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Abstract

Two major changes in Brazilian legislation during the 1990s reshaped the lo-

cal pharmaceutical industry: the rati�cation of the TRIPs agreement including a

provision for pipeline inventions in 1996, and a Generic Drug Act in 1999, which

introduced bioequivalence tests and facilitated generic drugs� substitution for the

pioneer drugs at dispensing. Price controls were gradually resumed in the turn

of the century. Genuine generic drug entry may therefore be dated back to 2000,

when the �rst applications were approved. The present article estimates entry of

generic versions of o¤-patent drugs into the various therapeutic classes using both

count data and ordered multinomial models. Results point out that a simple Pois-

son model �ts the data poorly, calling for further modelling of overdispersion or of

excess zeros by applying Negative Binomial and zero-in�ated count models. Or-

dered models, however, seem to provide the best �t of all. Most of the explaining

variables utilized are signi�cant, in particular lagged values of the revenues of the

drug (proxy for potential market), number of own brands of the originator�s group,

market concentration, and age of the pioneer drug.
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1 Introduction

The present work is the �rst estimation of generic drug entry models in Brazil. The

Brazilian market is of interest because of its size (tenth largest in the world) and be-

cause of two major changes in Brazilian legislation during the 1990s that reshaped the

local pharmaceutical industry. The �rst one was the rati�cation of the TRIPs agreement

passed by the Congress in 1996, which included a provision for pipeline inventions. The

second one was the Generic Drug Act in 1999, which introduced bioequivalence tests and

facilitated generic drugs�substitution for the pioneer drugs at dispensing. Price controls

were gradually resumed in the turn of the century following exchange rate steep depreci-

ation. Genuine generic drug entry may therefore be dated back to 2000, when the �rst

applications were approved.

The present article estimates entry of generic versions of o¤-patent drugs into the var-

ious therapeutic classes using both count data and ordered multinomial models. Results

point out that a simple Poisson model �ts the data poorly, calling for further modelling of

overdispersion or of excess zeros by applying Negative Binomial and zero-in�ated count

models. Most of the explaining variables utilized are signi�cant, in particular the lagged

values of the revenues of the drug (proxy for potential market), of the number of own

generics and other brands of the originator�s group, and of the market concentration, and

the age of the pioneer drug. In the ordered models signi�cance and signs are similar to the

count models. Marginal e¤ects of the explaining variables are dampened as the number

of entries increases.

The present article features four more sections. Next one brings a short description of

the Brazilian pharmaceutical market and of its regulation. The following section surveys

previous attempts to estimate empirically drug entry, with emphasis on generics, and

introduces the model. The fourth section presents the results, performs diagnostic tests

and discusses the results. The last section concludes.

2 The Brazilian market

Brazil is at present the tenth largest market for pharmaceuticals in the world. Even

though sales in units (1.8 billion in 2008) do not display a clear time trend �they are 2.5
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percent below 1997 level, but twenty percent above 2003 level (Febrafarma/Grupemef)

�revenues in dollars (de�ated by US and Brazilian price indexes) increased 2.35 percent

a year during the same elapsed time. Revenues in local currency (de�ated by Brazilian

general price index) have also been steadily increasing: average 9.9 percent p.a. during

1997-2008 (Febrafarma/Grupemef), but the ratio sales/Total Brazilian GDP in nominal

values has been oscilating in the percentual range [0.9,1.11], an average 1.05 percent during

the same period.

As in developed countries, sales in value increase more than units because of di¤erences

in the mix of drugs consumed. As more expensive drugs are launched, prices go up. On

the other hand, two forces have kept prices down. For one, a severe price control was

gradually resumed in the �rst years of the century, more ingenious and comprehensive

than its counterpart adopted during the 1970s and 1980s. Second, a new strategy of

promoting nonproprietary names has successfully been pursued since 2000. In fact, generic

drugs achieved in 2008 a 13.8 percent market share in value, 16.9 percent in volume (IMS

Health apud Pro-Genérico). It is not a bad record if one takes into account generic drugs�

infancy in the country. Table 1 provides for comparison with other selected countries with

tradition in generic drugs.

INSERT TABLE 1 ABOUT HERE

To better understand how the Brazilian market functions, a brief historical summary

is useful. Price controls and absence of patent enforcement were the main strategies of the

military government since the beginning of the 1970s. On the one hand, an import sub-

stitution attempt required that foreign patents were not recognized by Brazilian law. In

fact, chemical-pharmaceutical product patents were not enforced since 1945, and process

patents were also revoked in 1969. On the other hand, macroeconomic policy in Brazil fos-

tered in�ation and led authorities to adopt price controls countervailing measures. Price

controls, however, were in part circumvented by the pharmaceutical �rms by introducing

new packages, whose prices were not subject to scrutiny.

The 1990s were a time of major transformations in the Brazilian market. Price con-

trols as a whole were replaced by a modern Antitrust legislation. A new Antitrust Act

was passed in 1993, and subsequently reformed in 1994 (Lei 8884). Pharmaceutical drug

price controls were phased out in 1992, and a series of price hikes followed. Antitrust
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investigations for "abusive price increases" were at that time �led at the Antitrust Tri-

bunal (CADE) �a terrible public misunderstanding of the spirit of the new Antitrust

legislation. As regards import substitution, the process was also reversed. Import tari¤s

had already been lowered, and non-tari¤ barriers dismantled, beginning in 1989. Local

content in drugs marketed in Brazil consequently tumbled.

In 1996 a radical turn in intellectual property protection came out: the World Trade

Organization (WTO) Trade Related Intellectual Property System (TRIPS) agreement

from the Uruguay Round was �nally rati�ed by the Congress (Lei 9279). This rati�cation

brought back patent enforcement as from 1997. The maximum patent lifetime allowed

was 20 years, but no extension was provisioned (in particular, none of the extensions

provisioned by the US Patent Restoration Act of 1984). On the other hand, a controversial

provision for pipeline inventions was introduced in the legislation: patents deposited

under former rules (Lei 5772, from 1971) and not marketed yet were eligible to require

convalidation by the Brazilian Patents�O¢ ce; the patent lifetime was subject to the same

expiration date of the �rst patent lifetime abroad, and not exceeding 20 years (upper

limit of the Brazilian patent law). Other products already marketed or whose patents

had already expired did not bene�t from this.

"The Brazilian legislation went much further that what was required by TRIPS and

included a pipeline provision, where patents claims could be �led in the country between

1996 and 1997, allowing the protection of pharmaceutical patents that were already �led in

at least one other country, without any national examination and even if the patent was

prior to TRIPS signature, as long as the product was not yet commercialized anywhere or

nobody had done e¤orts in the country for exploration at the time of the request." (Chaves

& Reis, 2007)

Another feature of the Brazilian law worth mentioning is that pharmaceutical patents

are granted only after registration at Anvisa �the Brazilian equivalent to US FDA �is

cleared (Law 10,196 from 2001; in force since 1999). As such, new drugs�patents are

never scrutinized by Anvisa during registration for safety and e¤ectiveness.

The other major transformation in the 1990s was the enactment of the �rst Generic

Drug Act in 1999. The farthest the previous legislation had reached was requiring an

outstanding disclosure of the Active Pharmaceutical Ingredient (API) description below

the brand name in the package, so as to allow for comparison of brands. But prescribing
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doctors had reason to concern that drugs of same API were not substitutible to each

other.

In fact, until 1999 the registration of new drugs only required safety tests, and ab-

solute e¤ectiveness; no comparisons were undertaken between drugs based on the same

API. Generic names were utilized by pharmaceutical companies without demonstrating

bioequivalence. They were actually similar drugs. In sum, Brazil had only pioneer (not

necessarily originator�s) and/or similar (branded or non-branded) versions of a same drug.

The Generic Drug Act (Lei 9787) introduced bioequivalence tests and the generic drug

as bioequivalent. Similar drugs were then mandated to adopt brand if they had none.

Generic names (either Brazilian or International Non-proprietary Names) have since then

been allowed only to drugs bioequivalent to the pioneer. On the other hand, branded

drugs may be pioneer (reference) or similar.1

Because of the TRIPS rati�cation, both similar and generic drugs are now only per-

mitted if the original drug is o¤-patent (i.e. either the patent has already expired or it has

never been enforced). But it is worth mentioning that no exclusiveness period is granted

for the �rst generic, as it happens in the US.

The �rst generic drugs were launched in 2000. Figure 1 shows the evolution of generic

drug registrations. Table 2 displays the evolution of drugs, �rms and package versions.

INSERT FIGURE 1 ABOUT HERE

INSERT TABLE 2 ABOUT HERE

Price freedom, however, experienced a very short duration. In 1998 prices started be-

ing monitored by the Ministry of Finance. In 1999 the local currency�s huge devaluation

prompted a negotiation between government and manufacturers to delay the foreign cost

passthrough (as most APIs in Brazil are now imported). Several agreements followed.

1 Homedes, Linares and Ugalde [9] report that in most Latin American countries (Bolivia, Chile,

Colombia, Costa Rica, Ecuador, Nicaragua, Peru and Uruguay) pharmaceuticals are classi�ed under two

categories only: Branded (comprising branded originals, branded generics and branded similar) versus

Generics (original or own generics, copy generics and unbranded similars). Argentina features three

categories: innovative (branded original or copy), similar (non-bioequivalent), while generic applies to

bioequivalent drugs, both branded and unbranded.
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In December 2000 the government resumed a price control based in cost spreadsheets,

similarly to the system in force during the 1970s and 1980s. CAMED, a regulatory board

assembling ministries of Health, Finance and Justice, and Anvisa, was then created. The

same formula was applied in 2001 and 2002. In January 2003 three OTC (i.e., non-

prescription) drug classes with low concentration levels (as measured by the Her�ndahl-

Hirschman �HHI) had their prices released from control. In June 2003 CAMED was

replaced by CMED (assembling the same government bodies, plus the Secretariat of Gov-

ernment and the Ministry of Industry and Trade) and a unique price cap was introduced,

based on the following formula:

�p = CPI �X + Y + Z

where CPI stands for the Consumer Price Index; X is a (prospective) productivity factor;

Y is a credit for non-manageable (past) cost raises; and Z allows for di¤erent price raises

according to competition level in each therapeutical class market (raise rate is equal for

all drugs in the same class).

More importantly, generic prices had been following an unpublished rule of thumb that

entrants should price 35% below the reference drug prices; this rule was then o¢ cially

adopted in 2004 by CMED.

Since patents are not subject to so many extensions as in the USA2 and since generics

are not granted exclusiveness, the main entry-deterrence strategy left in Brazil for the

incumbents (reference drug sellers) is to launch follow-on drugs (life-cycle strategies, also

known as evergreening), to launch own generics and/or to cross-license their generics.

Additional strategies available are the ones already surveyed by the European Commission

[6]: strategic patenting (especially patent clustering); patent litigation; patent settlements;

and questioning safety of generics. The �rst three strategies are more likely to occur and

to be e¤ective in the upcoming years, when a large wave of patents will expire locally.

In our sample, follow on drugs are already of concern: we counted 90 single-API drugs

containing at least one extended-release version, with a distribution ranging from 1 to 15

brands per drug. As the European Commission puts it: "In a number of cases, originator

2The US patent legislation, including the 1984 Hatch-Waxman Act, provided for several entry-

deterrence strategies. A useful source about these strategies is the Federal Trade Commission 2002

special report [7].
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companies tried to switch patients of their medicine facing imminent loss of exclusivity

to a so-called second generation, or follow-on, medicine. (...) In some cases, the �rst

medicine was withdrawn from the market some months after the launch of the second

generation medicine. If originator companies succeed in switching patients by that point,

the probability that generic companies will be able to gain a signi�cant share of the market

decreases signi�cantly. If, on the other hand, generic companies enter the market before

the patients are switched, originator companies have di¢ culties in convincing doctors to

prescribe their second generation medicine and/or obtain a high price for it." [6] . It is

also worth noting that in Brazil the regulator has to elect a new reference drug when

the original one is discontinued, and this may a¤ect the bioequivalence status of existing

generics.

Regarding own generics, we detected in our sample 37 generics belonging to their re-

spective reference drug seller groups (in 34 single-API drugs, as some sellers market gener-

ics under di¤erent umbrella brands). Moreover, many unnoti�ed co-marketing agreements

have been discovered by antitrust authorities, but the registration department at Anvisa

has not been able to keep track of them. This is an important antitrust issue, because

�rms may divide their markets among them. An attempt to measure market division

should be undertaken in future extensions of this paper, by exploring in greater depth the

data base with respect to concentration and diversi�cation of the �rms.

The use of lobbying before the regulatory and competition agencies, however, has not

been an important practice in Brazil. On the contrary, the antitrust agencies investi-

gated the reference drug makers�association for coordinated pressure (agreed during a

documented meeting) on wholesalers to prevent them from distributing generic drugs,

for deceitful advertisement questioning generics�safety, right after the enactment of the

Generic Drug Act, and for distributing to doctors stickers labeled "I do not authorize

the substitution of the prescription at dispensing" (without this order, any reference drug

may be legally replaced by the pharmacist at dispensing). The attempt investigated was

punished by the Brazilian antitrust tribunal (CADE) in 2005, when the �rms taking part

in the meeting were �ned in one percent of their previous year�s revenues, except the

agreement leader, Janssen-Cilag, whose �ne was doubled.
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3 Literature on pharmaceutical entry: a survey

To the best of our knowledge, only two econometric estimations have been applied to the

pharmaceutical in Brazil, all of them trying to measure the impact of generic drug entry

on prices. Fiuza and Lisboa [12] pointed out that branded drug prices would go up in

face of similar drugs´ market power increase, a result similar to Frank and Salkever�s [13],

but the data base utilized was previous to the Generic Dug Act.

Nishijima and Biasoto [21] used a di¤erent sample (covering both before and after

the Generic Drug Act) and a slightly di¤erent model from Fiuza and Lisboa�s and got

di¤erent results, namely that reference drug prices would go down as they faced greater

numbers of generic copies. Lopes [18] recently replicated Fiuza and Lisboa�s model with

more drugs in a more recent period and reached the same conclusions as the latter.

A better understanding of the process that generates generic drug entry is therefore

of extreme interest for Brazilian policymakers, for the industry and for the academia in

general. A few models in the international literature may then become a starting point

for our work.

As Rei¤en and Ward [22] point out, the generic drug industry is a useful �eld for

studying empirically how competition evolves within a market: (i) each chemical repre-

sents a distinct experiment; (ii) information about the market for each drug is observable

to researchers; e.g. date of opening of the market (the patent expiration date); (iii) �rms

must sink signi�cant costs to apply for the authorities�approval prior to knowing when,

or how many, rivals will enter the market.

Papers by Danzon and Chao[5] and Lanjouw[16] indicate that price regulation under-

mines competition in o¤-patent markets because they discourage generic drug entry. In

the same direction �even though looking for industrial policy, scale economies, and safety

regulation explanations � Thomas[26] also �nds that the same countries with weaker

or non-existent price control �and consequently higher prices (US, UK, Germany and

Switzerland) �have stronger competitive performance, and account for most of the global

drugs launched (drugs sold in more countries, and with greater market shares), while

other developed countries tend to launch more often local drugs.

The main empirical references in generic drug entry are Scott-Morton [24], [25] and

Rei¤en and Ward [22]. The three papers studied the US market.
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Scott-Morton [24] used individual data on Abbreviated New Drug Applications (AN-

DAs) from the FDA during the 1984-1994 period to estimate entry. Firm characteristics

were combined with market characateristics to produce novel explaining variables. She

explored all ANDAs of the period, totalling 1,233 unique combinations of applicant, drug,

form, and patent expiration, in 363 markets. The FDA provided the submission date, ap-

proval date, applicant name, API, form, route, and strength. She merged these data with

IMS revenue datas from hospital and drugstore audits, and classi�ed them into therapeu-

tical classes using a standard pharmaceutical reference. Her approach uses observations

at �rm and drug (API, form, strength) level. Following Berry [2], she creates a set of

potential entrants, who then decide to enter or not, a discrete choice (probit) decision.

Thereby she is able to include as explaining variables a range of �rm characteristics, such

as proxies of �rm�s experience with the ingredient, form, therapy and/or drug family �

Kyle[15] also uses �rms �experience proxies (including country-class experience) along

with geographical proximity and cultural and regulatory likeness measures for estimating

entry of NCEs into the G7 countries as from 1980. The main indications of the drugs are

also classi�ed into chronic or acute conditions.3

Scott-Morton[25] adopted a Poisson count data modelling for testing whether pre-

expiration brand advertising deters generic entry. Her sample covered drugs that lost

patents from 1986 to 1991. She observed revenues and quantity from two years before

patent expiration to one year after expiration, and advertising data from three years before

to one year after the same event. She found characteristics of a drug market before patent

expiration to be signi�cant predictors of generic entry. Entry was more likely in markets

featuring higher market revenues, high share of sales to hospitals, drugs in topical form

and for treating chronic conditions. The author also got a very small estimate of the e¤ect

of advertising on entry, and noted that its sign varied with the type of advertising.

Rei¤en and Ward [22] developed a system of equations to explain generic entry, generic

post-entry market share, and entry price. For entry, an expected pro�t was assumed to be

zero for the last entrant; from this condition, and assuming that entry decisions are taken

independently and simultaneously; the resulting mixed strategy Nash equilibrium number

3We pursue this approach in a near future extension, after learning with the present research, merging

registration data from Anvisa (important for testing hypotheses about �rms�behaviors following entry

authorization), and constructing the relevant proxies.
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of entrants followed a binomial distribution, approximated by a Poisson distribution,

yielding in turn a hazard rate regression; an iterative procedure was undertaken to account

for the endogeneity of the (unobserved) rent variable present in the three equations. The

post-patent-expiration price when there are i generic drugs of type k, relative to the price

of the pre-entry branded version of the same drug was regressed on cost and demand

shifters and on dummies for each possible number of generics. The total log-revenue

of the generic drugs was then regressed on the average pre-patent-expiration branded

version revenue and on other explaining variables (some of them present in the previous

regression equation). The results indicate that the �ow of generic industry rents in the

USA increases for the initial 5 to 10 months following patent expiration but then falls

as more entrants compete away price-cost margins. For markets of su¢ cient size entry

will ultimately lead to near-competitive levels, while prices remain above marginal cost

in small markets without inducing entry. The authors used a data set covering 31 drugs

that went o¤ patent in the late 1980s and early 1990s in the USA.

Bae[1] used a proportional hazard regression model to estimate time of delay (in days)

to entry after patent expiration in the USA for a list of 77 single-API drugs that lost

patent during the period 1987-1994. Again, entry is faster in markets of greater revenue,

with fewer branded competitors, and for chronic-use drugs. The Medicaid Drug Rebate

Program, which imposed mandatory rebates o¤ the private sector wholesale prices for the

Medicaid (public) purchases, had a positive impact on the entry delay.

Hudson[10] studied entry in four developed countries: USA, UK, Germany and Japan.

USA and Japan are the greatest pharmaceutical markets in the world, as measured by

revenues. He analyzed: (i) the determinants of generic drug entry; (ii) determinants of

entry delay when entry does occur; (iii) impact of entry on the original brand�s sales. His

results also suggest that the greater the market, the more likely are entry and its impact

on the original drug�s sales. His estimations are based on a sample of the �fty best-selling

APIs present in at leas one of these countries.

Rudholm [23] analyzed determinants of generic entry in Sweden, where a reference

pricing system has been used for reimbursement purposes since 1993. Unfortunately his

data (a panel of twenty-two APIs from 1972 to 1996) have a short overlap with the period

after the introduction of this system. He ran an integer-valued autoregressive model by

Non-Linear Least Squares, and found that expected pro�ts a¤ect positively the number
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of entries, but the longer the exclusivity period enjoyed by the branded pioneer drug, the

lower the likelihood of generic entry.

Recent unpublished papers by Moreno-Torres et al [20] and Iizuka [11] analyze entry

respectively in Spain and Japan, two heavily regulated markets, with tight price controls.

Spain is the seventh largest market in the world (�fth in the EU), and price controls

have been in force there since the 1920s. Reimbursement by the government has been sub-

ject to reference pricing since 2000. Following Berry[2], and unlike Rei¤en and Ward[22],

Moreno-Torres et al [20] assume di¤erent entry costs and use a pure strategy equilibrium

concept. Still they end up assuming a count data model: starting with a Poisson, and

rejecting the hypothesis of equidispersion, they end up moving to a (zero-in�ated) Fixed

E¤ects Negative Binomial model. Their data set is an unbalanced panel covering 86 pre-

scription drug APIs for a maximum number of 34 quarters, collected from the Spanish

National Health System. They exclude OTCs, drugs for hospital consumption, non-oral

drugs (thus excluding topicals and injectables), pediatric drug types, and drugs with more

than one API. One singular feature of the Spanish price control system is that the drug

maximum prices are �xed in a negotiation between the �rm and the health authority

and in particular new generic entrants have systematically been priced below the incum-

bent generic drugs. Moreover, as new generics enter, and due to the formula utilized,

the reference price for reimbursement is recalculated downwards. Explaining variables in-

clude dummies for reference pricing and long duration treatment, age of the pioneer drug,

number of generic �rms in the market, and number of APIs in the therapeutic (ATC-4)

subgroup. The �rst dummy and the last two variables are found signi�cant and nega-

tively signed, along with a (negatively signed) time trend and the (four-quarter) lagged

market revenue level (found signi�cantly negative). The results contrast with �ndings

in the US market, but reinforce the thesis that regulations fostering generic substitution

(the reference pricing system) deter entry.

Japan is the second largest market in the world, and is severely regulated. Curiously,

as Thomas [26] note, a great share of drugs launched in Japan are local, i.e., they are

marketed only there. Retail prices are set by the government, while wholesale prices

are free. Prices are updated every other year, following a formula that combines the

wholesale and the retail average prices. Generic drug introductory prices are set 30%

below the comparable brand-name drugs�, and entry approvals are issued only once a
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year. Generic drugs�shares are quite low in Japan, for several reasons, according to Iizuka

[11] : (i) di¢ culty to substitute generics at pharmacies (only allowed when prescription

used the nonproprietary name, a provision reversed in April 2008); (ii) widely believed

perception of low quality for generics; (iii) uncertainty in supply side, due to sudden exits

of generic �rms. A new reimbursement premium was created in 2002 that incentives

generic prescription. Iizuka uses prescription data instead of market level data for 97

API-form-strength combinations (57 APIs) from Japan Medical Data Center from 2002

to 2006. and also uses a count data model (a negative binomial regression on pooled data)

to estimate generic drug entry. He obtains some very interesting �ndings: (i) fewer generic

�rms enter if there is a large number of brand names already in the market; (ii) entry di¤ers

across therapeutic classes (for instance, they are lower in classes that treat cancer and

the nervous system, where entry costs are higher and expeted revenues lower); (iii) fewer

generics enter a market with a high share of institutions where prescribing and dispensing

are separated4 �suggesting that integration take greater advantage of the generic drugs�

higher markup; (iv) fewer generics enter markets mainly used in large hospitals, whose

physicians are strongly connected to medical schools, where in turn professors are often

involved with the development of branded drugs.

4 The model

4.1 Methodology

Our observation is a count of entries of generic drugs for a single-API drug in a given route

of administration and ATC-3 class, in a given year. There are three basic approaches for

estimating regressions where the dependent variable is a non-negative integer: (i) the usual

linear regression, sometimes undertaking some monotonic transformation of the dependent

variable to render it continuous; (ii) a regression using a count data speci�cation, from

the Poisson family; (iii) an ordered multinomial regression.

Since linear regressions are more known, we attain ourselves to describe the other two

4A unique feature of this industry in Japan is the integration of prescription and dispensation of drugs

by doctors, especially the o¢ ce-based.
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model families. We then discuss the pros and cons of the three approaches, and in the

next section their results are compared.

4.1.1 Count data models

Poisson The starting point for standard count data analysis is the Poisson regression

model. In a cross-section, the basic model usually utilized for explaining an integer-valued

variable yi is:

f (y) =
e���y

y!
(1)

such that

E (yijxi) = V ar (yijxi) = �i = exp (x0i�) (2)

:

The advantages of the Poisson regression, according to Hausman, Hall and Griliches

(1984) [8] are: (i) it is analogous to the standard regressions in the sense that the one

obtains a parametrized mean conditional on explaining variables, estimated by some

weighted least squares (nowadays extended to the generalized method of moments) or

maximum likelihood procedure, and thanks to its global concavity the optimization algo-

rithms converge fast; (ii) the zero problem yi = 0 is a natural outcome of the distribution,

and the integer property as a whole is handled directly, in contrast to the usual loga-

rithmic regression speci�cation, where a continuous distribution needs to be truncated;

(iii) the Poisson speci�cation "allows for convenient time aggregation so long as its basic

assumption of time independence holds true", such that the summation of a Poi sson-

distributed variable over time also follows a Poisson whose mean equals the summation of

the period means. However, the authors also point out, "the time independence property

is also a potential weakness (...), given the often noted serial correlation of residuals in

econometric speci�cations" (p. 911).

For the Poisson Maximum Likelihood Estimator, it can be shown that (see Cameron

and Trivedi[3] ): (i) consistency requires a correct speci�cation of the conditional mean,

but not that the dependent variable is actually Poisson distributed; (ii) valid statistical
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inference using computed ML standard errors and t-statistics requires correct speci�ca-

tion of both the conditional mean and variance. That requires equidispersion (i.e. the

distribution�s property that the mean equals variance, or 2), but, again, not a Poisson

distribution for y; (iii) valid statistical inference using appropriately modi�ed ML output

is still possible when data are not equidispersed, as long as the conditional mean is cor-

rectly speci�ed; in this case, it is necessary to adjust the standard error estimates, what

yields a Pseudo-MLE; (iv) more e¢ cient estimators than Poisson can be obtained if data

are not equidispersed.

In fact, equidispersion in the Poisson model is a very severe restriction, analogous

to homoskedasticity in OLS, and is often rejected by the data. To address this issue, a

number of alternatives have been proposed, departing in various extents from the basic

Poisson model. We describe next the models we explored for the present study.

Negative binomial A more �exible speci�cation allows for the conditional variance

to be:

V ar (yijxi) = !i = ! (�i; �) (3)

The most utilized speci�cation for this function is the family:

!i = �i + � � �
p
i (4)

In particular, the default Negative Binomial speci�cation assumes p = 1 (NB1 model),

so that the conditional variance becomes a constant multiple of the conditional mean:

V ar (yijxi) = (1 + �)�i = � exp (x0�) (5)

One derivation of the negative binomial is that the individual units follow a Poisson

regression model, but there is an ommitted variable �i:

�i = exp (x
0
i� + �i) (6)
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such that �i follows a Gamma distribution:

e�j~Gamma (�i=�; �) (7)

Another speci�cation (NB2) is obtained when �i follows another Gamma distrib-

ution:

e�j~Gamma (1=�; �) (8)

and therefore

V ar (yijxi) = �i (1 + ��i) (9)

The distribution obtained can be interpreted as a parametric mixture of two distrib-

utions, the Poisson and a conjugate Gamma:

h (yj�; �) =
Z
f (yj�; �) g (�;�) d� (10)

where f (yj�; �) is the Poisson distribution referring to the conditional mean 6, and
g (�;�) in turn is another mixing distribution. In the NB1 case:

g (�;�) =
(��1)

��1

� (��1)
��

�1�1e���
�1
; � > 0 (11)

where

� (a) =

1Z
0

e�tta�1dt; a > 0 (12)

Substituting the Poisson and the mixed Gamma 11 back into h (yj�; �), we obtain:

h (yj�; �) = �(��1 + y)

�(��1)�(y + 1)

�
��1

��1 + �

���1 �
�

��1 + �

�y
(13)

and the log-likelihood to be maximized in the NB1 case is:

lnL (�; �) =

nX
i=1

(
yi�1X
j=0

ln
�
j + ��1

�
� ln yi!�

�
yi + �

�1� ln (1 + � exp (x0i�)) + yi ln�+ yix0i�
)

(14)
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Zero-in�ated models Lambert [17] introduced the Zero-In�ated Poisson in order to

account for the excess number of zeros usually found in count regressions, which imply

overdispersion. It can be interpreted as a mixture of the Poisson distribution f2 (�) with
a degenerate distribution whose mass is concentrated at zero. A binary process with

density f1 (�) sorts the outcomes between the two distributions. Thus, a zero can be
an outcome either of the degenerate distribution or of the Poisson distribution, and the

resulting probabilities are:

Pr [yi = 0] = f1 (0) + (1� f1 (0)) f2 (0) (15)

Pr [yi = r] = (1� f1 (0)) f2 (r) ; r = 1; 2::: (16)

The binary distribution is ordinarily speci�ed as a logit with regressors zi and para-

meters .The log-likelihood then becomes:

lnL (�) =
nX
i=1

1 (yi = 0) ln (exp (z
0
i) + exp (� exp (x0i�)))+

nX
i=1

(1� 1 (yi = 0)) (yix0i� � exp (� exp (x0i�)))�
nX
i=1

ln (1 + exp (z0i))

The zero-in�ated negative binomial follows the same reasoning, just substituting the

negative binomial for f2 (�) .

4.1.2 Ordered multinomial models

In such models a �xed number of outcomes, say m, can be obtained, which can be then

ordered into integer categories. Let the latent variable be:

y�i = x
0
i� + ui (17)

Then de�ne the observed outcome

yi = j if �j�1 < y�i � �j

where the aj are the thresholds, or cuto¤ points, to be estimated along with the �

parameters by MLE. It is conventioned that �0 = �1 and �m = +1. Then
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Pr [yi = j] = Pr (�j�1 < y
�
i � �j) =

= F (�j � x0i�)� F (�j�1 � x0i�) (18)

where F (�) is the cdf of ui. An ordered logit is such model where the cdf is a logistic
distribution, and an ordered probit where the cdf is a Normal. In the former case, there

are K + m � 1 parameters to be estimated, where K is the dimension of �, while in

the latter case, there are (m� 1) (K + 1) parameters. These models have been applied to

count data that take very few values. In some cases, as in our present study, the frequency

of higher values is low enough so that an upper censoring is undertaken (namely, entries

above 5 are censored at that level).

5 Data and results

Our estimations are based on retail level market data. IMS Health is the main market

audit company of the pharmaceutical industry worldwide. Pharmaceutical Market Brazil

(PMB) surveys sales only through retail channel, so we are not able to include hospital

sales as explaining variable. Only recently have hospital sales started being collected. We

use then PMB data but exclude drugs sold typically or exclusively to hospitals, such as

anesthesia, parenteral solutions, diagnostic agents, and blood derivatives. The data base

had also to be cleaned up with the exclusion of functional food, shampoos, soaps and

other cosmetics. But phytotherapics have not been excluded.

PMB records extracted comprised monthly sales in volume and value (local currency).

Units are packages. Strength (amount of API content in the drug) is not available for all

drugs in a separate �eld, but packaging description is not standardized; as a consequence,

the �eld for equivalent dosages is also incomplete. We observe sales per brand and pack-

aging. Descriptive variables include: seller´s name; API; type of drug (reference, similar

or generic) launching date of the packaging; launch date of the brand or generic; form

and route of administration (e.g. tablets, sprays, ampoles, etc.). Following Scott-Morton

[24], [25] and advice from the industry5, we grouped forms into (i) oral solids, (ii) oral

5We are extremely grateful to Mr. Jair Calixto, manager of good manufacturing practices and phar-
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liquids, (iii) semi-solids (topics and suppositories), (iv) injectables, and (v) sprays. Scott-

Morton�s original papers groups orals together, and semi-solids and sprays into "topics".

We de�ne then a drug as the triple API-class-form.

We have no reliable data on advertisement and promotion (�detailing�). Prescription

data have not been explored yet.

PMB has an unfortunate feature worldwide: the seller´s name is not tracked along

the months; when a brand is transfered because of divestiture, licensing, partial or total

merger or acquisition, the whole sales series are relabeled to the new seller. Depending

on the date of the extraction, the whole series will be completely assigned to the current

seller. We overcame this obstacle with an external data base, from ABCFarma, a monthly

magazine containing all drug price lists. By consolidating all price lists throughout the

period, we were able to identify each drug�s seller in each month. As the drug labels

of IMS and ABCFarma were not completely comparable, we summarized the transition

pairs of sellers and doublechecked them with merger dates from the Brazilian antitrust

agencies and by searching the Web. Parent companies were also checked this way, and

additionally by checking the addresses of the companies registered at CMED/Anvisa. The

heavy workload at this stage of our research process could never be overstated. To the best

of our knowledge, this is the �rst work in the international literature that complements

IMS data with other pieces of information to overcome such a classical data limitation

problem.

5.1 Descriptive statistics

We found 648 single-API drugs that were not under patent at least one year of our sampled

period; in fact,18 drugs had their patent expired during our sample; only four of them had

generics launched. One of them was letrozole, expired in 2007, but with an (own-) generic

launched in 2006. This was the only case of own-generic launched before expiration in our

sample.We then obtained 984 drugs (triples API-class-form). Tables 3 and 4 summarize

entry and generic penetration in the markets. Table 3 bring the shares of drugs containing

generic versions in each year, both in number and in revenue. It also brings the shares of

maceutical audits of the Pharmaceutical Industry Syndicate of São Paulo for graciously providing advice

on the classi�cation of production processes.
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drugs where generic entry occurred in the same year, also in number and in revenue. One

interesting feature to remark is that the revenue shares of drugs with entry and of drugs

with generics moved in oppos

Table 4 counts drug market yearly observations according to the number of generic

drug entrants recorded in the respective year.

INSERT TABLE 3 ABOUT HERE

INSERT TABLE 4 ABOUT HERE

We notice that the greatest share of our observations is of drugs without generic drug

entry (appr. 85%). The share of each zero-entry class (in number) in the total is similar

to the share of the class (in number) in the total. Shares of yearly observations of no entry

in the class´s total number of observations range from 77.4% (class J �Antiinfectives) to

96.8% (class B �Blood and Blood Forming Organs). Class J is therefore the class with

the greatest rate of generic entry.

Accumulating generic drug entry changes a little the picture: the number of classes

with no generic entry whatsoever during the period 2000-2007 goes down to 64% in

number. The cumulative density of entries up to 6 is 90%; see Figure 2.

INSERT FIGURE 2 ABOUT HERE

5.2 Results

The reader should bear in mind that, unlike in the linear regressions, marginal e¤ects

in count data are nonlinear. In particular, the derivative of the expected count w.r.t.

a particular regressor xj in the Poisson and Negative Binomial family has the following

formula:

@E [yjx]
@xj

= �j exp (x
0
i�) (19)

The K-vector of derivatives in an ordered multinomial model is calculated for each

value of the dependent variable�s support:
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@ Pr [yi = jjxi]
@xi

= [F 0 (�j�1 � x0i�)� F 0 (�j � x0i�)] ����( 2 0 )

where F 0 (�) is the derivative of the respective cdf applying to the problem: in the logit
case, F 0 (�) = � (�) (1� � (�)), where � (�) is the logistic cdf; in the probit case, F 0 (�) is
simply the Normal pdf � (�).
Tables 5 and 7 display the marginal e¤ects of the count data models and of the

ordered probit, respectively. Ordered Probit and Ordered Logit�s results are compared

in Table 6. Results show that: as regards count models, we found that a simple Poisson

regression provides a poor estimation of generic drug entry because of overdispersion;

both the Negative Binomial family and the zero-in�ated models improve considerably

over Poisson. Most of the explaining variables utilized are signi�cant, in particular:

1. lagged values of the revenues of the particular drug (proxy for potential market)

have positive sign for the branded revenue and for the total drug�s revenue over all

forms, but negative for the the drug�s revenues in a particular form in the classs,

and for the total of the therapeutical class;

2. the lagged value of the number of own generics surprisingly a¤ects positively entry,

but the number of extended release brands and the number of brands belonging to

the reference drug�s seller a¤ect negatively entry, as expected;

3. the lagged HHI market concentration indexes also have mixed signs: a higher ther-

apeutical class HHI attracts entry (though with a very slight signi�cance), while a

higher drug�s HHI repells it; the number of sellers in the class has a positive sign;

4. the age of the pioneer drug �a proxy for the age of the molecule and therefore of

the maturity of the drug�s market �attracts generic entry;

5. the lagged number of brands also curiously is positively correlated with entry;

6. the number of single-API drugs in the therapeutical class has also mixed signs; the

summation over the entire class has a negative sign, while the summation within

the same route of administration in the class has a positive sign;

7. the revenues of phyotherapics and the market share of the own generics in the class

and in the class/form are not signi�cant for explaining entry.
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Ordered multinomial models display similar results, but some magnitudes of the mar-

ginal e¤ects vary considerably, especially along the categories.

INSERT TABLE 5 ABOUT HERE

INSERT TABLE 6 ABOUT HERE

INSERT TABLE 7 ABOUT HERE

5.3 Diagnostic tests and comments

Wald tests comparing Poisson to NB1, NB2 and generalized NB models reject equidisper-

sion. Vuong tests reject both Poisson and NB2 models in favor of Zero-in�ated Poisson

and Zero-in�ated NB2 models, respectively. Both Akaike and Bayesian Information Cri-

teria also suggest that the zero-in�ated models are the best models. See Tables 5 and

8.

On the other hand, proportion of counts predicted by NB2 seem to be closer to the

observed proportions than ZIP; see Figure 3 and Tables 8-A to 8-E. ZINB predicts better

the proportions of ones and twos than regular NB2. The worst �t is the regular Poisson�s.

INSERT FIGURE 3 ABOUT HERE

INSERT TABLES 8 AND 8-A TO 8-E ABOUT HERE

The comparison of predicted proportions given by ordered multinomial probit versus

ordered multinomial logit (see Tables 9 and 10) favors only slightly the latter: 84.70%

success rate6 versus 84.92%. Another crude check (See Figure 4) point out that both the

ordered logit and the ordered probit �t better the predicted proportions than ZINB.

INSERT FIGURE 4 ABOUT HERE

INSERT TABLES 9 AND 10 ABOUT HERE

6Success rate measured by the proportion of the "choices" that were predicted correctly (see Maddala,

1993, p. 77)
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It is interesting to note how the variables related to deterrence a¤ect entry. Taking

the best model �tted to the data, ZINB, own-generics, own similar brands and extended-

release versions do not appear to be very e¤ective in deterring entry. But it is worth

reminding that our data do not keep track of co-marketing agreements unnoti�ed to the

Brazilian antitrust agencies, so the e¤ect of own brands may be severely underestimated.

It is also interesting to note how the zero-in�ated models predict zeros from the dif-

ferent distributions of the mixture. Figure 5 plots predicted proportions of zeros against

the counts of brands in the respective drug markets. We note that drugs with as few as

one brand hardly attract any entry, so the entry of branded competitors is an important

leading indicator of a generic. In fact, it is easier to introduce a similar brand �rst. More-

over, as the formula for entry price takes into account either the average market price or

the average �rm price, �rms had better introduce similar drugs �rst, because existence of

generic drugs bring the average down, due to their mandatory 35% rebate.

INSERT FIGURE 5 ABOUT HERE

6 Conclusions

This article is the �rst e¤ort to estimate generic drug entry in Brazil, a relatively novel

feature of the Brazilian market, as bioequivalence has only been regulated in the country

since 1999. We used both count models and ordered multinomial models for this purpose.

As regards count models, we found that a simple Poisson regression provides a poor

estimation of generic drug entry because of overdispersion; both the Negative Binomial

family and the zero-in�ated models improve considerably over Poisson. Most of the ex-

plaining variables utilized are signi�cant, in particular:

1. lagged values of the revenues of the particular drug (proxy for potential market)

have positive sign for the branded revenue and for the total drug�s revenue over all

forms, but negative for the the drug�s revenues in a particular form in the classs,

and for the total of the therapeutical class;

2. the lagged value of the number of own generics surprisingly a¤ects positively entry,

but the number of extended release brands and the number of brands belonging to

the reference drug�s seller a¤ect negatively entry, as expected;
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3. the lagged HHI market concentration indexes also have mixed signs: a higher ther-

apeutical class HHI attracts entry (though with a very slight signi�cance), while a

higher drug�s HHI repels it; the number of sellers in the class has a positive sign;

4. the age of the pioneer drug �a proxy for the age of the molecule and therefore of

the maturity of the drug�s market �attracts generic entry;

5. the lagged number of brands also curiously is positively correlated with entry;

6. the number of single-API drugs in the therapeutical class has also mixed signs; the

summation over the entire class has a negative sign, while the summation within

the same route of administration in the class has a positive sign;

7. the revenues of phyotherapics and the market share of the own generics in the class

and in the class/form are not signi�cant for explaining entry.

Ordered multinomial models display similar results, but some magnitudes of the mar-

ginal e¤ects vary considerably, especially along the categories. Fit of the predicted pro-

portions appears to be much better than the count models�.

This article is only the beginning of a series of studies on the pharmaceutical industry

in Brazil using retail level data. Some extensions are already envisaged, in particular: (i)

a model of entry using �rm-level data and sequential decision each year; thereby enabling

us to add �rm characteristics, as suggested by Kyle[14] and Scott-Morton [25], following

Berry [2]. In particular, we may use diversi�cation measures, ingredient experience, ther-

apeutic class experience, and form experience; (ii) incorporating dynamics of drug entry,

as modeled by Rei¤en and Ward [22]; (iii) an assessment of diversi�cation of sellers�s sales

and of market concentration across therapeutic classes and/or relevant markets de�ned by

the Brazilian antitrust system; (iv) estimation of entry of NCE (New Chemical Entities) �

what will require re�nement of information on patent status and access to classi�cation of

drugs for introductory price regulation purposes �thus providing for a better assessment

of welfare associated to innovation.
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TABLE 1 
Generic Drug Market Share in Selected Countries 

 
Country % in Revenue  % in Volume 

USA  13 60 
Germany 26 60  

United Kingdom  26 60 
Canada 22  45 
France 14 35 
Spain 13 30  
Brazil 13.8 16.9 

Source: Pro-Genérico. 
 

FIGURE 1 
Evolution of generic drug registrations 
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Source: Anvisa/NUREM (last update Feb 25, 2009). 

 
 

TABLE 2 
Evolution of generic drug presence in Brazilian market 

 
 2000 2001 2002 2003 2004 2005 2006 2007 

APIs 68 140 203 220 243 271 282 263 
Firms 11 25 31 33 36 37 40 37 
Drugs 118 295 503 619 818 1,040 1,169 1,099 

Package versions 135 490 594 1,029 1,611 2,069 2,385 2,245 
Source: ANVISA/NUREM. 
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TABLE 3  

Drugs with Entry and Drugs with Generics, versus Total Sample 
 
 

Year 

Share of drugs 
with entry along 

the year, in 
number 

Share of drugs 
with generics, in 

number 

Share of drugs 
with entry  along 

the year, in 
revenue 

Share of drugs  
with generics, in 

revenue 
2000 11.32 12.21 81.31 4.40 
2001 13.93 17.93 79.37 11.08 
2002 15.52 23.59 78.41 16.35 
2003 12.81 25.00 65.34 19.70 
2004 15.60 28.20 68.52 21.85 
2005 15.78 30.94 64.10 24.59 
2006 13.15 32.99 50.88 29.26 
2007 12.75 34.17 60.38 33.85 

Source: IMS/PMB sample of single-API drugs. 
 
 
 

TABLE 4 
Yearly generic entry across ATC-1 Classes 

 
ATC-1 
Class 

0 1 2 3 4 5+ Total 

A 531 51 25 12 3 4 626 
B 214 5 2 0 0 0 221 
C 750 89 26 17 8 3 893 
D 511 49 28 7 9 10 614 
G 543 27 13 6 2 0 591 
H 177 10 11 4 5 2 209 
J 641 94 56 13 13 12 829 
L 242 9 0 0 0 0 251 
M 420 42 21 6 6 11 506 
N 981 106 36 15 11 10 1,159 
P 221 7 10 2 6 5 251 
R 590 58 22 11 11 7 699 
S 402 16 9 0 2 1 430 
Total 6,223 563 259 93 76 65 7,279 
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FIGURE 2  

Distribution of Accumulated Number of Entrants across Drug Markets
 (CDF)
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TABLE 5  
Marginal Effects in Count Data Regressions and Diagnostic Tests 

 POISSON NB2 NB1 Generalized NB  ZIP ZINB 

#Generic Drug Entrants dy/dx z dy/dx  z dy/dx z dy/dx z dy/dx  z dy/dx z 
Revenue Branded 2.5500E-09 0.00 2.3100E-09 3.51 2.4000E-09 4.99 2.3500E-09 1.59 1.8300E-09 1.75 2.3500E-09 1.59 

Revenue Drug -4.2700E-10 0.00 -3.5200E-10 -3.85 -4.6400E-10 -5.01 -5.2000E-10 -0.86 -3.7000E-10 -0.98 -5.2000E-10 -0.86 

Revenue Drug X Form 5.9800E-10 0.00 7.1900E-10 5.32 6.9200E-10 5.65 8.2900E-10 0.97 8.4600E-10 1.80 8.2900E-10 0.97 
Revenue Class -5.1600E-10 0.00 -6.5000E-10 -6.22 -5.2900E-10 -6.22 -7.7800E-10 -1.12 -7.1400E-10 -1.76 -7.7800E-10 -1.12 
#Firms in Class 0.002542 0.00 0.002170 5.58 0.002223 5.17 0.003646 4.16 0.002587 4.87 0.003646 4.16 

HHI ATC-3 Class 0.000011 0.13 0.000009 1.08 0.000010 1.00 0.000028 1.41 0.000026 2.08 0.000028 1.41 
HHI Drug -0.000038 0.00 -0.000028 -4.10 -0.000036 -4.68 -0.000059 -3.63 -0.000045 -4.43 -0.000059 -3.63 

Age of Pioneer Drug 0.003151 0.00 0.002628 6.77 0.003033 7.86 0.001371 1.54 0.000697 1.31 0.001371 1.54 
Revenue Phyto. Class 0.000000 0.10 0.000000 -0.30 0.000000 -0.02 0.000000 -0.32 0.000000 -1.15 0.000000 -0.32 

Year 2001 -0.044834 0.00 -0.013116 -0.74 -0.020775 -1.14 -0.091294 -2.80 -0.090810 -5.62 -0.091294 -2.80 
Year 2002 -0.036314 0.00 -0.011542 -0.66 -0.006247 -0.33 -0.083854 -2.62 -0.076659 -4.70 -0.083854 -2.62 
Year 2003 -0.070530 0.00 -0.042956 -2.85 -0.050606 -3.21 -0.144619 -5.07 -0.119251 -7.82 -0.144619 -5.07 
Year 2004 -0.046518 0.00 -0.007738 -0.43 -0.027643 -1.62 -0.092332 -2.97 -0.090195 -5.81 -0.092332 -2.97 
Year 2005 -0.053280 0.00 0.002648 0.14 -0.045007 -2.85 -0.079049 -2.46 -0.086238 -5.47 -0.079049 -2.46 
Year 2006 -0.080427 0.00 -0.045358 -3.02 -0.071338 -4.94 -0.138410 -4.80 -0.115471 -7.49 -0.138410 -4.80 
Year 2007 -0.106151 0.00 -0.073255 -5.55 -0.080822 -5.79 -0.196456 -7.34 -0.156614 -10.35 -0.196456 -7.34 

# Non-generic Brands 0.010297 0.00 0.012394 13.38 0.011123 15.09 0.113682 13.40 0.091232 10.11 0.113682 13.40 

#Drugs in ATC-3 Class 0.012191 0.00 0.010669 4.64 0.014340 5.72 0.015904 3.09 0.009576 3.14 0.015904 3.09 

#Drugs in Class X Form -0.004435 0.00 -0.003299 -2.65 -0.006070 -4.44 -0.002963 -1.10 -0.001115 -0.70 -0.002963 -1.10 

# Extended Release Brands  -0.025865 0.00 -0.006449 -1.27 -0.021914 -4.17 -0.024260 -2.67 -0.015576 -3.26 -0.024260 -2.67 
#Own-generics 0.101858 0.00 0.091026 4.44 0.116086 6.32 0.147245 4.02 0.076799 4.13 0.147245 4.02 

#Brands of Pioneer iDrug -0.036717 0.00 -0.008695 -1.02 -0.043718 -6.78 -0.036380 -2.76 -0.021128 -3.26 -0.036380 -2.76 

Revenue of Pioneer  Drug -7.6000E-12 0.99 7.7400E-10 0.91 1.2900E-10 0.21 2.4500E-09 1.17 1.2300E-09 1.24 2.4500E-09 1.17 

Share Own-generics Drug 0.194513 0.12 0.125485 0.60 0.263335 1.87 0.130662 0.36 0.025785 0.14 0.130662 0.36 
Share Own-generics Class 0.608698 0.01 0.087520 0.26 0.446583 1.63 0.437705 0.72 0.328609 0.96 0.437705 0.72 

AIC 8420.67 7487.27 7399.259 7330.563 7131.444 6873.10 
BIC 8585.40 7665.721 7570.85 7515.88 7316.762 7072.14 
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TABLE 5 (Continued) 
 

 POISSON NB2 NB1 Generalized NB ZIP ZINB 

R2/Pseudo-R2 
0.27 0.15 0.16 0.10         

  Test 
statistic 

P-
value 

Test 
statistic 

P-
value 

Test 
statistic P-value Test statistic P-value Test statistic P-value Test statistic 

P-
value 

Chi-Sq/F 3164.89 0.00 1352.00 0.00 1438.01 0.00 811.96 0.00 512.34 0.00 396.70 0.00 
Vuong test                 13.20 0.00 12.22 0.00 

Log-likelihood  -4186.34 -3717.6337 -3674.63 -3638.2813 -3538.722 -3407.55 
Auxiliary 

regressions   NB2   
Generalized NB 

(ln(alpha)) ZIP (inflate) ZINB (inflate) 
    Coef Chi_sq   Coef. z Coef. z Coef. z 

alpha   2.148194 937.41               
delta      1.162497 1023.41             

Revenue Drug       -5.60E-09 -3.19 -5.48E-09 -3.75 -4.20E -09 -2.26 

Revenue Class 
      3.64E-09 2.48 3.76E-09 2.97 2.68E-09 1.61 

# Non-generic 
Brands        -0.7015187 -36.16 -0.577174 -12.52 -0.9592287 -10.29 

Constant       4.760213 37.94 3.170769 24.08 3.398706 17.8 
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TABLE 6 
Estimates of Ordered Multinomial Models 

 
Variable Ord. Probit Ord. Logit 

9.25E-09 1.43E-08 Revenue Branded 
3.56 3.08 

-1.77E -09 -3.37E -09 Revenue Drug 
-4.72 -4.79 

2.76E-09 5.28E-09 Rev. Drug X Form  
5.08 5.13 

-2.30E -09 -4.29E -09 Rev. Class 
-5.56 -5.4 

0.008406 0.01494 # Firms in Class 
5.13 4.71 

4.14E-05 0.000075 HHI ATC -3 Class 
1.33 1.17 

-0.0001 -0.0002 HHI Drug 
-3.92 -3.72 

0.009343 0.016619 Age of Pioneer Drug 
5.91 5.58 

3.94E-10 4.07E-09 Rev. Phyto. in Class 
0.08 0.45 

0.062529 0.11519 # Non-gen. Brands 
18.87 19.01 

0.052326 0.099543 #Drugs Class 
5.46 5.45 

-0.01771 -0.03356 #Drugs Class X Form 
-3.36 -3.3 

-0.02739 -0.02039 # Ext-Release Brands 
-1.29 -0.51 

0.5201 0.92324 #Own-generics 
6.05 5.98 

-0.14332 -0.21027 #Brands Pioneer Drug 
-4.38 -3.22 

5.30E-09 1.38E-08 Rev. Pioneer in Drug 
1.56 2.29 

1.0093 1.6447 Sh. Own-gen. Drug 
1.21 1.29 

0.16581 -0.43975 Sh. Own-gen. Class 
0.12 -0.19 

1.5638 2.7931 cut1 
13.18 11.75 

2.1645 3.9402 cut2 
17.95 16.24 

2.6606 4.9435 cut3 
21.6 19.79 

2.9557 5.5691 cut4 
23.51 21.68 
3.372 6.4873 cut5 
25.49 23.52 

  Note: dummies for years omitted.  
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TABLE 7 
 

Marginal Effects of Ordered Probit Models for each count bracket  
(counts > 5 are censored) 

 
  c1 c2 c3 c4 c5 c6 

-1.68E-09 1.02E-09 4.28E-10 1.21E-10 7.74E-11 3.39E-11 
Revenue Branded 

-3.56 3.54 3.5 3.34 3.25 3 
3.22E-10 -1.96E-10 -8.20E -11 -2.33E -11 -1.48E -11 -6.50E-12 

Revenue Drug 
4.73 -4.68 -4.59 -4.23 -4.05 -3.6 

-5.02E-10 3.05E-10 1.28E-10 3.63E-11 2.31E-11 1.01E-11 
Revenue Drug X Form 

-5.14 5.05 4.96 4.54 4.33 3.78 
4.18E-10 -2.53E-10 -1.06E -10 -3.02E -11 -1.92E -11 -8.42E-12 Revenue ATC-3 Class 

5.63 -5.51 -5.4 -4.87 -4.62 -3.98 
-0.00153 0.000927 0.000389 0.00011 7.03E-05 3.08E-05 #Firms in Class 

-5.15 5.08 4.96 4.52 4.33 3.81 
-7.53E-06 4.57E-06 1.92E-06 5.43E-07 3.46E-07 1.52E-07 

HHI ATC -3 Class 
-1.33 1.33 1.33 1.32 1.32 1.3 

1.9E-05 -1.2E-05 -4.83E -06 -1.37E -06 -8.73E -07 -3.83E-07 
HHI Drug 

3.96 -3.92 -3.88 -3.67 -3.56 -3.25 
-0.0017 0.00103 0.000432 0.000123 7.81E-05 3.42E-05 

Age of Pioneer Drug 
-5.98 5.85 5.7 5.06 4.79 4.08 

-7.15E-11 4.34E-11 1.82E-11 5.16E-12 3.29E-12 1.44E-12 Revenue Phytotherapics in 
Class -0.08 0.08 0.08 0.08 0.08 0.08 

0.003883 -0.00236 -0.00099 -0.00028 -0.00018 -7.7E-05 
Year 2001 

0.27 -0.27 -0.27 -0.27 -0.27 -0.27 
-0.00489 0.002959 0.00125 0.000356 0.000228 0.000101 

Year 2002 
-0.33 0.33 0.33 0.33 0.33 0.32 

0.026827 -0.01663 -0.0067 -0.00185 -0.00115 -0.00049 
Year 2003 

2.11 -2.06 -2.13 -2.15 -2.17 -2.17 
0.002827 -0.00172 -0.00072 -0.0002 -0.00013 -5.6E-05 

Year 2004 
0.2 -0.2 -0.2 -0.2 -0.2 -0.2 

0.005284 -0.00322 -0.00134 -0.00038 -0.00024 -0.0001 Year 2005 
0.38 -0.37 -0.38 -0.38 -0.38 -0.38 

0.037067 -0.02317 -0.00918 -0.00251 -0.00155 -0.00065 Year 2006 
3.07 -2.97 -3.11 -3.1 -3.11 -2.99 

0.050677 -0.03201 -0.01242 -0.00334 -0.00205 -0.00085 
Year 2007 

4.51 -4.31 -4.53 -4.36 -4.3 -3.89 
-0.01135 0.006892 0.00289 0.00082 0.000523 0.000229 

# Non-generic Brands 
-16.99 15.03 12.26 8.22 7.11 5.29 

-0.0095 0.005768 0.002419 0.000686 0.000437 0.000192 
#Drugs in Class 

-5.48 5.39 5.25 4.74 4.49 3.89 
0.003216 -0.00195 -0.00082 -0.00023 -0.00015 -6.5E-05 

#Drugs in Class X Form 
3.37 -3.35 -3.32 -3.18 -3.1 -2.87 

0.004973 -0.00302 -0.00127 -0.00036 -0.00023 -0.0001 
# Extended Release Brands 

1.29 -1.29 -1.29 -1.28 -1.28 -1.26 
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TABLE 8 
 

Comparing Information Criteria among the Four Major Count Models 
 

PRM BIC=-54062.637 AIC=     1.192 Prefer Over Evidence 
BIC=-54991.178 dif=   928.542 NBRM PRM Very strong 
AIC=     1.059 dif=     0.132 NBRM PRM  vs NB2 
LRX2=  937.405 prob=    0.000 NBRM PRM p=0.000 
BIC=-55322.411 dif=  1259.774 ZIP PRM Very strong 
AIC=     1.010 dif=     0.182 ZIP PRM  vs ZIP 
Vuong=  13.199 prob=    0.000 ZIP PRM p=0.000 
BIC=-55575.895 dif=  1513.259 ZINB PRM Very strong 

vs ZINB 
AIC=     0.973 dif=     0.219 ZINB PRM  

NB2 BIC=-54991.178 AIC=     1.059 Prefer Over Evidence 
BIC=-55322.411 dif=   331.232 ZIP NBRM Very strong vs ZIP 
AIC=     1.010 dif=     0.050 ZIP NBRM  
BIC=-55575.895 dif=   584.717 ZINB NBRM Very strong 
AIC=     0.973 dif=     0.087 ZINB NBRM  vs ZINB 
Vuong=  12.223 prob=    0.000 ZINB NBRM p=0.000 

ZIP BIC=-55322.411 AIC=     1.010 Prefer Over Evidence 
BIC=-55575.895 dif=   253.484 ZINB ZIP Very strong 
AIC=     0.973 dif=     0.037 ZINB ZIP  vs ZINB 
LRX2=  262.348 prob=    0.000 ZINB ZIP p=0.000 

     
TABLE 8-A 

Comparison of Mean Observed and Predicted Count 
 

Model Maximum 
Difference 

At 
Value 

Mean 
|Diff" 

PRM -0.071 1 0.01 

NB2 -0.015 1 0.003 

ZIP 0.015 0 0.003 

ZINB 0.003 4 0.001 
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TABLE 8-B 

 
PRM: Predicted and actual probabilities 

 
 Actual Predicted |Diff| Pearson 

0 0.853 0.801 0.052 23.476 

1 0.079 0.150 0.071 238.310 

2 0.036 0.030 0.006 7.224 

3 0.013 0.009 0.004 11.067 

4 0.011 0.004 0.007 78.080 

5 0.003 0.002 0.001 1.209 

6 0.003 0.001 0.002 21.002 

7 0.001 0.001 0.000 1.418 

8 0.001 0.000 0.001 6.331 

9 0.000 0.000 0.000 2.268 

10 0.000 0.000 0.000 0.101 

11 0.000 0.000 0.000 1.173 

12 0.000 0.000 0.000 5.082 

13 0.000 0.000 0.000 0.164 

Sum 1.000 1.000 0.143 396.907 
 

TABLE 8-C 
 

NB2: Predicted and actual probabilities 
 

 Actual Predicted |Diff| Pearson 

0 0.853 0.853 0.000 0.001 
1 0.079 0.094 0.015 17.255 
2 0.036 0.024 0.012 40.094 
3 0.013 0.009 0.004 9.268 
4 0.011 0.005 0.006 48.361 
5 0.003 0.003 0.000 0.146 
6 0.003 0.002 0.001 4.644 
7 0.001 0.001 0.000 0.419 
8 0.001 0.001 0.000 0.022 
9 0.000 0.001 0.001 5.921 
10 0.000 0.001 0.000 1.582 
11 0.000 0.001 0.001 3.867 
12 0.000 0.000 0.000 0.013 
13 0.000 0.000 0.000 1.067 

Sum 1.000 0.996 0.040 132.660 
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TABLE 8-D 

 
ZIP: Predicted and actual probabilities 

 
 Actual Predicted |Diff| Pearson 

0 0.853 0.837 0.015 1.963 
1 0.079 0.086 0.007 4.266 
2 0.036 0.045 0.009 12.046 
3 0.013 0.019 0.006 14.229 
4 0.011 0.008 0.003 8.253 
5 0.003 0.003 0.000 0.192 
6 0.003 0.001 0.002 21.711 
7 0.001 0.001 0.001 5.270 
8 0.001 0.000 0.001 23.870 
9 0.000 0.000 0.000 0.824 
10 0.000 0.000 0.000 5.857 
11 0.000 0.000 0.000 0.230 
12 0.000 0.000 0.000 59.350 
13 0.000 0.000 0.000 8.166 

Sum 1.000 1.000 0.045 166.227 
 

TABLE 8-E 
 

ZINB: Predicted and actual probabilities 
 

 Actual Predicted |Diff| Pearson 

0 0.853 0.852 0.001 0.008 
1 0.079 0.082 0.003 0.748 
2 0.036 0.034 0.002 0.684 
3 0.013 0.015 0.002 2.516 
4 0.011 0.007 0.003 9.540 
5 0.003 0.004 0.001 2.520 
6 0.003 0.002 0.001 3.198 
7 0.001 0.001 0.000 0.069 
8 0.001 0.001 0.000 1.283 
9 0.000 0.000 0.000 3.437 
10 0.000 0.000 0.000 0.036 
11 0.000 0.000 0.000 1.577 
12 0.000 0.000 0.000 3.131 
13 0.000 0.000 0.000 0.037 

Sum 1.000 0.999 0.015 28.786 
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FIGURE 3 
 

Deviations in Observed vs. Predicted Proportions – Count Models 
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FIGURE 4 

Deviations in Observed vs. Predicted Proportions – ordered Models
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TABLE 9 

 
Predicted vs. Observed Counts 

Ordered Probit 
 

  Predicted values  

  0 1 2 3 4 5+ 
Observed 

count 
0 5,897 98 22 6 2 3 6,028 
1 466 65 14 4 6 1 556 
2 163 58 15 13 2 3 254 
3 54 19 11 3 5 0 92 
4 43 18 7 4 2 1 75 

O
bs

er
ve

d 
va

lu
es

 

5+ 28 16 5 6 4 6 65 

 
Predicted 

count 6,651 274 74 36 21 14 7,070 
 
 

TABLE 10 
 

Predicted vs. Observed Counts 
Ordered Logit 

 
  Predicted values  

  0 1 2 3 4 5+ 
Observed 

count 
0 5,886 103 29 5 3 2 6,028 
1 448 82 15 3 7 1 556 
2 159 53 25 12 2 3 254 
3 53 19 12 3 5 0 92 
4 40 20 8 4 2 1 75 

O
bs

er
ve

d 
va

lu
es

 

5+ 26 18 5 6 4 6 65 

 
Predicted 

count 6,612 295 94 33 23 13 7,070 
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FIGURE 5 
 

Sources of zeros in the ZINB model 
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