vernon[21℄, S
ott[38℄, S
hondelmeyer[37℄, Suh et al.[42℄, Frank and Salkever[19℄).I illustrate this fa
t in Figure 3, whi
h plots the average wholesale pri
e per patient day(AWP) for brand-name drugs and generi
 drugs against time, where pri
e is measured at 1990dollars. This �gure displays the pri
ing patterns in all my samples (altogether 25 markets), andshows that brand-name pri
es in
rease after generi
 entry for 17 markets.10 In six markets, brand-name pri
es remain relatively 
onstant after generi
 entry.11 In two markets, brand-name pri
esdrop after generi
 entry.12 In 
ontrast, average generi
 pri
es are 
onsistently de
reasing over time.The in
rease of brand-name pri
es in response to generi
 entry is 
onje
tured to be a resultof 
onsumer heterogeneity (Caves et al.[11℄, Grabowski and Vernon[21℄, Frank and Salkever[19℄).It has been argued that 
onsumers are heterogeneous in terms of their pri
e sensitivity. Whengeneri
s enter the market, pri
e-sensitive 
onsumers swit
h to low 
ost generi
s. Consequently, thebrand-name �rm fa
es a more pri
e-inelasti
 demand and hen
e 
an raise its pri
e. This explanationis further supported by the fa
t that insuran
e plans for pres
ription drugs in the U.S. are quitediverse in terms of their 
oinsuran
e rate (OÆ
e of Te
hnology Assessment[43℄). Although thisexplanation has been suggested in the literature, it should be emphasized that this is the �rststudy attempting to measure the importan
e of 
onsumer heterogeneity in U.S. pres
ription drugmarkets. In Ching[12℄, I empiri
ally examine how pri
ing patterns of �rms are related to 
onsumerheterogeneity by using a dynami
 oligopoly stru
tural model.10These 17 markets are amiloride (Figure 3[1,1℄), 
lonidine (Figure 3[1,2℄), methyldopa (Figure 3[1,4℄), hy-dro
hlorothiazide methyldopa (Figure 3[1,5℄), propranolol (Figure 3[2,1℄), 
lorazepate (Figure 3[2,5℄), diazepam (Fig-ure 3[3,1℄), 
urazepam (Figure 3[3,2℄), oxazepam (Figure 3[3,4℄), temazepam (Figure 3[3,5℄), desipramine (Figure3[4,1℄), doxepin (Figure 3[4,2℄), maprotiline (Figure 3[4,3℄), trazodone (Figure 3[4,4℄), thiothixene (Figure 3[5,2℄),
ephalexin (Figure 3[5,3℄) and 
lindamy
in (Figure 3[5,5℄).11These six markets are disopyramide (Figure 3[1,3℄), verapamil (Figure 3[2,2℄), ba
lofen (Figure 3[2,3℄), 
arba-mazepine (Figure 3[2,4℄), lorazepam (Figure 3[3,3℄) and 
ephradine (Figure 3[5,4℄).12These two markets are haloperidol (Figure 3[4,5℄) and perphenazine (Figure 3[5,1℄).
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2.4 Demand for Pres
ription DrugsThe 
hoi
e between a brand-name drug and a generi
 drug is jointly determined by physi
ians,pharma
ists and patients. Patients, who are insuÆ
iently well-informed to de
ide on the meritsof produ
ts, 
onsult physi
ians on the eÆ
a
y and safety of generi
 drugs. Taking their insuran
e
overage into 
onsideration, patients then 
hoose either a brand-name drug or one of its generi

ounterparts, whi
h are typi
ally produ
ed by several generi
 �rms. If a patient 
hooses generi
s,he/she will re
eive a generi
 drug that his/her pharma
ist has kept in sto
k.One may argue that due to the presen
e of health insuran
e, de
ision makers need not pay the
ost of drugs, and hen
e they may not take pri
es into a

ount when making 
hoi
es. However, this
laim is not warranted in US. Although the majority of the US population has pres
ription drug
overage, it is un
ommon for insuran
e plans to 
over the drug 
osts in full.13 During the 80s, mostprivate health insuran
e providers had \major medi
al" plans with an overall annual dedu
tibleand some 
oinsuran
e rate applied to all 
overed servi
es, in
luding pres
ription expenses. The restusually required a �xed 
opayment for pres
ription drugs instead of in
luding them in the overalldedu
tible.14 Hen
e, even if many argue that physi
ians do not have an in
entive to learn drugpri
es, it seems plausible that a majority of patients, who are responsible for paying part of thepres
ription expenses, have an in
entive to �nd out the brand-generi
 pri
e di�erential.Another interesting feature of the demand for pharma
euti
als is that learning from othersseems to be relatively more important 
ompared with other markets. Physi
ians or pharma
istswho are in 
onta
t with many patients serve the fun
tion of information pooling. In addition to
ommuni
ations among physi
ians and pharma
ists, there are institutions like insuran
e 
ompaniesand the FDA's MedWat
h, whi
h keep tra
k of the past experien
es of a drug produ
t and updatethe industry's per
eived eÆ
a
y and safety of drug produ
ts.13For instan
e, Medi
are does not provide any pres
ription drug 
overage.14In 1989, about 70% of the non-elderly population had private health insuran
e 
overage. Among those, about 61%had an overall annual dedu
tible and some 
oinsuran
e rate applied to pres
ription expenses (OÆ
e of Te
hnologyAssessment[43℄). HMOs and PPOs are not very 
ommon in the 80s.
6



2.5 Literature ReviewThere is a growing interest in modeling the demand for pres
ription drugs. Stern[40℄ estimates atwo-level nested logit model using produ
t level data from four therapeuti
 
lasses (Minor Tran-quilizers, Gout, Oral Diabeti
s and Sedatives), where 
onsumers 
hoose among drugs of the sametherapeuti
 
lass at the �rst level, and then 
hoose between a brand-name drug and generi
s at these
ond level. Ellison, Co
kburn, Grili
hes and Hausman[17℄ estimate an Almost Ideal Demand Sys-tem using produ
t level data on four anti-infe
tive drugs. Berndt, Bui, Reiley and Urban[2℄ estimatethe e�e
t of advertising in the US anti-ul
er drugs market. Hellerstein[26℄ estimates a physi
ian'spres
ription 
hoi
e model using individual level data. All these studies ignore state dependen
e indemand.15 However, if state dependen
e is present, estimating a model without it 
ould potentiallylead to bias in the estimates and give misleading poli
y impli
ations (He
kman[24℄). For example,when there is positive state dependen
e, a pri
e promotion will not only a�e
t the quantity sold inthe 
urrent period, but also have a long-term impa
t on demand. A demand model without statedependen
e will not be able to predi
t su
h a long-term e�e
t.Currie and Park[15℄ in
orporate state dependen
e by estimating a Bayesian learning model foranti-depressant drugs. But there is no 
onsumer heterogeneity in terms of pri
e sensitivity in theirmodel. Cos
elli and Shum[13℄ use a similar framework to estimate an individual level physi
ian's
hoi
e problem for omeprazole. Crawford and Shum[14℄ estimate an individual level 
hoi
e problemunder un
ertainty for the Italian anti-ul
er drug market. Both Cos
elli and Shum[13℄ and Crawfordand Shum[14℄ model how individuals 
hoose a brand-name drug that mat
hes their needs well, andthey use individual level data to estimate their models. But learning from others or spillover e�e
tsare not allowed in their model. In these three studies, pri
e is assumed to be exogenous. Exogeneityof pri
e 
an be justi�ed in Cos
elli and Shum[13℄ and Crawford and Shum[14℄ be
ause they studythe Italian market where there are pri
e 
ontrols. However, Currie and Park[15℄ use produ
t leveldata from the US market, where pharma
euti
al �rms are free to set their pri
es.In 
ontrast to these papers, I develop an estimation te
hnique to take the endogeneity of pri
esinto a

ount. In terms of modeling, I fo
us on aggregate learning (or learning from others). Notethat both Currie and Park[15℄ and Cos
elli and Shum[13℄ impose the restri
tion that agents are15State dependen
e in demand refers to any 
ausal relationships between past pur
hasing behavior and 
urrentpur
hasing behavior. Consumer learning 
ould be one of these 
ausal relationships.7



risk-neutral. Although my model is similar to their models, I estimate the risk-aversion parameterfrom the data.Berndt, Pindy
k and Azoulay[4℄ estimate a redu
ed form di�usion model for the US anti-ul
erdrug market. They fo
us on estimating the di�usion rate of new brand-name drugs, and �nd thatit is signi�
ant in this market. They argue that di�usion is due to 
onsumer learning and word-of-mouth 
ommuni
ation. However, their redu
ed form model is not derived from an e
onomi
 model.On the 
ontrary, my model generates di�usion dire
tly from a Bayesian learning model. Althoughthe Bayesian learning model imposes more stru
ture to the predi
ted di�usion pattern, I �nd thatthe model is able to explain the data fairly well. Moreover, I re
over the preferen
e parameters,whi
h are useful for poli
y experiments. In terms of appli
ation, I measure the di�usion rate forgeneri
s instead of new brand-name drugs. It should also be mentioned that my data set 
onsists of25 drugs and 
overs �ve therapeuti
 
lasses. Therefore, the results obtained here are more generalthan the previous studies.3 The ModelAs argued in the previous se
tion, the stylized fa
ts of the slow di�usion of generi
s and the in
reasein brand-name pri
e after generi
 entry suggest that a demand model for pres
ription drugs shouldin
orporate 
onsumer learning and 
onsumer heterogeneity. In this se
tion I extend the individualBayesian learning demand model developed by Erdem and Keane[18℄ to a market level demandsystem where 
onsumer preferen
es are allowed to be heterogeneous.Produ
t 
hara
teristi
s 
an be distinguished as pj, Aj , and �j, where pj is the pri
e of produ
tj, Aj is the mean attribute level of produ
t j, and �j represents an unobserved demand sho
k (e.g.,manufa
turer rebates) for produ
t j. All agents in the model are perfe
tly informed about pj and�j, but are imperfe
tly informed about Aj .At the beginning of ea
h period, patients make their 
hoi
es based on the publi
 per
eptionabout the quality of ea
h produ
t.16 After taking their drugs, some patients reveal their experien
esignals to the publi
 when revisiting their physi
ians. Then physi
ians, who a
t as an information16In other words, the publi
 information set is 
ommon knowledge.
8



aggregator, update the publi
 information of the mean attribute for ea
h produ
t in a Bayesianfashion.17The model 
an be broken up into two 
omponents: (1) learning about produ
t attributes,and (2) demand. I now des
ribe them in turn.3.1 Learning about Produ
t AttributesA drug is an experien
e good. But ea
h patient i's experien
e of the attribute of produ
t j at timet ( ~Aijt) may di�er from its mean attribute level Aj. The di�eren
e between ~Aijt and Aj 
ould bedue to the idiosyn
rasies a
ross people in rea
ting to drugs. For instan
e, when di�erent patientstake the same pain-relief drug, the time that they need to wait before their heada
he disappearsmay vary, simply be
ause they have di�erent severity of illness. Even when a patient takes thesame drug at di�erent points in time, the waiting time may still 
hange, as body 
onditions mayvary (it may depend on how mu
h sleep one had, how mu
h one ate, and what other drugs oneis 
on
urrently taking, et
.). In addition, there might be some intrinsi
 quality di�eren
es on theprodu
tion side { di�erent bat
hes of drugs may have di�erent qualities. I refer to this variation ine�e
tiveness as \experien
e variability".The experien
e variability may be expressed as~Aijt = Aj + Æijt; (1)where ~Aijt is the experien
e signal that patient i re
eives when 
onsuming drug j at time t (j = bdenotes the brand-name drug, and j = 1; � � � ; ng denotes generi
 drugs, where ng is the number ofgeneri
 entrants). The error term asso
iated with experien
e variability (Æijt) is treated as an i:i:d:random variable with zero mean.Sin
e I only observe total generi
 sales and average generi
 pri
es, I assume all generi
 drugsshare the same mean produ
t attribute level. Hen
e, Aj = Ak =: Ag;8j; k = 1; � � � ; ng. Then, theexperien
e variability for generi
 drugs 
an be rewritten as:~Ailt = Ag + Æilt; (2)17As dis
ussed in the previous se
tion, this is motivated by the feature of learning from others in pres
ription drugmarkets. 9



where l = 1; � � � ; ng.The initial period of my model (t = 0) is the period right before the patent expires. Sin
ebrand-name produ
ts have typi
ally been on the market for six to ten years when their patentsexpire, I assume that the publi
 has already a

umulated a suÆ
ient number of experien
e signalsto infer their true mean attribute levels. Hen
e, in the model the publi
 is only un
ertain aboutmean attribute levels of generi
 drugs.In order to fa
ilitate the 
onstru
tion of Bayesian updating rules, the signal noise Æijt andthe initial prior on Ag are assumed to be normally distributed. Letting t = 0 be the initial periodof the model, I have Æijt � N(0; �2Æ ); (3)Ag � N(A; �2Ag (0)); (4)where �2Ag (0) is the initial varian
e (at t = 0) or un
ertainty about Ag. A

ording to (3) and (4),when a generi
 drug is �rst introdu
ed, the initial prior is that its mean attribute level (Ag) isnormally distributed with initial prior mean A and initial prior varian
e �2Ag(0). Thus, letting I(0)denote the initial prior information about generi
 drugs, E[AgjI(0)℄ = A.Let St be the set of experien
e signals that are revealed to physi
ians at time t. Sin
e notevery patient revisits his/her physi
ian, the 
ardinality of St (
ard(St)) is generally smaller thanthe quantity of generi
s 
onsumed at time t (qgt), whi
h is the total number of experien
e signalsrevealed to patients. Let � be the fra
tion of experien
e signals revealed to physi
ians in ea
hperiod. Then 
ard(St) = �qgt.18Physi
ians as a whole use information revealed to them over time (i.e., St) to update theprior expe
tation of Ag. The updating of the publi
 information set will not o

ur until the endof the period (i.e., until the experien
e signals are revealed in that period). Let �Agt be the samplemean of the set of experien
e signals revealed to physi
ians at time t.19 Then a

ording to theBayesian rule (DeGroot[16℄):E[AgjI(t+ 1)℄ = E[AgjI(t)℄ + �g(t)( �Agt �E[AgjI(t)℄); (5)18One 
an interpret � as the probability that a patient revisits a phsyi
ian and dis
uss his/her experien
es aboutgeneri
s. Sin
e qgt is typi
ally very large (in the order of several hundred thousands), I assume sampling errors 
anbe ignored and hen
e 
ard(St) = �qgt.19Let Ag be the true mean attribute level of generi
 drugs. Then, �Agtj(�qgt; I(t)) � N(Ag; �2Æ�qgt ).10



where �g(t) is a Kalman gain 
oeÆ
ient, whi
h is a fun
tion of experien
e variability (�Æ), per
eivedvarian
e (�2Ag (t)). The Kalman gain 
oeÆ
ient 
an be expressed as:�g(t) = �2Ag(t)�2Ag(t) + �2Æ�qgt : (6)The �g 
oeÆ
ient 
an be interpreted as the weight asso
iated with the new information whenupdating the prior expe
tation of Ag. Ea
h time �2Ag (t) is updated, the �g 
oeÆ
ient will beupdated a

ordingly.The per
eption varian
e at the beginning of time t+ 1 is given by (DeGroot[16℄):�2Ag(t+ 1) = 11�2Ag (0) + �Qgt�2Æ ; (7)where Qgt(=Pt�=1 qg� ) is the 
umulative 
onsumption of generi
s, or,�2Ag(t+ 1) = 11�2Ag (t) + �qgt�2Æ : (8)Equations (7) and (8) suggest that the per
eived varian
e asso
iated with Ag (and 
onsequentlythe per
eived varian
e of Aij) will be lower, 
eteris paribus: (a) the lower the experien
e variabilityof the produ
t; and (b) the more experien
es the publi
 has with generi
 drugs.20 Also, it shouldbe noted that it is the ratio between the experien
e variability (�2Æ ) and the fra
tion of experien
esignals revealed (�) that determines the rate of learning.Equation (7) implies that, after observing a suÆ
iently large number of experien
e signalsfor a produ
t, the publi
 will learn about the true mean attribute level, Aj , in an arbitrarilypre
ise way (i.e., �Aj (t) ! 0 and E[Aj jI(t)℄ ! Aj as the number of signals re
eived grows large).This impli
ation justi�es our assumption that the publi
 has already learned about the true meanattribute level of ea
h brand-name drug perfe
tly in the initial period (the period right beforepatent expiration), i.e., �Ab(0) = 0 and E[AbjI(0)℄ = Ab.20It is impli
itly assumed that patients, who do not have their experien
e signals revealed to the publi
, will not usetheir own experien
e signals in updating their priors. Noti
e that the initial slow di�usion of generi
 sales exhibitedin the data suggests that learning is a slow pro
ess. Sin
e the sales of generi
s is at least in the thousands of patientdays per quarter, the normalized experien
e variability (�Æ=�) will need to be fairly large if learning takes time. Thisimplies that the marginal 
ontribution of a single experien
e signal to the information set will be very small. Hen
e,in
luding a patient's own signal should not make mu
h di�eren
e in the updating pro
ess, but makes the state spa
emu
h more 
omplex. 11



3.2 DemandThe demand for pres
ription drugs is 
omplex. The prin
ipal-agent relationship among patients,physi
ians and pharma
ists 
ertainly plays an important role in determining demand in this market.However, with only produ
t level data (i.e. pri
es, quantities and measurable 
hara
teristi
s of theprodu
ts) available, it would be very diÆ
ult, if not impossible, to identify the parameters of ademand model with multiple de
ision makers. Thus, my demand model abstra
ts away from thismultiple-de
ision making pro
ess.The demand system is obtained by aggregating a dis
rete 
hoi
e model of individual patientbehavior, whi
h is an extension of the one in Erdem and Keane[18℄. In ea
h market, a patient's
hoi
e is modeled as a two-stage nested pro
ess. The 
hoi
e set J is partitioned into subsets Jl,where l 2 f0; b; gg. The 
hoi
e set J0 only 
onsists of an \outside" alternative, Jb only 
onsistsof the brand-name drug (b), and Jg 
onsists of the generi
 drugs (1; � � � ; ng). Patients sele
t thesubset Jl �rst, then they sele
t an alternative in that subset, in ea
h of T dis
rete periods of time,where T is �nite.21Alternatives are de�ned to be mutually ex
lusive, so that if dij(t) = 1 indi
ates that alter-native j is 
hosen by patient i at time t and dij(t) = 0 indi
ates otherwise, then Pj2J dij(t) = 1.It should be noted that the outside alternative in
ludes re
eiving no treatment and other non-bioequivalen
e drugs, whi
h 
ould treat the same disease.Let I(t) denote the publi
 information set at the beginning of time t. Patients gain a

essto I(t) through physi
ians. Asso
iated with ea
h 
hoi
e j at time t is a 
urrent period expe
tedutility E[Uij(t)jI(t)℄, where E[:℄ is the mathemati
al expe
tation operator. The expe
ted utility isknown to ea
h patient at time t. The spe
i�
 form of the expe
ted utilities E[Uij(t)jI(t)℄ will beintrodu
ed in the next se
tion. When patient i makes his/her pur
hase de
ision, his/her obje
tiveis to maximize 
urrent period expe
ted utility:E[Xj2J Uij(t)dij(t)jI(t)℄: (9)21It might seem implausible that a patient 
an 
hoose among generi
s in Jg , as this is largely a de
ision bypharma
ists. But in a two-stage nested pro
ess, without loss of generality one 
an interpret that patients arerandomly assigned a generi
 drug j in the se
ond stage. This 
aptures the idea that patients do not know whi
hgeneri
 drug they will re
eive when �lling their pres
riptions.12



It is plausible that patients re
ognize that 
urrent 
hoi
es may a�e
t the publi
 informationset. As a result, they may have an in
entive to experiment with new produ
ts to learn their truemean attributes. If su
h an in
entive is strong, it may be more reasonable to model patients asmaximizing their lifetime expe
ted utility rather than their 
urrent expe
ted utility. However, inthe 
ontext of pur
hasing pharma
euti
als, some illnesses are very short-term and happen relativelyinfrequently during one's lifetime. In those 
ases, it seems plausible to assume that the in
entiveto experiment is small. In addition, even for a long-term illness an individual patient's in
entive totry generi
 drugs will be signi�
antly weakened if the normalized experien
e variability (�Æ=�) islarge, again be
ause the marginal 
ontribution of a single experien
e signal to the information setwill be very small.22 As argued above, the slow di�usion of generi
 sales suggests that this wouldbe the 
ase for pharma
euti
al markets. Hen
e, the assumption of maximizing expe
ted 
urrentutility seems to be a reasonable approa
h.I assume that the indire
t utility of 
onsuming a drug 
an be adequately approximated by anadditive 
ompensatory multi-attribute utility model (Lan
aster[28℄), and is given by the followingexpression: Uijt = ��ipjt + ! ~Aijt � !r ~A2ijt + �jt + �ilt + eijt; (10)where Uijt is the utility for patient i 
onditional on 
hoi
e of produ
t j at time t; pjt is the pri
e forprodu
t j at time t; ! is patients' attribute weight on ~A; r is the risk 
oeÆ
ient; �i is the utilityweight that patient i atta
hes to pri
e; �jt represents the mean valuation of produ
t j's unobserveddemand sho
k at time t; (�ilt + eijt) represents the distribution of 
onsumer preferen
es aboutthis mean. The parameters �i, �ilt and eijt are unobserved by the e
onometri
ian but observedby patients in the model when they make pur
hase de
isions. It should be noted that ~Aijt is notobserved by patients when they make their pur
hase de
isions. It is observed by them only afterthey 
onsume the drug, but remains unobserved by the e
onometri
ian. Therefore utility is afun
tion of experien
ed attribute levels ( ~Aijt) and not the true mean attribute levels (Aj).22It should be pointed out that there is an externality problem in the learning pro
ess. An individual patient doesnot take into a

ount the spillover bene�t of his/her experien
e signals to other patients. Sin
e the total number ofpatients for any parti
ular illness is typi
ally very large (over a million), it may be so
ially optimal for the e
onomy toexperiment with generi
 drugs even though the normalized experien
e variability is large from an individual viewpoint.13



As I dis
ussed before, the a
tual pri
e paid by patients may vary be
ause of the variationin health insuran
e 
overage. Sin
e the distribution of a
tual pri
es paid by the patients is notobserved in my data set, I allow �i to be heterogeneous in order to 
apture this institutional feature.Moreover, the heterogeneity of �i 
ould be 
ru
ial in explaining the pattern that brand-name pri
esin
rease in response to generi
 entry.23For ea
h patient i, �ilt is 
ommon to all produ
ts in group l. This introdu
es group 
orrelationof utility levels. In the nested logit framework, eijt is distributed Extreme Value with varian
e(��2)2=3, and (�ilt+eijt) is distributed Extreme Value with varian
e (��1)2=3.24 One interpretationis that 
onditioning on 
hoosing generi
s, eijt is an error term asso
iated with generi
 drug j.The in
ome term in the indire
t utility fun
tion is suppressed (it will be 
an
eled out laterin the logit formulation of 
hoi
e probabilities). This spe
i�
ation suggests that utility is linearin p and �, whi
h implies that patients are risk neutral with respe
t to p and �. It is assumedthat agents in the model 
an measure drug attributes a

ording to a �xed s
ale, e.g., a patient 
anmeasure attributes su
h as how long his stoma
h pain would be suppressed after taking the drug.25Hen
e, one 
an represent patients' risk-averse behavior with respe
t to ~A by using the 
on
avityof the utility fun
tion. As I argued above, risk-averse behavior 
ould play an important role inexplaining the slow di�usion of generi
s observed in the data. Therefore, I allow a quadrati
 termin ~A to enter the utility fun
tion. Given a stri
tly positive !, the patients are risk averse, riskneutral or risk seeking as r > 0, r = 0 or r < 0, respe
tively with respe
t to ~A.It follows from Equation (10) that the expe
ted utility asso
iated with generi
 drug j is,E[UijtjI(t)℄ = ��ipjt + !E[ ~AijtjI(t)℄� !rE[ ~AijtjI(t)℄2�!rE[( ~Aijt �E[ ~AijtjI(t)℄)2jI(t)℄ + �jt + �igt + eijt: (11)23It should be noted that ! and r are assumed to be homogeneous. I make this assumption be
ause it is verydiÆ
ult, if not impossible, to identify the parameters of the model if I allow all three 
oeÆ
ients, (�; !; r), to beheterogeneous given the market level data I have.24The exposition of the nested logit model framework follows from Cardell[8℄.25Obviously, drug attributes are multi-dimensional. Impli
itly, I assume patients are able to use a s
oring rule tomap all measurable attributes to a one-dimensional index. It is the value of this one-dimensional index that entersthe utility fun
tion.
14



Patient i's expe
ted utility of pur
hasing generi
 drug j at time t, given his/her per
eption atthe beginning of time t, is a linear fun
tion of pri
e, a 
on
ave (r > 0), linear (r = 0) or 
onvex(r < 0) fun
tion of the expe
ted levels of ~Aijt, and a linear fun
tion of the per
eived \varian
e" in~Aijt. Furthermore, the sto
hasti
 
omponents of the utility fun
tion (�jt; �igt; eijt) reappear in theexpe
ted utility equation be
ause they are sto
hasti
 only from the e
onometri
ian's point of view.Now note that in Equation (11), the term E[( ~Aijt�E[ ~AijtjI(t)℄)2jI(t)℄ 
an be de
omposed into�2Æ+�2Aj (t) (see (2)). Note further that Æijt has zero mean. Hen
e, E[ ~AijtjI(t)℄ = E[AgjI(t)℄;8i;8j 2Jg (see (1)). I also restri
t �jt = �gt;8j 2 Jg. Consequently, for all j 2 Jg, I obtain,E[UijtjI(t)℄ = ��ipjt + !E[AgjI(t)℄� !rE[AgjI(t)℄2�!r(�2Æ + �2Ag(t)) + �gt + �igt + eijt: (12)Sin
e I assume that the publi
 have already learned perfe
tly about the true mean attributelevel of the brand-name drug, Ab (i.e. �Ab(t) = 0 and E[AbjI(t)℄ = Ab;8t = 0; � � � ; T ), it followsfrom Equation (12) that the expe
ted utility of pur
hasing a brand-name drug 
an be written as,E[UibtjI(t)℄ = ��ipbt + !Ab � !rA2b � !r�2Æ + �bt + ~eibt; (13)where ~eibt = �ibt + eibt.Equations (10)-(11) apply only to the drugs under analysis. In ea
h period, patients mayalso 
hoose an outside alternative (i.e. other non-bioequivalent drugs or no treatment). I assumethe expe
ted utility asso
iated with the outside alternative to be a linear fun
tion of time plus asto
hasti
 error 
omponent, E[Ui0tsjI(t)℄ = �0i + �tit+ ~ei0t; (14)where ~ei0t = �i0t + ei0t. The time trend is meant to 
apture the possibilty that the quality ofalternative treatment may be improving over time (or their 
ost may be dropping) in a redu
edform way.My data set does not have information on di�eren
es in the value of the outside alternative.Thus, to a

ount for the possibility that there is more unobserved variation in the valuation of theoutside alternative, I allow the outside good 
oeÆ
ients (�0i; �ti) to be heterogeneous.It should be noted that the presen
e of the outside alternative allows us to model aggregatedemand for the brand-name and generi
 drugs as a fun
tion of pri
es and produ
t 
hara
teristi
s. In15



the absen
e of an outside alternative, a general in
rease in pri
es for both the brand-name originaland its generi
 versions will not de
rease the total sales of the drug.As in He
kman and Singer[25℄, I spe
ify the heterogeneity of the pri
e response 
oeÆ
ient(�i) and 
oeÆ
ients for the outside alternative (�0i; �ti) follows a dis
rete multinomial distribution.A

ordingly, we distinguish betweenK di�erent \types" of individuals, where ea
h type k = 1; :::;Kis 
hara
terized by a di�erent triple (�k; �k0 ; �kt ). The population proportion of ea
h type is givenby �k = Pr(�i = �k; �0i = �k0 ; �ti = �kt ). De�ne�Ek[U0tjI(t)℄ = �k0 + �kt t; (15)�Ek[UbtjI(t)℄ = ��kpjt + !Ab � !rA2b � !r�2Æ + �bt; (16)and for j 2 Jg, �Ek[UjtjI(t)℄ = ��kpjt + !E[AgjI(t)℄ � !rE[AgjI(t)℄2 (17)�!r(�2Æ + �2Ag(t)) + �gt;�E[UtjI(t)℄ = f �E1[UjtjI(t)℄; � � � ; �EK [UjtjI(t)℄gj2J : (18)Suppose that a patient has 
hosen Jm at the �rst stage. In the se
ond stage, 
onditioning ontype k, he or she will 
hoose an alternative j 2 Jm, with probability,PJm(jj �Ek[UtjI(t)℄) = exp( �Ek[UjtjI(t)℄=�2)Pl2Jm exp( �Ek[UltjI(t)℄=�2) : (19)The probability of 
hoosing Jm from J is,P (Jmj �Ek[UtjI(t)℄) = exp(Sm=�1)Pl2f0;b;gg exp(Sl=�1) ; (20)where Sm = �2ln[Pl2Jm exp( �Ek[UltjI(t)℄=�2)℄. With Equation (19) and (20), it is straightforwardto derive the 
hoi
e probabilities for l 2 f0; b; gg,E[ql( �E[UtjI(t)℄; �)℄ =MP (lj �E[UtjI(t)℄; �); (21)where M is the total number of patients.As pointed out in Berry and Pakes[5℄ and A
kerberg and Rysman[1℄, the i:i:d: extreme valueerror terms (eijt's) represent unobserved produ
t di�erentiation that is symmetri
 a
ross produ
ts.2626Note that E[AgjI(t)℄ is also an unobserved produ
t 
hara
teristi
 but it is asymmetri
 a
ross produ
ts.16



The unobserved produ
t di�erentiation 
ould be due to the un
ertainty about quality di�eren
esamong individual generi
 drugs, whi
h I do not model expli
itly. This feature of the model has
aused the pri
e-
ost margin to be stri
tly bounded away from zero even when the number ofgeneri
s in
reases to in�nity. The reason for this result is that ea
h additional generi
 entrant
reates one more dimension to the symmetri
 unobserved produ
t di�erentiation (SUPD) spa
e.Moreover, the higher the varian
e of eijt, the larger the bound as it in
reases market power of ea
hprodu
t. Intuitively, �2, whi
h measures the varian
e of eijt, represents the degree of SUPD. As Iwill dis
uss in Se
tion 5.1.2, the pri
e of generi
s 
onsistently de
reases over time even when thenumber of generi
 entrants be
omes �xed. This suggests that the degree of SUPD may de
rease overtime. This 
ould happen if the un
ertainty about qualities of individual generi
 drugs is resolvedover time. To 
apture this, I model �2 as a fun
tion of generi
 entry time, et,�2(et) = ��2exp(��et): (22)In this parameterization, I allow the possibility that �2 may de
rease over time.27 As demon-strated in Ching[12℄, this feature has signi�
antly improved the 
exibility of a supply side modelin generating pri
ing patterns that are similar to the data.4 Data and Estimation4.1 Data4.1.1 Sample Sele
tionA drug is de�ned as a 
hemi
al or a 
ombination of 
hemi
als that is patented by its originator.It 
an be produ
ed by either the originator or generi
 �rms after patent expiration. Sample drugswere sele
ted from 
hemi
als whose patents expired during the four year period from 1984 through1987.28 This period was 
hosen be
ause the Drug Pri
e Competition and Patent Term Restoration27It should be noted that this approa
h is similar to A
kerberg and Rysman[1℄.28The data set des
ribed here is the same as the one used in Suh et al.[42℄. The data on sales volume, revenue andpatent expiration date were originally 
olle
ted by Stephen S
hondelmeyer on behalf of the U.S. OÆ
e of Te
hnologyAssessment. I also obtained a data set on patent expiration dates from Fiona S
ott Morton. I used her data to 
ross
he
k the information that I 
olle
ted from other sour
es. The dis
ussion in this se
tion is heavily drawn from Suhet al.[42℄. 17



A
t of 1984 lowered entry barriers for multiple sour
e drugs. The following 
lasses of produ
tswere ex
luded from the sample: (i) over-the-
ounter drugs; (ii) drugs used ex
lusively in a hospitalsetting; (iii) drugs for whi
h generi
 entry was found to be earlier than the patent expiration year;(iv) drugs that did not experien
e any generi
 entry; and (v) drugs that involved some legal issues.There are 30 sample drugs that satisfy the sele
tion 
riteria above. They are then 
lassi�edby therapeuti
 
lasses: 7 of them are heart disease drugs, 8 are depressants, 4 are anti-depressants,3 are anti-psy
hoti
 drugs, 3 are antibioti
s, and ea
h of the �ve remaining drugs belongs to adistin
t 
lass.29 When estimating the model, I allow parameters to be di�erent a
ross therapeuti

lasses. However, this leads me to ex
lude 
lasses that 
onsist of only one drug in my sample,be
ause of their small number of observations. I therefore only use data on the �rst �ve 
lasses ofdrugs (altogether 25 drugs) listed above to estimate my model.4.1.2 Data Sour
esData sour
es for this study in
lude: Inter
ontinental Marketing Servi
es (IMS),30 the pharma
eu-ti
al Manufa
turers Asso
iation (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 ea
h labeler by strength, dosage form, and pa
kagesize were extra
ted. The data set 
ontains quarterly data from the �rst quarter of 1980 throughthe fourth quarter of 1990. Observations in this data set represent 
ombined sales from drugstoresand hospitals. A detailed dis
ussion on the data 
olle
tion pro
ess 
an be found in Berndt et al.[2℄.The patent expiration dates are obtained from the FDA and the PMA's Report of Patentson Medi
al Produ
ts. The approval dates for Abbreviated New Drug Appli
ations (ANDA) formarketing generi
 drugs are obtained from the FDA's Orange Book. Daily De�ned Dose (DDD)and Average Treatment Duration (ATD) are 
olle
ted from the Medispan's Pri
e-Trek database.DDD is used to standardize the unit to the number of patient days. ATD is used to obtain thenumber of patient days that on average ea
h pur
hase de
ision would amount to.29These �ve drugs are la
tulose (anti-
onstipation), meto
lopramide (anti-nausea), a
etohexamide (anti-diabetes),danazol (anti-endometrosis) and me
lofenamate sodium (anti-in
ammatory).30IMS is a private 
ompany that spe
ializes in 
olle
ting sales data for the pharma
euti
al industry.
18



The estimates of the number of patients who have been diagnosed with a parti
ular 
onditionare obtained from National Ambulatory Medi
al Care Survey and the National Hospital Dis
hargeSurvey. These estimates together with ATD are used to 
reate the size of market variable for ea
h
hemi
al.314.2 EstimationThe potential endogeneity of pri
e is the main 
on
ern in estimating this 
lass of produ
t di�eren-tiated market models. If �rms know unobserved produ
t 
hara
teristi
s (E[Ag jI(t)℄ and �t) whenthey 
hoose pri
es, it is likely that pri
es are 
orrelated with them. If this 
orrelation exists and thee
onometri
ian ignores it when estimating the model, not only will the pri
e 
oeÆ
ient be biased,but so will the other preferen
e parameters that determine the rate of learning.Berry[6℄ and Berry et al.[7℄ (BLP) have developed a GMM based method to a

ount forthis endogeneity problem. To apply their pro
edure, one would �rst use a 
ontra
tion mappingto re
over ea
h produ
t's \aggregate" unobserved produ
t 
hara
teristi
 (denoted as "jt) from themarket shares and a given set of parameter values. One would then use "jt's to 
reate the sampleanalog for the moment 
onditions. Unfortunately, "jt, being a fun
tion of E[Aj jI(t)℄, E[Aj jI(t)℄2and �jt, is serially 
orrelated and non-stationary in general.32 Another 
ompli
ation is that when
onstru
ting the moment 
onditions, one needs to 
ompute the mean of E[AgjI(t)℄ and E[AgjI(t)℄2
onditioning on fqg�gt�1�=0, whi
h is quite 
omputationally burdensome. These issues make it diÆ
ultto use GMM to estimate this model.31As in Stern[40℄, for ea
h disease 
ategory, I use data from the National Ambulatory Medi
al Care Survey(NAMCS) and the National Hospital Dis
harge Survey (NHDS) to obtain an estimate of the total number of in-dividuals who were diagnosed with a parti
ular 
ondition by a physi
ian or a hospital in a parti
ular year. I thenobtain the mean total number of patients by averaging the total number of patients over years. The total size of themarket (in number of patient days) is taken to be the ATD within the 
ategory multiplied by the mean total numberof patients.32To my knowledge, all the dis
rete 
hoi
e produ
t di�erentiation models, whi
h are estimated using the BLPmethod, assume that there is only one unobserved produ
t 
haratertisti
 for ea
h produ
t (i.e., �jt).
19



4.2.1 Maximum Likelihood: Approximation Approa
hInstead of using the BLP pro
edure to estimate this model, I develop another estimation approa
hin this se
tion. To understand the 
ontribution of my method, it would be useful to review the 
las-si
al full information maximum likelihood approa
h (FIML). In FIML, the e
onometri
ian needsto model the oligopolisti
 supply side expli
itly, then derive a pri
ing poli
y rule as a fun
tion ofobserved and unobserved produ
t 
hara
teristi
s, and other state variables. Then, the e
onome-tri
ian forms the joint likelihood fun
tion of a sequen
e of pri
es and quantities, and 
onsistentestimates of the parameters 
an be obtained by maximizing the likelihood fun
tion. FIML is aniterative pro
ess, whi
h requires solving numeri
ally the supply-side oligopoly model for a givenset of parameter values, then evaluating the likelihood fun
tion, et
., until the likelihood is max-imized. However, as the demand side involves learning and �rms may be forward-looking, thefull solution of the oligopoly model involves solving a multi-agent dynami
 programming problem,whi
h is very 
omputationally demanding. For the dynami
 oligopoly model of the pharma
euti
alindustry that is detailed in Ching[12℄, a single solution takes roughly 60 hours of 
pu time on a SunUltra 60/360MHz SPARC-II pro
essor workstation. Hen
e, full information maximum likelihoodis infeasible in this 
ontext. In addition, even if the e
onometri
ian has the 
omputation power toapply FIML, biased estimates may still result if the equilibrium model is misspe
i�ed.For these reasons, instead of generating a pri
ing poli
y fun
tion by solving a supply-sidemodel expli
itly, my estimation approa
h approximates the pri
ing poli
y fun
tion by expressingit as a polynomial of the state variables. As explained above, E[AgjI(t)℄ and �t may be 
orrelatedwith pt, where pt = (pbt; pgt). In addition, pjt may also depend on (�2Ag (t); ngt; t) through theoligopolisti
 equilibrium (re
all that ngt is the number of generi
 entrants at time t).33 Hen
e, thetrue pri
ing poli
y fun
tion, }(:), should be a fun
tion of (ngt; t; �2Ag (t); E[Ag jI(t)℄; �bt; �gt). Forj 2 fb; gg, pjt = }j(ngt; t; �2Ag (t); E[Ag jI(t)℄; �bt; �gt)�jt; (23)where � is an error term, whi
h 
aptures produ
tivity sho
ks, or \optimization" errors that preventthe �rm from 
orre
tly implementing the optimal pri
ing poli
y fun
tion, }j(:). Impli
itly, I assume33The time trend, t, may a�e
t equilibrium pri
es be
ause it enters the utility fun
tion for the outside good. Atime trend in the pri
ing poli
y fun
tion 
ould also 
apture some systemati
 in
rease in produ
tion 
osts over time.20



that �rms know that there are random fa
tors that lead to ex post dis
repan
ies between intendedand realized de
isions, and }j(:) has already taken these un
ertainties into a

ount.Taking logs on both sides of Equation (23), I obtain,log(pjt) = log(}j(ngt; t; �2Ag (t); E[Ag jI(t)℄; �bt; �gt)) + log(�jt): (24)To approximate log(}j(:)), I use a polynomial series estimator. In other words, I proje
t log(pjt)onto a polynomial of (ngt; t; �2Ag (t); E[Ag jI(t)℄; �bt; �gt). Assuming that the error term, �jt, is dis-tributed log normally, I obtain the 
onditional likelihood of observing pt,fp(ptjngt; t; �2Ag (t); E[Ag jI(t)℄; �t; �l; 
); (25)where �t = (�bt; �gt); 
 is the ve
tor of parameters that are asso
iated with the state variables in}j(:); �l is a set of learning paramters that determines �2Ag(t) and E[AgjI(t)℄. �l is a subset of thedemand side parameters, �d, whi
h in
ludes the parameters of the utility fun
tion as well.34Re
all that the observed quantity demanded, qjt, follows a multinomial distribution andtherefore is subje
t to sampling errors, �jt.35 I in
orporate these sampling errors expli
itly intothe estimation pro
edure. Given that the market sizes are always over one million, I assume thenormal distribution approximates the multinomial distribution well. For j 2 fb; gg, the quantity ofoutput, qjt, 
an be expressed as,qjt =MPr(jjp; ngt; t; �2Ag (t); E[Ag jI(t)℄; �t; �d) + �jt; (26)where V ar(�t) = M  Pr(bjt)(1 � Pr(bjt)) �Pr(bjt)Pr(gjt)�Pr(bjt)Pr(gjt) Pr(gjt)(1 � Pr(gjt)) ! ; (27)Pr(jjt) = Pr(jjp; ngt; t; �2Ag (t); E[Ag jI(t)℄; �t; �d): (28)Noti
e that when the sample size is large (e.g. over one million in this 
ontext), V ar(�) may be sosmall that it alone is not suÆ
ient to explain the dis
repan
ies between the model and the data.34Note that sin
e I approximate log(}j(:)), �jt will also 
ontain an approximation error, whi
h should be a fun
itonof the state variables by 
onstru
tion. I assume that a polynomial series estimator is able to approximate log(}j(:))well, and hen
e the magnitude of the approximation error is very small, and 
an be ignored.35BLP does not in
orporate sampling errors into their estimation pro
edure. They 
onsider the sample size, M , tobe very large, and hen
e disregard sampling errors. 21



Thus, it should be emphasized that the main sour
es of un
ertainty for output are the stru
turaldisturban
es: E[AgjI(t)℄ and �t. I denote fq(qtjpt; ngt; t; �2Ag (t); E[Ag jI(t)℄; �t; �d) as the likelihoodof observing qt 
onditional on (pt; ngt; t; �2Ag (t); E[Ag jI(t)℄; �t), where �jt is assumed to be i:i:d:normal for j = b; g.The joint likelihood of observing (qt; pt) is simply the produ
t of fq(qtjpt; :) and fp(ptj:), i.e.,l(qt; ptjngt; t; �2Ag(t); E[Ag jI(t)℄; �t; �d; 
) = (29)fq(qtjpt; ngt; t; �2Ag (t); E[Ag jI(t)℄; �t; �d)fp(ptjngt; t; �2Ag (t); E[Ag jI(t)℄; �t; �l; 
):Now note that �2Ag(t) is a fun
tion of fqg�gt�1�=0 (see Equation (8)). Therefore, one 
an rewrite (29)as, l(qt; ptjngt; t; �2Ag (t); E[Ag jI(t)℄; �t; �d; 
) = (30)l(qt; ptjngt; t; fqg�gt�1�=0; E[AgjI(t)℄; �t; �d; 
):For ea
h market, the likelihood of observing q = fqtgTt=0 and p = fptgTt=0 is,L(q; pjfng� ; �; E[AgjI(�)℄; �� gT�=0; �d; 
) = (31)TYt=0 l(qt; ptjngt; t; fqg�gt�1�=0; E[AgjI(t)℄; �t; �d; 
):But (�t; E[AgjI(t)℄) are unobserved to the analyst and therefore must be integrated over to formthe un
onditional sample likelihood for (qt; pt), that is,L(q; pjfng�gT�=0; f�gT�=0; �d; 
) = (32)Z Z TYt l(qt; ptjngt; t; fqg�gt�1�=0; E[AgjI(t)℄; �t; �d; 
)dF (f�� gT�=0)dF (fE[Ag jI(�)℄gT�=0):If �t is i:i:d:, the above integrals 
an be rewritten as,L(q; pjfng�gT�=1; f�gT�=0; �d; 
) = (33)Z f TYt [Z l(qt; ptjngt; t; fqg�gt�1�=0; E[Ag jI(t)℄; �t; �d; 
)dF (�t)℄gdF (fE[Ag jI(�)℄gT�=0):Evaluating (33) numeri
ally is very diÆ
ult. It involves high order integrals be
ause E[AgjI(t)℄ isauto
orrelated. I resolve this problem by using the method of simulated maximum likelihood.In the simulation approa
h, one uses Monte Carlo methods to simulate the high order integralsthat enter the likelihood fun
tion rather than evaluating them numeri
ally (Pakes[34℄, Lerman and22



Manski[29℄, M
Fadden[32℄, Pakes and Pollard[35℄, Keane[27℄). To obtain the simulated likelihoodfor (qt; pt), I �rst make D� draws of (�st ) and DA draws of fE[Ag jI(t)℄rgTt=0 from their distributionsF (�t) and F (fE[Ag jI(t)℄gTt=0), respe
tively, where the supers
ript s and r distinguish the simulatedvalues from the a
tual values. Then the simulated likelihood 
an be obtained by averaging the
onditional likelihood over all of the simulated sets of unobservables,L(q; pjfng�gT�=1; �d; 
) ' (34)1DA DAXr=1f TYt [ 1D� D�Xs=1 l(qt; ptjngt; t; fqg�gt�1�=0; E[AgjI(t)℄r; �st ; �d; 
)℄g:It is worth emphasizing how to obtain a sequen
e fE[AgjI(t)℄rgTt=0. Re
all Equation (5),E[AgjI(t+ 1)℄ = E[AgjI(t)℄ + �g(t)( �Agt �E[AgjI(t)℄);where �Agt = Ag + �t �Æp�qgt ;�t iid� N(0; 1): (35)Hen
e, E[AgjI(t)℄ is a fun
tion of fqg�gt�1�=0 and f��gt�1�=0. To draw a sequen
e fE[AgjI(t)℄rgTt=1, I�rst draw a sequen
e f�rt gT�1t=0 , whi
h in turn 
an generate a sequen
e of sample means of experien
esignals, f �ArgtgTt=1 (Equation (35)). Using this sequen
e f �ArgtgTt=1 and the Bayesian updating formulafor E[AgjI(t)℄ (Equation (5)), one 
an re
ursively generate a sequen
e fE[Ag jI(t)℄rgTt=1.It should be noted that the sampling errors for quantities demanded (�) and the predi
tionerrors for pri
es (�) serve the fun
tion of kernel smoothers in forming the simulated likelihoodfun
tion. For ea
h draw of the unobservables (�st ; E[AgjI(t)℄r), the 
onditional likelihood l(qt; ptj:)in Equation (34) is di�erentiable and assigns positive density to any value of quantity demandedand pri
e. They also smooth the likelihood fun
tion so that it is di�erentiable with respe
t to theparameters. Consequently, it is possible to maximize the likelihood using optimization te
hniquesbased on derivative information.However, when the varian
e of sampling errors for quantity demanded is very small, thesimulated likelihood fun
tion will 
losely approximate a step fun
tion of the parameters. This
ould 
reate problems when applying a derivative-based optimization algorithm. In estimatingthe model, I found that the sampling errors were indeed too small for a derivative-based sear
h23



algorithm to work well. So I have in
reased the varian
es of the sampling errors by multiplyingthem by 
onstants in order to smooth the likelihood fun
tion. This approa
h is similar to thekernel-smoothed frequen
y simulator for a dis
rete response model suggested by M
Fadden[32℄.The values of the 
onstant terms are reported in Table 1.36The estimation approa
h des
ribed here is in the spirit of Olley and Pakes[33℄ where theyuse polynomials to approximate the de
ision rule for sele
tion and investment, and Geweke andKeane[20℄ where they use polynomials to approximate an agent's future payo�s. This te
hniqueallows one to obtain estimates for the parameters from the demand side, whi
h in
lude the pa-rameters for the utility fun
tion ((�k; �k; �k0 ; �k0t)Kk=0; !; r; �; �Æ ; ��), the parameters for the initialprior (A; �Ag (0)), and the true mean attribute level of generi
s (Ag). This method has the advan-tage of 
orre
ting the simultaneity problem for the demand model without imposing a parti
ularsupply-side model. As a result, using the parameter estimates, one 
an simulate various supply-sidemodels and see whi
h one generates the pri
ing fun
tion that is 
losest to the data. The parameterestimates for the pseudo-pri
ing poli
y fun
tion also allow one to learn the stru
ture of the truepri
ing poli
y fun
tion. Indeed, given the above framework, one 
an easily 
arry out likelihood ratiotests to see if the pri
ing poli
y fun
tion depends on unobserved produ
t 
hara
teristi
s. Moreover,the maximum likelihood estimator, whi
h expli
itly takes the whole distribution of E[AgjI(t)℄ intoa

ount, is potentially more eÆ
ient than the GMM estimator, provided that one 
an approximatethe pri
ing poli
y fun
tion well.4.2.2 Identi�
ationNow I dis
uss the identi�
ation of the stru
tural parameters in details. Noti
e that the likelihoodfun
tion requires the entry time of generi
 �rms to be exogenous, i.e., un
orrelated with �jt andE[AgjI(t)℄. In the pres
ription drug market, the entry time of generi
 �rms depends on when theyre
eive approvals from the FDA. Usually, the regulatory approval time does not depend on market
onditions, i.e., �jt and E[AgjI(t)℄. Instead, it depends on the quality of the appli
ation and thetotal workload at the OÆ
e of Generi
 Drugs. This institutional feature introdu
es exogenous ran-36As in all kernel smoothing, there is a tradeo�. A higher degree of smoothing makes the sear
h algorithm performsbetter, but also indu
es bias. Hen
e the degree of smoothing should be as small as possible while permitting thesear
h algorithm to perform well. 24



domness to the entry time, whi
h makes the variation of the number of generi
 entrants (ngt) largelyexogenous over time. Consequently, ngt and t, whi
h serve the fun
tion of ex
lusion restri
tions,help identify the pri
e 
oeÆ
ient in the utility fun
tion.37When there are two unobserved produ
t 
hara
teristi
s (�t and E[AgjI(t)℄), it might seemdiÆ
ult to identify their standard deviations. But note that the standard deviation of E[AgjI(t)℄will be
ome arbitrarily small in the long run. Hen
e, the standard deviation of �t 
an be identi�edby the steady state 
u
tuation in market shares.38 Before rea
hing the steady state, the empiri
al
u
tuation of market shares net of those due to �t must be 
ontributed by E[AgjI(t)℄. The rate atwhi
h the 
u
tuation of market shares 
onverges to the steady state basi
ally depends on the rateof learning, and therefore identi�es �2Ag(0) and �Æ=� (Equation (7) and (8)). The initial marketshares help identify the initial prior mean (A). The long-run steady state market shares identifythe true mean attribute level of generi
s (Ag). The evolution of the market shares, �2Ag(t) andE[AgjI(t)℄ identify the utility weight for attribute (!), and the risk aversion parameter (r). Thevariation in 
hoi
e sets (as the number of generi
 �rms in
reases) and the substitution patternbetween brand-name and generi
 drugs identify the proportion of ea
h patient type (�k).39It should be noted that there are a number of markets in whi
h market shares of brand-name drugs stay at a surprisingly high level, even though these markets seem to have rea
hed longrun equilibrium with several years having elapsed sin
e patent expiration. Given the large pri
edi�erentials between brand-name and generi
 drugs, the estimates of the true mean attribute ofthe brand-name drug is ne
essarily higher than that of the generi
s, i.e., Ab > Ag. However, sin
ethe FDA has 
erti�ed the equivalen
e of generi
s, some people may be un
omfortable with thisresult. In fa
t, it is likely that physi
ians and patients may value the reputation or the image ofthe brand-name drug. Hen
e, when interpreting Ab, one should think of it as the mean attributelevel of the brand-name drug plus some psy
hologi
al bene�t of 
onsuming it.The identi�
ation of the 
oeÆ
ients of the unobserved state variables in the pri
ing poli
yfun
tion partly hinges on the fun
tional form assumptions. This is why I propose to use a 
exible37Re
all that ngt and t enter the pri
ing equation only be
ause they both a�e
t the equilibrium pri
es via theoligopolisti
 equilibrium. Although ngt enters the demand model, it a�e
ts demand only through the denominatorof the logit formula. Also, note that the time trend only appears in the utility of 
hoosing the outside good.38By steady state, I mean E[AgjI(t)℄ be
omes a 
onstant.39Petrin[36℄ provides an intuitive argument about how variation in 
hoi
e sets identify 
onsumer heterogeneity.25



fun
tional form to approximate the pri
ing poli
y fun
tion. Ideally, if there are no data limitations,one should experiment with di�erent orders of polynomial and sele
t the spe
i�
ation that best �tsthe data. Given a parti
ular fun
tional form, the 
oeÆ
ients for �bt and �gt 
an be identi�ed by thesteady state 
orrelations of pri
es and market shares. The non-steady state 
orrelation betweenpri
es and market shares, 
ontrolling for �bt and �gt, identify the 
oeÆ
ient for E[AgjI(t)℄.Now I turn to dis
uss the identi�
ation of ��2 and � in Equation (22). Re
all that these twoparameters determine the degree of symmetri
 unobserved produ
t di�erentiation among generi
sover time, whi
h in turn determine the level of pri
es and the generi
 pri
ing trend generated by asupply side model. This feature has signi�
antly improved the 
exibility of a supply side model ingenerating pri
ing patterns. I have tried to estimate ��2 and � jointly with other parameters, but �ndthat the parameter estimates generate unsatisfa
tory equilibrium pri
ing patterns that are mostlyfar too high and 
at. This is not surprising as a major sour
e of identi�
ation for ��i and � should
ome from the supply side, whi
h is avoided by the estimation method used here. However, asdis
ussed above, expli
itly in
orporating the supply side into the estimation pro
edure has provedto be 
omputationally infeasible. Therefore, I have de
ided to 
alibrate the initial guess of all theparameters by informally mat
hing predi
ted equilibrium market shares and pri
ing patterns withthe observed ones. Then I �x ��i and � at the 
alibrated values and estimate other parameters. The
alibrated values for ��i and � are given in Table 2.5 ResultsThe estimation results presented here are based on data for 25 drugs. They are grouped into four
ategories by therapeuti
 
lass: (i) heart disease drugs, (ii) depressants, (iii) anti-psy
hoti
 drugsand anti-depressants, as well as (iv) antibioti
s. Treating produ
t/quarter as one observation, thenumber of observations are 300 for heart disease drugs, 321 for depressants, and 256 for anti-depressants and anti-psy
hoti
 drugs, and 86 for antibioti
s.Re
all ea
h drug 
orrespond to an individual market. The following parameters are allowed todi�er a
ross markets: the 
oeÆ
ients for the utility of the outside good (�k0 ; �kt ), the mean attributelevels of generi
s (Ag), and the fra
tion of experien
e signals that is revealed to physi
ians in ea
hperiod (�). The rest of the parameters are 
ommon a
ross markets within a 
ategory (but they are26



allowed to di�er a
ross 
ategories). These 
ommon parameters in
lude the pri
e 
oeÆ
ients (�k),the weight atta
hed to the attribute (!), the risk 
oeÆ
ient (r), the initial prior varian
e (�2Ag(0)),the experien
e variability (�2Æ ), the proportion of ea
h patient type (�k), and the standard deviationof the unobserved produ
t 
hara
teristi
s (��). I estimate a version of the demand model with twotypes of patients (k = 0; 1).40 The total number of stru
tural preferen
es parameters is 51 forheart disease drugs, 57 for depressants, 51 for anti-psy
hoti
 drugs and anti-depressants, and 27 forantibioti
s.As explained in the previous se
tion, one should experiment di�erent order of polynomialswhen approximating the pri
ing poli
y fun
tion. However, the number of observations for thisstudy is not suÆ
iently large to support an extensive spe
i�
ation sear
h. As an initial step, I usea �rst-order polynomial to approximate the pri
ing poli
y fun
tion. For j 2 fb; gg,log(pjt) = 
j0 + 
j1t+ 
j2ngt + 
j3�2Ag(t)+
j4E[AgjI(t)℄ + 
j5�bt + 
j6�gt + ~�jt: (36)Some 
oeÆ
ients for the pseudo-pri
ing poli
y fun
tions are 
ommon for markets within a 
ategory.These 
ommon 
oeÆ
ients in
lude those on the per
eived varian
e of the generi
 attribute, theexpe
ted attribute level for generi
s, the brand-name demand sho
k and the generi
 demand sho
k.Other parameters, whi
h in
lude the inter
ept, the 
oeÆ
ients for the time trend, the number ofgeneri
 entrants and the varian
es of the predi
tion errors, are allowed to di�er a
ross drugs, butwith restri
tions. The total number of parameters in the pri
ing poli
y fun
tion is 40 for heartdisease drugs, 43 for depressants, 47 for anti-psy
hoti
 drugs and anti-depressants, and 25 forantibioti
s. This simple spe
i�
ation might �rst seem inadequate in approximating the pri
ingpoli
y fun
tion. But as I will demonstrate in se
tion 5.1.3, it does surprisingly well in �tting theobserved pri
ing pattern.5.1 Parameter EstimatesFor simpli
ity, �t's are assumed to be i:i:d: normal. For identi�
ation reasons, in ea
h 
ategorythe fra
tion of experien
e signals revealed (�) for one market must be �xed. I �x �(amiloride) for40Noti
e that the pri
e 
oeÆ
ient and the 
oeÆ
ients for the outside good are type spe
i�
.27



heart disease drugs, �(ba
lofen) for depressants, �(desipramine) for anti-psy
hoti
 drugs and anti-depressants, and �(
ephalexin) for antibioti
s. Similarly, the mean attribute level of one produ
tmust be �xed, be
ause the absolute levels have no meaning. A natural 
hoi
e is to �x the meanattribute level for the brand-name drug, whi
h is set to zero for all 
ategories.41 The parameterestimates and standard errors are shown in Tables 4 - 8. The number of draws that I use is 100for fE[AgjI(t)℄rgTt=0, and 100 for �st . I will dis
uss the parameters of the utility fun
tion and thepri
ing poli
y fun
tions in order.5.1.1 Utility Fun
tionAll estimates for the stru
tural parameters are statisti
ally signi�
ant and share similar qualitativefeatures a
ross 
ategories. I �rst dis
uss the estimates for preferen
e parameters, whi
h are reportedin Table 4. The utility weight on attribute (!) and the risk 
oeÆ
ient (r) are positive for all
ategories, indi
ating risk-averse behavior. In other words, an in
rease in the per
eived varian
e ofthe generi
 attribute will lower the expe
ted utility of 
hoosing generi
s. The experien
e variabilities(�2Æ ) are positive. The initial prior varian
es (�2Ag(0)) are large, indi
ating that the patients areun
ertain about the mean attribute levels of generi
s initially. The initial prior means (A) arenegative, suggesting that the initial expe
tation about the mean attribute of generi
s is lower thanthe value of Ab, whi
h is �xed at zero.Table 5 presents the estimates for mean attribute levels, and the fra
tions of experien
e signalsrevealed. The estimated true mean attribute levels of generi
s (Ag's) for all markets are signi�
antlydi�erent from zero. They are negative and thus lower than the mean attribute level of brand-nameoriginals. As dis
ussed in se
tion 4.2.2, Ab in
ludes some psy
hologi
al bene�t of 
hoosing a brand-name drug that 
annot be sorted out from its a
tual mean attribute level in the 
urrent framework.Hen
e, one should not 
on
lude that the quality of the brand-name drug is better than the qualityof generi
 drugs simply from the higher value of Ab. The fra
tions of experien
e signals revealed(�) are also positive. Re
all it is the ratio between the experien
e variability (�2Æ ) and the fra
tion41The quadrati
 utility fun
tion used here also requires attribute levels to be below a 
ertain level so that utilityis in
reasing in the attribute level. Therefore, in the estimation pro
edure, I set Ab = 0 initially, and update it ifne
essary during ea
h step of the optimization algorithm to ensure it stays in the proper range. It turns out that Abdoes not need to be updated at all. Let Amax be the value of A that maximizes utility. A

ording to the estimates,the implied Amax's range from 0.57 to 1.91, whi
h is greater than Ab (=0). The estimated Ag's are all below Ab.28



of experien
e signals revealed (�) that determines the rate of learning. The absolute values of �2Æand � by themselves have no meaning.To illustrate whether the publi
 has optimisti
 or pessimisti
 initial prior about generi
s,I 
ompute the di�eren
e between true mean attributes and initial prior mean attributes (4Ag)a

ording to their estimates. The results are reported in Table 5. Only two out of 25 true meanattribute levels (disopyramide and verapamil) are lower than their initial prior means. This suggeststhat patients generally have pessimisti
 initial priors about generi
 qualities, whi
h seems plausiblefor the period of 1984-90. As dis
ussed in se
tion 2.1, there were mu
h fewer generi
 drugs availableon the market before 1984. Therefore, pessimisti
 priors 
ould very well result from la
k of a
tualexperien
es with generi
 drugs, and the general per
eption that generi
 produ
ts have inferiorquality 
ompared with brand-name produ
ts. Moreover, this result is also 
onsistent with somesurvey studies in the 80s (e.g., Carroll et al.[9℄, Carroll[10℄), whi
h �nd that physi
ians, pharma
istsand patients express 
on
erns about the quality of generi
s.Sin
e the 
oeÆ
ients for the outside good do not have 
lear stru
tural interpretations, I do notreport their estimates. I now turn my dis
ussion to the parameter estimates for the pseudo-pri
ingequations.5.1.2 Pri
ing poli
y fun
tionsIn sear
hing for a spe
i�
ation for the pri
ing poli
y fun
tions, I �rst regressed log pri
es on theobserved explanatory variables, (i.e., the time trend and the number of generi
 entrants), allowingthe 
oeÆ
ients to be market spe
i�
 and unrestri
ted. But with limited data available, I am for
edto impose restri
tions on the 
oeÆ
ients when jointly estimating the pri
ing poli
y fun
tion andthe demand model. To gain eÆ
ien
y, I 
onstrain 
oeÆ
ients on the observed variables that were\
lose" for di�erent markets to be equal. I also 
onstrain 
oeÆ
ients on unobserved variables to beequal a
ross markets within a 
ategory, but allow them to di�er a
ross 
ategories. The unobservedvariables in
lude the per
eived varian
e of the generi
 attribute, the expe
ted attribute level ofgeneri
s, the brand-name demand sho
k and the generi
 demand sho
k. I fo
us my dis
ussion onthe time trend, the number of generi
 entrants, and the unobserved variables. Sin
e the inter
eptsdo not have de
isive stru
tural interpretations, their estimates are not reported here.Brand-name drug: the time trend and the number of generi
s29



Table 6 reports the estimates of the time trend and the number of generi
s for brand-namedrug pri
ing poli
y fun
tion. I will dis
uss ea
h of them in order.Time trend: Restri
tions on 
oeÆ
ients are self-explanatory from the table. For instan
e, thetime trends for heart disease drugs are restri
ted to be the same a
ross drugs; for depressants, theyare restri
ted to be zero for ba
lofen and 
arbamazepine, and restri
ted to be the same for otherdrugs.There are 21 out of 25 markets that show positive and signi�
ant time trends (one shows anegative time trend). One explanation for this result is that as in
reasing numbers of pri
e sensitivepatients shift from a brand-name drug to its generi
 
ounterparts or the outside good over time,the demand fa
ed by the brand-name �rm be
omes more inelasti
. This 
onsumer heterogeneitye�e
t alone tends to raise pri
es of the brand-name drug. But the presen
e of generi
s has also
reated a more 
ompetitive environment, whi
h should drive down pri
es of the brand-name drug.When the 
onsumer heterogeneity e�e
t outweighs the 
ompetition e�e
t, brand-name pri
es mayin
rease over time.Number of generi
s: Only nine markets have signi�
ant 
oeÆ
ients for the number of generi
s.Among the ones with signi�
ant 
oeÆ
ients, six of them are positive. The results suggest thatgeneri
 entry has minimal impa
t on brand-name pri
es for most of the markets. As I will dis
ussin the next subse
tion, entry of generi
s lowers generi
 pri
es. This 
ould attra
t more pri
e-sensitive 
onsumers away from brand-name drugs. Again, the 
onsumer heterogeneity e�e
t andthe 
ompetition e�e
t work against ea
h other. The sign of the 
oeÆ
ient for the number of generi
swould depend on whi
h e�e
t dominates.Generi
 drugs: the time trend and the number of generi
sNow I dis
uss the estimates of the time trends and the number of generi
s for generi
 drugpri
ing poli
y fun
tions. The results are reported in Table 7.Time trend: Overall, 17 markets display negative and signi�
ant time trends, indi
ating thatthe number of generi
 entrants alone 
annot explain the de
line in generi
 pri
es in these markets.This is 
onsistent with introdu
ing a time trend to the varian
e of the logit taste sho
ks at these
ond stage of the nested 
hoi
e pro
ess.
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Number of generi
s: Eighteen out of 25 markets have negative and signi�
ant 
oeÆ
ients forthe number of generi
s.42 As expe
ted, sin
e the 
onsumer heterogeneity e�e
t does not apply tothe generi
 market, the 
ompetition e�e
t alone has lead to lower generi
 pri
es when more generi
�rms enter.Unobserved variablesTable 8 reports the estimates of unobserved variables: the per
eived varian
e of the geneir
attribute,43 the expe
ted generi
 attribute, the brand-name demand sho
k and the generi
 demandsho
k. I will report the estimates for brand-name drugs and generi
 drugs in order.Brand-name: I �rst dis
uss the estimates for the brand-name drug pri
ing poli
y fun
tion.The 
oeÆ
ients for the per
eived varian
e of the generi
 attribute are positive and signi�
antfor heart disease drugs, anti-depressants and anti-psy
hoti
s, and antibioti
s. This suggests thathigher un
ertainty about the generi
 attribute may lead to higher brand-name pri
es. This seemsreasonable be
ause un
ertainty about the generi
 attribute lowers the expe
ted utility of 
hoosinggeneri
s. The expe
ted generi
 attribute is positive and signi�
ant for heart disease drugs. This
oeÆ
ient may be pi
king up the fa
t that, on average both log(pbt) and E[AgjI(t)℄ are in
reasingand leveling o� over time for heart disease drugs.44 The 
oeÆ
ient for the generi
 demand sho
kis positive and signi�
ant for heart disease drugs. This suggests that as the demand for generi
sshifts up, the brand-name �rm is able to pri
e higher. This might happen if generi
 �rms raise theirpri
es a

ordingly and hen
e give the brand-name �rm some room to raise its pri
e. (The generi
demand sho
k in the generi
 pri
ing equations is also positive and signi�
ant, whi
h is 
onsistentwith this reasoning.) For antibioti
s, the brand-name demand sho
k is positive and signi�
ant, thegeneri
 demand sho
k is negative but only signi�
ant at 10% level. This seems to be 
onsistentwith standard intuitions. Other estimates are not signi�
ant.42Five out of 25 markets, whose estimates are restri
ted to be the same, have a positive value. The positive estimatemight result from the fa
t that more patients shift to generi
s when one more generi
 �rm enters the market. As aresult, the brand-name �rm might raise its pri
es. This gives the generi
 �rms more room to raise their pri
es. Thiskind of out
ome seems to be quite rare.43Note that the per
eived varian
e of the geneir
 attribute is not exa
tly an unobserved variable (or latent variable)in the e
onometri
 sense. Conditioning on a set of parameter values and the data, one 
an derive its value from themodel a

ording to Equation (7).44On average, E[AgjI(t)℄ in
reases over time be
ause of the general pessimisti
 prior.31



Generi
: The 
oeÆ
ients for the per
eived varian
e of the generi
 attribute is negative and sig-ni�
ant for depressants, whi
h suggests that the higher the un
ertainty about the generi
 attribute,the lower the generi
 pri
e. This is 
onsistent with the intuition des
ribed above. The expe
tedgeneri
 attribute levels are negative and signi�
ant for heart disease drugs and depressants. For thesimilar reason des
ribed above, the 
oeÆ
ients may mainly pi
k up the high negative 
orrelationbetween log(pgt) and E[AgjI(t)℄. The generi
 demand sho
k is positive and signi�
ant for heartdisease drugs, whi
h is 
onsistent with standard intuition. Other estimates are not signi�
ant.There are only 12 unobserved variables that are signi�
ant for all 
ategories. The statisti
alinsigni�
an
e of the unobserved variables 
ould be due to the restri
tions imposed on them andthe small number of observations.45 Another possibility is that the pri
ing poli
y fun
tion maynot depend on the values of E[AgjI(t)℄; �bt; and �gt for some markets. This may result if �rms
hoose pri
es before they observe these three variables. It is diÆ
ult to draw 
on
rete 
on
lusionsat this point due to the small sample size. In future resear
h, I will try to use more data, relaxsome restri
tions, and experiment with di�erent order of polynomials in the pseudo-pri
ing poli
yfun
tion.5.1.3 Goodness of FitTo illustrate the goodness of �t, I simulate 100 sequen
es of pri
e and quantity pairs for both thebrand-name drug and the generi
 drug, from the demand model and the pseudo-pri
ing poli
yfun
tion using the parameter estimates. The number of generi
 �rms is taken as exogenous. I then
ompute the average predi
ted pri
e and quantity for ea
h period by averaging simulated pri
esand quantities. Figure 4 plots the average predi
ted demand vs. the a
tual demand for brand-namedrugs. Figure 5 plots the average predi
ted demand vs. the a
tual demand for generi
 drugs. Ingeneral, the model is able to �t the demand pattern quite well, parti
ularly for brand-name drugs.For generi
 drugs, the predi
ted demand generally has an inverted U-shape. This is due to the fa
tthat I restri
t the standard error of the logit taste sho
ks for generi
s to de
line over time. Su
ha restri
tion implies that the utility of 
hoosing generi
s drops over time, holding everything else�xed. The initial in
rease in the utility of 
hoosing generi
s is due to the de
rease in generi
 pri
esand un
ertainty.45Re
all that they are restri
ted to be the same a
ross markets that belong to the same 
ategory.32



Figure 6 plots the average predi
ted pri
e and the a
tual pri
e for brand-name drugs. Figure7 plots the average predi
ted pri
e and the a
tual pri
e for generi
 drugs. Despite the simplefun
tional form for the pri
ing poli
y fun
tions, they do well in �tting the pri
ing pattern. Thereare two ex
eptions where the predi
ted brand-name pri
e does not mat
h well with the data:ba
lofen (Figure 6[2,3℄) and 
arbamazepine (Figure 6[2,4℄). Both are depressants. Noti
e thatthe a
tual brand-name pri
ing pattern for ba
lofen and 
arbamazepine appear to have invertedU-shapes. Su
h a pattern is diÆ
ult for our spe
i�ed fun
tional form to �t well. Con
eivably,one needs a quadrati
 term for either the time trend, or the number of generi
s in the pseudo-pri
ing poli
y fun
tion. Sin
e this type of pattern is not 
ommon, I de
ided to use a �rst-orderapproximation for all 
ases. However, given the inverted U-shape pri
ing pattern of ba
lofen and
arbamazepine, it is 
lear that a time trend will not help for these two 
ases. I therefore restri
tedthe time trend for ba
lofen and 
arbamazepine to be zero.To further illustrate the goodness of �t for this model, I take the average of the predi
teddemand for generi
s a
ross all markets. The results are reported in the �fth 
olumn of Table 9.The average a
tual generi
 demand for all markets is reported in the fourth 
olumn of Table 9. These
ond 
olumn of Table 9 lists the number of markets used to 
al
ulate average generi
 demands.The number of markets available drops over time be
ause some markets have their patents expiredlater than others, and my data end in the fourth quarter of 1990. Period zero refers to the quarterin whi
h generi
s just entered the market. The initial average predi
ted demand is 2.74 millionpatient days, whi
h is about 70 per
ent of the average a
tual demand. In about two quarters,the average predi
ted demand rea
hes 8.02 million patient days, whi
h is about 98 per
ent of theaverage a
tual demand. From the third quarter to the 13th quarter, the average predi
ted demandremains slightly higher than the average a
tual demand. From the 13th quarter to the 19th quarter,the average predi
ted demand be
omes slightly lower than the average a
tual demand.46 Overall,the simulation results demonstrate that the model �ts the data reasonably well.46I do not fo
us my dis
ussion on the period beyond the 19th quarter be
ause the number of markets has be
omequite small.
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5.2 Counterfa
tual ExperimentsIn this se
tion, I dis
uss two 
ounterfa
tual experiments. The �rst experiment studies to whatextent learning alone 
an explain the slow di�usion of generi
s. The se
ond experiment examinesthe 
hange in demand 
omposition over time.5.2.1 Rate of Learning and Rate of Di�usionOne way to measure the rate of learning is to use the rate at whi
h the per
eived varian
e of thegeneri
 attribute diminishes over time. The third 
olumn of Table 9 shows the 
hange in the averageper
eived varian
e (taken a
ross all markets) over time. Again, the simulation and the average areobtained in the same fashion as the previous se
tion. Noti
e that the average per
eived varian
equi
kly de
reases by about 50 per
ent in the �rst three quarters after the �rst generi
 entered themarket (from 38:58 to 20:70). Then it de
reases by approximately another 50 per
ent in the next�ve quarters (from 20:70 to 10:12). The rate of learning keeps diminishing as the average per
eivedvarian
e be
omes smaller. This is 
onsistent with the Bayesian updating formula for the per
eivedvarian
e (see Equation (8)).47How mu
h of the slow di�usion of generi
s is due to learning? This question is not trivial toanswer. Other than learning, the de
line in generi
 pri
es and the 
hange in the value of the outsidegood 
an also a�e
t the di�usion rate. One advantage of estimating the stru
tural parameters ofthe learning model is that it allows me to disentangle the e�e
t of learning from other fa
tors,by simply 
hanging some parameters values. To investigate the e�e
t of learning, I set the initialper
eived varian
e (�2Ag(0)) to zero, and the initial prior mean attribute level (A) to the a
tualmean attribute level (Ag). Keeping everything else at the estimated parameter values, I then re-simulate the model and 
ompute the average predi
ted quantities and pri
es. In this 
ounterfa
tualsituation, the simulated data represents out
omes frommarkets where patients are 
ertain about themean attribute level right from the beginning. By examining the di�eren
e between the simulateddata from the model without un
ertainty and that from the original model with un
ertainty, I 
an
on
lude how mu
h of the slow di�usion is due to learning.47One may noti
e that the average per
eived varian
e is 
u
tuating, instead of diminishing, from quarter 13 tothe quarter 17. This is due to the de
line in the number of markets that are available for 
omputing the averageper
eived varian
e (See 
olumn two of Table 9). 34



Again, I use the demand model and the pri
ing poli
y fun
tion to 
ondu
t this exer
ise. Theresults are summarized by reporting the average predi
ted demand for generi
s. The last 
olumnof Table 9 reports the average predi
ted generi
 demand for the model without un
ertainty. Itappears that without learning the demand for generi
s is mu
h too high initially and then staystoo high for many quarters 
ompared with the average a
tual demand (the fourth 
olumn of Table9), or the average predi
ted demand from the original model with un
ertainty (the �fth 
olumn ofTable 9). In sum, the predi
ted di�usion rate in the model without un
ertainty is mu
h qui
kerthan the a
tual di�usion rate.It should be emphasized that the 
hange in generi
 demand in the model without un
ertaintyhas �ltered out the learning e�e
t, and therefore is mainly due to (i) the de
line in generi
 pri
esand (ii) the 
hange in the value of the outside good. A 
omparison about the predi
tions betweenthese two version of the model shows that these two fa
tors are not suÆ
ient to generate thegeneri
 di�usion rate observed in the data. In other words, the un
ertainty about generi
 attributeis 
ru
ial in repli
ating observed di�usion patterns.Note that it is hard to 
ondu
t this experiment using a redu
ed form di�usion model su
has the one in Berndt et al.[4℄ or Mahajan et al.[30℄. Their di�usion models are not derived froma formal e
onomi
 model. Therefore, it is diÆ
ult to relate the redu
ed form parameters to thestru
tural parameters of the Bayesian learning model. As a result, if one wants to study the impa
tof a 
hange in the initial prior, it is not 
lear how to simulate the e�e
t on the di�usion of generi
sfrom the redu
ed form model, as the values of its parameters will 
hange in some unknown ways.The results also suggest that it may be worthwhile to laun
h advertising 
ampaign to edu
atethe publi
 about the safety and bioequivalen
e of generi
 drugs. Su
h a 
ampaign 
ould redu
ethe 
onsumer un
ertainty about the generi
 quality, and hen
e in
rease generi
 substitution andlower the pres
ription drug expenditures, as predi
ted by this experiment. Re
ently, an insuran
e
ompany, Blue Cross Blue Shield of Mi
higan, has adopted this approa
h to promote the useof generi
 drugs. Their one million dollars statewide advertising 
ampaign for generi
s, whi
hemphasizes generi
 drugs are safe and e�e
tive, has resulted in about 30 million dollars savings thisyear (Sherrid[39℄).
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5.2.2 Change in Demand CompositionIntuitively, I expe
t that the di�usion rate of generi
s is faster in the pri
e-sensitive segment ofthe market. However, with only aggregate level data, I do not observe the di�eren
e between thepri
e-sensitive patients and the pri
e-insensitive patients in terms of their demand patterns. Havingestimated the stru
tural parameters, I am able to simulate the demand patterns of ea
h patienttype. The simulated demand patterns are used to illustrate how the di�usion rates of generi
s varya
ross patient types.Figure 8 shows the demand patterns for the type 0 patients. The demand for generi
ssurpasses that for brand-name drugs in 19 out of 25 markets over time.48 Moreover, it takes lessthan eight quarters for generi
 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 onlynine markets, in whi
h the demand for generi
 drugs outperforms that for brand-name drugs.49 Inmore than half of the markets (16 out of 25), brand-name drugs remain dominant throughout theperiod.50A 
omparison of these two �gures reveals that on average type 0 patients swit
h to generi
squi
ker than type 1 patients. This indi
ates that type 0 patients are relatively more pri
e-sensitivethan type 1 patients, whi
h is intuitively appealing. As generi
 pri
es de
rease over time, onaverage pri
e-sensitive patients swit
h to generi
 drugs sooner be
ause they put more weight onpri
e di�erentials between brand-name drugs and their generi
 
ounterparts. However, sin
e pri
e-48These 19 markets in
lude 
lonidine (Figure 8[1,2℄), methyldopa (Figure 8[1,4℄), hydro
holorothiazide methyl-dopa (Figure 8[1,5℄), propranolol (Figure 8[2,1℄), ba
lofen (Figure 8[2,3℄), 
arbamazepine (Figure 8[2,4℄), 
lorazepate(Figure 8[2,5℄), diazepam (Figure 8[3,1℄), 
urazepam (Figure 8[3,2℄), lorazepam (Figure 8[3,3℄), temazepam (Figure8[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℄), 
ephalexin (Figure 8[5,3℄) and 
ephradine (Figure 8[5,4℄).49These nine markets in
lude 
lonidine (Figure 9[1,2℄), ba
lofen (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℄), 
ephalexin (Figure9[5,3℄) and 
ephradine (Figure 9[5,4℄).50These 16 markets in
lude amiloride (Figure 9[1,1℄), disopyramide (Figure 9[1,3℄), methyldopa (Figure 9[1,4℄),hydro
hlorothiazide methyldopa (Figure 9[1,5℄), propranolol (Figure 9[2,1℄), verapamil (Figure 9[2,2℄), 
arbamazepine(Figure 9[2,4℄), 
lorazepate (Figure 9[2,5℄), diazepam (Figure 9[3,1℄), 
urazepam (Figure 9[3,2℄), oxazepam (Figure9[3,4℄), temazepam (Figure 9[3,5℄), desipramine (Figure 9[4,1℄), maprotiline (Figure 9[4,3℄), thiothixene (Figure 9[5,2℄)and 
lindamy
in (Figure 9[5,5℄). 36



insensitive patients put more weight on per
eived attribute di�erentials, their demand for generi
drugs remains lower than that for brand-name drugs over time in many markets.The results are 
onsistent with Grabowski and Vernon[21℄ and Frank and Salkever[19℄, who
onje
ture that there may be signi�
ant 
onsumer heterogeneity in pri
e sensitivity. Their 
on-je
ture is based on the observation that many brand-name �rms raise their pri
es after generi
entry. They argue that brand-name pri
es 
ould in
rease with the per
entage of the brand-namesales a

ounted for by pri
e-insensitive patients. Interestingly, the model here predi
ts that thisper
entage in
reases over time, as on average pri
e-sensitive patients swit
h to generi
s sooner thanpri
e-insensitive patients.Overall, the sensible predi
ted demand patterns provide support for the model. It should beemphasized that I did not use information about the demand by patient type, or the equilibriummarkups in estimation. The predi
ted demand patterns a
ross patient types are thus generated bythe stru
ture of the demand model alone.6 Con
lusionMotivated by the slow di�usion of generi
s and the 
ounterintuitive pri
ing behavior of brand-name�rms, this paper starts out with a demand model of pres
ription drugs, whi
h in
orporates 
onsumerlearning and 
onsumer heterogeneity. The paper then estimates the model using data from 25markets. It is found that in general the publi
 was risk-averse, un
ertain about generi
 qualities,and had a pessimisti
 initial prior during the 80s. In 23 out of 25 markets, the initial prior means arelower than the true generi
 mean attributes. Using a 
ounterfa
tual experiment to 
ontrol for otherfa
tors that 
ould 
ontribute to the slow di�usion of generi
s, this paper shows that learning playedan important role in this regard during the 80s. Another 
ounterfa
tual experiment demonstratesthat the evolution of market shares are very di�erent a
ross patient types, suggesting that patients
an be 
lassi�ed into two 
ategories: pri
e-sensitive and pri
e-insensitive. In general, the di�usionrate of generi
s for pri
e-sensitive patients is faster than that for pri
e-insensitive patients. Thisimplies that the average pri
e sensitivity of the brand-name drug 
onsumers de
reases over time, apredi
tion that is 
onsistent with the previous 
onje
ture in the literature.
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Given the signi�
an
e of 
onsumer learning in the pres
ription drug markets, one impli
a-tion is that generi
 �rms may have a dynami
 in
entive to lower their pri
es in order to in
reaseexperimentation and hen
e speed up learning. But the brand-name �rms may also have a dy-nami
 in
entive to lower their pri
es so as to prevent patients from trying generi
s. To 
apture thiskind of strategi
 behavior, it is ne
essary to develop a dynami
 oligopoly model, where �rms areforward-looking. In Ching[12℄, I 
onstru
t a dynami
 equilibrium model with these features.It needs to be emphasized that this paper assumes the proportion of pri
e-sensitive (andpri
e-insensitive) patients is �xed over time (�0). It is possible that the proportion of pri
e-sensitivepatients might in
rease over time due to, e.g., an in
reasing number of insuran
e 
ompanies adoptingreimbursement poli
ies that favor generi
s. Future resear
h will try to in
orporate other datasour
es to 
ontrol for 
hanges along this dimension.Another limitation of this study is that the experiment used to determine the importan
eof learning assumes the redu
ed form pri
ing poli
y fun
tion remains a good proxy for the trueequilibrium pri
ing poli
y fun
tion after 
hanging the initial priors. In addition, although I havedemonstrated that 
onsumer heterogeneity in terms of pri
e sensitivity is important, I have notshown to what extent this feature 
an explain pri
ing patterns. To address these issues, I generatethe pri
ing poli
y fun
tion by solving a sto
hasti
 dynami
 oligopoly stru
tural model numeri
allyin Ching[12℄. I then examine the extent to whi
h this pri
ing poli
y fun
tion 
an explain thedata empiri
ally. One important reason for estimating the stru
tural preferen
e parameters andsolving a dynami
 oligopoly stru
tural model is that they are 
ru
ial for evaluating various poli
yexperiments. For example, in Ching[12℄ I use the equilibrium model to study the welfare impa
t ofa poli
y, whi
h redu
es the FDA average approval time for marketing generi
 drugs.This paper also develops a novel and 
omputationally feasible pro
edure to estimate a 
lass ofdis
rete 
hoi
e produ
t di�erentiation models. While in prin
iple the pro
edure is able to identifythe parameters of the utility fun
tion and the pseudo-pri
ing poli
y fun
tion, it may require moredata, relative to the standard pro
edure, to a
hieve satisfa
tory results. More eviden
e on theproperties of this estimator remains to be gathered in the future.
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Table 1: Constant terms for in
reasing the sampling errorsHEART DISEASESamiloride 40
lonidine 15disopyramide 600methyldopa 50hydro
hlorothiazide methyldopa 30propranolol 2000verapamil 2000DEPRESSANTSba
lofen 120
arbamazepine 20
lorazepate 35diazepam 50
urazepam 500lorazepam 140oxazepam 10temazepam 300ANTI-DEPRESSANTSdesipramine 3doxepin 100maprotiline 15trazodone 1.5ANTI-PSYCHOTIChaloperidol 2.5perphenazine 8thiothixene 25ANTIBIOTICS
ephalexin 7
ephradine 1
lindamy
in 2
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Table 2: Calibrated parameter values determining the varian
e of Logit errors�01 �11 �02 �12 �HEART DISEASESamiloride 0.5 0.5 0.35 0.35 0.00
lonidine 1.0 1.0 0.70 0.70 0.10disopyramide 1.75 1.75 1.23 1.23 0.01methyldopa 1.00 1.00 0.70 0.70 0.025hydro
hlorothiazide methyldopa 0.90 0.90 0.63 0.63 0.03propranolol 0.75 0.75 0.53 0.53 0.08verapamil 1.25 1.25 0.88 0.88 0.01DEPRESSANTSba
lofen 0.48 0.39 0.48 0.39 0.00
arbamazepine 1.36 1.11 1.36 1.11 0.03
lorazepate 1.60 1.30 1.60 1.30 0.13diazepam 1.76 1.43 1.76 1.43 0.08
urazepam 0.4 0.33 0.4 0.33 0.06lorazepam 0.8 0.65 0.8 0.65 0.05oxazepam 1.68 1.37 1.68 1.37 0.05temazepam 0.48 0.39 0.48 0.39 0.05ANTI-DEPRESSANTSdesipramine 2.50 1.50 2.50 1.50 0.04doxepin 1.00 0.60 1.00 0.60 0.05maprotiline 2.20 1.32 2.20 1.32 0.35trazodone 2.50 1.50 2.50 1.50 0.05ANTI-PSYCHOTIChaloperidol 2.20 1.32 2.20 1.32 0.035perphenazine 3.00 1.80 3.00 1.80 0.035thiothixene 1.50 0.90 1.50 0.90 0.035ANTIBIOTICS
ephalexin 1.30 0.30 0.65 0.13 0.05
ephradine 1.00 0.234 0.50 0.10 0.05
lindamy
in 1.50 0.351 0.75 0.15 0.00The supers
ript of � indexes patient type,the subs
ript of � indexes level for the nested logit demand model.
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Table 3: Number of Observations and parametersNumber of Number of Number of parametersobservations stru
tural for pri
ing equationsparametersHeart disease drugs 300 51 40Depressants 321 57 43Anti-depressants andAnti-psy
hoti
 drugs 256 51 47Antibioti
s 86 27 25Table 4: Estimated Preferen
e parametersHeart Diseases Depressants Anti-depressants Antibioti
sAnti-psy
hoti
sLearning parameters:risk 
oeÆ
ient (r) 0.731* 0.592* 0.262* 0.879*(0.036) (0.018) (0.006) (0.028)utility weight for attribute (!) 0.014* 0.028* 0.036* 0.023*(0.001) (0.001) (0.001) (0.001)experien
e variability (�2Æ ) 0.18* 0.716* 0.685* 1.23*(0.02) (0.03) (0.02) (0.02)initial prior varian
e (�2Ag (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 heterogeneityparameters:type 0 pri
e 
oeÆ
ient (�0) 0.029* 0.032* 0.036* 2.5e-3*(3.0e-4) (4.0e-4) (0.003) (2.3e-4)type 1 pri
e 
oeÆ
ient (�1) 0.010* 0.008* 0.012* 1.2e-3*(1.0e-4) (2.0e-4) (0.001) (1.7e-4)proportion of type 0 (�0) 0.367* 0.490* 0.407* 0.513*(0.005) (0.003) (0.003) (0.006)standard deviation of unobservedprodu
t 
hara
teristi
 (��) 0.237* 0.450* 0.566* 0.187*(0.008) (0.002) (0.002) (0.001)Standard errors are reported in parenthesisNumber of draws for demand sho
ks = 100Number of draws for E[Ag jI(t)℄ = 100Notes:* - t-statisti
 > 1:96
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Table 5: Estimated Mean Attribute levels and Fra
tion of experien
e signals revealedTrue mean Di�eren
e in Fra
tion of experien
eattributes (Ag) mean attributes signals revealed (�)(4Ag � Ag �A)Estimates s.e. Estimates s.e. Estimates s.e.Heart Diseases Drugs:amiloride -10.42* 0.12 7.35* 0.13 6.7e-6
lonidine -5.77* 0.10 4.63* 0.11 7.1e-11* 7.7e-13disopyramide -25.09* 0.25 -7.32* 0.26 2.0e-8* 3.8e-9methyldopa -13.76* 0.12 4.01* 0.13 2.0e-9* 2.9e-11hydro
hlorothiazide methyldopa -13.15* 0.12 4.62* 0.38 4.8e-11* 6.1e-13propranolol -11.00* 0.16 6.77* 0.17 1.9e-11* 3.5e-13verapamil -22.83* 0.19 -5.06* 0.20 7.3e-9* 3.0e-9Depressants:ba
lofen -4.62* 0.13 10.81* 0.30 1.0e-4
arbamazepine -14.37* 0.24 1.06* 0.36 1.9e-9* 1.6e-11
lorazepate -11.50* 0.23 3.93* 0.35 5.3e-10* 5.6e-12diazepam -11.42* 0.27 4.01* 0.38 2.0e-10* 2.5e-12
urazepam -3.51* 0.1 11.92* 0.28 1.5e-5* 3.0e-6lorazepam -8.06* 0.15 7.37* 0.31 1.2e-8* 2.1e-10oxazepam -10.38* 0.2 5.05* 0.33 1.9e-9* 3.4e-11temazepam -6.64* 0.12 8.79* 0.29 7.4e-8* 1.6e-9Anti-depressants:desipramine -15.75* 0.29 9.57* 0.52 1.0e-8doxepin -4.67* 0.13 20.65* 0.45 3.3e-9* 6.7e-11maprotiline -19.27* 0.35 6.05* 0.56 1.1e-8* 8.5e-10trazodone -14.09* 0.26 11.23* 0.25 1.6e-9* 1.9e-11Anti-psy
hoti
 drugs:haloperidol -6.19* 0.19 19.13* 0.74 1.1e-10* 2.2e-12perphenazine -6.45* 0.13 18.87* 0.45 6.3e-9* 2.8e-11thiothixene -11.87* 0.24 13.45* 0.49 2.5e-8* 3.8e-10Antibioti
s:
ephalexin -1.11* 0.06 8.10* 0.11 1.0e-8
ephradine -2.09* 0.02 7.12* 0.10 6.5e-8* 1.5e-11
lindamy
in -7.84* 0.10 1.37* 0.14 1.9e-7* 1.1e-10Notes:* - t-statisti
 > 1:96
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Table 6: Pri
ing poli
y fun
tion for brand-name drugs: time trend and number of generi
sEstimate s.e Estimate s.eHeart Disease Drugs: Depressants:time trend (
b1): 0.013* 0.002 time trend*** (
b1):others 0.026* 0.002ba
lofen, 
arbamazepine 0no. of generi
s (
b2): no. of generi
s (
b2):amiloride 0.113* 0.047 ba
lofen 0.020* 0.009
lonidine 0.013** 0.007 
arbamazepine 0.001 0.009disopyramide -0.007 0.005 
lorazepate 0.017** 0.009methyldopa 0.005 0.004 lorazepam -0.014* 0.004propranolol -1.2e-4 0.003 diazepam, 
urazepam,hydro
hlorothiazide methyldopa 0.010* 0.005 oxazepam, temazepam -0.002 0.004verapamil 0.008 0.009Anti-depressants and Antibioti
s:Anti-psy
hoti
 drugs:time trend (
b1): time trend (
b1):desipramine, trazodone 0.043* 0.004 
ephalexin 0.021* 0.006doxepin 0.025* 0.005 
ephradine 0.003 0.003maprotiline 0.013* 0.003 
lindamy
in 0.030* 0.005haloperidol -0.053* 0.007perphenazine 0.009* 0.004thiothixene 0.013* 0.002no. of generi
s (
b2): no. of generi
s (
b2):desipramine, trazodone -0.023* 0.009 
ephalexin 0.008 0.008doxepin 0.002 0.008 
ephradine -0.005 0.015maprotiline 0.009 0.009 
lindamy
in -0.017 0.022haloperidol 0.027* 0.009perphenazine 0.035* 0.017thiothixene 0.018* 0.006Notes:* - t-statisti
 > 1:96** - t-statisti
 > 1:65*** - For depressants, the time trends are restri
ted to be zero for ba
lofen and 
arbamazepine,and restri
ted to be the same for other drugs.
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Table 7: Pri
ing poli
y fun
tion for generi
 drugs: time trend and number of generi
sEstimate s.e Estimate s.eHeart Disease Drugs: Depressants:time trend (
g1): time trend (
g1):amiloride, ba
lofen,
urazepam,hydro
hlorothiazide methyldopa, oxazepam,temazepam -0.032 0.031verapamil -3.0e-5 0.003 
arbamazepine -0.069* 0.005
lonidine -0.028* 0.006 
lorazepate -0.060* 0.006disopyramide -0.021* 0.003 diazepam -0.051* 0.039methyldopa -0.038* 0.005 lorazepam -0.059* 0.004propranolol -0.039* 0.007no. of generi
s (
g2): no. of generi
s (
g2): -0.036* 0.005amiloride, 
lonidine,disopyramide,hydro
hlorothiazide methyldopa -0.034* 0.007methyldopa 0.006 0.007propranolol -0.042* 0.007verapamil -0.099* 0.012Anti-depressants and Antibioti
s:Anti-psy
hoti
 drugs:time trend (
g1): time trend (
g1):desipramine, haloperidol -0.077* 0.003 
ephalexin -0.025* 0.005doxepin -0.030* 0.004 
ephradine -0.041* 0.002maprotiline -0.023* 0.004 
lindamy
in -0.011 0.006trazodone -0.030* 0.015perphenazine -0.013* 0.002thiothixene -0.046* 0.002no. of generi
s (
g2): no. of generi
s (
g2):desipramine, doxepin, maprotiline, 
ephalexin, 
ephradine -0.04* 0.006perphenazine, thiothixene 0.012* 0.006 
lindamy
in 0.07 0.038trazodone -0.077* 0.034haloperidol -0.015* 0.003Notes:* - t-statisti
 > 1:96** - t-statisti
 > 1:65
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Table 8: Pri
ing poli
y fun
tion: unobserved variablesHeart Diseases Depressants Anti-depressants Antibioti
sAnti-psy
hoti
sBrand-name:varian
e of generi
 attribute (
b3) 0.002* -3.9e-4 0.003* 0.010*(0.001) (0.002) (0.001) (0.004)expe
ted generi
 attribute (
b4) 0.015* -0.002 0.003 -0.002(0.006) (0.005) (0.003) (0.006)brand-name demand sho
k (
b5) 0.001 0.001 4.3e-4 6.8e-3*(0.001) (7.0e-3) (3.7e-4) (2.1e-4)generi
 demand sho
k (
b6) 0.006* 4.0e-4 -0.001 -1.5e-3**(0.003) (0.002) (0.001) (8.1e-4)Generi
:varian
e of generi
 attribute (
g3) -4.0e-5 -0.007* -9.0e-5 -0.002*(0.001) (0.002) (0.001) (0.001)expe
ted generi
 attribute (
g4) -0.017* -0.032* -0.001 0.003(0.006) (0.007) (0.003) (0.008)brand-name demand sho
k (
g5) 1.7e-4 9.0e-4 6.6e-5 6.0e-4(0.001) (0.009) (0.001) (6.1e-4)generi
 demand sho
k (
g6) 0.009* 0.001 -0.001 -3.0e-4(0.003) (0.002) (0.001) (0.002)Brand-name and generi
:varian
e of predi
tion error: 0.005* 0.006* 0.001*(3.2e-4) (5.0e-4) (1.4e-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 parenthesisNotes:* - t-statisti
 > 1:96** - t-statisti
 > 1:65
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Table 9: Average generi
 sales, predi
ted generi
 sales and predi
ted per
eived varian
e (numberof patient days, million)Time Number of Model with Model without(quarter) markets E[�2Ag (t)℄ Data un
ertainty un
ertainty0 25 38.58 4.05 2.74 15.671 25 31.47 6.87 4.84 22.042 25 25.25 8.19 8.02 23.933 25 20.70 9.74 10.41 26.314 25 17.35 10.56 12.97 27.275 25 14.86 11.70 14.91 28.036 25 12.93 12.64 16.97 28.917 25 11.32 13.57 17.70 28.238 25 10.12 14.64 18.28 27.919 25 9.48 15.34 19.42 28.5110 24 8.75 16.81 19.43 27.5711 23 8.31 17.59 19.60 27.5112 22 7.86 18.46 20.14 27.9313 21 7.52 19.09 20.40 27.8714 18 7.72 21.81 20.10 29.1415 16 7.84 21.55 20.29 28.1916 14 7.65 25.87 21.79 29.9917 12 8.37 25.12 20.13 29.7618 11 6.83 26.79 20.92 29.0619 9 6.66 25.80 20.19 27.6420 7 5.49 38.90 26.08 35.1721 4 5.11 54.03 20.07 32.9022 2 1.66 11.86 10.64 12.2823 1 2.89 21.24 18.94 22.1124 1 2.80 20.52 18.17 21.18Notes:quarter 0 refers to the quarter in whi
h generi
s just entered the market.
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Figure 1: Average relative pri
es of generi
s vs time

Figure 2: Average market shares of generi
s vs time47



Figure 3: Pri
es of brand-name drugs and generi
 drugs vs. time
48



Figure 4: Predi
ted and a
tual demand for brand-name drugs, pri
es generated by the redu
edform pri
ing fun
tions
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Figure 5: Predi
ted and a
tual demand for generi
 drugs, pri
es generated by the redu
ed formpri
ing fun
tions
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Figure 6: Predi
ted and a
tual pri
e for brand-name drugs, pri
es generated by the redu
ed formpri
ing fun
tions
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Figure 7: Predi
ted and a
tual pri
e for generi
 drugs, pri
es generated by the redu
ed form pri
ingfun
tions
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Figure 8: Predi
ted demand of pri
e-sensitive patients
53



Figure 9: Predi
ted demand of pri
e-insensitive patients
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