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Patents as a Spur to Subsequent Innovation?  
Evidence from Pharmaceuticals†

By Duncan S. Gilchrist*

This paper examines how an incumbent’s patent protection acts as an 
implicit subsidy toward non-infringing substitutes. I analyze whether 
classes of pharmaceuticals whose first entrant has a longer period 
of market exclusivity (time between approval and generic entry) see 
more subsequent entry. Instrumenting for exclusivity using plausibly 
exogenous delays in the development process, I find that a one-year 
increase in the first entrant’s market exclusivity increases subsequent 
entry by 0.2 drugs. The effect is stronger for subsequent entrants that 
are lesser clinical advances, suggesting it is driven primarily by 
imitation. (JEL K11, L65, O31, O34)

Research dating back at least as far as Nordhaus (1967) has analyzed the role 
of intellectual property protection in incentivizing innovation. The motivation 

for such protection tends to be the idea that without property rights, the free market 
might underinvest—relative to the socially optimal level—in the costly develop-
ment of new technologies. The tradeoff is that bestowing a firm with market power 
leads to prices that are statically inefficient, driving a wedge between the allocation 
that is realized and that which is socially optimal.
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Traditional models think of an incumbent’s intellectual property protection, such 
as a patent, as inhibiting entry in the same market by another firm.1 Of course, at 
the same time, providing market power to an incumbent through a patent makes it 
valuable for rivals to invest themselves in finding ways to circumvent the incum-
bent’s protection, thereby allowing them to imitate a product and share in the oligop-
oly rents. Existing economic models that consider this possibility, such as Gallini 
(1992), assume that such imitation is necessarily socially costly because it leads to 
excessive entry; they suggest that the optimal length of protection should be short 
so as not to encourage it.

However, a second school of thought argues that an incumbent’s intellectual 
property protection actually spurs socially valuable innovation. For example, in the 
medical literature, Scannell et al. (2012) argue qualitatively that the loss of patent 
protection by blockbuster drugs is the foremost cause of the sustained decline in the 
productivity of pharmaceutical development: they use the music industry as an anal-
ogy, writing “[i]magine how hard it would be to achieve commercial success with 
new pop songs if any new song had to be better than the Beatles, [and] if the entire 
Beatles catalogue was available for free.”2 This reference to the music industry is 
actually no coincidence—in fact, a similar argument has been made in industries 
producing creative content. There, the specific idea is that copyright protection of 
existing content spurs the development of new, better content. This has long been a 
key argument made by proponents of copyright term extensions; it was used, per-
haps most notably, by lobbyists asking US Congress to pass the Copyright Term 
Extension Act of 1998.3

The thrust of this argument is that if intellectual property protection is narrow, 
then although an incumbent’s protection prevents competitors from selling an iden-
tical product, it does not prevent them from selling differentiated products. Yet, it 
may be the case that otherwise socially valuable differentiated products are not prof-
itable to develop once the first product is available at competitive prices; e.g., a drug 
maker might not find it profitable to develop welfare-increasing drugs when an exist-
ing drug is already available as a generic. In the framing of Bulow, Geanakoplos, 
and Klemperer’s (1985) prominent analysis of market power within oligopolies, 
the market power afforded to an incumbent by their patent protection might be an 
important strategic complement to an innovator’s own market power.

I analyze this phenomenon in this paper. Specifically, I analyze both how one 
firm’s patent protection spurs subsequent entry and also the composition of affected 
entry. My focus is within the pharmaceutical sector, the single largest in terms of 

1 In most of the theoretical literature, patents incentivize innovation specifically because they provide protec-
tion from imitation. See, e.g., Nordhaus (1967, 1969, 1972); Scherer (1972); Fudenberg et al. (1983); Klemperer 
(1990); and Gilbert and Shapiro (1990). Scotchmer (1991) provides a helpful review. 

2 The decline in productivity has been called a “crisis”—see Pammolli, Magazzini, and Riccaboni (2011) and 
the references cited therein. Cockburn (2007) provides an elegant analysis and discussion of some of the possible 
forces at work. The perplexing slowdown in productivity is sometimes called “Eroom’s Law,” contrasting with the 
well-known Moore’s law in the semiconductor industry. Writers in the popular press have also identified existing 
generics as a prominent consideration for firms directing R&D investments toward new drug development: e.g., 
Parker (2013) suggests that in 2013 the impending availability of a generic version of Ambien (a blockbuster drug 
for insomnia) made it less appealing for competitors to develop new drugs targeting the same condition. A specific 
quotation is reproduced in online Appendix Section A. 

3 This act is sometimes called the Mickey Mouse Protection Act; see Martin (2002) for a discussion. 
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domestic R&D expenditure and a sector in which advances yield tremendous value 
to society.4 Within this setting, the first question is the extent to which the generic 
version of an existing treatment impedes the development of a competing drug; the 
second question is the extent to which the affected drugs constitute socially waste-
ful imitation versus valuable innovation. Focusing within pharmacologic classes of 
closely related drugs, I first show that the length of time between the first in class 
drug’s (FIC’s) approval and its generic’s entry has an economically and statistically 
significant causal impact on the number of new drugs that subsequently come to 
market in that class. That is, I show that the longer the period of time for which the 
FIC has market exclusivity versus its generic, the more subsequent entry in that 
class.5 Second, I ask what kinds of drugs are most affected and find the effect is 
concentrated among drugs that are lesser clinical advances.

I begin by analyzing a simple theoretical model that motivates the setting and 
clarifies how an incumbent’s patent impacts the investment decision of a subse-
quent entrant. As is the case in pharmaceuticals, in the model patents are narrow and 
do not inhibit the entry of differentiated substitutes. Instead, in the model a patent 
holder is a price-setter; after patents expire, generic entry is assumed to occur and 
prices fall to marginal cost. The model shows how the subsequent entrant’s profit-
ability, and thus initial investment decision, is affected by the incumbent’s patent. 
When it comes to welfare, the model illustrates how entry is a double-edged sword: 
it helps consumers, who benefit from both the availability of a new drug as well as 
the price-competition its availability induces, but has an ambiguous effect on social 
surplus due to the potentially sizable fixed cost of entry. Finally, the model shows 
how the drugs that are most socially valuable—i.e., significant advances in qual-
ity—are those least likely to be deterred by the incumbent’s loss of patent because 
these drugs are more likely to be able to stand alone. In other words, the model 
suggests the incumbent’s loss of patent protection is most likely to deter “me-too” 
imitation than it is genuine innovation.

My empirical analysis, which makes up the remainder of the paper, analyzes the 
model’s predictions. I focus on pharmacologic classes of new molecular entities 
(NMEs), groupings of pharmaceuticals that are closely related in chemical com-
position and in physiological effect but which are differentiated at the molecular 
level. This method of categorizing drugs provides me with a principled procedure 
with which to identify groups of drugs that are sufficiently similar to be substitutes 
in the eyes of prescribers and patients, yet are sufficiently differentiated so that each 
NME requires its own costly clinical trials to be marketed, and one NME’s patent 
protection does not preclude the entry of the others.6 I assemble a rich dataset that 

4 The pharmaceutical sector makes up nearly 20 percent of industrial R&D (National Science Board (NSB) 
2012). Improvements to health can be immensely valuable. Murphy and Topel (2006) estimate that a 0.1 percent 
reduction in cancer mortality is worth $500 billion to current and future Americans. 

5 I refer to entry which is not first in class as “subsequent” throughout. Although the phrase “follow-on” is per-
haps more grammatically convenient, it would be misleading because it is often used to describe innovation, which 
is cumulative, e.g., as in Sampat and Williams (2015). Similarly, innovation that is called “sequential” usually refers 
to innovation that builds on its predecessors, as in Bessen and Maskin (2009). 

6 Getting any NME to market is costly because the FDA requires proof of safety and efficacy; a commonly cited 
figure is that the total capitalized cost of a new drug is on the order of $1 billion (DiMasi, Hansen, and Grabowski 
2003). This differs from the low cost of bringing a generic to market, which I return to below. The channel I describe 
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includes, for NMEs belonging to classes with first in class approval in the period 
1987–2011, approval dates, annual sales, market sizes, dates of clinical develop-
ment, dates of filing and expiration for key patents, and, importantly, whether a 
generic version has been approved and, if so, when.

The model requires that sales respond to competition within class (else the entry 
of one drug’s generic would not erode the profits of another) and that entry is 
sequential (else drugs would enter the market simultaneously, leading patent life-
times to be aligned), so I first look to the data for evidence of these characteristics 
in the market for pharmaceuticals. Though causal identification of the first factor is 
difficult, I provide anecdotal and descriptive evidence consistent with the hypoth-
esis that the generic entry of one drug in a class reduces the sales of another. Next, 
I show that drug development is a highly staggered process: nearly 40 percent of 
approved drugs only begin the often decade-long process of clinical development 
after the first in class has been approved. Finally, I show that, consistent with the 
model’s main prediction, very few new drugs come to market after the FIC has 
gone generic.

I turn next to my main empirical analysis, which examines how the length of 
FIC exclusivity impacts subsequent innovation in the same class. I start by discuss-
ing potential challenges to identification. While exclusivity typically ends after the 
expiry of a key patent, the specific timing of that patent’s expiry relative to approval 
(i.e., exclusivity) is determined by many factors, some of which are idiosyncratic, 
while others are market-related. For example, as Budish, Roin, and Williams (2015) 
insightfully leverage to study the effect of commercialization lags on clinical trial 
investments, exclusivities tend to be eroded by the length of clinical trials. If the 
length of clinical trials is correlated among drugs in the same class, then exclu-
sivities may be as well, and this would confound estimates generated by simply 
regressing entry on FIC exclusivity. My analysis exploits two strategies to handle 
the potential for endogeneity in market exclusivity.

First, I show that controlling directly for the two main ways in which endogeneity 
might enter—market size (and profitability) and the length of clinical trials —does 
little to change the estimates. This suggests the main effect is unlikely to be driven 
by factors such as drug profitability, which could lead to a spurious correlation 
between FIC exclusivity and entry since, in profitable markets, firms are incentiv-
ized to both enter as well as find ways to maintain longer exclusivity. Furthermore, 
if market exclusivities were endogenously related to class characteristics, then they 
should be correlated within class, and this is not born out in the data.

Second, I conduct an instrumental variables analysis that exploits uncertainty 
and disruptions in the development process as a source of exogenous variation to 
identify the effects of variation in the remaining length of patents on the number 
of molecules in the same drug class. Specifically, my IV analysis exploits the com-
bined facts that (i) the path of drug development can be hard to predict, yet (ii) 

could equally affect complements as well as substitutes, but I do not analyze complements because I am without a 
principled method for categorizing them. 
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 patent filing is defensive.7 The first means firms sometimes discover molecules 
before they know specifically what to do with them, and the second means that 
firms are incentivized to file patents early. The end result is that firms sometimes 
file patents on a molecule well in advance of its progression to clinical trials (con-
trasting with a strategy in which firms maximize market exclusivity by filing pat-
ents as late as possible).

Thus, I use delays between patent filing and the start of clinical review as an 
instrument for market exclusivity. I show empirically that these delays are not 
related to patent characteristics, such as claims and citations, nor are they related 
to market characteristics, such as ex post annual sales. They are, however, related 
to factors that are indicative of initial uncertainty and disruptions in the develop-
ment process, such as the length of time between when the patent was filed and 
when it is first transferred to another entity (e.g., in a licensing agreement), as well 
as whether the patent was transferred to a new assignee in a merger transaction. 
Importantly, they are not correlated within pharmacologic classes. Since a story 
about the endogeneity of these delays requires that they are somehow related to a 
class-specific unobservable, that they are uncorrelated within class means a con-
founding factor would have to be at once idiosyncratic to FIC drugs, unrelated to 
subsequent entrants, yet also related to total entry. While I cannot rule out such a 
story, it is not an easy one to tell.

The results, across both IV and non-IV specifications with and without con-
trols, consistently show that a one-year increase in first in class exclusivity yields a 
25–30 percent increase in subsequent entry, or about 0.2 drugs. This is a large effect: 
it implies that a 1 standard deviation increase in first-in-class exclusivity doubles 
subsequent entry. The online Appendix presents a battery of robustness tests which 
show that the results are not particularly sensitive to sample restrictions, to specifi-
cation choices, and that they survive a placebo test where I look at the effect of last 
in class exclusivity on prior entry.

Finally, I analyze how the effect of FIC exclusivity on subsequent entry is mod-
erated by magnitude of quality improvements. I proxy for advances in quality 
by asking whether new drugs receive priority review status from the FDA, a sta-
tus granted to molecules found to be exceptionally promising in clinical trials.8 
Consistent with the model’s prediction, I find that FIC exclusivity has a signifi-
cantly stronger impact on the number of subsequent entrants that do not receive 
priority review than on those that do (and I cannot distinguish the latter effect from 
zero). This suggests the effect I observe is more likely to be driven by imitation 
than it is socially valuable innovation.

Prior empirical work on patents has overlooked the effect I analyze. Indeed, the 
majority of empirical work on patents has focused on patenting as an outcome of 

7 A well-known example of the first phenomenon is the story of Viagra’s discovery. The Viagra molecule was 
originally discovered as a treatment for angina, but in the course of clinical review (for angina) it was discovered 
that men taking the drug found themselves unexpectedly erect. 

8 A priority review designation accelerates approval decisions—the FDA’s stated goal is to complete a priority 
review in six months. However, it does not affect the level of evidence as to a drug’s safety and efficacy required 
for approval. 
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the innovative process.9 Taking the reverse approach, I contribute to a sparse body 
of empirical research that considers and finds evidence for how the characteris-
tics of patents manifest themselves in new innovations. Sakakibara and Branstetter 
(2001) and Lerner (2002) actually find patent laws have only limited impacts on 
 innovation; with respect to research that finds evidence of the opposite, I am aware 
only of Moser (2005), who shows that nineteenth century patent laws influenced the 
geographic distribution of inventors.

Of course, the idea that competition in itself might affect new product introduc-
tion is not new, and other empirical work supports a link between competition and 
investment within the pharmaceutical context. Civan and Maloney (2009) show that 
that early stage investment is positively correlated with the price of approved drugs 
in the same therapeutic area, and concurrent work by Branstetter, Chatterjee, and 
Higgins (2014) shows generic entry in a therapeutic area is associated with declines 
in early stage investment. This research supports the thrust of my findings. However, 
to my knowledge, no existing research has articulated and analyzed the fundamental 
link between the characteristics of patent protection and these downstream effects.

The remainder of the paper proceeds as follows. I open in Section I with a model 
to formalize the effect that an incumbent’s patent protection has on subsequent 
entry. Section II introduces the data, and Section III provides descriptive analysis 
and background on the pharmaceutical industry. In  Section IV, I describe my empir-
ical strategy before presenting estimates of the impact of an incumbent’s patent 
protection on subsequent entry. Section V sheds light on the welfare implications of 
my findings and, finally, Section VI concludes.

I. A Model

In this section, I develop a simple model to illustrate how the length of incum-
bent’s patent protection affects subsequent entry and welfare. I first provide an over-
view and then add structure to the model before analyzing its implications.

A. preliminaries

There are two firms, an incumbent and a potential entrant, which have each dis-
covered their own drugs. In the first period, the incumbent  I  is already present in the 
market. The potential entrant  E  has a candidate drug, but it must pay a fixed cost  F  , 
which is distributed exponentially with mean  μ , to enter.

If  E  enters, it benefits from patent protection for   t E    subsequent periods, which 
means it is guaranteed to be the exclusive seller of its product during that time. After 
its patent protection expires, generic sellers flood the market, pushing its price down 
to its unit production costs, which are 0. Thus, in order for  E  to enter, it must be able 
to make back its entry cost  F  within the first   t E    periods.

However,  E  must also compete with  I , and  I ’s patent protection only remains in 
force for   t I   <  t E    periods. As with  E , once  I ’s protection expires, its drug becomes 

9 Griliches (1998) provides a review and a discussion of the evidence for and against this design. 
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available at its marginal cost, which is also 0. That means  E ’s time on patent can be 
thought of in two segments: during the first   t I    periods, it competes in a Bertrand-Nash 
duopoly with  I , while during the last   t E   −  t I    periods,  E  sets prices knowing  I  is avail-
able at marginal cost. I assume firms do not discount, so  E ’s entry decision is simple: 
it enters if its total profit less entry cost is at least 0, otherwise it abandons its drug.10

Before proceeding, I note that I am implicitly assuming that  I ’s patent protection 
is sufficiently narrow to not directly impact  E ’s ability to enter. This captures the 
reality in pharmaceutical development, where patents are narrow: pharmaceutical 
patents generally only provide protection against identical substitutes (e.g., the same 
molecule) and not differentiated substitutes (e.g., molecules that share features and 
treat the same condition, but are not identical). I do not model generic entry explic-
itly for the sake of simplicity, but my setup is motivated by the fact that once patents 
have expired, it is not costly for generic competitors to enter the market, and such 
entry tends to happen rapidly, reducing prices paid on the order of 90 percent in the 
year or two following patent expiry.11 The channel through which patent protection 
impacts competition in my model—by not directly inhibiting the entry of a differen-
tiated competitor, but rather by impacting that competitor’s market power—means 
my model shares features with Gallini (1992), where rivals can pay a fee to imitate 
a patent-protected incumbent. However, Gallini (1992) does not consider the case 
where the rival’s product is differentiated from that of the incumbent.

I model the demand side through a discrete choice framework, in which a unit 
mass of consumers may pick at most one drug to consume, and consumers differ 
according to their price sensitivities. Specifically, consumer  i  receives utility from 
drug  j  according to its quality level   δ j    and price   p j   :

(1)   u ij   =  δ j   −   1 _  α i       p j  . 

For simplicity, I normalize the utility of the outside option   u 0    to be the same 
across consumers and assume it is sufficiently low such that consumers always buy 
a drug when both  E  and  I  are available. Price sensitivities are parametrized by the   
α i    , which are distributed exponentially in the population with mean  λ ;  λ  captures 
the dispersion of price sensitivity in the population. If  λ  is higher, then consumers 
are on average less price sensitive. Of course, in the United States, consumers are 
often covered by pharmaceutical insurance and so they do not bear the full cost of 
drugs directly out of pocket. Nevertheless, US individuals do bear part of the cost of 
pharmaceutical purchases, e.g., through tiered formularies, or even simply through a 
higher cost of pharmaceutical insurance; it is thus reasonable to assume that demand 
is downward sloping. Furthermore, this demand framework captures the idea that in 
the eyes of drug sellers, wealthier individuals are on the whole more price inelastic, 
which is likely to be true if they have higher willingness to pay for quality—and that 

10 Allowing for discounting complicates the algebra but does not change the comparative statics that follow. 
11 Reiffen and Ward (2005) estimate the fixed cost of generic entry is roughly $300,000. This is very small 

relative to the $1 billion cost of drug development cited earlier. Berndt (2002) provides a review of the evidence 
on generic entry. 
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willingness to pay shows up through some combination of more generous insurance 
policies and higher out of pocket payments.12 Finally, I assume that  E ’s quality is 
exogenously higher than  I ’s, i.e., that   δ E   >  δ I    , and I write the difference in qualities  
Δ =  δ E   −  δ I   . This demand framework captures the idea that drugs are differenti-
ated and that consumers differ in how they value quality relative to price.

B. Implications

I first solve for equilibrium profits before analyzing welfare and the determinants 
of both entry and welfare. Looking to demand, consumer  i  prefers the entrant’s drug 
if   δ E   −   1 _  α i      p E   >  δ I   −   1 _  α i        p I    , i.e.,   α i   >    p E   −  p I   _ Δ   . This means demand in any period for  
E ’s drug is

(2)   d E   (  p E  ,  p I  ) =  ∫ 
   p E  − p I   _ Δ  

  
∞

      1 _ λ   exp (−  α _ λ  )  dα = exp (−   p E   −  p I   _ λΔ  ) , 

and   d I   = 1 −  d E   . Taking first-order conditions, equilibrium prices during the 
period both drugs are on patent are   p  E  ∗  = λΔ  and   p  I  ∗  = λΔ (W  ( e   2 )  − 1)  , where  
W ( · )  is the Lambert  W  function, while they are simply   p  E  ∗  = λΔ  and   p  I  ∗  = 0  once  
I  is off patent. Altogether, this means  E ’s total profits conditional on entry are

(3)   π  E  ∗   =  t I  λΔ e   W ( e   2 ) −1  + ( t E   −  t I  ) λΔ e   −1 , 

and the ex ante probability that  E  will enter is  Pr ( π  E  ∗   ≥ F ) = 1 − exp (−μ π  E  ∗  ),  
which I denote by  ρ . This expression yields the first model’s first prediction.

Prediction 1: The probability that  E  enters is increasing in the amount of time 
remaining on  I ’s patent:

    ∂ρ _ ∂ t I  
   > 0. 

This first comparative static is quite natural:  E ’s profits are higher while  I  is on pat-
ent, so the likelihood that  E  enters is higher if  I  has more patent protection remaining. 
The majority of my empirical results focus precisely on analyzing how subsequent 
entry is affected by the length of the first entrant’s remaining patent protection.

Of course,  E ’s entry need not be socially beneficial. From a policymaker’s per-
spective, the question is not whether longer protection for the incumbent increases 
entry, but whether it is an effective lever for incentivizing valuable innovation and 
not wasteful imitation. I turn to this question next, and assume the social planner 
discounts the future at rate  γ < 1 . Consumer surplus in any period is simply the 
integral under the demand curve, so total consumer surplus in the state of the world 

12 The choice of exponential distribution is motivated by the skewness of real incomes. An alternative interpre-
tation of   α i    is that all consumers have the same price sensitivity, but that quality sensitivity varies. 
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in which there is only an incumbent  I  and the state of the world in which  E  enters is, 
respectively, given by the following expressions:13

(4) c s I   =   1 −  γ    t I    _ 
1 − γ  λ ( δ I   −  u 0  ) e   −1  +    γ    t I    _ 

1 − γ  λ ( δ I   −  u 0  ),

 c s I, E   =   
1 −  γ    t I   
 _ 

1 − γ  λ (Δ e   W( e   2 )−2  + ( δ I   −  u 0  ) e   −  Δ(W( e   2 )−1)
 _  δ I  − u 0  

   ) 

 +   
 γ    t I   (1 −  γ    t E  − t I   )

  _ 
1 − γ  λ ( e   −1  δ E   + (1 −  e   −1 ) δ I   −  u 0  )

 +    γ    t E    _ 
1 − γ  λ ( δ E   −  u 0  ).

 And social surplus is consumer surplus plus firm profits:

(5)    s s I   = c s I   +   1 −  γ    t I    _ 
1 − γ  λ ( δ I   −  u 0  ) e   −1 ,

 s s I, E   = c s I, E   − F +   1 −  γ    t I    _ 
1 − γ  λΔζ +   

 γ    t I    (1 −  γ    t E  − t I   ) 
  ____________ 

1 − γ  λΔ e   −1 ,  

where  ζ  is a constant. These expressions yield the following results.

Prediction 2:  E ’s entry improves consumer surplus but has an ambiguous effect 
on social surplus:

  c s I, E   > c s E  ,  s s I, E    ≶   
?
   s s E  . 

That  E ’s entry helps consumers is to be expected: entry means a new, higher quality 
drug is available, and that the price of the incumbent’s drug is lower. But the overall 
effect of entry on social surplus is ambiguous. To see this, consider the fixed cost  
F : in the limit, if  F  is zero then the entry of a higher quality product is necessarily 
socially beneficial, while if  F  is infinite then all entry must be wasteful.

So far, the model has shown that the incumbent’s patent will have some impact 
on subsequent entry, and that the impact of entry on social welfare is uncertain. 
But of course both of these effects depend on the magnitude of the quality increase 
(parametrized by  Δ ). The third prediction analyzes the extent to which this param-
eter moderates the effect of   t I    on  E ’s entry.14

13 See online Appendix Section B for the full derivation of these expressions. 
14 This result requires an assumption that the expected fixed cost  μ  is not too small; this ensures that equation (4) 

is sufficiently concave so that  E ’s profitability is not due entirely to the period during which both drugs have patent 
protection. A sufficient condition is that  μ >   3 _ λΔ (3 t I   +  t E  )

  .  
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Prediction 3: The larger the increase in quality,  Δ  , the more unlikely it is that   t I    
influences  E ’s entry decision:

     ∂     2 ρ _ ∂   t I    ∂Δ   < 0. 

This comparative static shows that the influence of the length of  I ’s remaining patent 
protection on  E ’s likelihood of entry is moderated by quality differences between the 
two drugs. This implication is intuitive: drugs that are significant clinical advances 
should not be highly impacted by an incumbent’s patent protection because the dif-
ference in quality boosts demand for the new drug. However, when it comes to 
social surplus we see the opposite effect.

Prediction 4: The larger the increase in quality,  Δ  , the more  E ’s entry increases 
social surplus:

    
∂(s s I, E   − s s I  )  ___________ ∂Δ   > 0. 

The final comparative static says that, all else equal, social surplus increases more 
from entry when the new drug is of higher quality. This should not be surprising; 
higher quality drugs are more socially valuable.

We now arrive at the bottom line. Prediction 3 says the extent of the impact of  I ’s  
patent on  E ’s entry is decreasing in  Δ  , while Prediction 4 says that the larger is  Δ  , 
the more important the entrant is for social surplus. Putting these two predictions 
together, the situations in which the incumbent’s patent is most important for entry are 
the situations in which entry is least likely to be socially valuable. I analyze the empir-
ical implications of these last two predictions in the penultimate section of this paper.

Of course, the welfare implications of entry would be different under different 
assumptions. Cournot competition rather than Bertrand would provide more scope 
for business stealing and waste, while a Hotelling model with horizontal differenti-
ation would increase the scope for consumer benefits relative to this vertical model. 
With this expository framework and its predictions in mind, I next discuss my data. 
My empirical analysis follows.

II. Data

I analyze how the number of drugs approved in a pharmacologic class is influ-
enced by the first in class drug’s market exclusivity. In the following, I briefly explain 
each of the main data sources and its contribution before providing an overview of 
the sample’s composition and some summary statistics. Online Appendix Section C 
provides an extended discussion of the data.

I begin with data from the FDA that classifies all NMEs approved in the United 
States between 1987 and 2011 into pharmacologic classes.15 For all drugs, I then 

15 See Lanthier et al. (2013). I focus exclusively on non-biologic drugs approved in the United States, and in 
order to ensure data completeness, I exclude classes in which the FIC was approved prior to 1987. The United States 
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obtain the date of first approval and first generic entry (if generic entry has occurred) 
from the FDA’s Drugs@FDA database and the FDA’s Orange Book, respectively. 
Only 38 percent of drugs in the sample have gone generic as of the end of 2013, 
so in cases in which I do not have realized exclusivities, I supplement them with a 
measure of expected exclusivity.

My measure of expected exclusivity comes from identifying, for each drug, the 
single patent most likely to inhibit generic entry (typically pertaining to a drug’s 
active ingredient). I then proxy for the date of expected generic entry using this pat-
ent’s expiry date. Additional details are given in the online data Appendix, but my 
methodology for identifying this patent is inspired by Hemphill and Sampat (2012) 
and specifically exploits the fact that the Hatch-Waxman Act of 1984 allows firms to 
extend a single patent to make up for up to half the time spent in clinical trials. I use 
the expiry date of the extended patent. Indeed, Hemphill and Sampat (2012) codify 
patents for drugs that went generic in the 2000s and find that the extended patent 
represents the patent on the drug’s active ingredient in 79 percent of drugs analyzed, 
and in my data, the expiration of extended patents is highly predictive of generic 
entry: for the 81 drugs in my sample that have gone generic and have a patent for 
which an application for extension was filed, the  r2  from a regression of realized 
exclusivity on exclusivity predicted by the extended patent is 0.95. I also note that 
in robustness tests described later and presented in the online Appendix, I show 
that my results are robust to restricting the sample to only those classes for which I 
have realized exclusivities. Altogether, of the 293 drugs in my sample that belong to 
156 classes, I have a measure of exclusivity for 237, of which 127 are first in class.

Next, I collect data on the timing of clinical trials, market sizes, and sales.

Timing of clinical Trials.—Details on when pharmaceuticals begin development 
is generally proprietary, but a prerequisite for a patent extension to make up time 
lost in clinical trials is that firms publicly certify the beginning and end of clinical 
development.16 I collect these data from the Federal Register.

market size.—My main measure of market size is inspired by Acemoglu and 
Linn’s (2004) analysis of the effect of market size on pharmaceutical development. 
In particular, using data from the Medical Expenditure Panel Survey, I identify the 
total annual US prevalence of each class’s primary ICD-9 condition code. That is, I 
identify the number of US individuals who suffer from a specific condition, and call 
this prevalence market size.17

is not the only market for pharmaceuticals, but it is by far the largest, accounting for over 50 percent of global sales 
in 2000 (WHO 2004). 

16 The term clinical denotes development in humans, as opposed to laboratory or computational-based develop-
ment. These data were first analyzed by Keyhani, Diener-West, and Powe (2006). 

17 As I note in the online Appendix, I have experimented with other measures of market size and find they have 
little influence on my results. Budish, Roin, and Williams (2015) similarly find their results are robust to condition-
ing on different measures of market size. 
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sales.—To capture the price dimension of profitability, I use data from IMS 
Health’s National Sales Perspective which detail total annual US sales for the 1,000 
top selling drugs each year from 1992–2012.

Before turning to the summary statistics, I note that the categorization of “first 
in class” I use differs slightly from the FDA’s formal categorization. This is moti-
vated by the fact that, in some cases, multiple drugs are approved very early on and 
sometimes one of the early entrants is considerably more effective than the others. 
In these cases, the technical definition of first in class does not coincide with the 
market’s focal early entrant. A poignant example is given by the class of atypi-
cal antipsychotics. The first entrant, Clozaril, was approved in 1989, but Clozaril’s 
mass-market appeal was severely limited because it produces a potentially fatal side 
effect in 1–2 percent of patients (Alvir et al. 1993). The second atypical antipsy-
chotic, Risperdal, had no such severe side effects and was granted priority review 
status; after its approval in 1993, Risperdal rapidly became the standard of care, with 
annual sales that were nearly 50 percent higher than Clozaril’s just one year after 
approval (Finkel 2012). Though Clozaril was technically the FIC, it was largely 
irrelevant (as a competitor) for future entrants. Thus, in cases in which multiple 
drugs entered early on in short succession, my strategy is to focus on what I call 
the effective FIC: this is the authentic FIC unless the authentic FIC is immediately 
followed by a priority review drug, in which case the effective FIC is that priority 
review drug. The effective FIC differs from the authentic FIC in 32 cases and is 
approved an average of 3.0 years after the authentic FIC. I probe the sensitivity of 
my results to this definition in online Appendix F.A. It should come as no surprise 
that my results are strongest for classes in which the definitions of authentic and 
effective FIC coincide. For brevity, I refer to the effective FIC simply as the FIC.

To summarize, the sample consists of all non-biologic drugs that belong to classes 
with first approval in the period 1987–2011. Altogether, the sample consists of 
156 classes representing 293 drugs. In practice, since my data on market exclusivities 
and the dates marking the beginning of clinical development (used to compute the 
instrument) are not complete, I restrict my analysis to the 111 classes for which I have 
that data, representing 252 drugs (although this too I probe in online Appendix F.A).

I present summary statistics on the sample in Table 1. The table consists of three 
panels which respectively present statistics by class (panel A), then by drug for FIC 
drugs only (panel B), and finally by drug, but for all drugs (panel C). Looking first 
to the by-class figures in panel A, the first row shows that class sizes are generally 
small but that they are skewed—the mean number of entrants subsequent to the 
FIC is 0.73 (and the median 0) while the maximum is 7. Mean clinical develop-
ment times, in the second row, have a mean of 8.31 years and standard deviation 
of 3.81 years. Mirroring class size, market size, and maximum annual revenue are 
highly skewed: the mean market size is about 8 million, while the largest is 45.5 mil-
lion.18 The by-drug figures in panels B and C show similar patterns; mean exclusivi-
ties in both panels are just below 12 years and average times in clinical development 

18 There are fewer than 111 observations in the fifth row because my revenue data only contains revenues for 
one or more drugs in 88 of the 111 classes. 
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are about 8 years. I forgo discussion of the length of time between patent filing and 
the beginning of clinical development (my instrument for market exclusivity) until 
Section IVB.

III. Facts about Competition and Entry

This section provides descriptive analysis of entry in the pharmaceutical industry. 
I first probe two of the model’s main assumptions: that generics in class influence 
demand for other (differentiated) branded drugs, and that pharmaceutical develop-
ment is sequential and not characterized by a single race to market. I then show that, 
consistent with the model’s first prediction, subsequent entry is substantially less 
likely to occur after the FIC has gone generic.

A. Generic competition in class

Although others have documented the fact that competition within a class of 
drugs—measured, e.g., by the number of distinct molecules—impacts sales (see, 
e.g., Lichtenberg and Philipson 2002), to my knowledge there is no evidence on the 
specific impact of generic competition in class on profitability. However, that the 
availability of one drug’s generic negatively affects the sales of different drugs in the 
same class is crucial for my argument; if these drugs are not close substitutes, the 
mechanism exposited by the model could not be rationalized by the data.

Causally estimating the impact of one drug’s generic on the sales of others is 
difficult. Although exploiting an event-study framework around the time of generic 
entry might seem appealing at first glance, it is not clear that such a framework is 
appropriate because the timing of generic entry is not random.19 Thus, my strategy 
in this section is to provide descriptive and anecdotal evidence.

I begin with a case study. Lipitor was the fifth drug approved in the class of statin 
drugs (technically, HMG-CoA reductase inhibitors), which primarily treat condi-
tions associated with cardiovascular disease. Lipitor came to market in 1996 and 
quickly achieved blockbuster status—by the time it went generic in November of 
2011, Lipitor had sold more than any other medicine, with global sales of $125 bil-
lion over 14.5 years (Associated Press 2011). However, Lipitor’s sales did not grow 
monotonically over the period of its branded life; instead, Lipitor sales peaked in 
2006, when two of its closest competitors, the statins Zocor and Pravachol, went 
generic. The press expected this to be a turning point for Lipitor’s sales (see online 
Appendix Section A.B), and indeed it was, as visualized in Figure 1, panel A.20 
Though it may not be causal, the relationship between Lipitor’s sales and the generic 
entry of its competitors is striking, with sales falling 25 percent from peak from 
2006–2010. Lipitor was the best-selling drug of all time; presumably if one drug 

19 Even on a relatively short timescale (e.g., one year in advance), generic entry may be anticipated in important 
ways (e.g., through changes in marketing strategy of the type analyzed by Ellison and Ellison (2011)). 

20 The source for this sales data is IMS Health’s publicly available Top-Line Market Data, available at www.
drugs.com. 

www.drugs.com
www.drugs.com
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was to be able to defend itself against its competitors’ generics, it would have been 
Lipitor.21

An analogous relationship is present across drug classes. In Figure 1, panel B, 
I plot the log of annual sales against the timing of first-in-class generic entry (so 
that year zero denotes the year of FIC generic entry), averaged across classes.22 

21 Aitken, Berndt, and Cutler (2009) provide an extended discussion of declines in spending on blockbuster 
drugs. 

22 I take logs before averaging because (as described in Section II) drug sales show substantial skew. 

Table 1—Summary Statistics

Mean Median SD Min Max Observations

panel A. By class
Number of subsequent entrants in class 0.73 0 1.39 0 7 111
Mean time in clinical development (yrs) 8.31 7.53 3.81 0.78 26.97 111
Market size (1,000,000s) 7.88 3.22 10.51 0.08 45.55 111
Maximum annual revenue ($1,000,000s) 1,000.12 364.96 1,665.66 26.84 8,558.62 88

panel B. By drug, first in class only
Market exclusivity (yrs) 11.81 12.65 3.16 5.00 18.32 111
Time in clinical development (yrs) 7.98 6.98 4.06 0.78 26.97 111
Patent filing to clinical development (yrs) 5.25 4.43 3.87 0.00 20.39 111
Maximum annual revenue ($1,000,000s) 708.79 245.35 1,227.84 24.51 7,064.03 85

panel c. By drug, all
Market exclusivity (yrs) 11.61 12.66 3.25 5.00 18.32 196
Time in clinical development (yrs) 8.21 7.24 3.88 0.78 26.97 192
Patent filing to clinical development (yrs) 4.95 4.35 3.62 0.00 20.39 189
Maximum annual revenue ($1,000,000s) 841.37 287.82 1,418.35 13.80 8,558.62 166

notes: This table presents summary statistics for the main sample of 111 drug classes as described in Section II. 
Panel A presents statistics by drug class, panel B by drug for FIC drugs only, and panel C presents statistics for 
all drugs. There are fewer than 111 observations in the rows describing maximum annual revenues because I only 
observe revenues for 88 classes and 85 drugs of the 111 classes analyzed. Panel C also faces sample restrictions: of 
the 252 drugs in the sample, I only observe market exclusivity for 196, the timing of clinical development for 192, 
the value of the instrument for 189 observations, and finally revenues for 166.

Figure 1. Generic Entry and Sales of Subsequent Entrants

notes: These figures respectively show plots of annual sales over time. Panel A plots annual US sales for Lipitor, 
where the data come from IMS Health’s publicly available Top-Line Market Data. Panel B shows the mean of log 
annual sales of subsequent entrants relative to the time of the FIC’s generic entry. The sample is as described in 
Section II.
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Here, we see a similar downward trend that starts when the FIC goes generic. While 
this is not a causal test, and other events affect the results (e.g., some subsequent 
entrants themselves go generic three years after the FIC), the sales data do suggest 
that generic competition in a class impacts the sales of other drugs.

B. The Timing of development decisions

The model analyzed earlier assumed that the second firm’s entry decision was 
made after the first firm had sunk its own fixed costs and entered. That development 
decisions are sometimes sequential (as opposed to simultaneous) is important for 
the theory advanced in this paper; otherwise, dates of generic entry would be aligned 
and it would be implausible that one drug’s generic would deter the entry of another. 
My data, which detail the dates that drugs entered clinical trials for the first time, 
speaks to this point.

Figure 2 presents a histogram which examines the timing of the start of clini-
cal development for subsequent entrants. The horizontal axis is normalized so that 
development start times are relative to the FIC’s approval (at time = −1) and FIC 
generic entry (at time = 0).23 The chart shows a large proportion, nearly 40 per-
cent, of subsequent entrants do not begin clinical development until the FIC is 
approved. This is important because although the start date of clinical development 
is public after approval for approved drugs, the extent to which pre-approval devel-
opment decisions are public information is difficult to quantify; in the period before 
FIC approval, market participants likely know something about their competitors 
actions but this is sensitive competitive intelligence, and so they are unlikely to 
know the whole story.24 However, approval is highly publicized so firms starting 
trials then could not have mistakenly believed they could be first to market, and once 
a drug is approved it is likely that competitors are able to secure a list of its patents 
to forecast its exclusivity. It is additionally worth noting that only 11 percent of sub-
sequent entrants come to market in the year after the FIC, i.e., even if 60 percent of 
subsequent entrants do start development before the FIC is approved, only a small 
fraction of subsequent entrants come to market at roughly the same time as the FIC.

Figure 2 also shows that no new drugs begin development after the FIC has gone 
generic (there is no mass to the right of time = 0). This is consistent with the 
model’s prediction that the incumbent’s generic reduces incentives for new firms to 
enter, as well as with what Kevin Sharer, the former CEO of Amgen, told me: “Once 
we enter generic land, there’s no incentive [to develop new drugs]” (quoted with 
permission, April 15, 2014).

23 This normalization is accomplished by dividing the length of time between the start of clinical development 
and the FIC’s generic entry by the FIC’s exclusivity. 

24 Development decisions are often described as competitive intelligence, although at some level, once a human 
subject pool has been recruited and used in testing, it is harder to keep secret, especially since investors may require 
notification. Databases like Adis R&D Insight, Pharmaprojects, and Thomson Reuters Cortellis purport to collect 
exactly this type of information, though the extent to which their data are collected contemporaneously versus after 
the fact is not clear, nor is the extent to which they are complete. 
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C. The Timing of subsequent Entry

If new drugs tend to be less profitable once the FIC has gone generic, then the 
long-run profitability of any given drug should be lower the later it enters (as the 
clock ticks on the FIC’s exclusivity). All else equal, this should create a downward 
gradient in new drug approvals over time, with few approvals after the FIC has lost 
exclusivity. I analyze this prediction in Figure 3, which shows a histogram of the 
timing of non-FIC approvals relative to the FIC’s generic entry, where as before 
the horizontal axis is normalized within classes so that time = −1 corresponds 
to when the FIC enters and time = 0 corresponds to when the FIC goes generic. 
The plot shows that entry timing is negatively correlated with FIC exclusivity, with 
nearly two thirds of non-FIC drug approvals occurring before just half of the FIC’s 
branded lifetime has expired. The right half of the histogram is almost empty; very 
few new drugs come to market in classes in which the FIC has gone generic. In 
online Appendix Section E, I analyze this relationship in regression form and find 
that the correlation between the number of new entrants and remaining FIC exclu-
sivity is statistically significant.25

25 I do not have an instrument for the time remaining on the FIC’s patent, so I do not interpret this analysis 
causally. The ideal instrument for this context would be something that unpredictably and randomly invalidates a 
branded incumbent’s patents. Such a shock would enable an event-study analysis, where the strategy would be to 
ask if entry is reduced after an incumbent’s patents are randomly invalidated. One possibility for an instrument, 
which has been exploited in prior research analyzing the financial impact of generic entry, see Panattoni (2011) 
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Figure 2. Timing of Clinical Development for Subsequent Entrants

notes: This figure shows a histogram of the timing of the start of clinical development for subsequent entrants rel-
ative to FIC generic entry, where the x-axis is normalized by the FIC’s market exclusivity so that −1 corresponds 
to FIC approval and 0 corresponds to FIC generic entry. This normalization is accomplished by dividing the length 
of time between the start of clinical development and the FIC’s generic entry by the FIC’s exclusivity. The start of 
clinical development is defined as the date on which an Investigational New Drug Application, a required precursor 
to the start of human clinical trials, is approved. The sample is as described in Section II.
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IV. Main Results

I have presented evidence that drugs in the same class appear to be substitutes, 
that entry decisions are made sequentially, and that subsequent entry rarely occurs 
once the FIC has gone generic. These findings lay the foundation for this paper’s 
thesis, which is that longer FIC exclusivity increases subsequent entry. This section 
presents my main results. I first describe my empirical framework before discussing 
potential confounders, my instrument, and the results.

A. FIc Exclusivity and subsequent Entry

My empirical strategy examines how the exclusivity of FIC drugs impacts subse-
quent innovation. Formally, with  j  indexing drug classes, I estimate regressions of 
the form

(6)  subsEntrant s j   = α + βFIcExc l j   + γ′ X j   +  ε j  , 

and Jacobo-Rubio, Turner, and Williams (2014), is the outcomes of Paragraph IV lawsuits, which are sometimes 
precursors to generic entry. However, the sample of such lawsuits is small and neither the timing nor the outcomes 
of Paragraph IV lawsuits appear to be random—they tend to occur shortly after a drug’s active ingredient patent has 
expired and often result in generic entry. 
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Figure 3. Timing of Subsequent Entry

notes: This figure shows a histogram of the timing of subsequent entry relative to FIC generic entry, where the 
x-axis is normalized by the FIC’s market exclusivity so that −1 corresponds to FIC approval and 0 corresponds to 
FIC generic entry. This normalization is accomplished by dividing the length of time between the entry of the sub-
sequent entrants and the FIC’s generic entry by the FIC’s exclusivity. The sample is as described in Section II. The 
relationship visualized here is analyzed empirically in online Appendix Section E.
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where  subsEntrant s j    is the number of entrants subsequent to the FIC,  FIcExc l j    is 
the FIC’s market exclusivity, and   X j    is a vector of controls. Given the count nature of 
drug launches, I estimate quasi-maximum likelihood (QML) Poisson models, and 
since my data are as of 2011 and some classes started earlier than others, I include 
FIC approval year fixed effects throughout.26

Figure 4, panel A illustrates the raw relationship between subsequent entry and 
FIC exclusivity without controls, and shows that there is indeed a strong positive 
correlation. However, the slope of that graph should not necessarily be interpreted 
as causal; understanding specifically what determines a drug’s market exclusivity is 
helpful for understanding where biases could enter. Figure 5 visualizes the typical 
sequence of events in drug development for a drug that progresses from discovery 
all the way to patent expiry. A prospective drug starts in preclinical development 
and testing, which usually takes place in the lab. After an Investigational New Drug 
(IND) Application is approved by the FDA, the drug progresses into the period of 
regulatory review characterized by human clinical trials. If trials are viewed as suc-
cessful in proving safety and efficacy, a New Drug Application (NDA) is submitted 
to the FDA. In the case of approval, the drug is marketed exclusively by its developer 
until it “goes generic” when the first generic enters the market.27 Federal law guaran-
tees that NMEs are protected from generic entry for a minimum of five years after a 
drug is first approved, but, in general, entry is restricted for longer because of patent 

26 Some classes have had very few years to allow for subsequent entry, so in online Appendix F.3 I show that 
restricting the sample to only those classes in which the data include at least ten years after FIC entry does not affect 
the results. I also note here that including fixed effects in a nonlinear model typically leads to an incidental parame-
ters problem. In Poisson models, this can be corrected using Hausman, Hall, and Griliches’ (1984) transformation, 
which I apply throughout. 

27 Though I focus only on approved drugs, the likelihood that any individual drug candidate progresses all the 
way from the start of clinical review to approval is not high, on average. Hay et al. (2011) estimate it is less than 
10 percent. 
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protection. As a legal matter, patents pertaining to active ingredients generally need 
to be filed before the beginning of clinical trials. Once the drug has been administered 
to humans, its novelty (required for enforceable patenting) can be questioned.

Altogether, this means there are three main factors that influence the length of 
exclusivity. The first factor pertains to the timing of approval, in the middle of 
Figure 5. As Budish, Roin, and Williams (2015) point out, since patent lengths are 
fixed at 20 years (plus applicable extensions, which tend to be minor), an important 
component of market exclusivity is simply the time a drug spends in trials (“com-
mercialization lag,” in their words). From the start of clinical trials, the clock is 
ticking toward patent expiry, so long trials tend to reduce exclusivity. Thus, to the 
extent that trial lengths are correlated within classes, then they could bias  β  in the 
estimation of equation (6).28 This means it is important that I control for the length 
of clinical review.

The second factor influencing exclusivity is the timing of generic entry. This 
factor pertains to the end point on the right-hand side of Figure 5. For example, 
the innovator may be able to file new auxiliary (yet enforceable) patents, e.g., on 
the molecule’s salt forms or the manufacturing process, which make it difficult for 
generics to enter even after the AI patent has expired. In some cases, the firm selling 
a branded drug might even contract with generic entrants to stay out of the market 
in what is called a “reverse payment settlement.”29 Since the extent of any such 
manipulation is presumably driven by profitability, I control for market sizes and 
additionally present an analysis which controls for sales.

28 For example, if trials in class  j  are short, then drugs in class  j  all have long exclusivities, so that  FIcExc l j    is 
larger. Keeping with the example, long exclusivities in class  j  presumably mean it is more profitable, so if fixed 
costs are similar across classes, then total entry in  j  is higher, meaning  subsEntrant s j    is larger. Then the positive 
relationship I observe between  FIcExc l j    and  subsEntrant s j    could be due to the fact that classes with shorter trials 
are more attractive. 

29 Hemphill (2007, 2006) provide extensive description and analysis of reverse payment settlements. 

Figure 5. Timeline of Drug Development

notes: This figure shows the typical timeline of drug development. In particular, it depicts how market exclusivity, 
which is defined as the time between NDA approval and generic entry, is impacted by the timing of patent filing.
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Third and finally, the timing of the AI patent’s filing relative to the start of clinical 
development is not always the same. Variation in the filing date affects the left-hand 
side of Figure 5. As I explain below, scientific uncertainty leads the gap between pat-
ent filing and the start of trials to exhibit substantial variation, which is orthogonal to 
other class characteristics. This provides the basis for my instrument.

However, before proceeding to the IV analysis, I present results which control 
for the first two factors: time in trials and market size. Figure 4, panel B shows that 
conditioning on these controls, as well as fixed effects for the year of FIC approval 
(since some classes are older than others), does not remove the positive relationship 
between subsequent entry and first in class exclusivity.30

As an additional test for endogeneity in market exclusivity, I ask whether market 
exclusivities are positively related within classes. The motivation underlying this 
test is that if some factor confounds the estimated relationship between  FIcExc l j    
and  subsEntrant s j    , then presumably that factor would also influence the exclusivity 
of other drugs in class  j . This test can only be operationalized for classes in which 
there is at least one subsequent entrant, but it still provides insight into how much 
exclusivity is determined by factors that are idiosyncratic to a drug versus common 
to a class. I implement this test by estimating an OLS model where the outcome is 
the exclusivity of drug  k  and the independent variables are the exclusivity of drug  
l  , as well as my baseline controls for market size, time in trials, and year of FIC 
approval fixed effects, for all pairwise combinations of drugs  k  and  l  belonging to 
the same class. The coefficient estimate on the exclusivity of drug  l  is −0.0089 with 
standard error 0.0366, where the standard error is robust and clustered by class.31 
Overall, this suggests that after conditioning on time in development and market 
size, the potential for endogeneity in naive estimation of equation (6) is likely to be 
limited. Nevertheless, I pursue clean identification in the IV analysis below.

B. IV strategy

I have shown that there is a strong relationship between FIC exclusivity and sub-
sequent entry, and that this relationship is not diminished by conditioning on time 
in trials and market size. I have also shown that exclusivity is not significantly cor-
related among drugs within the same class; this means an endogeneity story would 
require some external factor which impacts both subsequent entry and FIC exclusiv-
ity but not the exclusivity of other drugs. However, clean identification in this set-
ting is possible through use of an instrument that exploits the third principal factor 
determining market exclusivity—the timing of patent filing. This section explains 
the logic underlying this instrument before presenting an empirical analysis of the 
instrument itself.

30 The relationship is slightly weakened in the linear model presented in the figure, but it is actually strengthened 
in the corresponding Poisson estimates, which are presented, with controls added sequentially, in the first three col-
umns of Table 3. However, I forgo an extended discussion of these estimates until I take up all of my main results 
in Section IVC. 

31 Online Appendix Figure D.1 visualizes a similar relationship by plotting the exclusivities of subsequent 
entrants against the exclusivities of FIC drugs (not all pairwise exclusivities). Panel A shows that without controls 
the relationship is weak and statistically insignificant. Conditioning on mean development time in class, market 
size, and year of FIC approval fixed effects leads to a weak negative association, as visualized in panel B. 
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The Timing of patent Filing.—Patent lifetimes are fixed, so the date of a drug’s AI 
patent filing has a strong influence on the drug’s exclusivity. So what determines the 
timing of patent filing?

Firms are incentivized to file patents as late as possible (which, to ensure novelty, 
is the day before the beginning of clinical trials) because doing so maximizes future 
exclusivity. However, the reality is that patents are sometimes filed substantially in 
advance of the start of clinical trials. The summary statistics presented in Section II 
show that, for FIC drugs, patents are filed at median 4.43 years before clinical trials 
begin.32 Interviews with patents experts and R&D directors suggest that this is no 
surprise. They point me toward three primary factors that contribute to it.

First, there can be agency problems within firms. In particular, the career motives 
of scientists and the motives of the larger organization are not necessarily aligned. 
Scientists receive acclaim through research presented in papers and in conferences. 
Firms support these endeavors, but they place a high value on intellectual prop-
erty and tend to require that patents be filed before new results are made public. 
Together, this means patents may be filed at a time that suits the scientist—before 
the firm is prepared to undertake clinical review.

Second, there can be larger organizational frictions. The pharmaceutical industry 
has been characterized by a tremendous amount of merger and acquisition activity 
in recent decades (see, e.g., Deloitte 2009). A major organizational shock like an 
acquisition presumably complicates strategic decision-making and might slow the 
progression from the lab to clinical review. Below, I show empirically that mergers 
are associated with longer delays from patent filing to the start of trials.

Third, and perhaps most importantly, the science of drug development is highly 
uncertain while the patent system forces firms to act defensively. That is, the tra-
jectory of a drug’s development is not necessarily linear—a molecule is sometimes 
initially thought to treat one condition when it later turns out to be better at treating 
another.33 Yet the owner of a patent is whichever firm filed it first, and the dis-
counted gain of waiting an extra year to file, i.e., an extra year of exclusivity 20 
years in the future, may be low relative to the loss incurred if another firm files the 
patent first. This means firms file patents as soon as it is known that a molecule may 
be of commercial interest, but before it is necessarily clear what that commercial 
interest will be.

Consider, e.g., the path to approval of Arava, a drug presently marketed for rheu-
matoid arthritis. The active ingredient in Arava was first discovered and patented 
in the late 1970s by researchers searching for new agricultural pesticides (Oh and 
O’Connor 2013). In 1985, researchers experimenting with rats believed Arava might 
have potential for use in transplantation (Hoi and Littlejohn 2005). However, it was 
not until 1993 that the drug first entered clinical development—for arthritis. By 
the time Arava was approved in 1998, its patent was already about to expire. The 
FDA’s exclusivity minimums kept generics out for almost 7 years, about half of the 

32 The date on which intellectual property protection is first sought is actually called a patent’s priority date. 
Priority dates are sometimes called “effective filing dates” and determine expiration dates. More detail on the dif-
ferences between priority and filing dates are found in online Appendix Section C.D. For simplicity, I refer to the 
priority date throughout as the filing date. 

33 Recall the case of Viagra in footnote 7. 
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mean exclusivity of almost 12 years in my sample. However, that Arava’s devel-
opment was delayed well past its initial discovery does not appear to be the result 
of low sales expectations. At the time of approval, financial analysts estimated that 
Arava’s annual sales could exceed $800 million by 2003 (Wall Street Journal 1998). 
Consistent with the thesis of this paper, Arava has now been off patent for almost a 
decade and there has been no entry aside from Arava in its class.

Identification strategy.—My IV strategy exploits gaps between when patents are 
first established on a molecule and the beginning of clinical trials. Specifically, my 
instrument for market exclusivity is the time between the date on which intellectual 
property protection was first sought and the date marking the beginning of clini-
cal development. I denote the instrument for drug  i  by   z i   =  t devstart, i   −  t patentFiling, i   . 
Large, positive values of   z i    reflect molecules that are discovered substantially before 
they are commercialized. For example, the gap between Arava’s patent filing date 
and the start of clinical development was 15 years (1978 through 1993), and its 
market exclusivity was subsequently just 7 years. Figure 6 shows a histogram of 
the instrument for FIC drugs. Much of the mass is just above zero, reflecting patent 
filing shortly before the beginning of trials.34 However, there is also a right tail in 
which drugs like Arava are found.

34 In fewer than 4 percent of cases, calculation of the instrument yields a negative value, reflecting a filing date 
that occurs after the beginning of clinical trials. Since this might reflect that the patent identified by my methodol-
ogy is not an active-ingredient patent, I am hesitant to use these values, and set the value of the instrument in these 
cases to zero. However, leaving the instrument at its original values or dropping these observations altogether does 
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Figure 6. Histogram of the Time from Patent Filing to Clinical Development

notes: This figure shows a histogram of the time from patent filing to the start of clinical development for FIC 
drugs. The start of clinical development is defined as the date on which an Investigational New Drug Application, a 
required precursor to the start of human clinical trials, is approved. The sample is as described in Section II.
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Formally, identification requires that  corr ( z j  ,  ε j  ) = 0 . That is, identification 
requires that delays between patent filing and the start of clinical development for 
FIC drugs are unrelated to other factors that affect entry in the class. Although this 
cannot be tested directly, in the following two sections I provide two pieces of evi-
dence to its effect. First, I ask descriptively how the instrument relates to patent 
characteristics. I find no evidence that delays between patent filing and the start of 
development signal anything about patent characteristics like claims or citations, 
but they are related to factors like merger activity. Second, to dispel concerns that 
the instrument might be picking something up about unobserved profitability, I ask 
whether the instrument is related to sales in class, and, in a test like that used in my 
analysis of market exclusivities, I ask also whether the instrument is significantly 
correlated within class. I find no evidence for either.

The Instrument and patent characteristics.—I analyze the relationship between 
the instrument and patent characteristics in Table 2. Columns 1–3, respectively, ask 
whether the instrument is correlated with the patent’s number of claims, the number 
of citations the patent itself lists, and the number of other patents that cite it. The 
sample is the full sample of 189 drugs for which I observe the date on which clin-
ical development begins (and thus am able to compute a value for the instrument). 
Reflecting the count nature of these outcome variables, I estimate QML Poisson 
models. The point estimates are neither economically nor statistically significant in 
all cases.35 This suggests these patents were not in some sense less “important” ex 
ante, as judged by claims and citations, nor ex post, as judged by the number of other 
patents referencing the patent in question.36

Next, in columns 4–6, I ask whether the instrument is related to reassignment 
of patent ownership, which is tracked by Thomson Innovation.37 Column 4 esti-
mates an OLS model of a dummy for reassignment on the instrument and shows 
that the instrument is not statistically nor economically related to reassignment. 
In  column 5, I ask whether the instrument is related specifically to reassignment 
involving a merger, and this time the estimate is positive and statistically significant 
at the 10 percent level. Finally, in column 6, I analyze how the instrument relates to 
the length of the time between filing and first reassignment, a measure which I view 
as a proxy for the degree of initial uncertainty. The estimated coefficient is strong 
and positive.38 Altogether, Table 2 shows that drugs with large   z i   ’s appear to have 
patents that are similar to those of other drugs, except that they are more likely to 
have been involved in a merger and that they took longer to make it from the filer’s 
hands into those new of a owner. These results suggest large   z i    are likely to originate 
from organizational changes and scientific uncertainty, rather than from particular-
ities of the patent itself.

not affect the main results. I note also that the mass in the histogram would be located closer to zero if I focused on 
true filing dates, as these are always weakly greater than priority dates. 

35 The results are similar if I focus on FIC drugs only. 
36 Patent importance is frequently measured by patent citations, e.g., as in Hall, Jaffe, and Trajtenberg (2005). 
37 Technically, I examine changes in patent assignee. Such changes can represent licensing agreements in addi-

tion to changes in ownership. 
38 In columns 5 and 6, the sample is conditional on any reassignment, so the number of observations drops from 

189 to 165. 
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The Instrument and class characteristics.—The evidence analyzed above pro-
vides context for the instrument, but it does not speak directly to the question of 
exogeneity: the instrument might still reflect something about a class that influences 
both FIC exclusivity and total entry. For example, capacity-constrained firms might 
put lower priority on less profitable markets, leading delays to be negatively cor-
related with profitability. Or, even if the instrument is randomly assigned, then a 
longer delay should require a higher per year expected profitability in order for the 
firm to break even; this type of selection effect would lead delays to be positively 
correlated with profitability. Finally, it may simply be more difficult to develop new 
drugs in some classes than others.

I examine the first two possibilities in Figure 7, panel A, where I proxy for profit-
ability using the log of the maximum annual revenue earned by any drug in a class, 
and ask how that relates to the instrument for FIC drugs. (I condition on my baseline 
controls: FIC approval year fixed effects, market size, and mean development time 
in class.) The figure shows there is no significant relationship between between class 
sales and the time between patent filing and the start of development for the FIC.39

Though the instrument is not related to class sales does not mean it is not related 
to other class-specific unobservables, and this possibility is difficult to rule out 
completely. To address it, I implement a test similar to that presented earlier: I ask 
whether the instrument is correlated within classes. In particular, I estimate an OLS 

39 I choose the maximum annual revenue earned by any drug in the class as a proxy for profitability because 
this figure reflects whether a given class could possibly be a top seller. However, the results are similar if I instead 
proxy for profitability with the maximum of the FIC drug’s annual sales. I additionally show in online Appendix 
Section F.E that controlling directly for sales in my main regressions does not affect the results. 

Table 2—Patent Characteristics and the Time between Patent Filing and Clinical Development

Dependent variable is
Number of 

claims
Number of 
citations

Number 
of patents 

citing

(1/0): 
Any patent 
reassign.

(1/0): 
Reassigned 
in merger

Time from 
filing to first 
reass. (yrs)

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

Patent filing to clinical dev. (yrs) 0.00476 −0.0348 −0.0155 −0.00279 0.0169 0.338
(0.0188) (0.0277) (0.0187) (0.00703) (0.00955) (0.143)

Estimation Poisson Poisson Poisson OLS OLS OLS

Mean of dependent variable 16.19 18.93 79.70 0.885 0.182 5.358

Observations 189 189 189   189 165 165

notes: This table examines the relationship between patent characteristics and the instrument, which is the time 
between patent filing and clinical development. The start of clinical development is defined as the date on which 
an Investigational New Drug Application, a required precursor to the start of human clinical trials, is approved. 
Columns 1–3, respectively, present Poisson models of the relationship between the instrument and the patent’s num-
ber of claims, the number of citations the patent itself lists, and number of other patents that cite it. Columns 4–6 
examine whether the instrument is related to reassignment by estimating OLS models. Column 4 regresses a dummy 
for any reassignment on the instrument, column 5 regresses a dummy for whether that patent was ever reassigned 
in a merger transaction on the instrument, and column 6 regresses the time from filing to first reassignment on the 
instrument. The sample is the full of drugs for which I observe the start of clinical development. Specifications (5) 
and (6) are conditional on any reassignment, so the number of observations drops from 189 to 165. Poisson models 
are estimated by quasi-maximum likelihood and robust standard errors are reported in parentheses.
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model where the outcome is   z k    , the independent variables are   z l    and my baseline 
controls, and there is an observation for all pairwise combinations of drugs  k  and  l  
belonging to the same class. The estimated coefficient on the market exclusivity of 
drug  l  is −0.00375 with standard error 0.0471, where the standard error is robust and 
clustered by class. In  Figure 7, panel B, I visualize a similar analysis, but this time 
restrict the sample to ask only how the instrument for subsequent entrants compares 
with the instrument for FIC drugs (again, conditional on my baseline controls). The 
figure shows the estimated relationship is economically and statistically insignifi-
cant. I conclude that the instrument is unlikely to be picking up  class-specific unob-
servables. I next present the first stage and then turn to the results.

The First stage.—Figure 8 presents the first stage, where both axes are condi-
tional on my baseline controls. The relationship between the instrument and FIC 
exclusivity is strong—a one year change in the value of the instrument is associ-
ated with 0.45 fewer years of exclusivity—and the plot shows that the relationship 
remains strong across the support of the instrument. The associated F-statistic is 
43.52.

C. results

In the previous subsections, I explained the sources of variation underlying 
a drug’s market exclusivity and I presented evidence analyzing the potential for 
endogeneity in exclusivities. I then proceeded to explain the logic behind my instru-
mental variable and presented evidence analyzing its relationship with patent and 
market characteristics, before finally presenting the first stage. This section presents 
my main results on how FIC exclusivity affects subsequent entry.
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notes: These figures respectively plot (i) class sales against the instrument for FIC drugs and (ii) the instrument for 
drugs subsequent to the FIC against the instrument for FIC drugs. The instrument is the time between patent filing 
and clinical development. Residuals are conditional on year of FIC approval fixed effects, mean development time, 
and market size. The measure of class sales is the log of the maximum of annual sales for all drugs in the class. The 
sample is as described in Section II, and the slope of the line of best-fit and its associated robust standard error clus-
tered by drug class are presented in the corner of each figure.
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Table 3 presents the estimates, with results from Poisson models in the first set 
of three columns and from Poisson-IV models in the second set of three columns. 
Because of the Poisson’s nonlinearity, I implement the IV using two-stage residual 
inclusion.40 All standard errors are robust and the second-stage IV standard errors 
are corrected for the two-stage design using the methodology of Murphy and Topel 
(1985) and Hardin (2002). All specifications include fixed effects for the year of FIC 
approval. The first specification in each set of columns includes only the year of FIC 
approval fixed effects, and then in subsequent columns I incrementally add my base-
line controls. Corresponding first stage estimates are reported below the IV results.

In all cases, I estimate a strong, positive, and statistically significant effect of the 
FIC’s exclusivity on subsequent entry. The point estimates remain relatively consis-
tent as controls are added. The Poisson-IV results are slightly larger in magnitude 
than the Poisson results, but they are also less precise, and the differences between 
the coefficients are not statistically significant. Overall, the estimates show a 1-year 
increase in FIC exclusivity yields a 25–30 percent increase in subsequent entry in 
class. Poisson models estimate proportional effects, so to ease interpretation of the 
results, I present in the fifth row of the table the main exclusivity coefficient mul-
tiplied by the mean of the dependent variable. These estimates, which I refer to as 

40 The Poisson’s nonlinearity means that simply plugging predicted values from the first stage into the  second 
stage yields inconsistent estimates. I implement a control function methodology as detailed in Wooldridge (2002) 
and Imbens and Wooldridge (2007). 
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notes: This figure shows a plot of the residualized first-stage relationship between a FIC drug’s market exclusivity 
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approval fixed effects, mean development time, and market size, and the specification of the controls and sample 
are as described in Section II. The slope of the line of best-fit and its associated robust standard error are presented 
in the bottom right of the figure.
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“scaled,” are in units of subsequent drugs per year of first-in-class exclusivity. The 
estimates presented in columns 3 and 6 show one additional year of first in class 
exclusivity yields approximately 0.18 to 0.25 more subsequent drugs. This is a rela-
tively large effect. For example, it implies that if FIC exclusivities were just 1 stan-
dard deviation shorter (about three years), the number of subsequent entrants in the 
average class would be reduced to 0. Or, in the other direction, the estimates imply 
that increasing FIC exclusivities by 1 standard deviation would double the number 
of subsequent entrants.

D. robustness Tests

Online Appendix Section F presents five sets of robustness checks that verify the 
robustness of my main results; these are omitted here for brevity. First, I show that 
the main Poisson results remain similar when the sample restrictions described in 
Section II are relaxed or modified. Second, I show that the main Poisson analysis 
survives placebo tests that analyze the role of the exclusivities of non-FIC drugs on 
entry. Third, I investigate the robustness of the main IV estimates. In particular, I 
present the reduced form of the second stage and show the IV estimates are robust 
to a linear specification. Fourth, since some classes in my data have had only a few 
years to accumulate new entrants, I show that the Poisson and Poisson-IV results 
are unchanged when the sample is restricted to only those classes that have had at 
least ten years for subsequent to entry to occur. Fifth, to ensure my results are not 

Table 3—Estimates of the Effect of First in Class Exclusivity on Subsequent Entry 

Dependent variable is number of subsequent entrants in class  
(mean = 0.73)

QML Poisson models  QML Poisson-IV models

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

Market exclusivity of FIC (years) 0.229 0.243 0.251 0.411 0.335 0.337
(0.0604) (0.0631) (0.0613) (0.181) (0.128) (0.128)

Mean development time No Yes Yes No Yes Yes
Market size No No Yes No No Yes
Year of FIC approval fixed effects Yes Yes Yes Yes Yes Yes

Exclusivity coef × mean of dep variable 0.167 0.177 0.183 0.300 0.245 0.246

Estimates from the first stage:
Patent filing to clinical dev. (years) – – – −0.284 −0.442 −0.445

(0.0653) (0.0669) (0.0675)
F-Statistic – – – 18.84 43.55 43.52

Observations 111 111 111   111 111 111

notes: This table presents estimates of the effect of first in class exclusivity on subsequent entry. Columns 1–3 pres-
ent results from quasi-maximum likelihood Poisson models which incrementally add controls for mean develop-
ment time in class and market size. Columns 4–6 replicate columns 1–3 but instrument for FIC market exclusivity 
using the time between patent filing and the start of clinical development, where the start of clinical development 
is defined as the date on which an Investigational New Drug Application, a required precursor to the start of human 
clinical trials, is approved. All models are conditional on year of FIC approval fixed effects. The IV models are 
implemented using a control function and first-stage estimates are presented in the final rows of the table. The sam-
ple and controls are specified as described in Section II. Robust standard errors are reported in parentheses and stan-
dard errors for the IV models are corrected for the two-stage design as described in the text.
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confounded by class profitability, I show that the Poisson and Poisson-IV results are 
unchanged when I control directly for sales.

V. Imitation or Innovation?

I have shown the exclusivity of the FIC has an important effect on subsequent 
entry. In this section, I analyze whether the main effect I observe is more likely to 
be driven by imitation or innovation. Recall that the third prediction of the model 
was that the FIC’s patent should have a greater impact on subsequent entry when 
the entrant is a less significant clinical advance, while the fourth prediction was that 
these are specifically the circumstances under which subsequent entry is less valu-
able for society. In other words, the cases in which the patent matters are likely to 
be less socially beneficial; they are more likely to be imitation than innovation. I ask 
now whether whether the third prediction carries weight in the data.

Systematically quantifying differences in quality between drugs tends to be dif-
ficult; as Kesselheim, Wang, and Avorn (2013) write, prior work has looked at a 
variety of measures including the number of citations a drug receives in the med-
ical literature, the number of citations its main patent receives, or simply its sales. 
My approach is to follow Lanthier et al. (2013) and Dranove, Garthwaite, and 
Hermosilla (2014) in asking whether a drug received a priority review designation 
from the FDA.41

I perform this analysis by estimating equation (6) once more, but this time I 
separate subsequent entrants according to whether they received priority review sta-
tus. The results are reported in Table 4. The first two columns, respectively, report 
Poisson and Poisson-IV estimates analyzing the effect of FIC market exclusivity 
on the number of subsequent entrants which are priority review, while the third and 
fourth columns do the same for non-priority review drugs. The results in the fourth 
to last row, which reports the exclusivity coefficients scaled by the mean of the 
dependent variable, show that the estimated effect of FIC exclusivity on subsequent 
priority review entrants is roughly one-twentieth of that on subsequent non-priority 
review entrants. The differences between these effects are significant at the 1 per-
cent level. In other words, the FIC’s exclusivity only impacts subsequent entry for 
non-priority review drugs.42

Altogether, this evidence suggests the bulk of the effect I observe is driven by 
drugs with below average social returns; i.e., that another year of FIC’s exclusivity 
does more to foster imitation than it does innovation. However, there are at least 
three reasons not to overreach with these results.

41 A different approach would be to estimate changes in consumer surplus using a full structural model, e.g., 
with a framework as in Petrin (2002), who evaluates the welfare impact of the introduction of the minivan. Others 
have tried to estimate the welfare impact of drug introductions (e.g., Arcidiacono et al. 2013), but it is difficult to 
capture horizontal differences across drugs, and the value of such differences to consumers, with the data that are 
available. 

42 Although I focus in this section on how the impact of the FIC’s exclusivity is moderated by quality differ-
ences, it can be shown that the model’s third and fourth predictions are equally true for average price sensitivities,  
λ . In online Appendix Section G, I analyze how the main effect interacts with the price sensitivity of demand and 
find that, consistent with the model, the main effect is stronger when demand is more price-inelastic. 
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First, priority review is a measure of what is known about drug quality prior to the 
drug reaching the market.43 Drug quality is uncertain, and there certainly are exam-
ples of drugs that did not receive priority review yet have turned out to be immensely 
popular. For example, Singulair and Celexa were, respectively, fourth and fifth to 
market in their classes, and did not receive priority review. Yet both drugs’ annual 
sales surpassed $4 billion, putting them into an elite group of top sellers.44 By focus-
ing on priority review as a measure of quality, my analysis does not capture any 
difference between expected and realized drug qualities.45

Second, there may be important consumer benefits to having a range of treatment 
options for a particular condition, even when a single drug does not stand above 
the rest. For example, medical research suggests that having a menu of options is 
particularly important in the treatment of depression and anxiety disorders because 
different patients respond differently to different drugs (Huskamp 2003). Insurer 
formularies also present evidence that variety matters, for example, when it comes to 
dipeptidyl peptidase-4 inhibitors, a class of drugs for diabetes in which no generics 
are available, Aetna’s 2015 individual formulary covers both Januvia and Onglyza 
in its second of three tiers.46 Neither of these drugs received priority review, yet 
clearly Aetna places them on the same level, and no substitutes are available in the 
first year. Of course, that drugs within the same class are not necessarily perfect 
substitutes is clearly demonstrated by Figure 1, panel B, which shows how revenues 

43 In the FDA’s own words, priority review drugs are drugs which, “if approved, would provide a significant 
improvement in safety or effectiveness.” See the FDA’s guidance document, HHS (2014) for more details. 

44 This figure comes from publicly available IMS Health data available at www.drugs.com. 
45 To the extent that there are important differences between expected and realized drug qualities, it may be 

socially valuable to incentivize firms to pursue drugs which do not look to be blockbusters during clinical trials. 
46 See Aetna (2015). 

Table 4—Priority Review Designations

Dependent variable is number of 
subs. priority entrants in class

Dependent variable is number of 
subs. non-priority entrants in class

(1) (2) (3) (4)

Market exclusivity of FIC (years) 0.101 0.168 0.298 0.425
(0.0761) (0.256) −0.0779 (0.157)

Mean development time Yes Yes Yes Yes
Market size Yes Yes Yes Yes
Year of FIC approval fixed effects Yes Yes Yes Yes

Mean of dependent variable 0.09 0.09 0.64 0.64
Exclusivity coef × mean of dep variable 0.009 0.015 0.191 0.272

Estimation Poisson Poisson-IV Poisson Poisson-IV
F-Statistic from the first stage – 43.52 – 43.52
Observations 111 111   111 111

notes: This table replicates the base analysis in Table 3 but splitting new drugs by Priority-Review status, an expe-
dited review status granted by the FDA for drugs that are expected to present significant clinical advances. Results 
are from Poisson and Poisson-IV models estimated by quasi-maximum likelihood. The instrument, which is the 
difference in time between the patent’s filing date and the start of clinical development, is implemented as a con-
trol function. The sample and controls are specified as described in Section II. Robust standard errors are reported 
in parentheses and standard errors for the IV models are corrected for the two-stage design as described in the text.

www.drugs.com
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of subsequent entrants change after the FIC goes generic. As described earlier, rev-
enues of subsequent entrants fall on the FIC generic entry, but the figure shows they 
do not fall to zero. In fact, prices of subsequent entrants increase shortly before the 
FIC goes generic, suggesting that the subsequent entrants are pricing to the marginal 
consumer who benefits from differentiation (online Appendix Figure D.2 visualizes 
price dynamics). The analysis presented in this section does not fully capture the 
benefits of horizontal differentiation, and these benefits may be substantial.

Third, my very unit of analysis—pharmacologic classes—may limit the extent 
to which I can measure the effect of the FIC’s generic on genuine subsequent inno-
vation. The FDA purposefully defines classes narrowly, based on a combination of 
mechanism of action, physiologic effect, and chemical structure. That classes are 
narrow ensures that drugs within the same class are substitutes. But of course, in 
limiting my analysis to sets of relatively close substitutes, I am unable to measure 
the possibility that generic entry in one class deters real innovation in another.

VI. Conclusion

This paper shows that patents have important effects on the direction of pharma-
ceutical innovation. Specifically, I show that the length of an incumbent’s patent 
protection has a positive impact on subsequent entry: an extra year of FIC exclusiv-
ity leads to an estimated 25–30 percent increase in subsequent drug approvals in the 
same class, which equates to about 0.2 drugs.

This fact has implications for how researchers and policymakers weigh the ben-
efits and disadvantages of patents. A simple framework that determines the optimal 
level of patent protection by comparing a single would-be innovator’s incentives 
with the (subsequent) social cost imposed by that innovator’s patent protection fails 
to account for the dynamic incentives that the initial innovator’s patent protection 
provides to subsequent entrants. This paper shows that properly weighing the pros 
and cons of patent protection means taking into account not only how a single firm’s 
patents impact its own incentives but also how those incentives are shaped by other 
firms’ patents.

Furthermore, I analyze how an incumbent’s patent protection influences the com-
position of innovation. Consistent with theory, I find the effect of the incumbent’s 
patent protection is concentrated among drugs that the FDA classified at the time 
of approval as lesser clinical advances, suggesting that these drugs may have lower 
than average returns to society. However, there is also significant uncertainty within 
the process of pharmaceutical development and the benefits of more entry to con-
sumers are frequently substantial, so it is unlikely that the affected R&D spending 
is purely wasteful. How large the benefits are, and how they compare to the costs, 
remain topics for future research.

More generally, this paper has implications for how intellectual property is char-
acterized. Traditional research identifies two independent levers in patent design: 
length—how long a patent remains in force, and breadth—the extent to which a pat-
ent “covers” a field. This paper shows that this characterization is too simple because 
it fails to account for the fact that length and breadth are linked through elastici-
ties of substitution. For example, if increasing the length of an incumbent’s  patent 
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 protection increases the value of entry for differentiated substitutes, then shorter 
patents are, effectively, more broad.47 Deeper understanding of this competition-in-
duced connection between length and breadth may yield new insights into how 
intellectual property protection should be designed by the  “economist-as-engineer” 
(Roth 2002) to shape innovation.

Finally, the focus in this paper has been on small molecule drugs and the paper’s 
logic hinges on the fact that generics are chemically equivalent to approved drugs, 
yet they are cheap to introduce once patents have expired. However, the logic of the 
paper may apply to other fields, from biologic drugs (which are more considerably 
more complex at the molecular level, and do not yet have a notion of “generic” 
established) to creative media (as described briefly in the introduction). My work 
suggests there is considerable nuance to fully understanding the impact of intellec-
tual property protection on present and future innovation.
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