Working Paper No. 034

A Breath of Fresh Air? Firm Types, Scale, Scope and Selection Effects
in Drug Development

Ashish Arora
Heinz School, Carnegie Mellon University, USA

Alfonso Gambardella
Bocconi University, Milan, Italy

Laura Magazzini
University of Verona, Italy

Fabio Pammolli
University of Florence and IMT — Lucca Inst. of Adv. Studies, Italy

March 2007

RICAFE2 - Regional Comparative Advantage and Knowledge Based
Entrepreneurship

A project financed by the European Commission, DG Research
under the 'Citizens and governance in a knowledge-based society' (FP6) programme
Contract No : grant CIT5-CT-2006-028942.

Financial Markets Group, London School of Economics and Political Science, LSE, UK
Dipartimento di Scienze Economiche e Finanziarie Prato, Universita di Torino, TORINO, Italy
Centre for Financial Studies, CFS, Germany
Haute Etudes Commerciales, HEC, France
Baltic International Center for Economic Policy Studies, BICEPS, Latvia
Amsterdam University, UVA, Netherlands
Neaman Institute for Advanced Studies in Science and Technology at Technion, TECHNION, Israel
Indian School of Business, ISB, India
Tilburg University, UTIL.CER, Netherlands
University of Southern Switzerland, USI, Switzerland
The Institute of Physics, IBP, Serbia



A Breath of Fresh Air?
Firm types, scale, scope and selection effects irud development
Ashish Arora

Heinz School, Carnegie Mellon University, PittsdurgA
ashish@andrew.cmu.edu

Alfonso Gambardella
Bocconi University, Milan, Italy
agambardella@unibocconi.it

Laura Magazzini
University of Verona, Italy
laura.magazzini@univr.it

Fabio Pammolli
University of Florence, and IMT — Lucca Institute Advanced Studies, Italy
pammolli@gmail.com

This paper has benefitted from comments and suggestom many people, including Giovanni
Dosi, Sul Kassiech, Gregory Kruse, Atul Nerkarnglovith seminar participants at the
Sant’Anna School of Advanced Studies, Pisa, Ithlg,Strategic Management Society 2006,
Vienna, the Institute for Markets and TechnologyT), Lucca, and the University of Verona.
We also acknowledge financial support from Eweropean Commission (grant CIT5-CT-
2006-028942).



Abstract
This paper measures differences in the innovatesfopmance of different types of firms in the
pharmaceutical industry. We compare the innovatieriormance of incumbent firms with
entrants, controlling for differences in the scabel scope of research, both at the firm level and
at the project level. To do so, we develop a singpialytical framework of drug development,
which we use to estimate a structural model, udatg on 3,000 drug R&D projects in preclinical
and clinical trials in the US during the 1980s-¢d1990s. Key to our approach is a careful
attention to the issue of selection — firms chogkih compounds to advance into clinical trials.
This choice depends upon the likelihood of sucdastsalso upon economies of scale and scope,
and strategic considerations about product carindign. It also depends upon how the costs of
development and the rewards of success are shitted wrganizations and between alliance
partners. After controlling for selection, we fititht: a) incumbent pharmaceutical firms draw
their compounds from better statistical distribngipb) over time, learning or environmental
selection make entrants firms more similar to tstaldished firms both in terms of selection
behavior and research productivity; ¢) compountenised by pharmaceutical firms are at least as
likely to succeed as internal developed projeotpmsistent with the “lemons” hypothesis; d)

firm scale improves innovation performance butsuatle at the project level.

Key words: firm capabilities, drug development process, retfr technology.



Non—technical abstract

This paper presents a model aimed at evaluatingriperical validity of theories dealing with intérm
differences in firm performance. Entry is vitalday industry, being the source of new technology an
new ideas about how production or research a&ssiire organized and financed. In research-intensiv
industries, new entrants typically compete on tlasid of superior innovation capabilities, while
incumbents have the advantage of size and scoly@mgaipon established production and marketing
capabilities. However, what happens if the innaratactivity itself is characterized by scale andpsc
economies? How do entrants fare in comparison tabkshed incumbents in terms of their innovation
performance? Can one disentangle the role of sidesaope from the intrinsic differences due to firm
types? We explore these questions in the contekiegbharmaceutical industry.

Apart from understanding and measuring the facttirvat affect pharmaceutical R&D
performance, the industry is a good setting fodg the questions above given the evolutionagnds
that have shaped its structure during the pasy théars.

First, since the advent of biotechnology, largalelgthed drug companies and smaller research-
intensive biotech firms coexist within the industBy estimating whether large pharmaceutical fiemd
smaller biotech companies draw their research digées (i.e., preclinical compounds) from different
statistical distributions, our research contributeshe debate of the relative innovation perforoganf
large and small firms. Unlike previous studies,a@st the debate in a proper context by emphasibig
importance of controlling for the potential seleatibias arising from the different incentives for
advancing compounds in the R&D process that chenizetthe different firm types.

Second, the rise of the biotech firms has encodragdivision of “innovative” labor and wide
networks of collaborations have emerged. The liteeahas addressed the question of whether licensed
compounds are more likely to succeed comparedtégrated projects. The division of innovative labor
perspective, as well as the network literaturegsagthat firms benefit from joining resources affdrts
because of scale, complementarities, or other @adgas from interacting. By contrast, another straind
the literature posits that “lemons” problems caresga due to asymmetric information in technology
markets. The empirical evidence on the matter igethi and our model offers a sharp test of these
contending views.

Finally, learning processes at the level of thenfieconomies of scale and scope in R&D and
innovation, and other similar issues, are centrdhé pharmaceutical industry. Our study contribute
this literature by understanding how the learningcpsses of firms, their experience in specific dios
or in the R&D process as whole, or other factoffgca its innovation capabilities and the incensite
move compounds to later stages of the innovationgss.

The model mimics the drug development process aplicély deals with the issue of selection
of compounds into human clinical trials, not ondyavoid biases, but also because selection illui@sna
number of important organizational and market psees that are of interest in and of itself. Prézdin
studies aim at evaluating the toxic and pharmadcédgffects of the drug under study, providing the
firm with a signal of the likelihood that the compal will pass FDA evaluation and will eventually be
launched on the market. This characterizestéblenical dimension of the selection decision. The firm



also compares the estimated net addition to prt¥fesnew product would make and the net addition to
development costs, taking into account economiescafe and scope, strategic considerations about
product cannibalization, and how the costs of dgwakent and the rewards of success will be shared
within organizations and between alliance partn€e compound is then chosen for trials if the firm
expects a net profit from its development, i.e.dbkection decision also entaile@mmercial or strategic
dimension. Though simple, our model is essential for disegliag the differences in outcome due to
selection and those due to underlying differennésnovation performance.

Within this framework, a set of hypothesis is depeld about selective and innovative
capabilities as a function of scope and scale eao@®) both at the firm and project level, firm tgpnd
development arrangements (in-house versus joireldped projects). The model is estimated by using
a rich dataset about 3,000 drug R&D projects odtid by pharmaceutical and biotechnology firms in
preclinical and clinical trials in the US duringeti980s-early 1990s. As well, we develop extenana
fine grained controls for the therapeutic areataedcompound being tested.

The results show significant differences in stratdghavior and performance of pharmaceutical
and biotechnology firms. We believe that the firgpdgs we consider reflect different models of
organizational structures, learning processes, srategic behavior. Incumbent pharmaceutical firms
draw their compounds from better statistical distiions than entrants, even after controlling for
differences in selection processes. Over timehniegror environmental selection make entrants firms
more similar to the established firms both in tewhselection behavior and research productivitgieo
biotechs are closer to established incumbents #narthe more recent entrants in both their selectio
threshold and overall performance. Finally, scaltha program level reduces the average probalufity
success whereas overall research scale at thddimeh increases this probability. Even if signifitiy
different from zero, the effect associated withlescat the firm level is negligible in magnitude,
downplaying the importance of firm scale beyondftima types we consider. Economies of scope appear
to be unimportant.

As far as the debate about the effects assoardthdhe division of innovative labor, our results
provide no support to the “lemons” hypothesis: cooms licensed by pharmaceutical firms are at least
as likely to succeed as internally developed ptsjec

The discovery of recombinant DNA was thought teehberalded the era of biotechnology in the
pharmaceutical industry. Many thought that this ldolead to a spate of entry which would unleash
widespread changes in the structure of the phamwmiaaé industry. Though much has changed in the
pharmaceutical industry, entrants have been a tbrehtfresh air rather than the gale of creative
destruction that some foresaw.



1. Introduction

Entrants to an industry are often the source of temhinology, and new ideas about how production or
research activities are organized, how they finaheen, the market segments they focus. Though new,
these ideas may not always be good; however, ¢atcam seldom hope to succeed by mimicking the
established entrants who have the advantage ohsidescope. When the industry is research-intensiv
entry is typically on the basis of superior inndeat capabilities, while incumbents are thought to
compete on the basis of established productiomzartteting capabilities. However, what happenkef t
innovation activity itself is characterized by sand scope economies? How do entrants fare in
comparison to established incumbents in termseif thnovation performance? Can one disentangle th
role of size and scope from the intrinsic differendue to firm types? We explore this questiothe
context of the pharmaceutical industry.

To do so, we have to deal with the issue of sa@ectiot simply to avoid bias (e.g., Heckman
1979; Shaver 1998) but because selection illumgnataumber of important organizational and market
processes, and it is therefore interesting in dritbelf. When innovation is measured, as is offene,
by the number of innovations brought to marketectedn processes are at work. For instance, langes f
may shelve some inventions because they could loaliwe existing products (or more promising
products under development), or simply becauses lfirms do not find it profitable to operate in iméc
markets (e.g., Christensen 1997). A different tyffeselection process may reflect the nature of
information feedbacks and channels for informafiow in firms. For instance, managers in largenfir
may be less able than managers of smaller firnth, sdher information flow between the research and
management functions, to accurately assess theniteathand commercial potential of a candidate
compound (Arrow 1983). Researchers in the largesfiact as champions for their own compounds
(Nerkar 2003) or resist the introduction of newhr@ques (Thomke and Kuemmerle 2002) and this may
lead to less rigorous scrutiny than the externalketa. On the other hand, managers of startupsfirm
needing to satisfy impatient investors, may notehthe luxury of time, and may have too much of a

vested interest in the existing candidate compa@ukedj and Scharfstein 2005). To this we add the



conjecture that the larger firms will likely havenaller expected additions to net profits from a new
compound because it may cannibalize sales of gttoglucts of the firm.

As well known, the drug R&D process follows wellfided steps. After preclinical research, in
which new active compounds are discovered, polemti& drugs enter multi-stage clinical trials, winer
their safety and efficacy is evaluated. At eaclgesteompounds are either rejected or moved to the ne
step. After Clinical Ill the compounds are assedsgdhe FDA, and if successful, approved for sale.
These stages provide natural milestones. Spedjfioak model the decision to select a compound to
move it from pre-clinical to clinical trials. Thiselection decision has a technical dimension, tedde
here as the firm's estimate of the probability tthet compound will successfully pass FDA evaluation
However, it also has a commercial or strategic disien, namely the firm’'s estimate of thet addition
to profits it would make relative to thet addition to development costs. We develop anidnagt a
structural model of drug development, using datanone than 3,000 drug R&D projects between 1980-
1994. Our objective is to use this model to evigltlae empirical validity of various theories degliwith
inter-firm differences in firm performance.

The pharmaceutical industry is an apt setting far study. There is a great deal of interest in
understanding and measuring the performance ofmdweutical R&D. Over time, R&D costs have
increased steadily and concerns have been exprabsed how little return firms are getting on their
R&D investments. Our results shed light on keynficharacteristics that condition successful clinica
development. However, there are theoretical reaBmrchoosing pharmaceutical industry as well.

First, since the 1980s, this industry has been latgai by both large established drug companies
and smaller research-intensive biotech firms (Gaddlm 1995). The relative innovation performanée o
firms of different size has been the subject afrayldebate (e.g., Arrow 1983; Holmstrom 1989; Aud a
Audretsch 1990; Henderson and Clark 1990; Chesbhrang Teece 1996; Christensen 1997; Giarratana

2004; see also Levinthal and March 1993). Our aigbkyill shed light on this issue. We estimate wbet

! See e.ghttp://www.fda.gov/cder/handbook®ee also FDA (1999) or DiMasi et al. (2003).




large pharmaceutical firms and smaller biotech camigs draw their research discoveries (i.e., pre-
clinical compounds) from different statistical distitions. One contribution of our research is éastadhe
debate of the relative innovation performance ajdaand small firms in a proper context by emphiagiz
the importance of controlling for the potentialesgion bias.

Second, the rise of the biotech firms has encodraggivision of “innovative labor” (Arora et al.
2001), with widespread inter-firm collaborationso@ll et al. 1996; Pammolli and Riccaboni 2004).
Typically, the biotech firms supply technology armmpounds to large firms, which can better conduct
costly clinical trials and commercialization acties. If there are “gains from trade”, licensednpounds
ought to be better than those developed in-housthdyicensor. Offsetting this may be the “lemons”
problem (Akerlof 1970), which Pisano (1997) hapanticular highlighted as a danger of participafimg
the market for technology. Simply put, the predictis that licensed compounds will fare worse than
that compounds developed in-house by the licen¥be current evidence is mixed. Danzon et al. (2005
find a positive effect of licensing on the probahibf success of drug compounds, while Pisano 7199
finds that licensed drugs are less successfultti@se developed in-house. Our model offers a siestp
of these two contending views.

Finally, learning, and economies of scale and séode&D, are central in the pharmaceutical
industry (Henderson and Cockburn 1996, Nerkar aneRs 2004; Macher and Boerner 2006). Our
study contributes to this literature by understagdiow the scale of research, in specific domains o
the R&D process as whole, affects research perfocmaln addition, we study how these factors affect
the decisions of firms to select compounds intddker stages of the innovation process.

The next section reviews the main findings of timepieical literature that studied the drug
development process in the pharmaceutical induSsction 3 describes the model and Section 4
develops our hypotheses. Section 5 describes daratal analysis. Sections 6 presents our estimation
results, section 7 explores the implications amdtéitions of the results, and section 8 summarines

findings and concludes.



2. Innovation in Pharmaceuticals: Background Litemature
An early study of innovation in the drug industsythe one by Henderson and Cockburn (1996), who use
data at the level of the individual research progfeom the internal records of ten major pharmacaut
firms. They find returns to scale at the level afttbindividual research programs and the research
expenditures of the firm as a whole, as well adente of economies of scope. Henderson and Cockburn
(1996) focus only on the pharmaceutical firms, dochot include biotechnology firms. Moreover, thei
paper is best thought of as illuminating inventoductivity rather than innovation performancaegcsi
their measure of output is “important patents”, relas our measure is the successful FDA approval.

Nerkar and Roberts (2004) examine the effects aftneand distant technological or product
market experience of pharmaceutical firms on thecess of new products. They find that proximal
technological experience (patents in the same pleeta class) has a positive and significant eféecthe
first-year sales of a new product. Distal technimalgexperience is positive and significant onlyemnh
accompanied by a high level of distal product-maekeerience. Finally, they find that the interanti
between distal and proximal technological expegeig negative, which suggests that focused and
diversified innovations may be alternative strategiMacher and Boerner (2006) look at a similato$et
guestions, but with two differences. First, theieanure of performance is the time to complete g dru
development project. Second, they use data for diegelopment projects by contract research
organizations (CRO), which are then passed ontteratompanies, rather than integrated R&D projects
in pharmaceutical firms. They find that experienag,well as scale and scope economies matter. They
also find that experience in one therapeutic categucreases the ability of the firm to gain from
knowledge spillovers in other therapeutic categoiiewhich it may be involved. Simply put, expexien
in one area raises economies of scope or spillofrera another area, which is suggestive of the
importance of absorptive capacity in drug R&D (Colaed Levinthal 1990).

Adams and Brantner (2003) and Abrantes-Metz e(28106) analyze data on drugs in human
clinical trials around the world between 1989 af@2and find that success rates and durations &gn v

substantially across observable characteristicshefdrugs, including primary indication, originain



company, route of administration and chemistry.nZza et al. (2005) focus on the role that expegenc
(both overall experience and experience in a pdaictherapeutic category) and alliances have en th
outcome of R&D projects. Their sample is composE&&D projects by over 900 firms during 1988-
2000. They too find that the probability that anpmund succeeds in a particular stage of clinitalst
varies across therapeutic categories. Danzon €G@0)5) also find evidence of large positive retuto a
firm's overall experience for the larger and mommplex late-stage trials. They find that products
developed in alliances have a higher probabilityswécess, at least for the more complex phase 2 and
phase 3 trials, and particularly if the licensea large firm. They recognize, but do not explcitiodel,
differences across firms in the quality of theuglcandidates.

Nerkar (2003) studies the relationship between gepee and the probability that a drug receives
FDA approval. He hypothesizes that experience maty always lead to better performance, if the
experience is of the wrong sort (e.g., orientedarals drug discovery rather than drug developmant],
if feedback is inadequate or delayed (the drug ldeweent cycle can be fifteen years or more). Giten
uncertainties and long delays, researchers magwarded for discovery (measured by patenting) rathe
than commercialization (measured by FDA approval)s a result, scientists may continue to work,
building experience in areas that provide them wlthmps of patents but do not lead to commercially
useful drugs. In this paper, our unit of analysishie firm, rather than the team. We measure homyma
compounds the firm develops, during our sampleopeiin a therapeutic area and overall. Thoughishis
a measure of scale of operations, it is also s measure of experience.

None of these studies addresses explicitly our@wonthat firms may systematically vary in how
selective they are in advancing compounds intacalirtrials. As is well known, clinical trials arauch
more expensive than pre-clinical trials, particiyldate stage clinicals. Which compounds makenit i
clinical trials depends upon whether managers tttiskcompounds are promising. However, a variety of
other factors play an important role. A drug dismed or developed in the pre-clinical stages by a
research team that has high status in the orgamizatay be moved into clinicals even if it is below

threshold (Nerkar 2003). In contrast, Guedj ankdaffstein (2005) point to the agency problem betwee



managers and investors. In biotech startups, nemsdgpically have one compound to bet upon, and
therefore push it as much as they can into thecelirials. By contrast, in larger firms managbes/e
many compounds from which to choose, and are Iksly Ito have a vested interest in any particular
compound. As a result, biotech companies are nilaely Ito advance products from phase | into phase |
clinical trials, but these compounds are more Yikel fail in later stages. In our paper, we digtiish
between the pre-clinical and the clinical, but d separately analyze the progress across theugario
clinical stages.

Finally, the literature has addressed the questfomhether licensed compounds are more likely
to succeed compared to integrated projects. Thisidiivof innovative labor perspective (Arora et al.
2001) suggests that established firms and bioteatpanies have a comparative advantage in different
stages of the innovation process. Similarly, thewvoek literature (Powell et al. 1996; Pammolli and
Riccaboni 2004) posits that firms benefit from jom resources and efforts because of scale,
complementarity, or other advantages from intengctBy contrast, Pisano (1997) argues that teclgyolo
markets are affected by asymmetric informationdilegito a “lemons” problem.

Pisano (1997) finds that in-house development jesar to licensed compounds. On the other
hand, Danzon et al. (2005) find that compounds ldgeg in alliances (roughly equivalent to licensed
compounds) have a lower probability of failure limical trials. However, Danzon et al. (2005) undb
in their sample alliances that were formed prioth® conclusion of each phase (up to phase llljs &
likely to include marketing agreements that phamnécal firms often strike for successful compoutals
enhance market access. To avoid bias, we onludeclicenses signed before phase I, and test both
whether licensed compounds are more likely to ket into clinical trials and whether they arawin

from different distributions.

3. An Econometric Model of Selection and Success
To understand the interplay between selection amtess we provide a simple model. After the

compound has been discovered, the firm starts ipredl trials to evaluate its properties. Preclatic



research will provide the firm with a signal of theobability that the compound will pass the clalic
trials and will be eventually launched on the markEor simplicity, we assume that the firm fornms a
estimate, Pg, of the probability that compoundaie ind effective. In other words, Pg is the fgmpoint
estimate of the (uncertain) probability of succedte assume that these estimates are unbiased.

Let V indicate the expected net additional revefmoen the sales of the compound if it id
eventually marketed, and D the net additional céihtrial costs, which we label development cofte
firm will take the compound into clinicals if it pects a net profit from its development i.e. if Pg\D >
0, or Pg > D/V. We denote D/V as Pg*, a threshblat s a function of V and D. The compound with
expected probability greater than Pg* will be takimo clinical trials, otherwise the project is
discontinued during the preclinical stage.

The selection threshold, Pg*, represents the ecimand strategic dimension of selection. Firms
with full pipelines of drugs under development veiisess a higher net addition to development ¢b3ts
and have a high Pg*. Similarly, firms with porifid of similar products under development will like
assess a lower net addition to profits (V), and &lave a higher Pg*. Since these measures aflg like
correlated with measures of firm scale as well, eiod this behavior is essential for estimating
innovation performance.

Early in drug development, commercial consideratisach as the size of the market, the extent
of competition, and the firm's relevant commerdation capabilities, act as a threshold on which
compounds to select. As the compound progressese and more information about its safety and
efficacy becomes available, so that decisions becamore deeply impregnated by technical
characteristics. Thus, though selection has lemthrical and commercial aspects, we assume thatanc
compound enters clinical trials, its future progrés clinical trials is determined only by its tedtal
characteristics. What the assumption allows wdotés to use the information on whether the compoun
is successful in passing clinical lll as a measnoiréts underlying technical quality (conditional on
selection) and use that information in the selecsiage to distinguish between technical and cormialer

criteria at the selection stage.



We denote Yto be the variable that describes the selectiongss, i.e., Y= 1 if the compound
is taken into clinical trials, 0 otherwise. Thenmefdhe probability of selection is P(¥ 1) = P(Pg > Pg*).
We use ¥ to denote the success of the project, if takem dfihical trials. This is a random event whose
probability depends on Pg and Pg*, viz. RP€Y1) = E(Pg | Pg > Pg*).

In order to estimate the model, we assume thas Rg@andom variable such that In(Pg/(1-Pg)) is
normally distributed with meap and unit variance®. Moreover, we assume thatlepends linearly on a
set of independent variables Z, ife= Zy. The threshold Pg* is assumed to be a functioa skt of
independent variables X. Since Pg* is bounded & iti the unit interval, we assume Pg* =
exp(Xb)/(1+exp(Xb)). The parameters of interes astimated via maximum likelihood. The log-

likelihood function we maximize is

L(B.y) = Z Pr(yY,=0) + z Pr(Y, =1)Pr(Y, =0) ++ Z PriY, =D Pr(y, =1+ z Pr(y, =1) (1)

Y,=0 Y,=1Y,=0 Y,=1Y,=1 Y=LY=,

where the four terms correspond t¥;50) not selected;Y;=1,Y,=0) selected but failed;Y{=1,Y,=1)

selected and succeededy;<1,Y,=.) selected and still in trial. The probability sklection is:

Py, =1) = Pr(Pg > Pg*) = P{In ng > x,/zJ -1- q:[@] , @

whereas the probability of success is :

1
Py, =1)=E[PglPy > Pg*|= [Py f (PglPg > Pg*)dPy =
Pg* (3)

1 1
= P{,* Pg Pr(Pfg(zgllg*)dPg = Pr(Pgl> 5] F){J*Pg f (Pg)dPg
4. Hypothesis development

We follow the existing literature and analyze thadvation capabilities of firms. Following Hendenso
and Cockburn (1996), we first consider three typesirm-level economies in research: i) economies
associated with the scale of the individual redeg@mogram; ii) economies associated with the retear
scale of the firm as a whole; iii) economies of meE@cross research programs of the firm (see also

Macher and Boerner 2006; Nerkar and Roberts 20P4dlarge scale of research in development activity



in a given research area will increase the likalththat the firm will successfully develop a drugthat
area. There are a variety of sources of scalesaoge economies. A firm with a larger or more dieer
research scale may have a larger and more valahbhaical library (Thomke and Kuemmerle 2002), be
more knowledgeable about the underlying biochemizacesses, have better models for interpreting
results from animal and small sample human studied,be better able to modify the original compound
to improve its efficacy and reduce its side effecttiese benefits may be offset by organizatioat dhe
maladapted, with perverse incentives and inadedeeaibacks. There is, however, a major offsetting
strategic effect as well. Firms with a number ofmpounds in trial for the same therapeutic are& wil
likely not commercialize all of them, even if alleaeffective and safe. Instead, it will pick th@sh
promising among them. Though our formal model aesuthat once selected, compounds progress
through clinical trials, this is a simplificationIn reality, firms may choose to bring a number of
compounds into trial for the same therapeutic hréaick only the most promising of the lot, terating
the rest even if they do not fail clinical trialgve label this effect the “portfolio effect”.

Following our model, in all our hypotheses below use the expression “higher innovation
performance” to mean higher, viz. a better distribution of the probability sficcess of compounds
discovered in preclinical research.

Hypothesis 1. The innovation performance of a firmin a given research area increase with a) the overall
research scale of the firm; b) the span of the research across research areas (scope); ¢) Research scale
at the level of the program. Program level economies of scale may be offset by the portfolio effect.

Hypothesis 2. Learning processes over time imply that the innovation performance of established firms
will be higher than those of more recent entrants. Among the entrants, older, surviving entrants may
perform better than newer ones.

We now turn to our hypotheses about selectionwhat follows we define a firm to be more

selective if Pg* is higher. Recall that Pg* = D/Vhat is, a key insight from the simple model deped

in Section 3 is that the selection threshold depamubn the costs of development and the net revenue



obtained from a successful drug. It does not deépgon the probability that the compound will siexte
in clinical trials.

Firms with a high scale in a given therapeutic &@e& an incentive to feed this specific capacity.
Its costs of developing another potential drug Wéllower because of superior ability to modify kbad
compound to maximize effectiveness and minimize sffects, and because the firm may have closer
links with hospitals that can carry out clinicalts in that area (lower D). By contrast, a firmthwa
larger number of compounds in clinical trials, i@ larger research scale at the firm level, wéllrbore
selective. Bringing an additional compound will imfpigher incremental cost of development, and the
firm will enter new compounds in clinical trials lgrif they are promising. Finally, scope, i.e. adei
diversification of projects across research areay, increase value or reduce development costsibeca
of spillovers across research programs, as Hemdarstd Cockburn (1996) suggested. This will make the
firm less selective. We formally state the folloginypothesis.

Hypothesis 3. Research scale at the level of the individual research program and scope makes the firm
less selective about the compounds to be moved from preclinical research to clinical trials. Research
scale at the level of the firm makes it more selective.

In large established firms new compounds are nmikeéylto cannibalize existing products. There
is a substantial economics literature that deatl thie cannibalization effect (also called the aepment
effect). Arrow (1962) argued that fear of cannibal the profits from existing markets and product
would lead an incumbent firm to under-invest ine@sh. The danger of cannibalizing existing prdsiuc
is also likely to be greater, the larger the sales profits of existing products. Entrants, withexisting
markets to protect, have no fear of cannibalization

Organizational capabilities may reinforce the chalization effect. Interviews with industry
participants reveal that large firms have well lished routines and financial models for decidirogv
compounds are moved along through the various staigere-clinical research and clinical researBly.

contrast, many smaller entrants lack such disaplmd indeed, the founders may have strong bihaes

10



favor compounds being selected. The need to pedgdod news” to investors may also bias startops t

push drugs into clinical trials (Guedj and Schaifs2005).

Finally, there may be differences in risk aversio@rdinarily, one might imagine that large
established firms may have a lower degree of rigirsaion due to their superior financial reserves.
However, as Stiglitz and Weiss (1981) showed ieraisal paper, limited liability laws may themselves
make startups more risk loving, particularly initeklarge risks that might result in bankruptcylhe
intuition is simple. A large risk (“swinging foh¢ fences”) has high reward but also a high cottrims
of bankruptcy. However, with limited liability, éhdownside risk is limited whereas the upside aapk
increasing. As a result, small startups may bdradlto swing for the fences, which implies thath

would have a lower threshold. In sum, risk avardiother reinforces the cannibalization effect.

Hypothesis 4. Established incumbents are more selective than recent entrants.

Our final hypotheses focus on the licensed compsuAd noted, the literature provides mixed
results, in part because selection issues havbewt adequately addressed. We separately tedtavhet
licensed compounds are drawn from a better digtabu(high ) and whether licensed compounds have
to overcome a higher selection threshold (high Pd®pllowing the earlier discussion about differesic
between established firms and recent entrants stimate the effect of licensing on selection ariichl
success separately for the two types of firms. eéifgect that compounds licensed in by incumbents wil
face a higher threshold in order to proceed tdadirtrials. The reason is straightforward: theuimbent
firm will have to share the net revenues from thmpound, if successful, with the licensor. Howevter
is unlikely that the licensor will share the deyateent costs in the same proportion. If so, in teafnour
model, this is as if V were lower, so that the sbm threshold, Pg*(= D/V), is higher for licensed
compounds than for internally developed compounddowever, when an entrant is the licensee,
additional considerations may apply. The licensay impose more stringent contractual conditions,
making it more difficult for the licensee to terrate clinical development (Guedj and Scharfstein5200

For instance, the licensee may be unable to teteioknical trials on commercial grounds (unlike
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established firms with much greater bargaining pdwa it may be desperate to keep its development
pipeline from becoming empty (Higgins and Rodrig2686). In sum, entrants will be less selectianth
incumbents regarding licensed compounds.

Hypothesis 5. Licensed compounds have a higher selection threshold (higher Pg*) than internally

developed compounds when the licensee is an established firm. When the licensee is an entrant, the
selection threshold for licensed compoundsis lower (lower Pg*) than for incumbent firms.

As far as the performance of licensed compoundsiiserned, the literature offers diametrically
opposite predictions. Pisano (1997; 2006), follmyvithe economics literature spawned by Akerlof
(1970), argues that markets for knowledge are ifepgrand characterized by information asymmetries,
especially about the quality of the technology wefor license. The fear is that a licensor kelij to
keep its most promising technologies for its owe asid only offer inferior ones for license. If so,
licensed compounds will be drawn from an inferimtributions (have lowep). Arora and Gambardella
(1994), building on the insights of Cohen and Léwah (1989, 1990) and Rosenberg (1990), argue that
research capabilities also provide firms with thadlity to evaluate external technologies. Thus, fo
sophisticated buyers, the “lemons problem” may bterious, although inexperienced buyers, such as

recent entrants, run the risk of licensing in arit®”. This leads to the following hypothesis:

Hypothesis 6. Entrants are likely to face a lemons problem in the licensing market but not incumbent
firms. Licensed compounds will have the same distribution than in-house compounds when the licensee is

an incumbent but a wor se distribution when the licensee is an entrant.

We have articulated these hypotheses about therlyimge structural variables, namely the
selection threshold, Pg*, and the average prolaltiiat the compound will be successful, What do
these imply in terms of the observed probabilitéselection and success? The most obvious cioe is
hypotheses 5 and 6. Hypotheses 5 and 6 impli¢snitiambents will have a higher Pg* and the same
respectively. This implies that the probability sélection is lower for compounds licensed by
incumbents, but the probability of success is higl&onversely, sincp is lower for compounds licensed

by entrants, they will have a lower probabilitysofccess. The probability of selection is ambigusush
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compounds have a lower Pg* but also a lowerSimilarly, hypotheses 2 and 4 imply that incuniise
have a highep and a higher Pg*, respectively, which implies ghleir probability of success, but

ambiguous implications for the probability of sd¢iea, compared to entrants.

5. Description of the data

Our sample is drawn from the ATA database (ATAdBhich combines proprietary datasets on the
pharmaceutical industry. It reports information atmore than 17,000 R&D projects all over the world
carried over since the 198d&ollowing Danzon et al. (2005), we considered gadication for which
the compound is being developed as a separateprdje reduce heterogeneity, we restricted oumpdam
to projects where the first trials were conductethie US, and excluded projects originated by halspi
public sector labs or universitiésNe reduced the censoring problem posed by ongpingects by
including only the projects that entered preclihicials between 1980 and 19940ur final sample is

composed of 3,311 projects.

Our sample includes both incumbents (pharmaceuficals) and entrants (biotech firms).
Biotech firms are far younger than pharmaceutiogahd, as they were founded after the first biotech
company Genentech in 1976. By contrast, the estadali pharmaceutical firms can trace their origins t
the early part of the 30century if not earlier. This suggests that thereainatural break between
established pharmaceutical firms and biotech coiepan terms of experience and long-term learning
processes. However, biotech firms have been faliodatinuously since the late 1970s, and the early
entrants who survived are, in our sample, abow fiznes larger than newer entrants, and may have

different organizational structures and financingdels from newer entrants to the industry. Sirilar

2 The names of the firms in the database are rapag¢hey are in 2002. Therefore we cannot conskfgarately the projects of
the major pharmaceutical firms that experiencedge®and acquisitions during the 1990s.

% Universities and private firms differ in a substahway in the incentive for innovation and in tvay their innovative activity
is organized (Dasgupta and David 1994). We alsdudrd the projects for which it is not possibleutaiquely identify the
originating company; i.e. the projects that areleweloped by two or more firms.

4 For these projects we either observe the outcomimnpute the outcome --following Danzon et al.@pwe classified as a
failure a project which remains in a phase, withaoy further reported events, for longer than tleximum number of years
observed for completion of each phase in the noisared sample. The maximum number of years is ctedpwithin each
indication. When this was not practicable — duentssing observation for the indication at hand —ceesidered the maximum
over all the indications.
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among pharmaceutical firms, a clear distinction rg@e between the top pharmaceutical corporations
worldwide, operating in a wide array of markets avith great experience in the development of new
R&D based drugs for major therapeutic areas, arallemand younger pharmaceutical firms developing
compounds that target predominantly, cancer, iidfiecind inflammation, asthma and diabetes, obesity

and sexual dysfunctions.

Thus, we further subdivide incumbents into R&D imdiwe pharmaceutical firms (henceforth
“Established Pharma”) and those producing for niofagkets (henceforth “Other Pharma”), which are
typically much less R&D intensive. We also distirgh between entrants that are larger, and typicall
entered earlier and have survived for some lendtkinte (henceforth “Pioneer Biotech”) and other
entrants (henceforth “Other Biotech”). Specifigalve distinguish among four types of companies:

i) Pioneer Biotechfirms, founded before 1990, that apply biotechgalal methods to the discovery
and development of new drugs.
ii) Other BiotechAll other firms using biotechnology for the disswy of new drugs founded;

iii) Established Pharm&ompanies among the top 50 pharmaceutical corapamoridwide in terms of
sales in 2002.

iv) Other Pharmaall other pharmaceutical firms.

Table 1 Firm types and R&D projects

Firm Type Number of Projects (%) Number of differéinms
Pioneer Biotech 1,108 (33.51%) 134 (40.73%)
Other Biotech 476 (14.40%) 90 (27.36%)
Established Pharma 1,561 (47.22%) 39 (11.85%)
Other Pharma 161 (4.87%) 66 (20.06%)
Total 3,306 (100.00%) 329 (100.00%)

Information on the number and projects relatedh® four firm types we considered in the
analysis are reported in Table 1. Table 2 repbesshare of projects, over the total number ofegts
started by each firm type, classified accordinghe characteristics of the targeted disease ohef t
compound. The last row reports the p-value of thiesquared test of independence in a contingeriag ta

obtained by tabulating the firm type variable ahd variable in the column. Thus, for instance, daibt
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firms are more likely to target rare diseases tharage. Moreover, biotech firms seem to be muakemo

involved in “first in class” compounds.

Measures of Scale and Scope: We measure the scale at the program level by timebaud of

projects already started by the firm for the giuedlication. Scale at the level of the firm is maasl by

the total number of projects for the firm. Scopenisasured by Herfindahl index of diversificatiomass
indications, for the firm. Note that we are in&tesl in knowledge based economies of scale andescop
for which these measures are reasonable. Danzin(@005) and Abrantes-Metz (2003) use the number
of drugs in development to measure overall firmescalo measure program level economies, Macher
and Berner (2006) use the number of projects caegblend Danzon et al. (2005) use the total number o
projects in the therapeutic area. Finally, Danebal. (2005) use the same herfindal index basexsune

as us, and Macher and Boerner (2006) use the numfitheerapeutic areas in which the firm is active t
measure scope economies. Henderson and Cockt886)(dse the concentration of R&D expenditures,
something we cannot do because we lack R&D datsegtrogram level. We also control for whether the
firms is publicly traded (to control for differere@ the cost of capital), and our firm type dunsridso

control for differences in overall size, to soméeeix.

Table 2 Project characteristics, % total number of prigday firm type

Firm Type Lethal d(;:ﬁgge N(l:glltjfées Chronic Rare inF::rlztss Unclassified.
Pioneer Biotech 75.25 82.90 78.49 80.11 4.95 42.39 38.70
Other Biotech 73.43 72.79 81.43 79.71 3.20 2209 573
Established Ph. 81.51 83.82 77.94 76.89 5.67 32.77 55.04
Other Pharma 76.54 74.69 85.80 79.63 2.47 17.90 3333.
Total 75.35 77.86 80.16 79.43 4.11 30.23 39.39
p-value (chi-2) 0.005 0.000 0.041 0.519 0.025 0.000 0.000

Licensed Compound: ~ For licensed compounds, the database recordie#msor and each licensé®ve

considered a project as “licensed” only if the agnent was signed in preclinicals.

5 This result must be interpreted with caution duthe different incidence of unclassified proje¢ts, last column of Table 2).
& When multiple licensees were present, we assigimedlevelopment of the project to the largest U.fWe then inspected
this assignment to make sure that we consideiitinettiat was actually in charge of the R&D devel@minof the project.
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Controls: We developed a number of controls at the levelhef indication. We developed a set of
binary indicators for whether the disease is lethaiot {ethal), whether it can result in organ damage or
complications ¢rgan damage), whether the disease is chronic or acakedpic), and whether the disease
has a single cause or multiple causesitfple causes)? These factors condition both the cost of
development and also the benefits if the drug éeassful. They also conditiqn the average probability

of success. In addition, we include indicatorsvitiether the disease is widespread or ravg}.”*°

Finally, since it is possible that entrants andimbents may choose projects with different levéls o
innovativeness or risk, we devised a proxy forléwel of innovativeness (and therefore of risk)oassted to
the project. We used the information whether thmmpaund was first-in-class or a follower molecuiest in
class).!! Other things being equal, we expect first-in-classipounds to exhibit a lower selection threshold.
This is because there are fewer alternatives dlajland hence they have to overcome a lower huodle
improve upon existing remedies. We also expect tteelre drawn from a worst distribution becauseeher
lower learning about the indications for which thean be employed successfully. Unfortunately, maedt
40% of the cases it was not possible to classiyntiolecule under study because of the lack of inddion
about its chemical characteristics. We createndicator variable that codes for when this infoliorats
missing. Through the use of these fine grainedrotmat the level of indication, we are able toidvmaving
to use fixed effects for therapeutic areas. Taipdrticularly important since we estimate a systértwo
highly non-linear equations through maximum likeld, where having a lot of fixed effects is liatte

create estimation problems and even bias.

" The main source for the disease information has Bzaunwald et al. (2001). Other information hasrbfound in e-medicine
reviews from the disease databasgp(//www.diseasedatabase.cdoifor diffusion data, information has been dravamf the
“rare disease database” referred to by the FDA aaadlable at the internet address:
http://rarediseases.about.com/cs/orphandrugs/afB2A2m

8 More precisely, we measure whether the diseasa hadtifactorial etiology versus an unknown orgbénfactor etiology.

° An orphan or rare disease is generally considerédve a prevalence of fewer than 200,000 affeécigiduals in the United
States. The “Orphan Drug Act” (1983) allows drugnpanies to take tax deductions for about threetqusanf the cost of the
clinical studies (FDA 1999), with an implied rediact of cost for development.

19 |n previous specifications (not reported here)als® included a dummy variable indicating whethpharmacological therapy
was available for the targeted indication in 2088wever, a large share of projects (more than 9%8&) targeted to indication
with an existing therapy. As a result, this vareabias dropped.

1 The information about the chemical name of thgguts and its Chemical Abstract Service (CAS) regisumber (when
available) has been employed to distinguish meatwd second-generation molecules from first-in-ctamsspounds (see Reddy
2003).
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In addition, to control for the economic characttics of the targeted disease, we use information o
the sales in the US at the therapeutic market l@tghe Anatomic Therapeutic Classification at 3ne digit
level, ATC3), as a proxy for V, the net benefitrfr@a successful drug. As well, we measure the degfe
competition by the Herfindahl Index of concentratio the US market for the ATC3 class based on 1991
sales. Though we lack detailed firm controls beeatiis difficult to find data for the many sméitins in our
sample, we do control for the share of projectsetiped with universities, as a measure of the firlimiks
with research institutes, and its closeness toneseidetloseness to science). Further, we allow for inter-
dependence across the observations for a firm fyrted standard errors that are clustered at thelével.
Variables included in the estimated equations arensarized in Table 3 with the indication of thedkat

which they are measured (firm or project), wherkasle 4 presents descriptive statistics.

Identification of Pg* andi: The system of equations we estimate is non-linebo estimate it, we

normalize the variance of the distribution of Pgitoty. As well, we impose three exclusion resivics.
We assume that the economic characteristics afdhound, i.e. the size and the level of conceatrat
in the relevant final market (defined on the badishe ATC class of the R&D project at the 3rd digi
level) and whether the firm originating the compdus private or public, only affect the selection
threshold and not distribution of the probabiliiysaiccess. This is how we identify selection (Pgg)
opposed to performancg)( With more competition in the downstream marktes, expected value V that
the firm can hope to gain with a new compound iallam As a result, the threshold is higher. Simjia
larger markets are more attractive in terms of jling higher rewards. Also, for non-public firmsist
more costly to find resources to develop their coamuls. Since this implies higher D, they ought to
exhibit a higher threshold. At the same time, thasauld not affect whether the firm draws compounds
from a better or worst distribution. In the sect@xploring the robustness of these results, we ghatv

our results do not critically depend on these iifignt assumptions.
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Table 3 Variables in the estimated equations

Pg* Variable Measured as
v ¥ Incumbent versus entrant (firm) Firm type dummies
v" v/ Scale_Program Number of projects already started by the firmtfat indication
(project)
v' v Scale_Firm (firm) Total number of projects by tivenf
v v Scope (firm) Herfindahl index of diversification fifm’s projects across indications
v' v Compound licensed to entrant  If the compound licensed in preclinical, and tloefisee is either a
(project) Pioneer Biotech or an Other Biotech
v" v/ Compound licensed to incumbentf the compound licensed in preclinical, and thetisee is either an
(project) Established Pharma or an Other Pharma
v" v Closeness to science Share of projects jointly developed with a pubésearch organization
(project) for that indication
v Public (firm) Whether firm is public or not in 199
v Market Size (project) Log of 1991 of sales in the market for the ATC3 class divided by
100
v Market Concentration Herfindahl Index of concentration in the US marketthe ATC3 class
(project) (uses 1991 sales)
v Miss Info ATC3 (project) Dummy equal to 1 for peojs with missing information about size and
concentration in the ATC3 class
v" v Disease Characteristics Lethal, organ damage, multi-causal, chronic, ratbgogies (see text
(project) for explanation)
v’ ¥ First-in-class (project) Dummy equal to 1 if theject is first-in-class and 0 otherwise
v v Unclassified (project) Dummy equal to 1 if the infation for first-in-class is missing
Table 4 Descriptive Statistics
Variable Mean S.D. Variable Mean S.D.
Selection 0.48 0.50 License to biotech 0.02 0.13
Success 0.34 0.48 License to pharma 0.06 0.24
Pioneer Biotech 0.34 0.47 Closeness to Sc. 0.05 16 0.
Established Pharma 0.47 0.50 Public Firm 0.84 0.37
Other Biotech 0.14 0.35 Size ATC3 0.10 0.05
Other Pharma 0.05 0.22 Conc. ATC3 0.44 0.34
Scale_Project 2.67 3.53 Miss Info ATC3 0.10 0.30
Scale_Firm 36.23 46.19 First-in-class 0.30 0.46
Scope 0.83 0.21 Unclassified 0.39 0.49

6. Empirical results

Table 5 presents probit estimates of the selediioth success equations. Notice that compared to

established pharmaceutical firms, biotech firmsless likely to take compounds into clinical triéilsey

have a lower probability of selection) and havewdr probability of success (although the diffeeiz

insignificant for Pioneer Biotech firms, when firand market controls are added to the estimated

equation).

Firm scale increases the probabilitysoEcess (though it leaves selection probability

unchanged), whereas program scale decreases bethiseand success probability, and scope reduces
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selection but has no effect on outcome. Marketentration is associated with higher probability of
selection. It is tempting to try to interpret thegsults in terms of the various theories abdif¢rdinces

across firms or firm scale and scope. However, @sliscussed in developing our model, the probgbilit
of success will depend upon not only the intringicality of the project but also on the selection
threshold. Conversely, the probability of selectiepends upon the selection threshold but alsden t
intrinsic quality of the project. For instance,ppose that Pioneer Biotechs had the same selection
threshold as Established Pharmaceutical firms ded innovative capability. In this case, we would
expect lower probability of selection and perhajso dower probability of success conditional upon
selection. However, the results are also congistétih Pioneer Biotechs having a lower selection
threshold and the same level of innovation caggbilir lower selection thresholds and lower innawat

capability. In other words, we need to estimatedtiuctural parameters. This will enable us aniily

separately whether the behavior is driven by selecir success (or both).

Table 5 Probit estimates

Specification 1 Specification 2

Pr Selection Pr Success Pr Selection Pr Success
Pioneer Biotech -0.32** (0.11) -0.28* (0.15 -0.55* (0.12 -0.19 (016)
Other Biotech -0.47** (0.14) -0.93** (0.43) 0.68* (0.17 -0.71 (0.47
Other Pharma -0.20 (0.16) 0.62** (0.23) 0.41* (0.20 0.89** (0.30)
License (preclinical) to Pharma 0.15(0.17) 0.42 (0.28 0.06 (0.17 0.34 (0.28
License (preclinical) to Biotech -0.35 (0.25) -1.11**(0.53) 0.38 (0.26 -1.22** (0.59)
Scale_program. -0.08** (0.02 -0.13** (0.03)
Scope -0.47** (0.18 0.31(0.34
Scale_firm. 2E-3 ((1E2) .4E-2** (.1E=2)
Public 0.23* (0.14 0.21 (0.24
Closeness to Science 0.54* (0.26) 0.10 (0.26
Market Concentration 0.43** (0.14 -0.12 (0.25
Market Size -0.04 (1.13 1.38 (2.40
Miss Info Market 0.33*(0.19 -0.47 (0.47
Lethal 0.07 (0.09) -0.16 (0.15 0.13* (0.07 -0.16 (0.14
Organ Damage -0.17** (0.08) 0.13(0.1) 0.20** (0.09 0.28** (0.10)
Multiple causes -0.12 (0.08) -0.22* (0.11 -0.04 (0.08 -0.17 (0.12
Chronic 0.03 (0.07) -0.12 (0.15 0.13* (0.07 -0.05 (0.15
Rare -0.14 (0.15) 0.73** (0.2 -0.14 (0.15 0.55** (0.16)
First in class -0.35** (0.09) -0.19(0.15 -0.35** (0.09 -0.15 (0.16
Unclassified (fc) -1.47* (0.09) -1.55**(0.24) 41.41* (0.09 -1.65** (0.21)
Constant 0.96** (0.13) 0.14 (0.21 1.07** (0.28 -0.58 (0.55
Obs. 3,311 1,088 3,311 1,088
Log-likelihood -1847.25 -610.94 1760.2: -581.88

Robust standard errorsin parenthesis (clustered by firms). ** denotesp < 5%; * p < 10%.
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Table 6 reports the results obtained from estirgatire model described in Section 3. We
estimate two different specifications. In one, ovdy use the firm type dummies and disease controls
while in the second we also include measures dé soad scope and firm and market controls. We also
estimated even more parsimonious specificationsrayhia addition to firm and market controls, and
measures of scale and scope, we also excludedidbmesihg variables. The results were largely

unchanged. Other specification issues are disdusgee robustness section.

Table 6: Structural Model, Maximum Likelihood Estimates

Specification 1 Specification 2

Pg* u Pg* U
Pioneer Biotech -0.35(0.28)  -0.68** (0.28) -0.02 (0.34) -0.58* (0.31
Other Biotech -1.55* (0.89) -2.02** (0.88) -1.20 (0.94) -1.89** (0.92)
Other Pharma 1.20** (0.45) 1.00** (0.47) 1.70** (0.29) 1.28** (0.31)
License to Pharma 0.68 (0.53) 0.83 (0.58) 0.69* (0.36) 0.75* (0.42
License to Biotech -1.79* (1.04)  -2.14** (1.04) -2.08* (1.11) -2.47** (1.10)
Scale_Program -0.20** (0.04) -0.28** (0.05)
Scale_Firm 0.01** (.1E-2) 0.01** (.1E2)
Scope 1.04* (0.60) 0.56 (0.59
Closeness to science -0.08 (0.36) 0.47 (0.33
Public -0.22 (0.14)
Market Concentration -0.43** (0.14)
Market Size 0.18 (1.08)
Miss Info Market -0.34* (0.18)
Lethal -0.31 (0.23) -0.24 (0.23) -0.24 (0.25) -0.11 (0.26
Organ Damage 0.32** (0.16) 0.15 (0.16) 0.49** (0.22) 0.29 (0.20
Multiple causes -0.33* (0.17) -0.45** (0.15) -0.28* (0.17) -0.33** (0.14)
Chronic -0.22 (0.26) -0.19 (0.27) -0.11 (0.25) 0.02 (0.25
Rare 1.33** (0.44) 1.19** (0.47) 1.15** (0.19) 1.00** (0.25)
First in class -0.16 (0.30) -0.51* (0.28) -0.15 (0.35) -0.49 (0.33
Unclassified -2.32** (0.57) -3.80** (0.60) -2.44** (0.51) -3.84** (0.54)
Constant -0.99** (0.26) -0.02 (0.29) -1.96** (0.63) -0.85 (0.59
Obs. 3,311 3,311
Log-likelihood -2458.68 -2348.29

Robust standard errorsin parenthesis (clustered by firms). ** denotesp < 5%; * p < 10%.

The results indicate that scale at the program kedkices the average probability of success but
overall research scale at the firm level incredbés probability. Economies of scope appear to be
unimportant. Thus, hypothesis 1 is only partiallpgorted. If we believe that program (indicatieel
research economies are in fact significant andtigesithen our measure is confounding economies of

scale with portfolio effects: because firms wiltimlately commercialize only the most promising of

20



projects, a larger number of potential drugs urdrelopment results in a higher average failure. rat
Similarly, the lack of statistical significance ftire measure of scope may be because the scope effe
may be captured by the scale variable at the lefviie firm. After all, the latter captures effeetsross
research programs, as the probability of success @iven indication is higher if the firm has more
compounds in development for another indicationsiim, these results do reflect the importance of
economies associated to the firm size and scojes, &fter controlling for the difference betweentbat

and established firms, and most importantly aftentlling for potential selection biases in the
introduction of new compounds onto clinical trialowever, our data may not be fine enough to
discriminate between economies of scale or scope.

Table 6 shows that both Pioneer Biotech and OtletleBh have negative and significant impact
on d, implying that entrants have lower innovative pariance compared to incumbents. Within
entrants, Pioneer Biotechs perform better than mewent entrants. This is consistent with hypath2s
The results also point to the underlying procested increase similarity between entrants and
incumbents, with the surviving entrants (Pioneeot&hs) growing and becoming closer to the
incumbents in innovation performance and seledbiehavior. This may stem from learning processes,
and growth in size and number of products. This rakp reflect selection. Pioneer Biotechs have
survived over time, and hence they may be betiesfi

Consistent with hypothesis 3, we find that reseaschle at the program level reduces the
selection threshold whereas research scale atetrgd of the firm as a whole increases the selection
threshold. As hypothesized, a potential explanaisotihat the firm has a larger capacity in the dioma
associated to a given indication, which reduceldgwnent costs associated to any new compound for
that indication. By contrast, a firm with many cosopds in development will be more selective about
adding new compounds to clinical trials becausecigp may be filled. As a result, they will only r®
to clinical trials new compounds with a relativddigh Pg. Contrary to hypothesis 3, firm scope reake
firms more selective, and the estimated effecigsificant at the 10% level. This may either pdimthe

absence of spillovers across research programstental overlap in our measure of scope and scale.
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We find no significant difference in the selectiprocess of the older biotechnology firms that
first appeared into the industry (the Pioneer Ribjeand the Established Pharma. Other Biotech and
Other Pharma, exhibit respectively a lower andghér threshold than the Established Pharma. Thus,
hypothesis 4 is supportéd. Finally, the point estimate of our scope varialsleconsistent with the
hypothesis.

Concerning licensed compounds, we see that comgdardttensed by incumbents face a higher
threshold than compounds developed internally amdpounds in-licensed by entrants face a lower
threshold, supporting hypothesis 5. We also fhmat itncumbents have an innovation performance with
licensed compounds that is no worse than theiropednce with internally developed compounds.
However, entrants perform significantly worse witbensed compounds. These results imply that
knowledgeable buyers, such as established phartizadefirms do not face a market for lemons when
they seek external technology. They do rationaiyose higher selection thresholds for licensed
compounds, to offset the royalty payments they dduve to make to the licensor. Alternatively,
incumbent firms may find it even easier to terminedntracts with small biotech licensors than teats
early projects of politically powerful internal esrch groups (Guedj and Scharfstein 2005; Nerk@B0
Entrants, perhaps because they are smaller anéxpssienced, may be buying lemons, and worse still
appear to be constrained in how selective theybeaPisano 1997.

Turning to the control variables, we see that mooecentrated markets indeed lower the
selection threshold: a successful drug could ergtmeh net profits (higher V). Similarly, the thiredd is
higher for a disease that is not widespread (becthis implies a small market). Interestingly, the
innovation performance in such cases is higherrdasons that are not clear. We find that riskygdr
have a lower innovation performance, though theydbface a higher selection threshold compared to

“me-too” drugs. This suggests that first in cldssgs have higher expected net revenues conditaomal

12 \We interpret the high selectivity of Other Pharmedative to established Pharma, as suggestingtitieatormer have higher
development costs than the latter, perhaps bec¢anseation is not core to the Other Pharma. Otherfa typically focus on
non-R&D based drugs.
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success, enough to offset the likely higher co$tdevelopment and the lower likelihood of success.
Finally, the results on the public firms go in thight direction, since public firms are believedféme a
lower cost of capital (implying a lower D), i.e.lawer selection threshold. However the result is no

statistically significant.

7. Exploring the Results and their Robustness

The key benefit of estimating the structural caiints is that they enable us to discriminate among
different conjectures about the quality of the dieampounds that enter into the clinical trials. For
instance, the higher probability of success anthdrigelectivity for incumbent projects could be doe
higher selection thresholds, higher innovation gantince or both, and structural estimates cantlsisrt
out. Moreover, having estimated structural parametere can use them for “what-if" scenarios to
provide additional insights into the implicationf @ur estimates. We begin by using the estimated
coefficients from specification 2 in Table 6 to qme the probability of selection, the unconditiona

probability of success, the value of Pg* anfbr the firms in our sample.

Table 7: Estimated selection and success probabilities, pgoverall and by Originator type

Pr. Selection Pr. Success Pg* vl
Overall 0.48 0.25 0.11 -2.92
Pioneer Biotech 0.42 0.30 0.10 -3.15
Established Pharma 0.57 0.28 0.13 -2.30
Other Biotech 0.31 0.06 0.03 -5.05
Other Pharma 0.52 0.42 0.31 -1.13

Figures 1 and 2 show the simulated the distribstioinPg for the whole sample and by originator $ype
using our estimates from specification 2 in Tahl&lée distribution of Pg is skewed, with a low nwenb
of highly successful projects and a high numbeprofects with low probability of success. In gengera
the right tails of the four distributions becomdtda as we move from the Other Biotech to Pioneer

Biotech, Established Pharma, and Other Pharma.i$ltiace again consistent with our discussion about

13 \We also experimented with a different definitidrtize licensing variable. In the selection equatintook into consideration
licensed compounds up to preclinical, whereas énstiiccess equation we included licenses up to RheEensed compounds
have a higher threshold and a higher probabilityuaicess.
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learning processes and other characteristics athese firm types. The vast majority of the prgject

started by the Other Biotech have a very low préitalf success.

Figure 1. Estimated distribution of Pg
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Figure 2: Estimated distribution of Pg, by Originator type
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Table 8: Simulating an increase in the research scaleedfitim (Scale_Firm)

Pioneer Biotech Established Pharma Other Biotech the@Pharma
Baseline +lo Baseline +lo Baseline +lo Baseline +lo
Pr Selection 0.42 0.42 0.57 0.57 0.31 0.31 0.52 205
Pr Success 0.14 0.15 0.23 0.29 0.04 0.04 0.38 0.38
Pg* 0.10 0.11 0.13 0.18 0.03 0.03 0.31 0.32
u -3.15 -3.05 -2.30 -1.83 -5.05 -4.99 -1.13 -1.08

Using the estimated coefficients of the pooled rhadeTable 6 we also performed some simulation
exercise. We first studied the effects of changefirin size. Table 8 reports the estimated effefta
one-standard-deviation increase in Scale_Firm. Whisnvariable increases Pg* increases. Spnedso
increases, the probability of selection increases Interestingly, the effects of the firm reseaschle are
rather small. Thus, while Scale_Firm is statisticaignificant in both the selection and performanc
equations in Table 6, ultimately its overall effecsmall relative to the impact of firm type. Aisclissed,

we believe these firm types reflect different madefl organizational structures, learning processed,
strategic behavior. Our empirical results than ssgghat such differences are the crucial ones to

understand their strategic behavior about innowatictheir innovation performance.

Table 9 Simulating the licensing effects by originatopéy

Pioneer Biotech Established Pharma
License to License to License to License to
No License Pharma Biotech No License Pharma Biotech
Pr. Selection 0.43 0.45 0.31 0.57 0.59 0.46
Pr. Success 0.13 0.21 0.02 0.23 0.32 0.04
Pg* 0.09 0.16 0.01 0.13 0.21 0.02
u -3.17 -2.43 -5.64 -2.29 -1.54 -4.76
Other Biotech Other Pharma
License to License to License to License to
No License Pharma Biotech No License Pharma Biotech
Pr. Selection 0.31 0.32 0.21 0.53 0.55 0.41
Pr. Success 0.03 0.06 0.00 0.39 0.49 0.10
Pg* 0.02 0.05 0.00 0.32 0.45 0.07
vl -5.05 -4.30 -7.52 -1.04 -0.29 -3.51

Table 9 reports on the impact of licensing. It shdhat when the licensee is a biotech firm, the
drug compounds are drawn from a worst distributiean internal projects. By contrast, drug compounds

are drawn from a (weakly) better distribution whba licensee is a pharmaceutical firm. There may b
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two explanations, which are not mutually exclusiveumbent pharmaceutical firms are experienced in
the domain — they have high absorptive capacitgl, @msiderable bargaining power. Alternativelye th
pharmaceutical buyers may have better developmapakilities and thus they can make the same
compound more successful than if it stayed with éhiginating firm. This may reflect the greater
advantages and downstream resources of the phartitatdirms downstream — e.g. greater ability to
organize the clinical trials; learning and expetierirom such trials; or ability to fertilize one rdain
from knowledge and expertise in other domains. Bvkan the licensor is another pharmaceutical firm,

the licensee may be more competent in that thetiapsategory than the licensor.

Table 10a Probability of selection, by originator and deor type

licensed to
Originated by in-house PB EP OB OP Tot. Lic. Total
Pioneer Bio (PB) 0.40 0.50 0.61 0.00 0.64 0.54* 20.4
Established Pharma (EP) 0.57 0.75 0.58 0.86 0.25 62 0. 0.57
Other Bio (OB) 0.38 0.25 0.29 0.13 0.42 0.30 0.37
Other Pharma (OP) 0.53 1.00 0.50 0.50 0.57 0.59 4 05
Total 0.48 0.52 0.47 0.31 0.53 0.47

* Chi-squared test of association between license (preclinical) and success statistically significant at 5% level

Table 10k Probability of success, by originator and develdgpe

licensed to

Originated by in- PB EP OB OP Tot. Lic. Total

house
Pioneer Bio (PB) 0.31 0.00 0.36 0.89 0.47 0.34
Established Pharma (EP) 0.37 0.00 0.50 0.00 0.00 70 0. 0.36
Other Bio (OB) 0.17 0.00 0.00 0.00 0.00 0.16
Other Pharma (OP) 0.49 0.67 1.00 0.00 1.00 0.82** .540
Total 0.34 0.22 0.38 0.00 0.75 0.41

** Chi-sguared test of association between license (preclinical) and success statistically significant at 5% level. However, this
cell hasfewer than 5 observations.

The poor performance of biotech licensees, evativelto their in-house projects, does raise the
possibility that these buyers face a lemons problém alternative hypothesis is that such licendaels
the absorptive capacity to use externally develogethnology. It is possible to sort through these
hypotheses with our data. The lemons theory sugdbkat some licensors, with low quality projects,
misrepresent the quality of their projects to bghkr than the true level. The implication is ttad
projects retained in-house would have a higherityuaHowever, this is not borne out in our datables

10a and 10b show that there is no significant difiee in the probability of success of in-housgquts
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and licensed-out projects at the aggregate lewen ¢hough licensed projects are characterized by a
higher probability of success, both conditioningsaefection and unconditionally. This is confirmedrb-
estimating our model where we control for the seudf the license. The results are qualitatively
unchanged and are available upon request. Allinvalfind little support for the lemons hypothesis

In some cases, we have multiple observations osah® compound, when the same compound
undergoes trials for multiple indications. In pewtar, if the compound has already been advanced to
clinical trials for one indication, this may raisiee probability of the compound being advanced for
another indication. To test whether this signifity biases our results, we included in the seabecti
equation, a dummy variable indicating whether a moumd undergoing multiple trials for different
indications had already been moved into clinicalsd different indication. This would decrease tise
additional cost for undertaking the trial (sincéeta assessed during Clinical 1, is already es&hbb).
As expected, the estimated coefficient of the dumanyable is negative and significant, but nonéhef
other estimated coefficients change substantally.

Check for external validity

To validate our estimation results, we comparedestimated Pg* thresholds, which correspond to the
ratio of development costs and expected revenudls,estimates of costs and revenues provided by the
existing literature. In Table 11, we report theéreates of cost and net present value, and commita$

the ratio of cost to present value deflated byGi# deflator. As a proxy for D, we use the coshesies
produced by DiMasi et al. (2003), who report averagst expenditure for projects developed by ten
major pharmaceutical companies. As a proxy fow¥,use a variety of different estimates. We uge ne
present value estimates from OTA (1993) and Grakioefsal. (2002). They report respectively value
estimates based on the new chemical entities (N&H)ched in 1981-1983, and 1990-1994. Grabowski
et al. (2002) consider different scenarios foreébtmation of the present value of new chemicatiest

launched between 1990 and 1994. As an alternasitmmagte, we used the average sales of products that

4 The results are not reported here but availabte upquest.
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entered the US market in 1992 over the 10 yealswiolg their launchH?® The estimates of Pg* obtained
from these calculations range from 0.07 to 0.19mared to our estimated value of 0.11, which iy ver
close to the median.

Table 11 Estimates of Pg* from existing literature

Cost Estimate Present Value Estimate Pg*
DiMasi, Hansen, Grabowski (2003) Sales in 17 coesifor 10 years
$39,854,193 $210,814,761 0.19
DiMasi, Hansen, Grabowski (2003) OTA (1993; NCHrlehed 1981-83)
$39,854,193 $321,326,923 0.12
OTA (1993) OTA (1993; NCE launched 1981-83)
$24,218,269 $321,326,923 0.08
DiMasi, Hansen, Grabowski (2003) Grabowski, VerroiMasi

(2002; NCE launched 1990-94)

$39,854,193 baseline $502,131,971 0.08
$39,854,193 at 40% margin $430,043,718 0.09

Limitations and future research

Our results are from the pharmaceutical sector devglopment. This sector is extraordinarily resea
intensive, and over the last three decades, itsvation process has been transformed, with a much
greater role for genetics and molecular biologyhege transformations have opened up opportunity for
entry. Thus, it is a good test bed for explorinifiedences in innovation capability between incumtse
and entrants. Even so, we focus only on one path@finnovation process, drug development, and
arguably the part most favourable to incumbentsfulker analysis, which also incorporates the more
upstream research and discovery process, is Iefiifiher research.

Another avenue for additional research has to db wdifferences in risk aversion. We have
discussed the impact risk aversion on the selegioness. However, such differences may also be a
source of unobserved heterogeneity in conditiosimccess. In the analysis we assume that our measure
of market size and concentration, and our confavlsvhether the molecule is first-in-class or rast,well
as the other disease characteristics such asitgttaironicity, and multiplicity of causes, contrimr
differences in the potential net revenues. Howevkeris possible that incumbents show superior

performance by trying to hit singles while entraate swinging for the fences. In economic terms,

15 Since we limit sales to 10 years we are underasitig the net present value of the launched pregwaiose revenue can
extend beyond 10 years.
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entrants are willing to take bets with smaller gdolities of success but much higher rewards if
successful. By contrast, incumbents have moreniahreserves, which also makes them more cautious
in terms of how much they are willing to bet on grayticular project. From a societal perspectilies is
an efficient division of labor. Society enjoys thenefits of experimentation by entrants without uind
risking the valuable capabilities in research, dtgu@ent and marketing of the established incumbents
On the other hand, the conventional wisdom is évah the incumbents are searching for blockbusters;
their large downstream capabilities mean that snthe compound has a significant market potential,
incumbent pharmaceutical firms are uninteresteitl iWWe cannot resolve this issue here and leafa it
further research.

Our results on licensed compounds point to the fiisra the division of labor between entrants
and incumbents. From an econometric viewpointireat licensing as exogenous, because estimating a
separate licensing equation (to account for paiketidogeneity) will require much more detail about
potential licensors and licensees than we currdrdlye. The available evidence suggests that psojec
that are out-licensed and that are retained ind@ypear to be drawn from very similar distribusion
This suggests that endogeneity is unlikely but amnot be more definitive at this stage.

Another extension would be to allow for interac8arcross projects carried out by a single firm.
In developing our hypotheses we discussed someisteriactions, most notably the portfolio effed.
firm with multiple projects for the same indicatiovill likely commercialize the most promising and
abandon others, even perhaps some that could bhagessfully passed clinical trials. In our estiroati
such interactions are indirectly captured through measures of scale and scope, leading to pdtgntia
confounding results, and partly accounted for Ippréng estimates where errors are clustered detre
of the firm. Fully allowing for interactions woulchply a very complex likelihood function that waube

very difficult to estimate given our data.
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8. Conclusions

The discovery of recombinant DNA was thought toehheralded the era of biotechnology in the
pharmaceutical industry. Many thought that thisuldolead to a spate of entry which would unleash
widespread changes in the structure of the phawnmiaaéindustry. Though much has changed in the
pharmaceutical industry, entrants have been a lbrehtfresh air rather than the gale of creative
destruction that some foresaw. Two decades later”re beginning to understand better the nuarfces o
this evolution.

In particular, in this paper, we have focused odenstanding differences across firms in the
performance in drug development. We do so by dg@iel a simple model, wherein we explicitly model
how a firm decides to select a compound testedhimals (pre-clinicals) into human clinical trial§.his
selection decision depends upon economic factacd) as the size and profitability of the market; bu
also technical factors, including the likelihoo@tthhe compound will successfully pass the clintdals
and receive FDA approval. Though simple, our magl@ssential for disentangling the differences in
outcome due to selection and those due to undgrbjifferences in innovation performance. Furtlosr,
modeling selection, we encompass theories thattlirepeak to the issue of how firms manage R&D,
instead of merely treating selection as a nuisgnaklem plaguing the measurement of performance. W
bring this model to a rich dataset, where unlikecmwf the prior literature, we also observe the
compounds that are rejected and never broughtlimtical trials. As well, we develop extensive aith
controls for the therapeutic area, and for the aumg itself.

We find that incumbents demonstrate greater sucicesaking projects successfully through
clinical trials compared with entrants, even aftery extensive and fine grained controls for theetpf
therapeutic area, the type of compound being tested, most importantly, after controlling for
differences in selection processes. Though incuatsbare indeed more selective, their superior
performance is not due to that alone, nor to ecoe®mof scale and scope, nor firm size. Not isnit a

artifact of incumbents pruning their portfolio acdradidate compounds to leave only the most promising
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other strategic considerations. Instead it appisatsincumbents represent a collection of expegeand
expertise, born of learning and honed by selection.

Entrants start by being different but over time ntecome more similar to incumbents; older
biotechs are closer to established incumbents #narthe more recent entrants in both their selectio
threshold and overall performance. Entrants areeraggressive than incumbents in moving compounds
into clinical trials, perhaps because, paradoxcatiough, they are better situated to take on.rigkgen
though these compounds fail at a much higher t&a tdo those of incumbents, the social benefits of
entry are not entirely negated. In part, thisésduse entrants can supply incumbents with inngati
drugs to be tested and developed. Though the trifankkcensed technology can be marred by problems
of valuation, transaction costs and asymmetrigafofmation, it appears that incumbents in thisuistdy

can avoid the problem of licensing lemons.
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