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Abstract
Big pharma is increasingly using acquisitions to fill their R&D pipelines and the pro-
liferation of the biotechnology industry has created a thick market of innovative target
startups. This paper analyzes the dynamic equilibrium effects of biotech startup ac-
quisitions by big pharma on drug innovation and entry. Using a novel dataset on 175
acquired startups from 2000 - 2018, I document several new facts regarding the R&D
outcomes of acquired drug projects and entry behavior of startups in markets where
acquisitions occur. Motivated by this evidence, I build a dynamic oligopoly model of
the pharmaceutical industry featuring big firms and startups that endogenizes drug
development, startup acquisitions, product market competition, and entry. Firms se-
lect on unobserved project quality at each phase of R&D and into acquisition, allowing
higher quality projects to reach later phases of R&D and be a more likely acquisition
target. Counterfactual simulations focused on oncology markets suggest that banning
startup acquisitions leads to a decline in entry among low-quality startups, who ben-
efit most from lower R&D costs of their acquiring big firms. This and higher selection
on quality during R&D among startups results in a decrease in the number of projects
that reach the product market and an increase in their quality. Both of these effects are
generally small in magnitude. This result directly informs recent discussions among
regulators who have expressed concern about the implications of startup acquisitions

for market concentration and innovation in the pharmaceutical industry.
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1 Introduction

Innovation has long been acknowledged as an important driver of economic growth (Aghion
& Howitt|1992; Romer|1990)). Pharmaceutical innovation in particular has been critical in
promoting the longevity and quality of human life. Of the 3.3-year increase in U.S. life ex-
pectancy from 1990 to 2015, advancements in pharmaceuticals accounted for 35% or 1.16
years (Buxbaum, Chernew, Fendrick, & Cutler|2020). In recent decades, biotechnology
startups have emerged as a significant source of cutting-edge technology and innovative
new therapies. Several key technological breakthroughs in pharmaceutical R&D, changes
to patent laws and other policies, and increased access to venture capital and private eq-
uity funding have led to a proliferation in the number of biotechnology startups[f| While
a few early biotechnology startups such as Genentech, Amgen, and Biogen grew in scale
to rival that of big pharma, many startups remained small and focused on drug discovery
and early-stage development. As a result, many of the drugs and technologies originally
developed by startups are then licensed or acquired by larger firms to carry out late-stage
development. By the late 2010s, startups were originating around 70% of the drugs being
developed in the U.SP|Big pharma, defined here as the top 40 firms by revenue in a given
year, has been increasingly using acquisitions as a way to fill their development pipelines.
Consequently, acquisition has become an important exit strategy for startups, with around
55% of venture capital-funded biotech startups exiting via shutdown, 24% via acquisition,
and 21% via IPO from 2005 through 2015 (Eisteld 2023)).

This paper seeks to understand the dynamic equilibrium effects of startup acquisitions
by big pharma, particularly focusing on entry and innovation by startups. To answer this
question, the empirical strategy has two steps. First, I construct a novel dataset that enables
me to track target startups and their ongoing projects over time by merging comprehen-
sive pharmaceutical R&D data with data on startup acquisitions by big pharma. A project
is defined as a drug-disease pair. Using this data, I present descriptive evidence for the
relationship between acquisition and the success of acquired startup’s projects by com-
paring the transition probabilities across the phases of pharmaceutical R&D of projects
belonging to acquired startups ("acquired" projects) to those of non-acquired startups
("non-acquired" projects). Next, I build a dynamic oligopoly model of the pharmaceutical
industry featuring individual unobserved heterogeneity and endogenous pharmaceutical
development, startup acquisitions, and entry. Due to the large number of firms in each
market, I adopt a moment-based equilibrium concept (Ifrach & Weintraub 2016|). The
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model is estimated using a nested fixed point algorithm where the objective function is
formulated following Arcidiacono, Bayer, Blevins, and Ellickson| (2016]). I then use the es-
timated structural parameters of this model to perform counterfactuals that limit startup
acquisitions.

The descriptive analysis leads to four key findings: (i) oncology is the most popular
therapeutic category for acquired projects at 29% of all acquisitions; (ii) on average, ac-
quired startups have approximately six ongoing projects at the time of acquisition, at most
two of which have passed phase I; (iii) acquired projects are 11.6 percentage points (ppt)
more likely to successfully complete phase III development than non-acquired projects
and 5.39 ppt more likely than big firm projects; (iv) acquired projects in preclinical devel-
opment, phase I, and phase II are persistently negatively selected with success probabili-
ties lower than both non-acquired and big firm projects at these phases; (iv) an acquisition
event in a particular market is associated with a small decrease in entry of fewer than one
firm by both startups and all firms in the quarter of and four quarters after an acquisition.

However, the fundamental identification challenge is that acquisition is endogenous.
The unobserved quality of the acquired projects is likely correlated with the decision to ac-
quire, creating a selection problem. Using a structural model together with demand data
for FDA-approved drugs, we can help disentangle selection from the effect of acquisition
on innovation and entry. We build a dynamic oligopoly model of the pharmaceutical
industry in continuous time which features endogenous R&D decisions, startup acqui-
sitions, product market competition, entry, and exit. The model features incomplete in-
formation via individual unobserved heterogeneity regarding project quality and hetero-
geneity across firm sizes. Single-project firms begin as potential entrants that take a draw
from an initial distribution of project quality, which is fixed over the life of the project,
and decide whether to enter R&D. Big firms may alternatively enter R&D through the
acquisition of a startup for which they pay a fixed cost that varies with the phase of the
target. R&D consists of three phases corresponding to the phases of clinical trials. Firms
that choose to enter incur flow R&D costs that vary by phase. At the end of each phase,
tirms choose to either continue to the next phase of R&D or permanently exit. Projects
that receive FDA approval- which is modeled as a random draw taken in exchange for
paying a fixed FDA review cost- proceed to the product market where they earn profits.
The level of profits a project earns depends upon project quality. The firm earns positive
profits until there is generic entry that replaces the project or the project is exogenously
discontinued.

The key feature of the model is that firms observe their own project quality when de-
ciding to advance through R&D and potential acquirers observe the project quality of their



target startup. Therefore, selection on project quality across the phases of R&D and into
acquisition is endogenous. The implication is that higher-quality projects are more likely
to advance to the product market and are more likely to be acquired. Project quality is
unobserved to the econometrician. To produce a measure of project quality, I merge rev-
enue and quantity data for approved projects into the existing dataset. Project-level profits
are estimated according to a reduced form that is a function of the state variables. Project
quality maps directly into the project fixed effect in the profit equation, defining it as the
mean monopoly profits of the project. The initial distribution of project quality can then be
backed out using the quality estimates for projects that reach the product market together
with the selection mechanism provided by the model that determines the transition rate
across the phases of R&D.

Due to the presence of several competing mechanisms, the effect of acquisitions on
innovation and entry by startups are not clear ex-ante. In regards to innovation, the pres-
ence of economies of scope or scale in R&D would increase the probability of success
among acquired projects by bringing them into a firm with a larger scale and broader
scope (Cockburn & Henderson/[2001; | Danzon, Nicholson, & Sousa Pereiral2005; Hender-
son & Cockburn/[1996). Access to greater financial resources and synergies between R&D
programs may also increase the probability of success. On the other hand, there may
be diseconomies of scale, as big firms may hinder innovation through bureaucracy and
the distortion of acquired researchers’ incentives relative to small, closely held startups
(Cockburn|2004). Big firms may also be engaging in killer acquisitions intended to shut
down the projects of the target firm that will potentially compete with those of the ac-
quirer. (Cunningham, Ederer, and Ma| (2021)) find that about 5-7% of acquisitions in the
pharmaceutical industry are "killer acquisitions". As a result, the equilibrium effect of
acquisition on innovation outcomes for acquired projects is theoretically ambiguous. In
regards to entry, lucrative acquisition markets provide a profitable exit strategy for star-
tups and will therefore promote entry (Phillips & Zhdanov|2013|). On the other hand,
entry of big firms via acquisition can reduce follow-on entry by startups due to increased
competition (Eisteld|2023). Firms may be dissuaded from entering as the proportion of
big firms competing in the market increases. This effect is not limited to startups and may
also affect innovation by incumbent firms by reducing their transition probabilities.

I investigate these mechanisms empirically in the descriptive analysis and use the re-
sults to motivate the assumptions made in the structural model. I find that big firms are
more likely to advance at each stage of R&D except phase I, suggesting that some agglom-
eration of economies of scope and/or scale, access to financial resources, or lower opportu-

nity costs outweigh potential diseconomies of scale. This finding is incorporated into the



model by allowing the flow costs of R&D to vary by firm size. I also find no statistically
significant evidence for killer acquisitions in my data, which is a particular subset of the
dataset constructed in Cunningham et al.| (2021)). As a result, I abstract away from multi-
product firms and model firms as having one singular project. I find a small statistically
significant negative effect of acquisition on entry immediately following the acquisition.
This is incorporated into the model by allowing acquisitions to change the ratio of startups
to big firms, which changes the focal firm’s perceived transition probabilities of competi-
tors. I also allow for the opportunity for acquisitions to increase entry among startups, an
effect that cannot be investigated empirically. To simplify the structural model, I do not
include a preclinical phase and firms instead enter directly into phase I. However, the tran-
sition rate from preclinical to phase I is incorporated into the model through the entry rate.
Lastly, I find that competition affects innovation efforts by all firms. Firms are less likely
to advance to the next phase of R&D as their log number of competitors increases, partic-
ularly those in the same or higher phases. In the model, firms keep track of the number
of competitors in each phase of development and the profit function depends negatively
upon the number of approved projects.

The estimated model fits the data reasonably well, matching most of the targeted tran-
sition rates within 5 ppt, replicating the shape of the quality density for approved projects
with a large degree of overlap, and predicting market-level phase-specific acquisition counts
that are consistently within the 95% confidence intervals implied by the data. The model
performs the weakest on the transition rates for acquired projects in non-oncology mar-
kets, where the transition rates are consistently over- or under-predicted by more than 5
ppt. The estimated quality density for approved projects in the data suggests that over 85%
of approved projects make monopoly profits of less than $25 million per quarter in year
2005 dollars. The remaining 15% belong to a long right tail reaching up to $1 billion per
quarter. This is consistent with blockbuster drugs being a salient feature of the pharma-
ceutical industry. The estimated initial quality distribution from the model suggests that
the mean project drawn at the beginning of R&D makes monopoly profits of more than
$1.1 million per quarter, which is consistent with the high attrition rate in pharmaceutical
R&D. The total costs of development are large at approximately $412 million for startups
and $303 million for big firms in non-oncology markets and $563 million and $177 million
in oncology markets. The difference in total costs results from lower flow costs in phases
I, 11T, and FDA review for big firms. Finally, the fixed costs of acquisition are increasing in
the phase of the acquired startup with the fixed cost of acquiring a phase III firm at $131
million.

In the main counterfactual of this paper, I consider a ban on startup acquisitions. This



is operationalized by setting the arrival rate of opportunities for big firms to acquire equal
to zero. The results are currently focused on oncology markets, where the model-implied
transition probabilities for acquired projects fit the data well. A comparison of data sim-
ulated from the estimated and counterfactual models reveals that such a ban will have
several effects on oncology markets in equilibrium. First, there is a decline in the startup
entry probability of 6.5 ppt driven by low- and mid-quality startups. Acquisition dispro-
portionately benefits these firms because they are likely to be among the marginal firms
deciding whether to advance to the next consecutive phase when faced with the higher
R&D costs of startups. Second, low- and mid-quality startup projects that reach phase
III and would have otherwise been acquired now face higher FDA review costs as star-
tups. High-quality projects, on the other hand, are likely to reach marketing regardless of
which firm type owns them. This results in fewer projects reaching marketing across all
market sizes, though the reduction in the number of approved projects in fairly small. The
largest declines occur in medium-sized oncology markets where the number of approved
projects decreases by 1.1 projects (21.2%). Conditional on reaching marketing, the density
of high-quality projects increases relative to low- and mid-quality projects. The change in
the mean quality is equivalent to a change in the mean monopoly profit in a large market
from $109.68 to $135.97 million per quarter or a 23.97% increase in mean profit.

The interaction between innovation and acquisition in the pharmaceutical industry is
the subject of ongoing policy debate. In March 2021, the Federal Trade Commission (FTC)
and regulatory authorities from Canada, the U.K., and the E.U. announced they would
create a multilateral working group tasked with building a new approach to evaluating
pharmaceutical M&A | Among the objectives of the group was to evaluate the "full range
of a pharmaceutical merger’s effects on innovation". In June 2022, the working group held
a two-day public workshop attended by regulatory officials and a variety of academics,
health policy, and antitrust experts. Panelists expressed concern regarding acquisitions
of nascent competitors which often fall below the HSR pre-merger notification threshold
and its implications for market concentration and innovationﬁ This study directly informs
this policy discussion by providing empirical estimates of the equilibrium effects of startup
acquisitions on innovation as measured by the transition probabilities of acquired projects
through R&D and on subsequent entry of new projects by startups.

The remained of the paper is organized as follows. Section 2|reviews related literature

and the contribution of this paper. Section 3| discusses the relevant institutional features

3See https:/ /www.ftc.gov/news-events/news/press-releases/2021/05/multilateral-pharmaceutical-
merger-task-force-seeks-public-input

4For transcripts of workshop proceedings, see https://www.ftc.gov/news-events/events/2022/06/
future-pharmaceuticals-examining-analysis-pharmaceutical-mergers



of the biopharmaceutical industry. Section d]introduces the data sources and the sample
construction methodology. Section[5|presents descriptive evidence that will motivate both
the model and the results. Section [6] describes the model while Section [71 describes its
identification and estimation. Section |§ presents the parameter estimates and the results
of the counterfactual. Section 9] concludes.

2 Related Literature

This paper studies the relationship between innovation, acquisitions, and competition,
and primarily contributes to three strands of literature studying the bilateral relationships
between each of these topics.

There is no theoretical consensus on the precise relationship between competition and
innovation. The "escape competition" effect suggests that an increase in competition will
increase R&D investment as firms compete for innovation rents, while the Schumpete-
rian effect suggests that firms will reduce R&D investment due to the risk of obsolescence
(Aghion, Bloom, Blundell, Griffith, & Howitt 2005)). In the industrial organization liter-
ature, different studies have reached different conclusions regarding the relationship be-
tween innovation and competition depending on the context (Goettler & Gordon|2011;
Hollenbeck [2020; Igami & Uetake 2019). Which effect dominates likely depends on the
level of competition and industry-specific institutional details. Focusing on the pharma-
ceutical context of the current study, Rao (2020) finds that competition has a negative
impact on investment in pharma using data on development decisions from phase III clin-
ical trials. However, using an equilibrium model of dynamic R&D investment, they find
that policies aimed at increasing the length of exclusivity and reducing FDA approval
time encourage investment despite the increase in competitive intensity. Khmelnitskaya
(2023)) extends this study to incorporate all phases of clinical development and separately
account for attrition due to competition versus attrition due to scientific failure. They find
that 8.4% of all attrition is strategic though this is highly heterogeneous across markets,
suggesting that differentiating between attrition due to competition and attrition due to
science is important for correctly interpreting policy implications aimed at increasing in-
novation. The present study will build on the preceding two using a continuous time
model of drug development with competition. Importantly, I will diverge by incorporat-
ing individual unobserved heterogeneity at the project level, which is going to capture
dynamic selection across the phases of R&D and selection into acquisition. Doing so will
disentangle attrition due to competition from attrition due to vertical quality differences.

A related (and often overlapping) literature explores the relationship between M&A



and competition. Many papers in industrial organization have studied M&A using static
models to understand the counterfactual impact of a merger on prices and market struc-
ture (see[Nevo[2000]). The first paper to examine M&A in a dynamic setting was|Gowrisankaran
(1999), which created a computational model capable of fully endogenizing the choice to
merge and allowing players to be forward-looking when proposing mergers. This endoge-
nous mergers framework has been applied to various industries in a handful of papers
(Hollenbeck|2020; [gami & Uetake|2019; [Jeziorski|2014]). In the paper most closely related
to the present paper, [Eisfeld (2023 examines the impact of exogenous startup acquisi-
tions on entry decisions by startups in a dynamic model of the software industry. They
tind that while startup acquisitions overall provide an entry-for-buyout incentive that in-
creases entry, startup acquisitions by large firms that were previously absent from the
market discourage follow-on entry through the change in market structure. In contrast
to this paper, I will endogenize the startup acquisition decision by explicitly modeling a
one-shot acquisition decision by big firms and by allowing them to interact with startups
in equilibrium. I will also be able to analyze the effect of startup acquisition on innovation
as well as entry decisions using data on the R&D outcomes of acquired projects.

Lastly, this paper contributes to the (mostly reduced-form) literature that examines
the relationship between M&A and innovation, particularly as it relates to the pharma-
ceutical industry. Focusing on how innovation affects M&A decisions, both Higgins and
Rodriguez| (2006) and Danzon, Epstein, and Nicholson| (2007)) find that M&A in the phar-
maceutical industry is motivated by declining internal productivity and that firms use
acquisitions to fill gaps in their R&D pipelines. Empirical evidence for the reverse effect of
M&A on innovation is scarce. |Aggarwal and Hsu| (2014]) analyze the impact of going pub-
lic or being acquired on firm-level innovation among biotechnology firms as measured by
patent counts and forward citations. The authors find that patent counts increase relative
to both private and public firms but patent citations decrease. The authors conclude that
staying private generates the best innovation outcomes, followed by acquisition, then go-
ing public, suggesting that information disclosure is an important mechanism affecting
patenting. Cunningham et al.| (2021]) highlight one particular incentive for M&A in the
pharmaceutical industry, which they call the "killer acquisition" motive. They find that
5-7% of M&A in the pharmaceutical industry are killer acquisitions, where firms acquire
targets developing projects in overlapping therapeutic areas in order to shut the project
down and preempt competition in downstream product markets. In this paper, I will esti-
mate the dynamic equilibrium effect of startup acquisitions on innovation by considering

a number of mechanisms through which acquisitions can affect innovation including killer



acquisitionsﬂ

3 Institutional Details

3.1 Pharmaceutical R&D

In the U.S., the Food and Drug Administration (FDA) is responsible for ensuring the safety
and efficacy of marketed drugs and firms must follow the regulatory procedures set out
by the FDA when seeking to develop a new drug. The first stage of the pharmaceutical
R&D process is discovery and target identification. In this stage, firms and scientists iden-
tify potential drug targets, which are specific molecules or biological processes involved
in a disease. This stage often utilizes high-throughput screening techniques and compu-
tational models to identify and test thousands of compounds with the potential to interact
with the target. Compounds that act on the target in a way that helps to treat the disease
of interest may become a drug candidate. Once a drug candidate has been identified, the
drug enters the preclinical testing stage. In this stage, potential drug candidates undergo
rigorous laboratory testing and animal studies to assess their safety, efficacy, and poten-
tial side effects. Preclinical testing helps researchers understand how the drug works, its
dosage, toxicity levels, and potential interactions. If preclinical testing shows promising
results, the firm must file an Investigational New Drug (IND) Application with the FDA
before clinical research in humans may begin. The IND contains the data gathered dur-
ing preclinical research and the proposed clinical trial protocols. If the FDA finds IND
acceptable, then it may proceed to clinical trials.

Clinical trials are typically conducted in three phases to gather data on the drug’s safety
and effectiveness in humans. Phase I trials are typically several months to one year in
length and include a small group of healthy volunteers who will be randomly given the
drug in various doses to test its safety and appropriate dosing. Phase II trials typically
last several months to several years and expand the study to test the drug on up to sev-
eral hundred volunteers within the target patient population in order to test the drug for
both safety and efficacy for its intended use. Phase III trials typically take several years
to complete and involve several hundred to several thousand volunteers within the target
patient population to gather extensive data on safety, efficacy, and side effects in compar-
ison to existing treatments. If the clinical trial data demonstrate that the drug is safe and
effective, the pharmaceutical company submits a New Drug Application (NDA) or a Bi-

>The competing effects of horizontal mergers on innovation, both helpful and harmful, are well summa-
rized in|Federico, Morton, and Shapiro| (2020)).



ologic License Application (BLA) to the FDA depending on the type of drug. The NDA
(BLA) includes comprehensive data on the drug’s safety, efficacy, manufacturing details,
and proposed labeling. A team of FDA scientists, including physicians, statisticians, and
other experts, conducts a thorough assessment of the NDA (BLA). If the FDA determines
that the drug’s benefits outweigh its risks and the firm has provided sufficient evidence,
it grants approval for marketing the drug. After approval, the FDA monitors the drug’s
safety and effectiveness through post-marketing surveillance. Adverse events and side
effects are reported to the FDA, and the agency takes appropriate regulatory actions in-
cluding relabeling or discontinuation of the drug, if necessary.

Pharmaceutical R&D is inherently risky financially due to the high costs of preclinical
and clinical development and the high attrition rate of compounds at each stage of R&D.
According to the FDA, approximately 70% of drugs that enter phase I transition to phase
II, 33% transition from phase II to phase I1I, and 30% transition from phase III to regulatory
review. Each consecutive phase of clinical trials grows both in duration and in the number
of participants, which causes them to also grow in costs. DiMasi, Grabowski, and Hansen
(2016)) estimate the mean time to the next phase (phase length) of phase I, II, and III to be
approximately 1.65 (2.75), 2.53 (3.16), and 2.55 (3.76) years, respectively. Among drugs
that were eventually tested in humans, the mean time from synthesis to initial human
testing was 2.60 years. Regulatory review had a mean duration of 1.33 years. The mean
time to next phase and the phase length may differ from each other and from the typical
phase lengths described in the preceding paragraphs for a couple reasons. First, they are
inclusive of the waiting times between finishing a clinical phase and advancing to the next
phase. During this time, firms will be analyzing the data collected during the trial and
weighing pipeline management decisions. Second, firms will also conduct multiple trials
within the same clinical phase for the same drug as they vary the location, design, or
disease of interest for each trial. The authors estimate the mean phase costs to be $49.6,
$95.3, and $314.0 million in 2013 dollars, respectively, after accounting for the time cost of
money. After accounting for the cost of failed drugs, a single approved drug costs $1.36
billion out-of-pocket to take from preclinical research through approval. After accounting

for the time cost of money, this figure increases to $2.56 billion.

3.2 Biopharmaceutical Industry

The structure of the biopharmaceutical industry — the umbrella term for both pharmaceu-
tical and biotechnology firms engaged in drug R&D — has changed significantly over the



past 40 to 50 years[| Prior to the 1980s, drug R&D in the U.S. was typically carried out
by approximately forty large, vertically integrated pharmaceutical firms, or "big pharma".
They segued internally discovered drug candidates through the R&D process from dis-
covery to approval and also engaged in marketing, manufacturing, and distribution. Drug
candidates at this time were entirely small molecule drugs — drugs that can be synthesized
through chemical processes and have a defined chemical structure. As a result, the man-
ufacturing process is generally well-established and can be reproduced consistently. This
changed with the development of recombinant DNA technology in the 1970s which en-
abled scientists to manipulate genes and produce valuable proteins. This breakthrough
laid the foundation for the rise of biotechnology and its integration into the pharmaceutical
industry in the 1980s. Biotechnology companies pioneered the use of genetic engineering
and recombinant DNA technology to develop therapeutic proteins and other biologics.
Biologic drugs are large, complex molecules derived from living organisms, such as pro-
teins, peptides, antibodies, or nucleic acids (DNA or RNA). They have a more intricate
and diverse structure compared to small molecule drugs. The manufacturing process
for biologics requires biotechnology processes involving living cells or organisms, mak-
ing replication more difficult. While several biotechnology firms including Genentech,
Amgen, and Biogen came to be fully vertically integrated and joined big pharma, many
remained relatively small, closely aligned with the academic institutions from which their
researchers came, and focused on drug discovery and early-stage development.

The development of high throughput screening (HTS) — a method that allows for the
rapid screening of large numbers of compounds to identify those that have a potential
therapeutic effect, changes to patent laws, and policy changes including the Bayh-Dole Act
helped lead to a proliferation in the number of small biotechnology firms in the 1980s and
1990s. HTS led to a significant increase in the number of compounds that can be screened,
as well as the speed at which they can be analyzed. This has helped small biotechnol-
ogy startups to rapidly identify promising drug candidates, reducing the time and costs
involved in drug discovery. The ability to patent a wide range of inventions in biotech-
nology including DNA sequences, proteins, genetic engineering techniques, pharmaceu-
ticals, and diagnostic methods and tools made this industry attractive for profit-driven
entrepreneurs. The Bayh-Dole Act further allowed nonprofit research institutions and
small businesses to own, patent, and commercialize inventions developed under federally
funded research programs within their organizations. The potential for large profits in this
industry also attracted venture capital investors who funded many of these startups. As

a result, a vertical structure came to dominate the industry. Biotechnology firms engaged

For a more detailed history, see(Cockburn| (2004).

10



in drug discovery and proved the viability of a drug candidate in preclinical research and
early-stage clinical development. Promising drug candidates may then be licensed out to
or acquired by a downstream big pharma firm that can continue its development in the
larger, more capital-intensive phases of R&D.

Further proliferation in the biotechnology industry occurred throughout the 2000s and
2010s. As the global population grows and ages, the demand for new and innovative ther-
apies to treat diseases and medical conditions has increased. Small biotechnology startups
are well-positioned to develop these therapies, as they are often more agile and focused on
specific areas of research. Further scientific discoveries including the development of next-
generation sequencing technologies, which allow researchers to sequence large amounts
of DNA and RNA more quickly and at a lower cost than traditional sequencing meth-
ods, and advances in gene editing technologies such as CRISPR/Cas9 have revolutionized
the field of genetic engineering and made it possible to more precisely manipulate and
edit the genome of cells and organisms, leading to the development of new therapeutic
modalities. Entry by startups into the biotechnology industry can be seen in Figure
which shows the count of new startups entering R&D from 1995 to 2017. The number
of entering startups in a given year more than doubled over this period, peaking in 2009
with nearly 500 new startups. The data indicate that indeed many of these startups are
engaged in drug discovery. Figure[2|shows the count of drugs originated by the 40 largest
pharmaceutical firms and by startups by year. From 1995 to 2017, startups have played
an increasingly important role in drug discovery, reaching a peak of nearly 1500 drugs
originated in 2009. Simultaneously, big pharma has decreased the number of internally
originated drugs. This translates to a steep change in the share of drugs in development
originated by startups, as shown in Figure 3, By 2017, nearly 80% of all new drugs were
originated by startups.

4 Data Sources and Sample

4.1 Firm Size Definitions

A precise definition for big pharma firms is created using data from Compustat Global
spanning the period from 1990 to 2018. Compustat Global offers comprehensive financial
and market data for publicly traded companies across more than 80 countries, encom-
passing over 90% of the world’s market capitalization. From this dataset, I extract annual
revenue data for companies categorized under the pharmaceutical, allied chemical, sur-

gical, medical, or dental instruments, or ophthalmic goods industries, which correspond
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to Standard Industry Classification (SIC) codes 2800, 2833 - 2836, 3841 - 3845, 3851, and
8731. I rank these firms based on their annual revenue in descending order in each year.
Next, I manually exclude large chemical and medical device manufacturers, as well as any
other firms that primarily generate revenue from sources other than the development and
manufacturing of pharmaceuticals. For a firm to be classified as part of big pharma, it
must rank within the top 40 firms on this list for a given year.

The definition used for a biotech startup in the remainder of this paper differs from
that described in Subsection Biotech startup firms are defined as those with no ap-
proved drugs or significant alternative revenue streams. Many of these small firms are
engaged in biotechnology R&D, although it is not a requirement. To ensure a firm has no
previously approved drugs, I gather drug approval data from regulatory authorities in
the US,, E.U,, Canada, France, Germany, Australia, Korea, and Japan, covering the years
1900 to 2018. In order to identify potential large alternative revenue streams unrelated to
product sales (potentially from contract research or out-licensing), I merge in data from
Compustat Global and drop all publicly traded companies with annual revenues exceed-
ing $25 million in year 2000 dollars. A firm is no longer considered a startup once it sur-
passes the $25 million threshold or obtains an approved drug, whether through licensing
or regulatory approval. Additionally, I manually remove any remaining large manufactur-
ers of generic drugs, chemicals, and medical devices that are not included in Compustat.
Not-for-profit organizations, governmental entities, and educational institutions are also
excluded. Finally, I exclude firms operating as a subsidiary or unit of a non-startup.

Firms that do not meet the criteria for being classified as startups or big pharma will
be categorized as medium size firms. This category includes firms that do not rank among
the top 40 in terms of industry revenues for a given year but who have an approved drug
or large alternative revenue stream. These firms will be excluded from the analysis. I
continue to exclude not-for-profit organizations, governmental entities, and educational

institutions, as their primary objective may not be profit maximization.

4.2 Drug Development Data

I construct a novel dataset that links acquisitions, drug development, and product market
competition. The purpose of this dataset is to identify acquired firms and their ongo-
ing projects. Drug development data is accessed through Clarivate Analytics” Cortellis
Investigational Drugs database, which covers the time period from 1990 to 2018. Cortel-
lis employs a combination of automated data collection and expert curators to compile

comprehensive data on drug candidates from a variety of sources. These sources include
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company announcements, press releases, financial reports, clinical trial registries, scien-
tific literature and patents, industry conferences, and regulatory filings. The data is struc-
tured as a panel that tracks drug candidates globally over time. Each observation includes
the drug’s name, the name of the sponsoring firm, the indication or disease under inves-
tigation, the current stage of development, the start date of the current stage, the country
where the stage is being conducted, the drug’s target-based action, the technologies uti-
lized by the drug, any termination decisions, and a brief overview of the drug’s develop-
ment for a given drug-firm-country-indication.

To facilitate analysis, the development stages are categorized into seven bins: drug
discovery and preclinical trials, phase I, phase II, phase III, regulatory review, regulatory
approval and marketing, and discontinuation. The discovery/preclinical phase will also
be referred to as "phase 0". Each indication is mapped into a single three-digit ICD-9 code.
The International Classification of Diseases, 9th Revision (ICD-9), developed by the World
Health Organization, is a widely used diagnostic coding system that provides a standard-
ized framework for classifying and categorizing diseases, injuries, and other health con-
ditions. There is no consistent or standardized method for listing a drug’s intended indi-
cation in Cortellis. As a result, drugs intended to treat the same disease or condition may
have different indications. Mapping each indication into an ICD-9 allows for the group-
ing of highly similar indications into markets. For example, the indications "Lung Can-
cer", "Small-Cell Lung Cancer", "Non-Small-Cell Lung Cancer", "Metastatic Non-Small-
Cell Lung Cancer", and "Respiratory Tract Tumor" are all assigned to the ICD-9 code 162,
which corresponds to "Malignant neoplasm of trachea, bronchus, and lung".

The level of observation in the final sample is a drug-ICD-9 pair, which I will refer to
as a "project”. This level of observation aggregates over the sponsoring firms and coun-
tries involved in the development of each drug-ICD-9 pair. Consequently, this analysis
abstracts from licensing agreements and strategic alliances between firms. To be included
in the final sample, I require that at least one clinical trial for the drug be conducted in
the U.S., Canada, Australia, or Western Europeﬂ For the regulatory review and market-
ing phases, I consider only New Drug Applications submitted to and/or approved by the
FDA. These criteria limit the sample to drugs that are intended for sale in U.S. markets ]
This is necessary as I only have drug sales data for the U.S. However, the U.S. is by far the

"Western Europe includes Austria, Belgium, Denmark, Finland, France, Germany, Greece, Iceland, Ire-
land, Italy, Netherlands, Norway, Portugal, Spain, Sweden, Switzerland, the United Kingdom, "Europe", and
the "EU".

8 A 2010 study by the U.S. Department of Health & Human Services found that 80% of NDAs approved
by the FDA in 2008 contained at least one foreign clinical trial while 8% had exclusively foreign data. Western
Europe accounted for nearly 60% of foreign clinical trial sites. See https://oig.hhs.gov/oei/reports/oei-01-
08-00510.pdf.
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world’s largest drug market, accounting for 49% of the pharmaceutical industry’s global
revenue in 2020 followed by Europe at 23%/] Thus, focusing on the U.S. market provides
valuable insights into a significant portion of the pharmaceutical industry’s revenue and
market dynamics. I drop biosimilars and diagnostic agents from the sample. I also ex-
clude ICD-9 239, which includes all projects whose indication is given as "solid tumor" or
"cancer"[lY| Finally, small markets with a maximum number of competitors less than 16 or
fewer than 18 entrants over the course of the sample are excluded.

In addition to the drug development data, Cortellis provides information regarding
companies in the pharmaceutical industry, allowing for a linkage between each drug and
the characteristics of its sponsoring firm. The company data includes each company’s ad-
dress, ownership status, sector classified as public or private, funding sources including
venture capital and private equity, and size classification, which is categorized in ascend-
ing order as micro, small, medium, large, or mega. I use the sector and size classification
provided by Cortellis as a source of external validation for the firm size definitions in the
subsection 4.1

The coverage of Cortellis improves over time due to several policy in the 1990s and
2000s which increased the public disclosure requirements regarding clinical trials. First,
in 1997, the FDA Modernization Act was passed and required the Department of Health
and Human Services to establish ClinicalTrials.gov, a registry of clinical trials conducted
under INDs. Then, in late 2004, the International Committee of Medical Journal Editors
announced that beginning in July 2005 its member journals would require registration in
a public clinical trials database as a condition for publication. The FDA further required
that beginning in September 2007, any trial conducted in the U.S. or under an IND must
be registered with ClinicalTrials.gov. As a result of these changes, I limit the sample to
begin in 2000.

Ideally, we would see each project advance through each consecutive phase of R&D
until it is discontinued or approved and have a starting date for each phase. However, the
data may omit phases or the dates associated with those phases. For example, for a given
project, we may observe phase I and its start date, not observe phase Il or its start date, then
observe phase III and its start date. In these cases, I impute that the project successfully
passed all phases preceding the lowest observed phase and all phases between the lowest
and highest observed phases. The start dates for these phases are imputed using the start

dates for the observed phases and the average phase lengths in the sample. There is also

Source: IQVIA MIDAS database

9This ICD-9 is much larger than all others as many early phase (often preclinical) projects are given
these general indications. However, there are no approved projects in this ICD-9 precisely because these
indications are too general.
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a problem of "zombie" projects, or projects that are never officially discontinued. In this
case, I manually insert discontinuation observations if eight years have elapsed since the

beginning of the phase.

4.3 Acquisition Data

Acquisition data is sourced from SDC Platinum for the period from 1989 to 2018. SDC Plat-
inum is a comprehensive financial database with an extensive collection of global financial
data, including data on mergers and acquisitions (M&A), initial public offerings (IPOs),
venture capital, and private equity. SDC Platinum’s M&A dataset contains information on
over 1.3 million global transactions dating back to the 1970s. Detailed information about
each transaction is provided including the acquiring and target company, their respective
parent companies, deal value in nominal dollars if available, deal structure, announce-
ment and effective dates, the acquiring firm’s stake in the target pre- and post-acquisition,
and a brief description of the transaction. To be considered an acquisition in the final sam-
ple, the acquirer’s ownership stake must meet certain criteria. Specifically, the acquirer
must hold less than or equal to 50% of the target company pre-transaction and greater
than 50% of the target company post-transaction. Further, the acquirer or the acquirer’s
parent company must appear on the list of big pharma firms defined in subsection {4.1|in
the year of the acquisition. At this point, the sample includes all acquisitions made by big
pharma firms. To identify acquisitions of startups, the names of target firms in this sample
are matched to the names of startup firms identified in Cortellis, which I detail further in
subsection 4.5

44 Drug Demand Data

Drug sales data is collected from the IQVIA MIDAS database and covers the period from
the second quarter of 1997 to the first quarter of 2011. This database provides quarterly
wholesale volume (quantity) sales and revenue data for all drugs, both branded and
generic, sold by each firm in the United States. The revenue data is adjusted to a base year
of 2005 using the CPIL. The volume data is measured in terms of standard units (SUs),
which allows us to aggregate volume sales across different dosage forms for the same
drug. IQVIA defines a standard unit as "the smallest common dose of a product form",
such as one tablet or capsule for solids, 5 ml for liquids, and one ampule or vial for in-
jectibles. Quarterly prices are determined by dividing revenue by sales volume.

IQVIA MIDAS also provides quarterly-level data on product-specific advertising spend-
ing. This includes direct-to-consumer (DTC) advertising, which comprises all U.S. televi-
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sion, radio, and print ads targeted at the general public for a particular drug. Pharmaceu-
tical firms also engage in advertising aimed at healthcare professionals, such as medical
journal advertising, direct mail campaigns, and interactions between pharmaceutical sales
representatives and physicians (referred to as detailing). The spending data included in
this analysis will be the summation of these various forms of advertising.

To estimate the quarterly potential market size for each ICD-9 code, ideally, we could
measure the total willingness to pay of society to eradicate the diseases associated with
that ICD-9. For a subset of the ICD-9s in Cortellis, this can be achieved by utilizing epi-
demiological data from the Global Burden of Disease (GBD) provided by the Institute for
Health Metrics and Evaluation at the University of Washington. The GBD aims to provide
a comprehensive understanding of the global burden of diseases, injuries, and risk factors
by integrating data from various sources such as vital registration systems, surveys, cen-
suses, and scientific literature. Specifically, I extract disability-adjusted life years (DALYs)
data for a range of diseases in the United States from 1990 to 2018. DALYs equal the sum of
years of life lost and years lived with disability, both of which are affected by prevalence,
incidence, mortality, and disease duration. DALYs can be converted into a willingness to
pay using the value of a statistical life-year (VSLY). Having obtained an estimate of the
potential market size for each disease, we can then utilize the disease to ICD-9 crosswalk
provided by the GBD database to estimate the total willingness to pay for each ICD-9 code.

However, this data is only available for a subset of the ICD-9s. Instead, I use the num-
ber of entrants into the preclinical phase for the entire sample period as a proxy measure
of potential market size that is available for every ICD-9 in the data. I use this measure
assuming that the number of entrants into preclinical is correlated with potential market
size, an assumption that is supported empirically. The correlation between the willingness
to pay estimate and the number of entrants for the subset of ICD-9s for which the willing-
ness to pay is available is 0.45. In the structural analysis that follows, potential market sizes
will be grouped into three categories: small, medium, and large. Section provides
precise definitions of each category.

4.5 Final Data Sample

The process of combining the final SDC and Cortellis samples begins with standardizing
the sponsoring firm names in Cortellis and the target names in SDC. This standardization
involves removing company suffixes and punctuation, as well as standardizing common
terms within each name. A fuzzy merge of the two datasets is performed using the stan-

dardized firm names and addresses to identify the acquired startups. The accuracy of each
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match is manually verified. One complication of the matching process is that many drugs
are licensed between firms, so the sponsoring firm’s name for each project may change
over time. To deal with this, I assign ownership of each project to the originator firm for
the entire project duration, so long as the project is not in the sample of acquired projects.
For projects originated by universities or not-for-profits, I assign the first licensed firm on
the project as the originator. Therefore, acquired projects will be projects that were origi-
nated by the startup[”] Only acquired projects will experience a change in the size of the
firm developing them.

When a big pharma firm acquires a startup, it acquires all of the startup’s active projects.
The startup’s active projects at the time of acquisition are referred to as acquired projects.
Specifically, an acquired project spans the startup’s acquisition date with development
events observed both before and after acquisition. This includes cases where the only
event post-acquisition is project discontinuation. I also include projects that began entirely
after the acquisition as acquired if another project for the same drug (but a different ICD-
9) was acquired by the previous definition. Therefore, a non-acquired project is a project
conducted by a startup that was not acquired for the entire duration of the project nor any
other projects for the same drug.

The resulting dataset is merged with the drug demand data from IQVIA based on drug
name[?| IQVIA reports revenues at the drug level. To get revenue at the project level,
I assume that drug revenue in a particular quarter is split evenly among each approved
project for that drug in that quarter.

5 Descriptive Evidence

5.1 Summary Statistics

The final sample spans the years 2000 to 2018 and contains 1,096 acquired projects, corre-
sponding to 175 acquired startups with 592 drugs. Figure 4{ shows the count of acquired
startups by year. From 2000 to 2004, the average number of acquisitions per year is less
than five. After this period, the number of yearly acquisitions jumps and averages around
twelve per year from 2005 to 2018. This trend is at least partially due to the improvements
in Cortellis’s coverage discussed in subsection as we are only counting the acquired
startups corresponding to the acquired projects we can identify. Figure[5|shows the distri-
bution of acquired projects across therapeutic categories. Therapeutic categories are based

1174% of acquired startups’ active projects at the time of acquisition were originated in-house. Therefore,
most startups are being acquired for projects that originated in-house, not ones that were in-licensed.
1295% of approved drugs in the final sample are successfully matched to drugs in the IQVIA dataset.
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on commonly defined therapeutic categories for pipeline drugs used among big pharma
firms including infectious diseases, oncology, metabolic and endocrine disorders, cardio-
vascular diseases, neuroscience, respiratory diseases, immunology, and otherH The on-
cology category contains approximately 28.7% of acquired projects and is by far the most
popular category for acquired projects. In addition to the large size of the oncology mar-
ket, a given oncology drug is often tested for many ICD-9s within the oncology category,
resulting in many oncology projects.

We can also look at the distribution of acquired projects according to their phase. The
left-hand y-axis of Figure [6| provides the count of acquired projects across phases at the
time of acquisition. Approximately 56% of acquired projects are in the discovery and pre-
clinical phase. Most of the remaining projects are in phase I or II. Only around 6% of
acquired projects are in phase III or undergoing FDA review. If we divide the total count
of projects in each phase by the number of startups acquired, we can get an idea of what
the "average portfolio" of an acquired startup looks like. This is on the right-hand y-axis
of Figure [f] The average acquired startup has 6.2 projects. Approximately 3.5 of these
projects are in discovery/preclinical, 1.1 projects are in phase I, 1.3 projects are in phase II,
and 0.3 projects are in phase III or FDA review. There is, however, some heterogeneity in
the portfolio of acquired firms. Figure[7|gives the distribution of acquired firms according
to their highest phase project. As we would expect from the average portfolio, the majority
of acquired startups have at least one project in phases II, III, or in FDA review. Surpris-
ingly, around 32% of acquired firms only have projects in discovery/preclinical or phase
L

Summary statistics for startups’ projects by acquisition status are given in Table (1| The
tirst five rows of this table are the conditional transition probabilities across phases. That
is, ReachPhasek+1 measures the probability that a project advances to phase k£ 4 1 condi-
tional on being in phase k. Among all startup projects, 36.6% transition from preclinical to
phase I, 78.0% from phase I to phase II, 33.0% from phase II to phase III, 44.7% from phase
I1I to FDA review, and 84.2% from FDA review to approval. This implies that around 3.6%
of startup projects that ever enter preclinical development are eventually approved [l We
can compare the transition probabilities across acquisition status. Acquired projects are
2.3 ppt less likely to advance to phase I, 13.2 ppt less likely to advance to phase II, 3.4 ppt

13]CD-9s are assigned to therapeutic categories using the following mapping: oncology (140-239), neu-
roscience (290-359), immunology (279, 555-558, 691, 695-696, 710-716, 720), infectious disease (1-139), car-
diovascular (280-289, 390-459), respiratory (460-519), endocrinology /metabolic (240-278), other (260-289,
520-553, 560-690, 692-694, 697-709, 717-719, 721-999).

14These transition probabilities are very similar to the transition probabilities provided by the FDA cited
in subsection 3.1 with the exception of the phase III transition which is considerably higher.
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less likely to advance to phase III, 13.9 ppt more likely to advance to FDA review, and 8.1
ppt are likely to gain FDA approval. We will investigate these transition probabilities more
rigorously using regression analysis with various controls. We can also compare the tran-
sition probabilities across firm sizes using Table 2} which provides the summary statistics
for projects by firm size. Across all phases except I, big firms are more likely to reach the
next consecutive phase. Big firms are 17.4, 4.8, 8.6, and 4.2 ppt more likely to reach phases
I, I1I, FDA review, and marketing, respectively. They are 4.1 ppt less likely to reach phase
II.

The next group of variables in each table, CompPhasek, measure the number of compet-
ing projects in phase k in the same ICD-9 at the time of the focal project’s transition from
a given phase. From Table [2|, we can see that the median market across all firms” projects
has approximately 127.3 projects in R&D at any given time, though the standard devia-
tion indicates there is significant heterogeneity in the size of the market. The vast majority
of these projects are in the preclinical phase with a high attrition rate between preclinical
and in-human trials. Big firms and startups on average tend to compete in markets with
similar distributions of the number of competitors. Acquired startup projects belong to
markets with a larger number of competitors in the clinical phases of development.

The third group of variables shows that, on average, acquired projects are less likely
to be biologics with 40.0% of non-acquired projects having a Biologic indicator equal to
one compared to only 34.9% of acquired projects. Projects being developed by big firms
are nearly 20 ppt. less likely to be a biologic than a project being developed by a startup,
which fits the description of many startups as biotechnology companies. Table|l|also con-
tains Overlap, which is an indicator among acquired projects for whether the acquiring big
firm had another ongoing project in the same ICD-9 as the acquired project at the time of
acquisition. For example, if the big firm had a project to treat a type of lymphoid leukemia
(ICD-9 204) already in progress when it acquired the startup, who also had a lymphoid
leukemia project in progress, then Overlap is equal to one. Approximately 58.1% of ac-
quired drugs overlap with the portfolio of the acquirer.

Finally, the last group of variables are the mutually exclusive therapeutic category
dummies. 21.5% of projects belong to the "other" category, followed by 18.3% in the oncol-
ogy category, then by neuroscience and infectious diseases. Startups and big firms have a
similar distribution of projects across therapeutic categories though startups tend to have
a higher share of projects for infectious diseases and other but fewer for cardiovascular
diseases and neuroscience. A more notable exception is that acquired projects are around

10 ppt more likely to be oncology drugs than both non-acquired startups and big firms.
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5.2 Evidence on Innovation

The primary measure of innovation here is the number of newly approved projects. To
this end, we are interested in the transition probabilities across phases and how acquisition
affects these probabilities. Given that project j was acquired by phase k and reached phase
k, what is the probability of reaching phase k+1 and how does this compare to projects not
acquired by phase £? Specifically, we want to compare acquired startups’ projects to non-
acquired startups” and big firms’ projects. To answer this question, I use a Logit regression

specification:
Priyj = |z] = F(Bor + BinAcquiredjy, + o Big; + o831 + 27 Bar) (1)

where F'is the Logistic probability distribution, y;;, is an indicator equal to one if project j
reaches phase k+1, Acquired,y, is an indicator equal to one if project j is acquired during or
before phase k£ conditional on reaching phase k, Big; is an indicator equal to one if project j
is originated by a big firm, x; are project-level controls which are constant across all phases,
and z;, are project-level controls which vary by phase. All coefficients are phase-specific.
Note that Acquired;;, may vary over phases within the same project. For example, consider
three projects: A, B, and C. Each project reaches at least phase 1. Project A is acquired
during phase 0, project B is acquired during phase I, and project C is never acquired. In
phase 0, project A is an acquired project, while projects B and C are non-acquired projects.
In phase I, now both projects A and B are acquired projects while project C remains a non-
acquired project. In this way, projects move into the acquisition group as they are acquired
during R&D. Together Acquired;;, and Big; create three mutually exclusive groups at each
phase k: projects originated by startups that have not been acquired, projects originated
by startups that have been acquired, and projects originated by big firms. The excluded
group in the regression will be the non-acquired startup projects.

The coefficients of the Logit regressions are given in Table[3] The column titles identify
phase £, so column (1) displays the coefficients for the transition probabilities from phase
0 to phase I. The control variables include Biologic;, LogCompPhasek, and therapeutic cat-
egory fixed-effects. It is important to control for therapeutic category fixed effects because
the average probability of success differs across categories. Oncology projects in particular,
which are represented disproportionately among acquired projects relative to all projects,
are generally more difficult to develop treatments for and therefore these projects have a
higher likelihood of failure.

The results in Table 3| show that acquired projects are less likely to reach phase I from

discovery/preclinical at the 10 % level compared to non-acquired projects. From Table
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which contains the marginal effects of the Logit regressions, this coefficient translates to
a 3.64 ppt decrease in the transition probability. Acquired projects are also significantly
less likely to reach phase II from phase I with a marginal effect of -12.7 ppt. There is no
significant difference in the transition probabilities from phase II to phase III. Acquired
projects are more likely to enter FDA review from phase III and this coefficient is signif-
icant at the 5 percent level. This coefficient translates to a marginal 11.6 ppt increase in
the transition probability. Lastly, there is no statistically significant difference in gaining
FDA approval, conditional on reaching FDA review. Given that the relationship between
acquisition and the transition probability is mixed across phases, how do we interpret the
effect of acquisition on innovation or the number of newly approved drugs? Based on the
marginal effects of Acquired in Table |4} acquired projects 2.9% more likely to reach mar-
keting conditional on entering preclinical development if we use the point estimates for
all phases or 4.7% less likely if we use only the statistically significant ones compared to
non-acquired projects.

One possible reason for this is that acquired projects are different from non-acquired
and big firm projects in ways that have not yet been accounted for, such as the novelty
of the project. One way to measure the novelty of a pharmaceutical is through its target-
based action. First-in-class projects are defined here as the first approved projects for a
particular target-based action[”| Table [A1] presents the Logit phase transition coefficients
with one additional variable FIC, which is equal to one if no other project with the same
target-based action as the focal project has been FDA approved at the beginning of the
phase. While being first-in-class is associated with a statistically significant decrease in
the transition probability at each phase, controlling for novelty has little effect on the co-
efficients for Acquired. The coefficient for phase 0, which was previously significant at the
10% level, is no longer significant but is similar in magnitude. Therefore, the lower tran-
sition probability for earlier-stage projects can not be accounted for using the scientific
novelty of the project.

Another possibility is that the transition probabilities are heterogeneous across projects
within an acquired startup’s portfolio. Recall that the average portfolio of an acquired
startup has over six projects and nearly all of these projects are in early development while
one or two projects are in phases II, III, or FDA review, which is often the firm’s lead
project. We can run the same regression again with an additional category LeadAcquired
as in Table Lead project(s) are defined as the firm'’s highest phase project(s) at the
time of acquisition. Thus, the startup’s projects have been partitioned into lead and non-

15For example, inotuzumab ozogamicin (Besponsa) was a first-in-class B-lymphocyte cell adhesion
molecule inhibitor approved for lymphoid leukemia in 2017.
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lead projects, where LeadAcquired is equal to one for lead projects. The table does not
give a clear story regarding the differential treatment of lead and non-lead projects. In
the preclinical phase, there is evidence that lead projects seem to be driving the negative
coefficient, while in phase I, the negative coefficient is driven by non-lead projects. There
is no evidence for persistent differences in the transition probabilities between lead and
non-lead projects, like for example, big pharma shutting down the non-lead projects of
acquired startups and focusing on the lead projects.

Competition will affect innovation efforts by all firms. In general, an increase in the
number of competing projects at any phase decreases the transition probability of the focal
project across all phases. Conditional on reaching the product market, more competing
approved projects reduce profits for the focal project, which in turn decreases the expected
profits of every project currently in development. A notable exception is that the number
of competitors in the next consecutive phase positively affects the transition probability
of the focal project, e.g. the number of competitors in phase I as the firm transitions out
of phase 0. This suggests that firms may view the number of competing projects in the
phase ahead as an indicator or signal of their own potential success in that phase. The
other notable exception is the number of competitors in the FDA review stage. Though
the number of approved projects negatively affects a firm’s transition probabilities at any
stage, the number of projects in FDA review may also provide a signal of the focal project’s
potential success across the entire R&D process.

Can any of the mechanisms mentioned in the introduction of this paper through which
acquisition can affect innovation explain these patterns? I attempt to look at each mecha-

nism in isolation in the next two subsections.

5.2.1 Economies of Scale

We first investigate the role of economies of scale and scope by comparing the transition
probabilities of projects developed by big firms to non-acquired startups using the vari-
able Big in Table 3| Big firms have significantly higher transition probabilities than non-
acquired startups for all phases except phase I. In particular, a higher phase II transition
probability means that a big firm is more likely to begin phase III conditional on reaching
phase II, all else equal. This is what we would expect if big firms had greater financial
resources that enabled them to fund expensive phase III trials. Further, a higher FDA ap-
proval probability suggests that big firms may benefit from having more experience or
greater financial resources dedicated to interacting with the FDA and navigating the reg-
ulatory process. Therefore, for a project with the same characteristics, a project developed
by big pharma is more likely to be approved than a project developed by a non-acquired
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startup.

However, acquired projects do not seem to benefit from big pharma’s higher transition
rate at these phases. Acquired projects have significantly lower transition rates than big
tirms for preclinical, phase I, and phase II. Acquired projects have significantly higher tran-
sition rates for phase III suggesting that projects in this phase may benefit from economies
of scale. An alternative explanation is positive selection into acquisition on project quality
because projects in phase IIl have less risk concerning their safety and efficacy, as they may
already have results from pivotal trials and, at a minimum, demonstrated initial signs of

safety and efficacy in the preceding phases.

5.2.2 Killer Acquisitions

Next, we investigate the role of the killer acquisition motive on the transition probabilities
of acquired projects in Table 5| The regressor of interest is Overlap which is an indicator
equal to one if the acquirer had an ongoing project in that ICD-9 at the time it acquired the
focal project. There is no statistically significant difference in the transition probability in
any phase between acquired projects with and without overlap, though the coefficients on
preclinical and phase II are negative. The positive but insignificant coefficient on phase III
projects provides some suggestive evidence for positive selection on project quality into
acquisition at this phase. Big firms who have ongoing projects in a particular ICD-9 are
more likely to acquire projects in that ICD-9 that are ultimately successful in phase III, pos-
sibly due to their experience with the science and competitive landscape of that particular
market. The decrease in sample size for projects acquired in phase III vs. preclinical or
phase II makes the interpretation of an insignificant coefficient for Overlap more difficult
for this phase.

There are several potential explanations for the lack of evidence of killer acquisitions in
this data. First, defining markets using the ICD-9 is a considerably more narrow definition
than the market definition used in Cunningham et al. (2021)@ Further, this study uses
only a subset of the acquisitions included in their data, which includes acquisitions of firms
of all sizes and also asset acquisitions. Indeed, their motivating example of Mallinckrodt
acquiring the rights to Synacthen is an asset acquisition. As this study considers only
startup acquisitions, the two samples are quite different.

Together, the data suggest that there is persistent negative selection on project quality
into acquisition at the preclinical phase, phase I, and phase II that cannot be fully explained

by either killer acquisitions, differences in transition probabilities between big firms and

18Cunningham et al. (2021) use ATC2 and the mechanism of action listed in their data as their market
definition.
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startups, observable project characteristics, or the portfolio of the acquired startup. The
data also suggests there may be positive selection on project quality at phase III, as the
transition probability for acquired projects at this phase is well above the transition prob-
ability for big firms. Big firms that have experience in an ICD-9 may be better able to choose
target projects in that same ICD-9 that are ultimately successful in phase III, though there
is also evidence of economies of scale within the big firm at this phase.

5.3 Evidence on Entry

Acquisitions may not only affect projects already in development, but also on the number
of new projects entering development. We can use a multiple-event study framework fol-
lowing/Sandler and Sandler|(2014)) to analyze startup entry into an ICD-9 post-acquisition.
The framework is similar to that of a single-event study except that multiple event-time
dummies may equal one simultaneously rather than being mutually exclusive. Consider

the following specification

Am T
Ymt = Z Z ]l(t - t~am = w)ﬁw + >\m +'7tz + Emt

a=1 w=—
where a indexes acquisitions, m ICD-9s, t quarters, z potential market sizes, and w the
event window. The dependent variable y,,; counts the number of new startup projects
entering an ICD-9 in a given year-quarter. {,,, denotes the year-quarter of acquisition a in
market m. z € {1,2,3} represents the potential market size which corresponds to small,
medium, or large, respectively. ICD-9 and calendar time x market size fixed effects en-
sure we use variation in the number of entrants within ICD-9 to estimate each 3; while
also controlling for any shocks or time trends that affect entry across all ICD-9s within a
potential market size category. Lastly, the size of the event window 7 is set to five quar-
ters. Because the dependent variable is a nonnegative count, I employ a negative binomial
regression model in addition to OLS.

The coefficient estimates of /3, are displayed in Figure The dots represent the point
estimates for each coefficient and the bars are 95% confidence intervals. The standard
errors are clustered at the ICD-9 level. The specifications for the top left, top right, bottom
left, and bottom right graphs respectively are: OLS with ICD-9, market size, and year-
quarter fixed effects (FE); OLS with ICD-9 and market size x year-quarter FE; negative
binomial with ICD-9, market size, and year-quarter FE; negative binomial with ICD-9 and

market size x year-quarter FE. The reference line for each graph is equal to the coefficient

7The regression results for startup entry are reported in Table
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for the quarter immediately preceding the event. I run each specification using both entry
by startups and entry by all firms as the dependent variable.

The figure suggests there is a small decline in entry into an ICD-9 by both startups
and all firms generally after an acquisition occurs. Figures[Ijand [2 provided suggestive
evidence that pharmaceutical markets are non-stationary: there is an increasing number
of new startups and drugs originated by startups over the sample period. The pre-event
coefficients in all graphs appear to be picking up on this trend even with year-quarter
FE or market size x year-quarter FE, as the point estimates are increasing and have con-
tfidence intervals that do not include the reference line. This is particularly true for the
coefficients for the ends of the event window where the independent variable is the count
of the number of events that are more than -5 quarters away. Despite the increasing num-
ber of entering firms leading up to an acquisition, there is a decline in entry both among
startups and among all firms in the quarter the acquisition occurs and for two quarters
afterward. Most of these coefficients are just on the margin of statistical significance at
the 5% level. The entry count returns to the pre-acquisition level three quarters after the
acquisition before dropping again. One potential reason for this trend is the overlap be-
tween multiple event windows as big firms acquire several projects in the same ICD-9 in
close succession. This is particularly true in oncology markets which a large fraction of
the acquired projects belong to.

The results suggest there is a small decrease in entry in the wake of a startup acquisi-
tion. One potential reason for this is that the ratio of startups to big firms conditional on
the same number of competitors has now increased. There is now an additional compet-
ing big firm whose transition probabilities between phases are generally higher than that
of a competing startup. However, this analysis does not account for the dynamic equi-
librium effect of acquisition on entry, through which the opportunity for acquisition may
increase entry among startups. In the remaining sections of the paper, I build and esti-
mate a dynamic model to understand the equilibrium effect of acquisition on entry and

innovation.

6 Model

I build a dynamic oligopoly model of the pharmaceutical industry a la Ericson and Pakes
(1995)). The model will be set in continuous time with an infinite horizon. A Poisson ar-
rival process with govern the timing of moves by each firm. The reference time interval
in the model will be a quarter, so the magnitudes of the arrival rates and flow payoffs will

be quarterly. The model will endogenize discrete choices regarding drug development,
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startup acquisitions, and entry. Firms will receive IID Type 1 Extreme Value private infor-
mation shocks at every decision, implying Logit choice probabilities. The model will also
feature competition, incomplete information, and heterogeneity across firm sizes, ther-
apeutic categories, and market sizes. Selection on drug quality both across the phases
of development and into acquisition is captured by the model. Incomplete information
implies that firms do not observe the full state, leading us to adopt a moment-based equi-
librium concept introduced first by Fershtman and Pakes| (2012)) and formalized in [Ifrach!
and Weintraub) (2016)).

6.1 State Variables

Consider an infinite horizon, continuous time model. Let time be indexed by ¢ € [0, c0).
Firms discount future payoffs according to the continuous discount rate given by p. Let
markets be indexed by m = 1, ..., M and be independent from one another. For brevity,
I will omit the m subscript in what follows unless otherwise necessary. Firms may have
at most one project. Hence we index firms/projects by j = 1, ..., J. Each project is char-
acterized by a tuple s;; = (&, ¢;:,0;). & denotes fixed project quality. Project quality
is partially unobserved to the econometrician, though I delay the discussion of this as-
sumption for subsection ¢, is drawn i.i.d. from a Lognormal distribution with mean
pie.. and variance ¢, by the firm before entering R&D. Firms observe their own quality
draw but not the quality of competing firms. ¢;; € {—1,1,2,3,4} denotes the drug’s cur-
rent phase of development: discontinuation, phase I of clinical development, phase II,
phase III, and approval/marketing, respectively. To reduce the size of the state space and
the active number of firms, the preclinical phase is excluded from the model. However,
the transition rate from preclinical to phase I is matched to the entry rate. The FDA ap-
proval decision will be incorporated as an instantaneous approval probability and fixed
cost. Projects are developed by firms with a fixed type 6; € {1,2}, representing startups
and big firms, respectively. There is also a market-level state vector that firms keep track
of zp, = (Ym, 2m)- Ym € {1,2} represents the therapeutic category to which that market
belongs, corresponding to not oncology or oncology, respectively. Only two therapeutic
categories are allowed to reduce the size of the state space. Oncology markets in particular
have transition probabilities that are highly dissimilar from other therapeutic categories.
zm € {1, 2, 3} represents the potential market size which corresponds to small, medium, or
large, respectively. The mean and variance of the distribution from which quality is drawn
is allowed to vary with market size. The empirical specification of the profit function will

be strictly increasing in quality. Therefore, allowing a higher mean for larger market sizes
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will translate into higher average profits.

The full state of each market is given by the state of all the projects in the market plus
the market-level state: s; = (sy, ..., Syt, Tm). As firms do not observe the quality of compet-
ing projects, they cannot observe the full state, which implies that firms have incomplete
information. Instead, firms keep track of the full state s, of their own project, the market-
level states, and the phase of other firms n, = {¢_;,}, where —j denotes all firms excluding

the focal firm j. Because firms are symmetric, we can restate n; as

ny = {n¢>t}¢e{1,2,3,4}7

where ny is the count of firms at phase ¢ at time ¢. The moment-based state of firm j is
therefore defined by §;; = (&;, ¢ji, 05, e, T)-

6.2 Drug Development

To advance their project to the product market, firms must invest in costly clinical trials
when ¢; = {1,2,3}. For the duration of each phase, firms pay a fixed flow cost ¢4,
representing the costs of drug development. This flow cost may vary with the phase, firm
type, and therapeutic category to capture differences in R&D costs across the phases of
clinical trials, differences in transition probabilities across types, and across therapeutic
categories. The phase duration is stochastic and drawn from an exponential distribution
with parameter )\, .. Therefore, the average phase length is given by 1/, .. When the end
of the phase arrives, firms must make a discrete choice to either advance the project to the
next phase of R&D or discontinue the project. This choice is denoted by dj-s € {0,1}, where
df = limplies that the project was advanced to phase j+1. Drugs that are discontinued are
discontinued forever, earn zero profits, and receive no scrap value. Therefore, the value of
discontinuation is normalized to zero. Prior to their decision, firms receive choice-specific,
additive, private information shocks drawn from an Extreme Value Type 1 distribution
given by {egj, g‘fj}. Firms such that ¢, € {1, 2} make the following choice:
argmazx ng . Il(dd-) =0)+ (V(&,0; + 1,0;,n',2) + efj) . Il(dqj =1),

J J

d?e{0,1} (2)

where n' =n — ey, + €4, 41.

Here, e is a basis vector for the moment space with a one in the entry corresponding to ¢
and zeros in all other entries. Therefore, n’ denotes the change in the moment conditional

on the firm advancing. V represents the firm'’s value function, which I will formally derive
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in subsection [6.7.2]

6.3 FDA Review

If a firm chooses to advance from phase III of clinical trials, they must receive FDA ap-
proval to advance to marketing. FDA approval is modeled as a random, instantaneous
draw where the probability of approval is given by v. The approval decision is denoted
by FDA; € {0,1}, where FDA; = 1 implies that the project was approved. The firm must
also pay an instantaneous fixed cost cppa g, to take this draw. This fixed cost is allowed
to vary by type and therapeutic category and represents any costs to applying for and
obtaining FDA approval including the cost of assembling a New Drug Application, com-
municating with the FDA, providing supplementary data or information, revising label-
ing information, and conducting and complying with FDA facility inspections. Approved
projects automatically proceed to product market competition while rejected projects are
discontinued forever. Firms such that ¢; = 3 make the following choice:

argmazx Egj . Il(df =0)+ (v-V(&, 0, +1,0;,n',2) — crpagy + 5({5]-) . Il(d? =1),

dfe{0,1} (3)

where n' =n — ey, + €441

6.4 Product Market Competition

Firms can only profit from projects that are FDA approved with ¢; = 4. Firms receive
flow profits w(&;,0;,n, z) until the patents for the project expire. Flow profits are a func-
tion of the project’s quality, the firm’s type, the moment, and the potential market size. In
particular, the number of competing firms in product market competition will affect flow
profits. The duration of patent protection is stochastic and distributed according to an ex-
ponential distribution with parameter A\,. Although firms know exactly when the patents
on their project expire, the total patent term is stochastic due to the risk of litigation]]
When generic entry does occur, I assume the firm’s flow profits fall to zero. Generic entry
is modeled as though the generic project replaces the branded project. This means that
the moment does not change, but the focal firm’s profits are affected. However, a project
may exit product market competition before or after generic entry due to safety concerns,

8The model assumes that patents protect projects, not drugs, which is not the case in reality. Generally,
firms have many patents on each drug. Strong patents like the patent on the molecule or active ingredient
are very likely to be found valid and infringed in court. Other patents are likely to be more dubious and are
used as a strategy to extend a drug’s patent protection. These patents are more likely to be challenged by
generic firms that are blocked from entering the market (Hemphill & Sampat|2011}[2012). If these patents
are found invalid or not infringed, then this may change the term of patent protection for the drug.
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lack of demand, or high production costs. The duration of product market competition is

determined by an exponential distribution with parameter \,.

6.5 Entry

There is a single potential entrant of each type at any given point in time. The arrival
rate of entry opportunities is stochastic and distributed according to an exponential with
parameter A ,. The total number of firms for a given phase is bounded above by J; ..
That is, ny < Js.. Bounding the total number of firms in each phase at the market size
level reduces the size of the state space[l] We can also think of bounds at the phase level
as representing constraints on the number of locations or patients through which clin-
ical trials may be carried out. When ny = Ji., Ac14, Ae2s = 0 so the length of time
between entry opportunities is infinite and there is no entry. When the constraint is not
binding, Ac14, Ae2x > 0. After receiving the opportunity to enter, the potential entrant
draws their project quality £; ~ Lognormal (s ., <Z.). The potential entrant also receives
choice-specific, additive, private information shocks drawn from an Extreme Value Type 1
distribution given by {c(;, £7,}. After observing their quality draw and choice shocks, the
firm makes its entry decision e; € {0, 1}, where e; = 1 denotes that the firm chose to enter.
Firms that enter do so at phase 1 and do not pay any fixed entry costs. Firms that choose
not to enter disappear forever and are replaced by a new potential entrant. Therefore, the
potential entrant makes the following choice:

argmaz gg; - L(e; = 0) + (V(§, 05 = 1,05, 0", 2) +e;) - L(e; = 1),
e;€{0,1} (4)

where 7' =n + e;.

6.6 Acquisition

The big firm that is a potential entrant may also enter R&D through the acquisition of a
startup. The opportunity to acquire arrives stochastically according to an exponential dis-
tribution with parameter )\, ,. If the opportunity to enter arrives before the opportunity
to acquire, then the big firm faces the entry decision described in subsection[6.5} If the op-
portunity to acquire arrives first, then the big firm faces the acquisition decision described
here. Upon the arrival of the acquisition opportunity, the acquirer selects its target startup

9Exogenous bounds at the market size-level reduce the number of possible states for smaller markets.
However, if a single bound is exogenously imposed on each phase for all market sizes, lower upper bounds
would arise endogenously for smaller markets through the profit function, as projects in smaller markets
generate lower levels of revenue. As a result, these markets can sustain fewer competitors.
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k by taking a uniform draw from all active startups such that ¢, € {1,2,3}. The acquirer
then observes the target’s project quality ;. The acquisition price pj,_paid by the acquirer
to the target is determined using Nash Bargaining. There is also a fixed acquisition cost
cg, that varies with the phase of the target and must be paid by the big firm if the target
is acquired. This fixed cost may represent the cost of due diligence by firms who choose
to acquire. The acquirer also receives choice-specific, additive, private information shocks
{e6;,€1;} that are drawn from an Extreme Value Type 1 distribution. A potential entrant
big firm that does not acquire disappears forever and is replaced by a new potential en-
trant big firm. The decision of acquirer j to acquire target k, denoted by a;;. € {0, 1} where

a;; = 1 implies that the acquisition occurred, is given by

arg?mf eoj - Waje = 0) + (V(&, b, 05 = 2,n,0) — pg, —cg, +¢1;) - Laj = 1) (5)
ajke 0,1

The big firm proposes an acquisition if the value of acquiring exceeds the value of not
acquiring. From the perspective of the startup, there is some exogenous probability that

they are acquired. The Nash Bargaining problem determining pg, is given by

maa (V (& 65,05 = 2,m, ) = p§,)" - (PG, = V (ks Por Ok = 1,m, )" (6)
where r is the big firm’s bargaining power parameter[”| The first term in parentheses is the
big firm’s surplus from acquiring, given by the difference in its continuation value with
an acquisition minus the acquisition price and its continuation value without an acquisi-
tion, which has been normalized to zero. The second term in parentheses is the startup’s
acquisition surplus which is the acquisition price minus the continuation value without

an acquisition. Solving this optimization problem, the acquisition price is equal to
p;k - <1 o /{) ) V(gk’¢J = 2,9]‘,77/, .1') Tk V(gka ¢k = 179kanax) (7)

A necessary (but not sufficient) condition for an acquisition to occur is a positive total
surplus to be split, V (&, ¢; = 2,60;,n,2) — V (&, ¢ = 1,0, n,x) > 0. While an acquisition
does not change the moment faced by firms that are neither the target nor the acquirer,
the acquisition rate will still affect third parties through the transition probabilities, which

I describe next.

2Note that neither the fixed cost of acquisition nor the idiosyncratic shocks enter the Nash Bargaining
problem because they are sunk before negotiations begin, though firms are forward-looking regarding the
outcome of bargaining.
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6.7 Moment-Based Equilibrium
6.7.1 Transitions

The assumption of incomplete information regarding the quality and type of competi-
tors requires adopting an equilibrium concept that is not the Markov Perfect Equilibrium
(MPE). Instead, I adopt a moment-based equilibrium concept (Ifrach & Weintraub|2016)).
Firm strategies and value functions depend on the moment-based state 5;; instead of the
tull state s;. In the model where firms observe the full state of their competitors, an MPE
exists and firms use Markov strategies, which create a transition kernel that is a Markov
process (see Arcidiacono et al.[2016). However, the dynamics of the moment-based state
are not necessarily MarkovfT| To define the equilibrium in moment-based strategies, a
Markov approximation of the dynamics of the moment-based state is required. Because
firms do not observe the quality or type of their competitors, they must form a belief about
the probability that a competing firm takes a given action conditional on the competing
tirm’s phase, the current moment, and the market-level state. I assume this belief is formed
by integrating the firms’ best response probabilities over their quality and type using the
average joint distribution of firm quality and type conditional on the firm’s phase, the
moment, and the market-level state.

A moment-based strategy for firm j is a mapping from the moment-based state (s;,¢;) €

S x R? to an action in its choice set,
Aj : (S’Ajvgj) — {Oa 1}7

where A = (a, d, e) is the firm’s acquisition, development, and entry strategies. Given the
distribution of the choice shocks, the strategy .A; implies a response probability for each
moment-based state:

oU($)) = PriA;(8),¢5) = 115)].

With Extreme Value Type 1 shocks, the response probabilities are Logit choice probabili-
ties. In equilibrium, we will require that all firms adopt symmetric strategies, so we drop

the subscript j on strategies and response probabilities going forward.

ZConsider a discrete-time capacity competition model where the relevant moment is the sum over the
capacity of all competitors. An underlying full state of three competitors each with a capacity of 10 or one
competitor with a capacity of 30 has the same moment; the sum over competitors’ capacities is 30. But these
states do not necessarily yield the same probability distribution for the moment next period. For example,
allow firms to make a discrete choice to increase their capacity by one unit next period and assume they
pursue this strategy with positive probability. Then with positive probability, the moment next period will
be equal to 33 in the model with three firms while the probability of this state transition is necessarily equal
to zero in the model with one competitor.
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Consider a dataset of observations {8,,;,t, : m = 1,...,M,l = 1, ..., L,,} sampled over
the time interval [0, 7] where §,, is the vector of firms’ moment-based state immediately
prior to the [-th non-continuation action in market m and ¢, is the time the action is taken.
Define the perceived transition probabilities as the average response probability condi-
tional on the phase ¢, moment n, and market-level state x:

2
oal@n,x) =D > 0alé ¢,0,n,3) PE|e,0,n,2] - PlO]o, n, ], (8)
3

=1

where

Dom 212 W&mi = & bjmt = &, 0jot = 0, gt = 1, Ty = )

P ,0,n, x| = limsu , (9
[glqb } T—>oop Zm Zl Z]‘ IL<¢jml = ¢7 ejml = 97 Nl = Ny Ty, = -1') ( )

R 1O =0, 0y = 0Ny =Ny Tyy = T
P[0]¢,n, x] = limsup Lo 21 2 L Gjmt = &, T ) (10)

T—o00 Em Zl Ngml - ﬂ(nml =N, Tym = x)

Because firms are symmetric, they can calculate the conditional choice probabilities of
their competitors at each moment-based state. Even though a firm cannot observe its com-
petitors” quality or type, they are able to compute the average quality and type distribu-
tions in equations (9)) and (I0]) by forward simulation using the choice probabilities for a
given initial quality and type distribution. I assume the average quality and type distribu-
tion is common knowledge. Intuitively, this reflects the firm’s knowledge that competitors
in consecutively later stages of R&D will have successively higher quality draws on aver-
age and that the distribution of these quality draws will differ by type. The firm uses the
average quality and type distributions together with their beliefs about competitors” con-
ditional choice probabilities to calculate the average choice probability unconditional on

quality or type in equation ().

6.7.2 Value Functions

The value functions for each firm are constructed using the perceived transition probabil-
ities and profit function described above. For brevity, only the startup’s value functions
are presented here | Denote as V(3;) the value of being in the moment-based state ;. For

22The big firm’s value functions are presented in Appendix
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ease of exposition, define the function which describes changes in the moment n:
N (P, t1,09) =N — 11 -y + Lo+ Bpp1. (11)

where 1,15 € {0,1}.
Following |Arcidiacono et al.| (2016) and Blevins| (2022), I construct the startup’s value
function for ¢ € {1, 2,3} as:

V(& 05, 1,n,x) =

4
(Z A(bac 7’L¢+ el,x+)\e,2,z) '66(_1anax)

o=1
~ -1
Fhae - (S - PO =116,m,2]) - 00(&, 05, 1,m,2) - (1= k) + )

3
: (_C¢,7711y + Z )‘qﬁ,x : (TL¢ - ]l(gb = ¢j)) : <&d(¢a n, £L‘) : V(€j7 ¢j7 17n/(¢a 17 1)>I)

p=1

+ (1= Gal6,m,2)) - V&, 85, 1,1(6, 1,0, )

+ )\4 2 V(fj? (bj? 1,71/(4, 17 0)7 l’)
+ (Ae,l,z + )\6,2,36) . 6.6<_17 n, iIZ') : V(€j7 (bju 17n/<_17 07 1)71’.)
+ )\a,m : (Eizlntﬁ ’ p[e = 1|(b,77,,l‘])71 : 0a(£j7¢j7 17”733) ' (1 - Ii) ’ V(£j7¢j727n7'r)

+ X0 (7+log(1 +exp{r' = V(& ¢4+ 1,1,0/(¢5,1,1),2) — L(¢; = 3) - cFDA,Ly})))
(12)

The right-hand side of the equation is grouped into six parts and each part begins with
a left-justified line. Part one is the discount rate plus the coefficients on the value function
of the expected value of no state change. Part two begins with the flow cost of R&D.
The remaining portion of part two through part six represent respectively the expected
value of a competing firm advancing or discontinuing development, a competing firm
exiting the product market, a competing firm entering development, the focal firm being
acquired, and the focal firm advancing or discontinuing development. These expected
values are determined in general by the product of the value function, the firm strategies
or perceived transition probabilities, the number of firms in each phase and of each type,

the move arrival rates, and the distribution of the choice shocks.
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The startup’s value function for ¢ = 4 is given by:

4

-1
V(gja 4a 17 n, l’) = <Z )\zi),a: : nd) + ()\e,l,:c + )\6,2,1) . &e<_17 n, .T) + )\g + p)
¢=1

3
: (W(é}-, Lng,2)+ Y Ao (ng— 1(d = ¢;)) - <&d(¢7nax> V(& ¢5,1,1(9,1,1), @)

p=1
+ (1= 5a(9.n,2)) - V(g 65 1,1(6,1,0),))
+ )\4 . (TL4 — 1) . V(§j7¢j> 1,’/7/(4, 1,0),!22')

+ (Ae,l,x + )\6,2,1) . 6.€<_17 n, .T) : V(gja ¢j7 17 n/(_17 07 1)7 1’)) (13)

The parts of this value function have a similar explanation as above except the focal
tirm now receives flow profits, cannot be acquired by a big firm, and cannot transition to
a higher state. The firm’s value function is equal to zero upon the arrival of generic entry,

captured by ), or the arrival of discontinuation in the product market according to \,.

6.7.3 Equilibrium Definition

A moment-based equilibrium is an equilibrium in symmetric moment-based strategies.
The strategies A(s;,¢;) € {0,1} for A = {a,d, e} constitutes a best response if it solves
equations (2)), (3), ), or (§)), given firm j’s moment-based state, beliefs about the strate-
gies of other players, and the model primitives. Following Milgrom and Weber| (1985)), I
characterize the moment-based equilibrium in probability space according to the equilib-
rium best response probabilities o 4. The equilibrium best response probabilities (o, 04, 0,)

are a moment-based equilibrium if:

(i) they correspond to the best response strategies satisfying equations (2), (3]), (),
and ), respectively, for all §; € S given the model primitives and that firms play
symmetric strategies.

(ii) The beliefs in equation (§)) are consistent with the best response probabilities for
each s; € S.

Ifrach and Weintraub| (2016)) prove that a moment-based equilibrium always exists
for a model in discrete time using an argument similar to Doraszelski and Satterthwaite
(2010) and some additional technical conditions to deal with possible discontinuities in
the perceived transition kernel in states outside of the recurrent class. I follow this proof

to show the existence of the moment-based equilibrium in continuous time in Appendix
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Although continuous time eliminates multiple equilibria due to simultaneous moves,
uniqueness is not guaranteed in general. As a result, we must assume a single MME is
played in each moment-based state and that all players expect the same equilibrium to be
played at all times both in and out of sample. The algorithm to compute the MME is based
on value function iteration with a simulation step to compute the perceived transition ker-

nel. For details, see Appendix D}

7 Estimation

7.1 Identification

The parameters of the model include the discount rate p; the rates of state changes { . 1 .,
Xe.2.zs Nazs )\¢7$}§)’i’f’7 y=1..=1, Ag; the FDA’s approval probability v; the fixed costs of drug
development {c¢797y}z’i’i 9=1.y=1/ \CFD Aﬁ,y};ﬁl,yzl; the fixed acquisition costs {c}}3_,; the
bargaining parameter «; the initial quality distribution parameters {y ., <¢,}:_,; and the
profit parameters &, .. In this section, I discuss the modeling assumptions and data which
together identify each of these parameters.

We choose a value of the discount rate p and assume that all of the model’s shocks are
distributed according to a Type 1 Extreme Value distribution. We also choose ), ... The ac-
quisition arrival rate cannot be identified from the data because we do not observe when
potential acquirers choose not to acquire. This is analogous to choosing the length of a
period in a discrete-time model. Assuming that the arrival rate of each phase follows an
Exponential distribution and that we observe the start and end date of each phase, { . 1 .,
/\672@};&@:1 are identified from the length of time between consecutive phase end arrivals
for preclinical development. The rate parameters {A¢7Z}i7517zzl are identified from the in-
verses of the mean phase lengths. Similarly, )\, is identified by the inverse of the average
time from a project’s approval to the time of generic entry. While this parameter can be
estimated from the data, I externally calibrate \, using estimates of the average length of
patent protection available in the literature. The FDA’s approval probability v is identi-
tied as the share of firms that receive FDA approval in the data conditional on submitting
an NDA. The demand parameters £ and J, are identified using standard arguments for
identification in OLS.

Next, we can identify the fixed costs of FDA review {cpp A797y}3217y:1 and the flow costs

of development {c¢,9’y}2’,’i 12 9—1.,—1 by backward induction. First note that the perceived

y=1
transition probabilities 64(¢, n, z) and 6.(—1,n, z) are non-parametrically identified from

the transition rate between development phases and the entry rate together with the esti-
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3,2

mated values of {\c 1.2, Ae 2}y 21 =1

respectively. As a result, every term in equation )
is identified or observed except for the value function evaluated at each moment-based
state. Consider a model with no project quality and therefore no individual unobserved
heterogeneity. If there are IV, total moments such that ¢ = 4 and ¢, = are fixed, then equa-
tion (13]) implies a system of N, equations with N; unknowns. There is a unique solution
for this system and therefore the phase 4 value function is identified. We can then identify

{crp A,g,y}zﬁlyyzl using the model-implied development choice probability for phase 3:

exp{v-V(4,0,n'(3,1,1),x) — crpapy}

Ud<37 97 n, .’E) = 1+ exp{V . V(4, 67 n’(3, 1, 1), l‘) — CFDA,@,y}

(14)

Here, 04(3, 60, n,z) is non-parametrically identified using the transition rate from phase 3
to FDA review conditional on 6, n, and z. Thus, everything in this equation is identified
or observed except {crp Aﬁ,y}gfl’yzl. Intuitively, the fixed cost of FDA review is identified
by the transition probability from phase 3 to FDA review conditional on firm type and the
therapeutic category. Because crpa g, does not vary with project quality, this argument
generalizes to the model with individual unobserved heterogeneity.

We can work backward to identify the flow costs of development for each phase. Con-
sider the model-implied development choice probability for phase 2 in a model without
individual unobserved heterogeneity:

exp{V(3,0,n'(2,1,1),z;¢30,)}

) 1
0a(2,0,n, 1) 1+exp{V(3,0,n(2,1,1), x5 ¢c304)} )

In this case, we can identify the phase 3 value functions using the Hotz and Miller| (1993))

inversion:
V(3,0,n'(2,1,1),2) = log(od(Q, 0,n, z)) — log(l —04(2,0,n, x)) (16)

Now, we can use equation ([I2)) to identify ¢, as it is the only remaining term that has not
been identified or is observed. The identification of the remaining flow costs is analogous.
Intuitively, the transition rate from phase ¢ to phase ¢ + 1 of type 6 firms in therapeutic
category y identifies cy11,9,.

Similar to the flow costs of development, the fixed costs of acquisition are identified
using the acquisition probability conditional on the phase of the target. Recall the model-
implied acquisition choice probability where the target is in phase ¢:

exp{x - (V(gb, 2,n,z) — V(o, 1,n,x)) —c3}

Ua(¢7 1, n,x) - 1+ eXP{ff : (V(¢7 2,n, I) - V(¢, 1, n7m)) B C%}

(17)
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The Hotz-Miller inversion implies:

ke (V(g,2,n,2) = V(g 1,n,x)) —c§ =log(o.(¢, 1,n,x)) —log(l —04(¢,1,n,x)) (18)

Here, the acquisition rate of targets in phase ¢ identifies cj. As with the fixed development
costs, because c¢j does not vary with project quality, this argument generalizes to the model
with individual unobserved heterogeneity.

The bargaining parameter is separately identified from the fixed acquisition cost using

observed acquisition prices:
pik - (1 B ’%) ’ V(¢,2,n,x) + K- V(¢71,n,$)

The only remaining model primitive to be identified are the parameters of the ini-
tial quality distribution {y .,<?,}3_,. For projects that reach marketing, we can identify
project quality using project fixed effects ¢;,, in equation ([19)). This is a selected sample
since we can only identify project quality for projects that reach marketing. We account
for this selection process using the model-implied CCPs at each phase in order to identify

the parameters of the initial quality distribution.

7.2 Estimation

The model is estimated using a full-solution variant of the maximum likelihood estima-
tion proposed in |Arcidiacono et al| (2016) for dynamic games in continuous time. The
unobserved heterogeneity in the model prevents us from using a two-step method which
does not require solving for the value functions. In an initial step, the profit function, ar-
rival rate parameters, FDA approval probability, and perceived transition probabilities are
estimated separately. Next, the maximum likelihood function for the observed sequence
of moves is constructed as a function of the model-implied CCPs. Because the model-
implied CCPs depend upon the value function, the value function is solved through value
function iteration at each evaluation of the maximum likelihood function. Because the
perceived transition probabilities can be estimated directly from the data, no simulation

is required during the estimation to solve for the value function.

7.2.1 Estimating Profits

The firm’s profit is modeled as a reduced-form function of the moment-based state:
mj =& + f(n4; 0x) + €7, (19)
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where E[e7|3;] = 0, f is a flexible function of the number of competing projects, and 4 is
a vector of parameters. Project quality ¢; is mapped into the project-specific intercept or
fixed effect. In this way, project quality is only partially observable to the econometrician
since the project fixed effect can only be identified for projects that reach product market
competition. The economic interpretation of project quality is the mean monopoly profit
for firm j.

Instead of using a model of consumer demand to derive marginal costs, I use late sam-
ple generic prices as a measure of marginal costs. As a result, firm profits can be estimated
directly from the discrete-time demand data. [Reiffen and Ward (2005) show that market
prices begin to approach the long-run marginal cost after significant generic entry occurs.
For each molecule, the lowest late sample generic price is used as the estimate of marginal
cost for all producers in that molecule. For drugs that did not experience any generic entry
during the sample period, the marginal cost is estimated using generic prices for drugs in
the same therapeutic class, drug type (biologic vs. small molecule), and product form
(pill, liquid, 1V, etc.)ﬁ We use the estimates of marginal cost to estimate firm profits in a
given quarter as 7y = (Pjmt — MCjme) X ¢jmi, Where p is the price, mc is the marginal cost,
and ¢ is the quantity for an approved project j in market m in quarter ¢.

Using the estimate of firm profits, project quality {; and the parameter vector J, is esti-
mated using OLS. Denote by 0, and ¢ the estimated profit parameters and project qualities.

Denote the predicted value of profits by 7.

7.2.2 Estimating Arrival Rates

The arrival rate parameters {/\M}iif’ ,—1.—1 are estimated as the inverse of the observed

mean phase lengths within each market-level state. To empirically incorporate the preclin-
ical phase of development into the model, the entry rate parameters { . 1 ;, Ac2.s }55172:1 are
estimating using the arrival rate of the end of preclinical development conditional on firm
type and market-level state. A, is chosen to be three times the observed acquisition rate

conditional on the market-level state. To estimate these parameters and account for cen-

BTherapeutic classes for marginal costs are defined using EphMRA codes. I begin by filling in
drugs with missing estimates of marginal costs using the mean marginal cost of drugs in the same
EphMRA level-4 code. For drugs that are still missing marginal cost estimates at this point, I then
use the mean marginal cost of drugs in the same EphMRA level-3 code. This is repeated up to the
EphMRA level-1 code. For biologic drugs, lower-cost biosimilars are rare and often do not have prices
near marginal cost. For biologics exceeding $100 per standard unit, I assume that marginal costs are $150
per gram. A 2017 Morgan Stanley report estimated the cost of producing biologics at between $95-225
per gram. See https://www.forbes.com/sites/theapothecary/2019/03/08/biologic-medicines-the-biggest-
driver-of-rising-drug-prices/?sh=1e23a43{18b0. I then fill in biologics with missing dosage levels using the
same methodology as above.
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soring of the data, I construct the likelihood function of the observed arrival rates using
the assumption of a Poisson arrival process governing the opportunities to move. The data
is structured as a sequence of moves taken by firms in each market over time [0, 7]. Let
markets be indexed by m = 1, ..., M and moves within a market be indexed by [ =1, ..., L,,.
Define 7,,,; = t,y — t,—1 to be the time elapsed between the arrival of move opportunities
land ! —1. Let (6,1, i, ©m) be the type, moment, and market-level state faced by the firm
immediately preceding move [. Let e,,;, dgny € {0,1, —1}, ayy € {1, —1} denote the action
taken by the firm at move [ where —1 implies that the opportunity for such action did not
arrive. Let the subscript 7' denote the final state and time interval after the last action but

before T. The likelihood function is given by

M Ly 3
L= H H {exp [_Tml (Z Nepmi - )\(Wcm + /\6,1,$m + )\672735m + )\Q,LVL)]

l =1
Ydom#=1) - \emA=D) o \Lapz-1)

DmlTm €,0m1,Tm a,Tm

3
X exXp [_TmT (Z N¢mT * )\¢>,mm + )\e,l,xm + )\e,Q,Im + )\a,xm)>] .

¢=1
Ag is externally calibrated using estimates of the length of patent protection in the litera-
ture | Specifically, projects have a mean patent protection length of 50 quarters. Denote

these estimated rate parameters by \.

7.2.3 Estimating Perceived Transitions

The perceived transition probabilities in equilibrium are required to calculate the value
function for each guess of the structural parameters. 6.(—1,n,z) and 64(¢, n, z) are esti-
mated for ¢ € {1,2,3} and for all n, = as a flexible function of the state variables using
a Logit regression. The parameters for entry are estimated via the transition rate from
preclinical to phase I. Let 6. 4(¢, n,z;d,.) denote the reduced-form perceived transition
probability where d4. is a vector of parameters that are phase and market size-specific.

Specifically, the perceived transition probabilities are estimated by

exp(f(n,y,dp:))
1+ exp(f(n,y,04.))

ZThere are many estimates of the length of market exclusivity in the literature. Grabowski and Kyle
(2007) estimate a range of 12-15 years. A 2017 journal article from The Commonwealth Fund esti-
mated an average of just over 12 years. See https://www.commonwealthfund.org/publications/journal-
article/2017/sep/determinants-market-exclusivity-prescription-drugs-united.

&A(¢7 n,x; 5@52) ==
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The distribution of firm types in equilibrium conditional on the phase, moment, and
market-level state, P[0]¢, n, z], is also estimated using a flexible function of the state vari-
ables using a Logit regression. Recall that firms do not observe the types of their oppo-
nents, so they must form a belief about the share of firms in each phase which are startups
or big firms. Let P[0 = 1|¢, n, 2] denote the reduced-form probability that a firm in phase
¢ while the moment is n and the market-level state is x is a startup, which has the form

exp(f(n, y, 0gyz))

[9 ’¢7n7x’ 59¢Z] 1+ eXp(f(n;y769<1575))7

where 6y, is a vector phase and market size-specific parameters.
The FDA approval probability v is estimated as the probability that a project is ap-
proved conditional on submitting an NDA for FDA review. Denote by 4 the vector of

estimated 0 parameters and v.

7.2.4 Estimating Dynamic Parameters

. 3,2,2 2,2
Denote the dynamic parameters by C = ({C4.0.y}571 g—1—15 {CFDAGY } o1 410 €6 om1s B

{13321, {sZ.}3=1). The dynamic parameters are estimated through a nested fixed point
algorithm. For each guess of the dynamic parameters, the value functions are solved us-
ing value function iteration. No simulation step is required because we have estimated the
equilibrium perceived transition probabilities directly from the data. The value functions
are used to construct the model-implied conditional choice probabilities of advancing at
each phase, entering, and acquiring. The model-implied CCPs are then used to construct
the likelihood function for the observed sequence of moves in each market. Because qual-
ity &;,,, is not observed for projects that do not reach marketing, the likelihood contribution
of these projects is summed over the unobserved project quality. Since each firm’s quality
is private information, it only enters its own moment-based state and value function. This
means that project j’s quality only needs to be integrated over project j’s contribution to
the likelihood.

For simplicity, the log of the project fixed effects are used in the estimation so that the
initial quality distribution is Normal. To reduce the number of parameters that need to be
estimated, the log project fixed effects are standardized at the market size level. With the
distribution of standardized log project fixed effects having mean zero and variance one
in each market size, we can treat the fixed effects as a single distribution and estimate a
single mean ji¢ and variance ¢} for the initial quality distribution. {p.}3_, {¢Z.}?_, can
be backed out by multiplying the estimated initial distribution by the standard deviation

and adding the mean of the log project fixed effects within each market size. Denote the
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standardized log value of ¢;,, by ~;?m.

The value function can be expressed as a function of the estimated rate parameters, the
parameters governing the perceived transition probabilities, the estimated perceived prof-
its, the dynamic parameters, and the moment-based state: V'(3;(¢7), X, 6, 7,C).The value
function is then used to express the model-implied CCPs for development, entry, and ac-
quisition as a function of these objects as well:

o
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B 2(&5), )= 1 =23) crpagy}
1+ exp{ﬁﬂ(¢:3) ’ V(‘%(S*)a 5\7 57 77(7 C) - 1(¢ = 3) : CFDA,&y}’

exp{r - (V(3,(&),X,0,7,C) — V(3;(&
&)\,

C1exp{r- (V(8(
where §; denotes the new state associated with each choice and &; is the firm’s standard-

J

ized log quality. For brevity, I omit the dependence of the CCPs on ), §, 7 in what follows.

The likelihood function for the sequence of moves in each market is constructed using
the joint likelihood of the next change in any firm’s moment-based state occurring after
an interval of length 7 and being the result of player j taking a non-continuation action,
e; =1,a; = 1,d; € {0,1}. Let markets be indexed by m = 1,..., M. Let moves within
a market be indexed by [ = 1,..., L,, and projects by j = 1,..., J,,,. Consider a dataset
{Spmist :m=1,..,M,l =1, ..., L, } sampled over the time interval [0, T| where 3, is the
vector of firms’ moment-based state plus the market-level state immediately prior to the [-
thnon-continuation action in market m and ¢,,; is the time the action is taken. For approved
projects, the moment-based state is known because we have an estimate of the project’s
quality using &;,,. For projects that do not make it to marketing, we cannot observe the full
moment-based state. Define 7,,; = ¢,,; — t,,,—1 to be the time between events [ and [ — 1.
Let A, € {—1,0,1} denote the action taken by firm j at move [ for A € {a,d, e}. If firm j
did not move at [, then A;,,, = —1. If firm j did move at [, but the move arrival was not for
action A, then A4;,,, = —1. Let §;,,; be the moment-based state faced by firm j immediately
preceding move [ in market m. Let 0;,, = 1 if quality is observed for project j in market m
and o;,, = 0 otherwise. Finally, let N (£*; ¢, <) denote the discretized Normal distribution
where ¢* € {¢", ...,£"}. The likelihood function is given b

%For a detailed derivation of the likelihood function, see Arcidiacono et al.| (2016)).
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We obtain C as the arg max of the likelihood function over the parameters.

7.2.5 Implementation

I use a grid to approximate the number of competitors in each phase to reduce the size of
the state space and keep the estimation and counterfactual simulations tractable. Restrict-
ing the maximum number of firms at the phase and market size-level using J, . further
reduces the size of the state space because the same grid is used for each market size. In the
data, the maximum number of competitors in each phase is increasing in market size. For
small markets, the maximum for each phase is 15, 24, 11, and 14, respectively. For medium
markets, 40, 57, 20, and 23. Finally, for large markets, 89, 129, 48, and 57. I set .J, . for each
phase and market size equal to these values plus one such that the maximum number of
competitors never binds. These cutoffs are operationalized by adding an exogenous (to
the firm) probability that the firm is unable to move to the next phase even if they choose
to do so when the state is equal to the highest grid point. I use four grid points per phase
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to approximate the number of competitors. This corresponds to four bins where the grid
consists of the midpoint of each bin. The bin cutoffs are close to the quartiles of the number
of competitors for each phase across all market sizes. However, the exact quartiles are not
used in order to reduce the number of states in small and medium markets by taking into
account JW@ The final cutoffs for the grid are {8,19,41,90} for phase I, {11,25,58,130}
for phase 11, {5, 12,21, 49} for phase I1I, and {4, 9, 24, 58} for marketing. These correspond
to the {25, 50, 81, 100}, {25, 55, 85,100}, {25, 70,91, 100}, and {47, 69, 95, 100} percentiles for
each phase, respectively. For a more detailed description of the model using the grid ap-
proximation and the restriction of the maximum number of firms at the phase and market
size level, see Appendix |E| Finally, I use seven points to approximate the distribution of
standardized log quality £*, f}‘m: {-5,-3,-1,0,1,2, 3} This results in a state space with
50,540 states.

The final sample for the structural estimation (which is the same sample used for the
descriptive analysis) contains 40,730 observed state changes across 230 markets. The total
number of entrants into preclinical over the sample period for small, medium, and large
markets is 114 or fewer, 115 to 391, or 391 and greater, respectively. This market size defi-
nition results in 92 small markets, 70 medium markets, and 41 large markets. Examples of
small markets include meningococcal meningitis; esophageal, cervical, uterine, and thy-
roid cancers; sickle-cell anemia and hereditary hemolytic anemias; angina pectoris; renal
failure; and uterine endometriosis. Examples of medium markets include stomach, liver,
bladder, and kidney cancers; type 1 diabetes; schizophrenia; anxiety and neurotic disor-
ders; epilepsy; migraines; muscular dystrophies; ulcerative colitis; and chronic liver dis-
ease and cirrhosis. Examples of large markets include HIV; hepatitis; colon, pancreatic,
lung, skin, breast, ovarian, prostate, and brain cancers; type 2 diabetes; obesity; depres-
sion; Alzheimer’s and other cerebral degenerations; Parkinson’s; multiple sclerosis; hy-
pertension; asthma; Crohn’s disease; and rheumatoid arthritis. There are 645 acquisitions
with 335 in phase I, 226 in phase II, and 61 in phase III[®| Finally, there are 655 approved
projects matched with demand data. Of these projects, 167 are in small markets, 218 in

%Consider the following example. Let the cutoff be right-inclusive. Using the cutoffs {8, 16,41,90} for
phase I will result in two possible bins for small markets, three for medium markets, and four for large
markets. On the other hand, the cutoffs {20, 45, 65, 90} results in one possible bin for small markets, two for
medium markets, and four for large markets.

¥In unreported results, the estimates of the structural parameters are robust to the specification of the
quality grid.

28 Acquisitions undertaken in phase, II, or IIl will be the same as those in the descriptive analysis. Because
the preclinical phase is absent from the structural model, only projects acquired in the preclinical phase that
reached phase I are present. This explains the discrepancy between the number of projects in the descriptive
analysis versus the structural model. These projects are modeled as being acquired instantly after entering
phase L.
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medium, 270 in large. Though acquisition prices are available for a subset of the acqui-
sitions, I assume that the bargaining weight x = 0.5/] Because the drug demand data is
quarterly, the unit time period is normalized to one 91.25 day-quarter. The discount rate

p is set to 0.0195, which corresponds to a yearly discount factor of 0.925

8 Results

8.1 First-Stage Estimates

The estimates of the reduced-form profit function are given in Table[6|, where the depen-
dent variable is quarterly firm profits in millions of dollars. Profits are modeled as a func-
tion of the number of competing approved projects and a project fixed effect. As a result,
the project fixed effect (or project quality) is interpreted as the project’s monopoly profit.
Column (1) simply regresses profits on market size category dummies to show that av-
erage firm profits are indeed increasing in the proxy chosen for market size. The average
small, medium, and large market project makes $40.39, $45.73, and $50.84 million per
quarter, respectively, not controlling for the number of competing projects. In columns
(2) and (3), the market size category dummies are dropped and profits are regressed on
the number of competing projects and its squaref| Column (4) instead uses the log num-
ber of approved projects. In all specifications, firm profits are decreasing in the number of
competitors within the relevant range. The preferred specification in column (3) suggests
that one additional competitor leads to a $2.92 million decrease in quarterly profits but
that this decrease is declining in magnitude as the number of competitors increases. In
other words, profits are convex in the number of competitors.

The estimated density of project fixed effects, or quality { of approved projects, is
shown in Figure 9] The left-hand side displays the estimated fixed effects while the right-
hand side displays the log fixed effects standardized by market size category. The mean
log fixed effects are 3.23, 3.48, and 3.93 for small, medium, and large markets, respectively.
The corresponding standard deviations are 1.20, 1.03, and 0.79. The distribution for each
market has a lot of mass concentrated at relatively low values of quarterly monopoly prof-
its. Over 95% of firms in the sample have monopoly profits less than $200 million per
quarter and over 85% of firms have monopoly profits less than $100 million. However,

#In later versions, this parameter will be estimated using observed acquisition prices.

3The discount factor 8 and the continuous time discount rate are related by the formula 1/3 = e*” where
T =4

3In principle, the amount of profit that is competed away by each additional approved project may de-
pend on market size. This specification is not used because the market size-specific competition coefficients
are very sensitive to the cutoffs used to create the market size categories.
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the distribution features a long right tail of firms with monopoly profits of up to nearly
$1 billion per quarter. This is consistent with blockbuster drugs being a key feature of the
pharmaceutical industryf? It also validates the choice of a Lognormal specification for
project quality.

The rate parameter estimates are given in Table The entry rates are similar across
therapeutic categories for small and medium markets. The estimates suggest that, on aver-
age, approximately 0.45 startups and 0.17 big firms enter the market each quarter in small,
non-oncology markets. In other words, a startup enters every 2.23 quarters while big firms
enter every 5.90 quarters/| In medium non-oncology markets, 1.41 startups and 0.59 big
tirms enter every quarter. There is more heterogeneity with respect to entry in large mar-
kets. In large non-oncology markets, 5.26 startups and 2.35 big firms enter every quarter,
on average. These numbers are substantially lower in large oncology markets: only 3.56
startups and 1.34 big firms enter every quarter.

Development phases become longer as the phase increases and tend to be longer in
oncology markets. In large non-oncology markets, phase I takes 12.0 quarters, phase II
20.35 quarters, and phase III 25.02 quarters. This amounts to an average time from entry
to commercialization of 57.37 quarters or 14.33 years. In large oncology markets, phase I
takes 11.22 quarters, phase II 25.74 quarters, and phase III 31.31 quarters, for an average
total time of 68.27 quarters or 17.07 years. Exit from marketing or discontinuation is rarely
observed in the sample. As a result, the duration of marketing is estimated to be very
large at 1000 quarters or 250 years. I externally calibrated the duration of patent protection
before generic entry to 50 quarters or 12.5 years.

Lastly, the arrival rate of acquisition opportunities is set equal to three times the esti-
mated observed acquisition rate. As a result, the arrival rate of acquisition opportunities
is higher in oncology markets and is increasing in market size. The estimated rates imply
there is an observed acquisition every 92.5 quarters in small non-oncology markets, 28.0
quarters in small oncology markets, 43.8 quarters in medium non-oncology markets, 11.8
quarters in medium oncology markets, 10.1 quarters in large non-oncology markets, and
4.8 quarters in large oncology markets.

The Logit regressions used to estimate the perceived transition probabilities are shown
in Tables [F2| - An indicator for whether the focal firm reached phase ¢ + 1 condi-
tional on being in phase ¢ is regressed on the number of competing firms in each phase,

their squares, an oncology market indicator, and a constant["] Coefficients are phase and

32Blockbuster drugs are typically defined as drugs that earn more than $1 billion in yearly revenue.

3The estimated duration between entries is the inverse of the rate parameter estimate.

34The squared number of competing firms in each phase is absent from the regressions for small markets
due to collinearity.
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market-size specific. Across nearly all of the regressions, the oncology market indicator is
highly significant, emphasizing the difference between the transition probabilities in on-
cology vs. non-oncology markets. Empirically, this provides validation for the choice to
allow for different flow R&D costs for oncology vs. non-oncology markets. The Logit re-
gressions for estimating the distribution of firm types in equilibrium are shown in Tables
-|[E7l In this case, the dependent variable is an indicator for whether an active firm is a
startup. Recall these regressions are used for firms to estimate the number of active star-
tups available for acquisition conditional on the moment and market-level state. Finally,
the estimated probability of FDA approval v is equal to 0.8689 with a standard error of
0.0093.

8.2 Structural Parameter Estimates

The estimates of the flow costs of R&D, fixed costs of FDA review, and fixed costs of ac-
quisition are given in Table 7|| Note that because these are opportunity costs, they do not
have to be strictly positive[| The flow costs of development imply that the cost of each
phase for startups in large, non-oncology markets is $287.96 million for phase I, -$39.11
million for phase II, $175.88 million for phase III, and -$13.04 million for FDA reviewE]
Therefore, total R&D costs come out to $411.69 million. In large, oncology markets, the
phase-level costs in millions of dollars are $176.32, -$136.34, $262.26, and $260.27, respec-
tively, for a total R&D cost of $562.51 million. For big firms, the costs for each phase in
large, non-oncology markets in millions of dollars are $183.24,$9.74, $163.12, -$53.16, re-
spectively. Therefore, the total R&D costs are $302.94. In large oncology markets, these
costs are $26.79, -$156.50, $211.54, and $95.44 million, respectively, for total R&D costs
of $177.27 million. The estimates suggest that big firms have considerable economies of
scale, particularly in phase I, FDA review, and oncology markets. Finally, the fixed costs
of acquisition are increasing in the phase of the target firm. The fixed cost of acquiring a
phase I firm is approximately $68.51 million, phase II approximately $107.28 million, and
phase III approximately $131.14 million.

Figure[10|shows the estimated initial distribution of quality and standardized log qual-
ity in black. The blue line plots the estimated distribution of quality for approved projects

% At present, there are no estimates of the standard errors. The standard errors will be estimated by block
bootstrap at the market level.

%The cost in phase ¢ + 1 adjust to match the transition rate from ¢, so a high transition rate from phase
¢ will push the cost of phase ¢ + 1 downward.

%To aggregate the flow cost over time, we integrate over the length of the phase taking into account the
-1

A -1
i i 2k .ePt = D S Ty I s
discount factor, i.e. [5 *“ cp0,y - €’ =cp 0,y ; (1 —e Pom).
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in the data. Note that this estimate differs from the distribution of quality in Figure 9] be-
cause the estimated standardized log project fixed effects have been discretized according
to the quality grid used in the estimation. The mean of the initial distribution fi¢- is es-
timated to be -3.8194 and the variance ¢Z. is 5.8318@ This implies that the mean initial
quality is $0.5549, $0.71113, and $1.1171 million in small, medium, and large markets, re-
spectively[”’| As expected, the distribution of quality for approved projects in the data has
the majority of its mass in the right tail of the initial distribution, showing that firms select
on project quality as they move through R&D.

To assess the model’s fit, I simulate 500 paths from the zero state for a length of 113
quarters and remove the first 40 quarters. The model is simulated this way to replicate the
73 quarters of data available in the sample. It also captures the non-stationarity of markets
in the data by allowing markets to begin small and grow over time[1|

Figure [11{ shows the transition probabilities in the data and the model-implied tran-
sition probabilities in equilibrium by firm type and therapeutic category with 95% confi-
dence intervals. The model fits the transition probabilities for both startups and big firms
in both therapeutic categories well for entry, phase I, and phase II. The point estimates
are nearly identical for these phases except for startups in phase II non-oncology markets
and startups entering oncology markets where the model estimate is about 3 and 5 ppt too
high, respectively. However, the model is less accurate at predicting the phase III transition
rates. For startups, the model point estimates are 7 and 5 ppt too high for non-oncology
and oncology markets, respectively. For big firms, the model point estimates are 8 and 4
ppt too low, respectively. The confidence intervals for the phase III transition rate in the
data are larger due to attrition that reduces the size of the sample. While the model point
estimates for phase III are within the confidence interval in the data for oncology markets,
they are not for non-oncology markets, which implies that the estimated fixed costs of FDA
review is low for startups and high for big firms. For acquired startups, the model fits the
transition rates reasonably well in oncology markets with the model point estimates well
within the data confidence intervals. In non-oncology markets, the model overpredicts
the transition rate in phase I and Il by 16 and 17 ppt, respectively. The phase III transition
rate is underestimated by 7 ppt, though the model estimate is within the data confidence
interval. The model does not currently seem to be capturing the significant negative selec-

3The initial distribution of quality in the right-hand side graph of Figureis not a Normal distribution
because we have restricted the grid of points to the integers {—5,—3, 1,0, 1, 2, 3}.

¥This is calculated by adding the mean of the log project fixed effects for a given market size to the
estimate of fi¢c- and taking the exponential.

40]deally, the model would be simulated from the initial state for each market. However, because quality
is not observed for projects that do not reach marketing, the exact initial state is unknown.
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tion that happens during these phases as documented in Section |5, The small number of
acquired projects leads to confidence intervals that are significantly larger than all startups
or big firms.

Figure 12| shows the acquisition count per market in the data and the model-implied
acquisition count in equilibrium by market size, therapeutic category, and phase with 95%
confidence intervals. In general, the model fits the average acquisition counts well across
all markets and phases. The model estimate of the number of acquired projects across
phases and within each phase is typically within the 95% confidence interval implied by
the data. The exception to this is phase II projects in oncology markets. The number of
projects acquired in phase I is also consistently underestimated across all markets. How-
ever, given that the fixed cost of acquisition is only specific to the phase and not the market
size or therapeutic category, the model replicates the data well.

Figure [10[shows the estimated density of quality and standardized log quality for ap-
proved projects in the data and implied by the model. The model-implied density fits the
shape well but has a mean that is slightly shifted to the right. This is apparent in the right-
hand side graph. This leads to a thicker right tail and less mass near zero in the Lognormal
distribution on the left.

Using the data simulated from the model, we can look at how the selection process
works across phases. Figure [13|shows the model-implied equilibrium density of quality
at each phase of development by firm size and therapeutic category. Across all markets,
the initial, phase I, and phase II distribution are similar, suggesting that there is little se-
lection on quality during entry and at the end of phase I. Non-oncology markets exhibit
a higher degree of selection during these phases than oncology markets, driven by the
lower flow R&D costs for oncology markets for phase I and phase II. Startups also have
higher selection on quality during these phases due to higher flow R&D costs. It is not
until firms choose whether to advance into phase III that significant selection on quality
occurs. There is a large reduction in the number of projects with quality draws below -1,
particularly in non-oncology markets. The selection effect is again stronger for startups
as a result of economies of scale in phase IIl and FDA review. The final round of selec-
tion from phase III to marketing further reduces the number of projects below -1 to near
zero. The result is a distribution of quality for approved projects concentrated above -1
with a long left tail. The tail is thicker among big firms due to lower FDA review costs.
In contrast to all prior phases, the selection effect for oncology markets is stronger than in
non-oncology markets for this phase, leaving less mass in the left tails.
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8.3 Counterfactual: Ban Startup Acquisitions

For the first counterfactual, we consider a ban on startup acquisitions and its effect on
equilibrium outcomes. This is one extreme measure that the FTC could take to address
concerns regarding the acquisition of nascent competitors and the subsequent effect on in-
novation and market concentration. I operationalize this in the model by setting the arrival
rate of acquisition opportunities ), , equal to zero for all 7 and simulating the model at the
estimated parameters. I simulate 500 paths from the zero state for a length of 113 quarters
and remove the first 40 quarters using both the model and counterfactual values for A\, ,.
Because the model currently does not fit the transition rates well for acquired projects in
non-oncology markets, I concentrate only on oncology markets in what follows.

The transition probabilities for the model and counterfactual are presented in Figure
Note that the panel for acquired startups is removed from the figure because we are
considering a counterfactual with no acquisitions. Among startups, the entry rate declines
by 6.5 ppt, the phase I and phase II transition rates do not change, and the phase III tran-
sition rate increases by 2 ppt. Among big firms, there is no change in the entry and phase
I transition rates and a 2.5 ppt decline in the phase II and III transition rates.

Figure[GI]aggregates the changes in transition rates across all project qualities. We can
compare the quality density at each phase in the counterfactual to the model at the original
parameter values. Figure[G2|displays the model and counterfactual quality density at each
phase by firm size. There is a small increase in the density of high-quality for startups.
This is most evident from the distribution for phase III and marketing where the density
of low- and mid- quality projects with {* < 0 has decreased relative to the density of high-
quality projects. Big firms appear to have more pronounced changes in the quality density
of their projects despite having changes in their transition probabilities that are lower in
magnitude. The density of lower-quality projects increases in phase III. Many of these
low-quality projects are dropped in the transition to marketing and the quality density of
approved projects increases in mean and decreases in variance.

The equilibrium policy functions can help to explain the changes in the quality densi-
ties. In Figures |G3|and I take the average over the development policy functions for
both the original model and the counterfactual by phase, quality, and firm type, weighting
by how often the associated moment and market-level state are visited in each equilibrium.
In Figure the average startup entry policy for values of standardized log quality be-
low zero has decreased by nearly 7 ppt. In other words, there is now increased selection
on quality during entry. The average policy functions of low-quality projects are more
greatly affected by an acquisition ban because they benefit most from acquisitions. The
economies of scale enjoyed by big firms will have the largest impact on startups with low-
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to mid-quality draws that are unlikely to or just on the margin of advancing to the next
phase. This is evident when we compare the phase III policy function for startups to that of
big firms in Figure the policy function for low-quality projects is equal to zero among
startups but ranges between .027 and .122 for big firms. Despite the higher R&D costs
faced by startups, high-quality projects are highly likely to make it to market regardless of
which firm type owns it.

There is also a small increase in the phase III transition probabilities for {* = 0 of
about 3 ppt. Constructing the average counterfactual policy function at the distribution
of states for the original model reveals that this small decline is a result of the decrease in
competition due to reduced entry[”]| However, the average phase III policy function does
not seem to fully explain the increase in the transition rate among startups in this phase.
All else equal, the increase in selection at entry will push up the transition probability and
increase the density of high-quality startup projects in later phases. We see this in phase
III but not in phase I and II. This is because removing the possibility for acquisition will
also change the quality density at each phase. It is simplest to see this in phase I, the first
phase where an acquisition may occur and where only one round of selection has taken
place. If the quality density of startups were uniform in this phase, positive selection on
quality into acquisition would increase the transition probability and the density of high-
quality projects in phase I in equilibrium with an acquisition ban. Figure [G5|shows the
average acquisition policy function weighted by how often the associated moment and
market-level state are visited in each equilibrium. There is positive selection on quality
for all phases of development. Across all phases, a project with the highest quality is 13
to 13.5 ppt more likely to be acquired than a project with the lowest. Returning to the
phase I example, in the absence of acquisitions, these high-quality projects will remain as
startups.

However, if the quality density of startups is not uniform at phase I, an acquisition ban
may actually decrease the transition rate and the density of high-quality projects. This is
because all firms are chosen as targets for acquisition with equal probability. Very little
selection has taken place at phase I, so the density of low-quality projects is high. As a
result, they are likely to be chosen as an acquisition target. The high probability of ran-

domly choosing a low quality firm can overpower the positive selection into acquisition.

#This exercise separates the change in the policy functions from the change in the states visited in the
counterfactual. If the original model and counterfactual policy functions averaged over the distribution of
states for the original model are similar, we can conclude that the change in the average counterfactual policy
function is due to a change in the states visited. I confirm that the number of competitors has decreased by
looking at the average number of competitors over the simulated path for each phase and market size. The
mean number of competitors declined in 11 of the 12 phase-market size pairs.
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There is some evidence for this in Figure which shows the quality density of startup
and big firm projects overlaid with the quality density of acquired projects in the original
model. Though hard to see, the density of acquired projects with {* = —5 is larger than
for all startup projects. The intuition becomes more complicated for phases II and III due
to selection across phases and the differences in selection between firm types conditional
on phase.

The lack of change in the startups’ phase I and II transition rates suggest the increase
in the transition rate due to increased selection at entry are negated by the changes to the
quality density in the absence of acquisition. The increase in the phase III transition rate
is an agglomeration of the effect of increased selection at entry, the small increase in the
policy function at this phase, and the increased density of high-quality projects retained
by startups in the absence of acquisitions (see Figure [G6]). These mechanisms plus the
high selection on quality among startups in phase III, where the average policy function
tfor low-quality projects is near zero, results in a higher mean quality of approved projects
for startups.

In Figure the big firm’s average development policy functions remain unchanged
except for a small increase in phase III that is largest for mid-quality projects. How then
do we explain the decline in the phase II and III transition rates? Counter to startups,
a ban on acquisitions means that high-quality projects that would have become big firm
projects now remain as startup projects. We can see this in Figure [G6| Acquired projects
push up the density of high-quality projects in phase II, III, and marketing among big
tirms. Without them, the reduction in the number of high-quality projects pushes down
the transition probabilities of later phases in equilibrium. The decrease in density of high
quality projects in marketing is counteracted by the increase in selection at phase III, re-
sulting in the quality density of approved projects for big firms in Figure

The net effect of the changes in the transition probabilities of startups and big firms on
the number of approved projects is shown in Figure (14l The number of approved projects
declines across all market sizes, though this decline is fairly small in magnitude and only
the decline for medium oncology markets is statistically significant. In this market, the
number of approved projects decreased by 1.1 projects or 21.2%. Figure [15 shows the
change in the density of standardized log quality of approved projects. The mean increases
from 0.7675 to 0.9824 and the variance decreases from 1.7003 to 1.1552. The change in mean
is equivalent to a change in the mean monopoly profit in a large market from $109.68 to
$135.97 million per quarter or a 23.97% increase in profit.

To summarize, a ban on startup acquisitions will have several effects in equilibrium.

First, there will be a reduction in entry by low- and mid-quality startups. Acquisition
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benefits these firms most because they are more likely to be on the margin of advancing to
the next consecutive phase when they face the higher R&D costs of startups. Second, low-
and mid-quality projects that make it to phase IIl and would have otherwise been acquired
now face much higher selection at phase III as startups. High-quality projects, on the other
hand, are likely to reach marketing regardless of which firm type owns them. The result is
that fewer projects reach marketing but the reduction in the number of approved projects
is generally small in magnitude. Conditional on reaching marketing, the density of high-
quality projects increases.

9 Conclusion

Big pharma is increasingly using acquisitions to fill their R&D pipelines and the prolif-
eration of the biotechnology industry in the last few decades has created a thick market
of innovative target startups to choose from. Regulators in several countries, including
the FTC in the U.S,, are jointly building new guidelines for pharmaceutical mergers, citing
concerns regarding the acquisition of nascent competitors on innovation and market struc-
ture. This paper seeks to understand the dynamic equilibrium effects of biotech startups
acquisitions by big pharma, particularly on entry and innovation by startups.

The empirical strategy to answer this question has two steps. First, I present new de-
scriptive evidence for the relationship between acquisition and the success of acquired
startup’s projects using a novel dataset combining pharmaceutical R&D data, acquisition
data, and pharmaceutical sales data. I find that acquired projects in the early phases of
development are persistently negatively selected with success probabilities below both
non-acquired startup projects and big firm projects, while projects acquired in phase III
are 12 and 5 ppt more likely to successfully complete this phase than these two groups,
respectively.

Second, motivated by this evidence, I build a dynamic oligopoly model of the pharma-
ceutical industry where big firms and startups endogenously choose to engage in project
development, startup acquisitions, entry, and exit. Firms select on their fixed project qual-
ity at each phase of R&D and into acquisition, allowing higher quality firms to reach
later phases of R&D and be more likely acquisition targets. Firms have asymmetric in-
formation regarding the quality and size of their competitors, leading to the adoption
a moment-based equilibrium concept. The model does well fitting the transition rates
across phases, average market-level acquisition counts, and the distribution of quality for
approved projects. Currently, the model struggles to fit the negatively selected acquired
projects in phase I and II in non-oncology markets.
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The main counterfactual of this paper considers a ban on startup acquisitions. The re-
sults in the counterfactual are currently confined to oncology markets since the model fits
the transition rates of acquired projects well in these markets. The ban will have several
effects in equilibrium. First, there will be a reduction in entry by low- and mid-quality star-
tups. These firms are more likely to be on the margin of advancing to the next consecutive
phase when they face the higher R&D costs of startups. As a result, they benefit most
from the opportunity of being acquired and the lower R&D costs of big firms. Second,
low- and mid-quality projects that make it to phase III and would have otherwise been
acquired now face much higher selection at phase III as startups. High-quality projects,
on the other hand, are likely to reach marketing regardless of which firm type owns them.
The result is that fewer projects reach marketing but the reduction in the number of ap-
proved projects is generally small in magnitude. Conditional on reaching marketing, the
density of high-quality projects increases.

This project directly informs ongoing discussions among regulators at the FTC and
in Canada, the U.K., and the E.U. The results of the counterfactual indicate that regula-
tors trade off between the number and the quality of approved drugs when considering
limiting startup acquisitions. Going forward, this paper will be adjusted to better fit the
persistent negative selection into acquisition in the early phases of R&D in non-oncology
markets. One way to do this is to augment the bargaining process such that bargaining
is more likely to succeed with low-quality projects, increasing their probability of being
acquired. Another potentially more complicated way is to introduce asymmetric informa-
tion between the target and acquirer as in Samuelson! (1984)). This can generate negative
selection without completely unraveling the acquisition market because, conditional on
project quality, projects are worth more to big firms than to startups due to lower R&D
costs. Once the model can capture this feature of the data, the counterfactual can be ex-
tended to non-oncology markets.
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Tables

Table 1: Startup Project Summary Statistics

Not Acquired Acquired All Startups

Mean SD N Mean SD N Mean SD N
ReachPhasel 0367 0.482 24035  0.344 0475 489 0.366 0.482 24524
ReachPhasell 0.785 0.411 7976 0.653 0.477 288 0.780 0.414 8264
ReachPhaselll 0.332 0471 4715 0.298 0.458 242 0.330 0.470 4957
ReachFDA 0.438 0.496 1144 0.577 0497 78 0.447 0497 1222
ReachMkt 0.834 0.372 435 0915 0.282 47 0.842 0.365 482
CompPhase0 78.07 118.0 23620 73.00 1185 928 78.01 118.0 24548
CompPhasel 20.00 194 24274 2571 189 948 2000 19.4 25222
CompPhasell 19.00 229 24926 263" 249 964 19.51  23.0 25890
CompPhaselll 6.0 6.8 25096 7.71 6.9 967 6.0 6.8 26063
CompFDA 1.07 21 25130 1.0 20 967 1.0 21 26097
CompMkt 5.01 92 25224 6.51 94 967 5.01 92 26191
Biologic 0.400 0.490 33253  0.349 0477 109  0.399 0.490 34349
Overlap 0.581 0.494 1096
Infectious 0.141 0.348 33253  0.120 0.325 1096  0.140 0.347 34349
Oncology 0.184 0.387 33253  0.286 0.452 109  0.187 0.390 34349
Metabolic 0.095 0.294 33253  0.077 0.266 109  0.095 0.293 34349
Cardiovascular ~ 0.085 0.279 33253  0.100 0.301 1096  0.086 0.280 34349
Neuroscience 0.139 0.346 33253  0.098 0.297 109  0.138 0.345 34349
Respiratory 0.048 0.213 33253  0.079 0.270 109  0.049 0.215 34349
Immunology 0.079 0.269 33253  0.079 0.270 109  0.079 0.269 34349
Other 0.229 0.420 33253 0.161 0.367 109  0.227 0.419 34349

Startup project summary statistics by acquisition status for 2000 - 2018.

TMedian displayed instead of mean.

57



Table 2: All Project Summary Statistics

Startups Big Firms All Firms
Mean SD N Mean SD N Mean SD N
ReachPhasel 0.366 0.482 24524 0.540 0.498 10415 0.418 0.493 34939

ReachPhasell 0.780 0.414 8264 0.739 0439 5576 0.764 0.425 13840
ReachPhaselll 0.330 0470 4957 0381 0.486 3914 0.353 0478 8871

ReachFDA 0.447 0497 1222 0.533 0.499 1501 0494 0500 2723
ReachMkt 0.842 0365 482 0.884 0320 837 0.869 0.338 1319
CompPhase0 78.07 118.0 24524 73.00  109.9 10415 76.01 1157 34939
CompPhasel 20.00  19.3 25198 21.07  19.0 10955 203" 19.3 36153

CompPhasell 19.37  23.0 25863 19.00 227 11565 19.00 229 37428
CompPhaselll 6.0 6.8 26035 6.0 6.7 11875 6.0 6.8 37910

CompFDA 1.0 21 26068 1.0 20 11961 1.0 2.0 38029
CompMkt 5.01 9.2 26162 5.0 8.8 12255 5.01 9.1 38417
Biologic 0.399 0.490 34320 0.203 0.403 13084 0.345 0475 47404
Infectious 0.140 0.347 34320 0.113 0.317 13084 0.133 0.339 47404
Oncology 0.187 0.390 34320 0.173 0.378 13084 0.183 0.387 47404
Metabolic 0.095 0.293 34320 0.105 0.306 13084 0.097 0.297 47404

Cardiovascular 0.086 0.280 34320 0.118 0.322 13084 0.095 0.293 47404
Neuroscience 0.138 0.345 34320 0.162 0.368 13084 0.145 0.352 47404

Respiratory 0.049 0.215 34320 0.066 0.248 13084 0.053 0.225 47404
Immunology 0.079 0.269 34320 0.079 0.269 13084 0.079 0.269 47404
Other 0.226 0.419 34320 0.185 0.388 13084 0215 0.411 47404

Project summary statistics by firm size for 2000 - 2018.
TMedian displayed instead of mean.
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Table 3: Logit Phase Transition Coefficients

(1) (2) (3) (4) (5)
Phase) Phasel PhaselIl PhaseIll FDA

Acquired -0.182*  -0.762*** -0.0253  0.657**  0.734
(0.106)  (0.135)  (0.151)  (0.280)  (0.549)
Big 0.762**  -0.245"* 0219  0.352"*  0.350**
(0.0266)  (0.0434) (0.0485) (0.0954)  (0.176)
Biologic 0.206***  0.0273  0.0600 -0.166  0.212

(0.0266) (0.0463) (0.0523)  (0.107)  (0.204)

LogCompPhase0  -1.216"* -0523"** -0.0672 -0.246"*  0.0213
(0.0253) (0.0433) (0.0470) (0.0844)  (0.154)

LogCompPhasel ~ 1.087*** -0.289* -0.181** -0.0181 -0.00758
(0.0366) (0.0599) (0.0633) (0.116)  (0.209)

LogCompPhasell ~ -0.00458 0.748"* -0.890"* -0.364"** -0.554**
(0.0283) (0.0541) (0.0592) (0.106)  (0.210)

LogCompPhaselll  0.191** -0.00672 1.258* -0.410** -0.0103
(0.0272)  (0.0483) (0.0614) (0.103)  (0.190)

LogCompFDA  0.0789"* 0.0489  0.123"* 2.552***  (0.303*
(0.0235) (0.0403) (0.0461) (0.113)  (0.160)

LogCompMkt -0.240**  -0.249* -0.166"* -0.259**  0.272*
(0.0193) (0.0337) (0.0364) (0.0707) (0.151)

Constant 1.389  2.512**  0.656***  0.807***  2.408"*
(0.0727)  (0.133)  (0.136)  (0.240)  (0.464)

Therap. Cat. FE Y Y Y Y Y

N 34939 13840 8871 2723 1319

Pseudo-R? 0.141 0.067 0.082 0.239 0.036

Dependent variable ReachPhasek+1 is equal to one if a project successfully passes the de-
velopment phase k, zero otherwise. Logit regression coefficients are shown. Standard
errors in parentheses. * p < 0.10, ** p < 0.05, *** p < 0.01.

59



Table 4: Logit Phase Transition Marginal Effects

(1) (2) (3) (4) 5)
Phase 0 Phase | PhaseII  Phase III FDA
Acquired -0.0364*  -0.127***  -0.00518 0.116* 0.0813
(0.0212) (0.0225) (0.0308) (0.0492) (0.0608)
Big 0.152**  -0.0410** 0.0447***  0.0621***  0.0388**
(0.00508) (0.00723) (0.00988) (0.0167) (0.0195)
Biologic 0.0410* 0.00456 0.0123 -0.0292 0.0234
(0.00529) (0.00774) (0.0107) (0.0188) (0.0226)
LogCompPhase0 -0.242**  -0.0874**  -0.0137 -0.0433***  0.00236
(0.00444) (0.00713) (0.00961) (0.0148) (0.0171)
LogCompPhasel 0.217**  -0.0483*** -0.0371*** -0.00319 -0.000839
(0.00696) (0.00999) (0.0129) (0.0204) (0.0231)
LogCompPhasell -0.000913  0.125**  -0.182** -0.0642** -0.0614***
(0.00564) (0.00885) (0.0115) (0.0186) (0.0233)
LogCompPhaselll 0.0380***  -0.00112 0.257**  -0.0722**  -0.00114
(0.00541) (0.00808) (0.0115) (0.0180) (0.0211)
LogCompFDA 0.0157** 0.00817  0.0251**  0.450*** 0.0336*
(0.00468) (0.00674) (0.00942) (0.0118) (0.0177)
LogCompMkt -0.0478** -0.0417*** -0.0339*** -0.0456***  0.0301*
(0.00381) (0.00561) (0.00741) (0.0124) (0.0167)
N 34939 13840 8871 2723 1319

Marginal effects of Logit regression where the dependent variable ReachPhasek+1 is equal to
one if a project successfully passes the development phase k, zero otherwise. Standard errors in
parentheses. * p < 0.10, ** p < 0.05, *** p < 0.01.
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Table 5: Logit Phase Transition Coefficients - Killer Acquisitions

(1) (2) (3) (4) %)
Phase0 Phasel Phasell Phaselll FDA

Acquired -0.0690 -0.819"*  0.181 0206  0.564
(0.164)  (0.209)  (0.222)  (0.404)  (0.768)
Overlap 0193 0.0947 -0366 0827 0318
(0.214)  (0.268)  (0.296)  (0.542)  (1.068)
Big 0.762***  -0.245"* 0.219°*  0.352°*  0.351**
(0.0266) (0.0434) (0.0485) (0.0954)  (0.176)
Biologic 0.206**  0.0272  0.0597 -0.163 0212

(0.0266) (0.0463) (0.0523)  (0.107)  (0.204)

LogCompPhase0  -1.216"* -0.523** -0.0675 -0.249"**  0.0200
(0.0253)  (0.0433) (0.0470) (0.0845)  (0.155)

LogCompPhasel ~ 1.088*** -0.289** -0.178** -0.0206 -0.00860
(0.0366)  (0.0599) (0.0633) (0.116)  (0.209)

LogCompPhasell  -0.00476  0.748"* -0.891** -0.365"* -0.553***
(0.0283) (0.0541) (0.0592) (0.107)  (0.210)

LogCompPhaselll ~ 0.191***  -0.00659 1.258"* -0.407"** -0.00945
(0.0272) (0.0483) (0.0614) (0.103)  (0.190)

LogCompFDA 0.0791**  0.0486  0.123"* 2.554**  0.305*
(0.0235) (0.0403) (0.0461) (0.113)  (0.160)

LogCompMkt -0.240"*  -0.249** -0.166™* -0.261"**  0.269*
(0.0193) (0.0337) (0.0364) (0.0707) (0.151)

Constant 1.388**  2.512**  0.653***  0.818**  2.413**
(0.0727)  (0.133) (0.136)  (0.240)  (0.465)

Therap. Cat. FE Y Y Y Y Y

N 34939 13840 8871 2723 1319

Pseudo-R? 0.141 0.067 0.082 0.240 0.036

Overlap is equal to one if the acquirer had an ongoing drug project in the same market
as the acquired project. Dependent variable ReachPhasek+1 is equal to one if a project suc-
cessfully passes the development phase k, zero otherwise. Logit regression coefficients are
shown. Standard errors in parentheses. * p < 0.10, ** p < 0.05, *** p < 0.01.
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Table 6: Profit Estimates

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

Small 40.39*
(1.098)
Medium 4573
(0.807)
Large 50.84"**
(0.925)
CompMkt -1.645**  -2.919**
(0.196)  (0.367)
CompMk¢t? 0.0302***
(0.00570)
LogCompMkt -10.55*
(1.477)
Project FE N Y Y Y
N 29945 29945 29945 29945
R? 0.196 0.800 0.800 0.799

Dependent variable is firm profits in millions of dollars. OLS regression
coefficients are shown. Standard errors in parentheses. * p < 0.10, **
p < 0.05, ***p < 0.01.

Table 7: Flow and Fixed Cost Parameter Estimates

Parameter

Phase ¢  c41.1 Cp2i Cp12 Cp 2.2 g
Phase1l 0.2692 0.1713 0.1750 0.0266 0.6851
() 9 () () ()
Phase 2 -0.0233 0.0058 -0.0674 -0.0773 1.0728
() 0 0 () 9
Phase3 0.0888 0.0824 0.1119 0.1045 1.3114
() () () () ()
FDA -0.1304 -0.5316 2.6027 0.9544
9) 9] 9) 9]

The flow costs of development are denoted ¢4 9,,. The fixed costs
of FDA review are denoted crpa,g,y. All costs are in hundreds of
millions of dollars.
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Figures

Figure 1: New Startups by Year
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Source: Cortellis. Notes: New startups are defined as startups that show up in Cortellis for the first time as a
firm sponsoring the development of a project. For the precise definition of a startup, see subsection
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Figure 2: Drugs Originated by Big Pharma and Startups by Year
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Source: Cortellis. Notes: Y-axis counts the number of projects that originated in a given year whose discovery
can be attributed to startups or big pharma firms. The sample excludes drugs never developed by a for-
profit pharmaceutical firm. The origination year is the first year that the drug shows up in Cortellis for
drug discovery/preclinical development. For the precise definition of a startup and a big pharma firm, see

subsection

Figure 3: Share of Drugs Originated by Startups by Year
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Source: Cortellis. Notes: Y-axis provides the fraction of drugs that originated in a given year whose discovery
can be attributed to startup. The sample excludes drugs never developed by a for-profit pharmaceutical
firm. The origination year is the first year that the drug shows up in Cortellis for drug discovery/preclinical
development. For the precise definition of a startup, see subsection
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Figure 4: Acquisition Count By Year
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Source: Cortellis and SDC Platinum. Notes: Y-axis counts the number of startups acquired in a given year. An
acquired startup must have an ongoing project in Cortellis at the time of acquisition (an acquired project)
to qualify as an acquired startup.

Figure 5: Acquired Projects by Therapeutic Category
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Source: Cortellis and SDC Platinum.
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Figure 6: Phase of Acquired Projects at Acquisition
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Source: Cortellis and SDC Platinum. Notes: The left-hand side y-axis provides the count of acquired projects
by the phase at the time of acquisition. The right-hand side y-axis divides the count of projects in each phase
by the total number of acquired firms to give the "average portfolio" of an acquired firm. Phase 0 refers to
drug discovery and preclinical development while FDA refers to FDA review.

Figure 7: Startup’s Highest Phase Project at Acquisition
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Source: Cortellis and SDC Platinum. Notes: The y-axis provides the count of firms whose highest phase
project at the time of acquisition belonged to that phase. Phase 0 refers to drug discovery and preclinical
development while FDA refers to FDA review.
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Figure 8: Entry Event Study
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Source: Cortellis and SDC Platinum. Notes: Dots are the coefficient point estimate for the event window
and bars are the 95% confidence intervals for the entry event study with standard errors clustered at the
ICD-9 level. Dependent variable is the count of new entrants into the preclinical phase per market-quarter.
The coefficient reference line is equal to the coefficient estimate for event time -1. Top left: OLS with ICD-9,
market size, and year-quarter FE. Top right: OLS with ICD-9 and market size x year-quarter FE. Bottom left:
negative binomial with ICD-9, market size, and year-quarter FE. Bottom right: negative binomial with ICD-9
and market size x year-quarter FE.
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Figure 9: Density of Quality Estimates for Approved Projects
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Notes: Left: Kernel density of project quality by market size category. Estimates of project quality £ are
given by project fixed effects from the profit function regression. See column (3) of Table[6for specification.
Project fixed effects are a project’s average monopoly profits. Right: Kernel density of log project quality

standardized within market size category.
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Figure 10: Estimate & Model Fit - Distribution of Project Quality
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Notes: Left: Kernel density of project quality. Right: Kernel density of log project quality standardized within
market category. Black: Estimated initial distribution of quality. Blue: Estimated distribution of quality for
approved projects from the data. Also see Figure [} Red: Simulated distribution of quality for approved
projects from the model. Model estimates based on 500 model simulations for 113 quarters, removing first
40 quarters.
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Figure 11: Model Fit - Transition Probabilities
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Figure 12: Model Fit - Acquisition Counts
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Notes: Dots are the point estimates for the number of acquired projects by phase, market size, and therapeutic
category. The bars are the 95% confidence intervals. Model estimates based on 500 model simulations for
113 quarters, removing first 40 quarters.
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Figure 13: Model Selection Across Phases
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Figure 14: Counterfactual: Ban Startup Acquisitions - Approved Project Count
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Notes: Dots are the point estimates for the count of total approved projects by market size and therapeutic
category. The bars are the 95% confidence intervals. Based on 500 model simulations for 113 quarters,
removing first 40 quarters. The counterfactual considers a ban on startup acquisitions where A, , = 0 for all
x. Only results from oncology markets are shown.

Figure 15: Counterfactual: Ban Startup Acquisitions - Distribution of Project Quality
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Notes: Kernel density of log project quality standardized within market category for model and counter-
factual. Based on 500 model simulations for 113 quarters, removing first 40 quarters. The counterfactual
considers a ban on startup acquisitions where A, , = 0 for all z. Only results from oncology markets are
shown.
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A Additional Descriptive Evidence
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Table Al: Logit Phase Transition Coefficients - First-In-Class

(1) (2) (3) (4) (5)
Phase) Phasel Phasell PhaseIll FDA

Acquired 0173 -0.761"* -0.0169  0.635*  0.710
(0.106)  (0.135)  (0.151)  (0.281)  (0.550)
Big 0.755%* -0.257** 0.181** 0.313**  0.321*
(0.0267)  (0.0435) (0.0489) (0.0965)  (0.178)
FIC 0459+  -0.345** -0.530** -0.287*  -0.210
(0.0330)  (0.0533) (0.0535) (0.0972)  (0.173)
Biologic 0.233**  0.0551 0.122**  -0.127  0.239

(0.0268) (0.0466) (0.0529) (0.108)  (0.206)

LogCompPhase0  -1.206* -0.520* -0.0662 -0.244**  0.0234
(0.0254) (0.0434) (0.0473) (0.0844) (0.154)

LogCompPhasel ~ 1.087*** -0.285"** -0.174™*  -0.0143  0.000264
(0.0367) (0.0601) (0.0637) (0.116)  (0.209)

LogCompPhasell ~ 0.00143  0.752* -0.883"* -0.376"* -0.576"
(0.0284) (0.0542) (0.0595) (0.107)  (0.211)

LogCompPhaselll ~ 0.186"* -0.00764 1.262*** -0.399***  0.00605
(0.0273) (0.0484) (0.0617) (0.103)  (0.191)

LogCompFDA 0.0735**  0.0397  0.109**  2.541**  0.299*
(0.0235)  (0.0404) (0.0464) (0.113)  (0.160)

LogCompMkt -0.252%*  -0.258** -0.181*** -0.271***  (0.255*
(0.0194) (0.0338) (0.0366) (0.0709)  (0.151)

Constant 1.755**  2.783** 1.058**  1.061*** 2593
(0.0777)  (0.140) (0.143)  (0.255)  (0.490)

Therap. Cat. FE Y Y Y Y Y

N 34939 13840 8871 2723 1319

Pseudo-R? 0.145 0.069 0.091 0.242 0.037

A project is first-in-class (FIC) if no other project with the same target-based action has

been FDA approved. Dependent variable ReachPhasek+1 is equal to one if a project suc-
cessfully passes the development phase k, zero otherwise. Logit regression coefficients are
shown. Standard errors in parentheses. * p < 0.10, ** p < 0.05, *** p < 0.01.
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Table A2: Logit Phase Transition Coefficients - Lead Projects

(1) (2) (3) (4) (5)
Phase0 Phasel PhaselIl Phase III FDA
Acquired -0.0202 -0.718**  (0.00929 0.757 12.92
(0.114)  (0.149)  (0.208)  (0.533)  (413.8)
LeadAcquired -1.075***  -0.237 -0.0701 -0.134 -12.52
(0.316) (0.336) (0.293) (0.612) (413.8)
Big 0.763***  -0.245** 0.219**  0.352***  0.350**
(0.0266) (0.0434) (0.0485) (0.0954) (0.176)
Biologic 0.209*** 0.0288 0.0602 -0.166 0.212
(0.0267) (0.0463) (0.0523) (0.107) (0.205)
LogCOmpPhaseO -1.216**  -0.522**  -0.0671 -0.246*** 0.0151
(0.0253) (0.0433) (0.0470) (0.0844) (0.155)
LogCompPhasel 1.088***  -0.289*** -0.181*** -0.0181  0.00360
(0.0366) (0.0599) (0.0633) (0.116) (0.209)
LogCompPhasell -0.00531 0.748** -0.891*** -0.364*** -0.558"*
(0.0283) (0.0541) (0.0592) (0.106) (0.211)
LogCompPhaselll  0.191** -0.00691 1.258** -0.410** -0.0110
(0.0272) (0.0483) (0.0614) (0.103) (0.190)
LogCompFDA 0.0805***  0.0485  0.123***  2.552%* 0.308*
(0.0235) (0.0403) (0.0461) (0.113) (0.160)
LogCompMkt -0.240**  -0.249*** -0.166*** -0.259***  (0.268*
(0.0193) (0.0337) (0.0364) (0.0707) (0.150)
Constant 1.388**  2.510**  0.655***  0.806***  2.429***
(0.0727)  (0.133) (0.136) (0.240) (0.466)
Therap. Cat. FE Y Y Y Y Y
N 34939 13840 8871 2723 1319
Pseudo-R? 0.141 0.067 0.082 0.239 0.038

Lead projects defined as all projects in same stage of development as the acquired startup’s
highest phase project at the time of acquisition. Non-lead projects defined as all projects in
earlier stages of development than the acquired startup’s highest phase project at the time
of acquisition. Dependent variable ReachPhasek+1 is equal to one if a project successfully
passes the development phase &, zero otherwise. Logit regression coefficients are shown.
Standard errors in parentheses. * p < 0.10, ** p < 0.05, *** p < 0.01.
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Table A3: Startup Entry Event Study

(1) (2) (3) (4)
OLS OLS Neg Bin  Neg Bin
AcqWindow-5 0.669***  0.689***  (.285*** 0.283***
(0.0106) (0.0102) (0.00254) (0.00305)
AcqWindow-4 1.057***  0.860***  (0.298*** 0.302***
(0.131) (0.118) (0.0251) (0.0249)
AcqWindow-3 1.112***  0.996***  (0.336*** 0.345***
(0.133) (0.125) (0.0232) (0.0252)
AcqWindow-2 1.146** 1.012**  (0.323*** 0.334***
(0.152) (0.136) (0.0252) (0.0254)
AcqWindow-1 1.178***  1.078**  (0.347*** 0.361***
(0.148) (0.136) (0.0242) (0.0254)
AcqWindow0 1.053***  (0.885***  (0.299*** 0.313***
(0.126) (0.125) (0.0279) (0.0299)
AcqWindow1 0.824**  (0.722***  (.253*** 0.268***
(0.0941) (0.104) (0.0234) (0.0249)
AcqWindow?2 1.051**  0.946**  0.317*** 0.328***
(0.110) (0.114) (0.0264) (0.0269)
AcqWindow3 1.281**  1.148**  (0.357*** 0.366***
(0.151) (0.130) (0.0233) (0.0236)
AcqWindow4 0.841**  0.725**  0.260*** 0.264***
(0.171) (0.154) (0.0313) (0.0306)
AcqWindow5 0.773**  0.773***  (0.273*** 0.297***
(0.0595) (0.0679) (0.0101) (0.0150)
Constant 0.296**  -0.691*** -0.727***  -0.633***
(0.112) (0.211) (0.0875) (0.114)
Mkt Size FE Y N Y N
Time FE Y N Y N
Mkt Size x Time FE N Y N Y
ICD-9 FE Y Y Y Y
N 14819 14819 14819 14819
Log Likelihood -30551.5 -29805.3 -21301.5 -21214.6

The dependent variable y,,; is the count of startups that entered into market m
at year-quarter ¢. Standard errors in parentheses are clustered at the ICD-9 level.
*p < 0.10, ** p < 0.05, ** p < 0.01.
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B Big Firm Value Functions

The big firm’s value function for ¢ € {1,2, 3} is given by:

V(. 05,2,n,z) =

4 -1
(Z A(bm n¢+ el7x+)\e727g;) ‘&e(—l,n,l‘)—f—p)
o=1

' (_C¢j72vy + Z )\Qf’,l“(nd) - ]1(¢ - ¢j)) : <&d(¢7 n, .T) : V(fj? ¢j7 27nl(¢7 17 1)71")
¢=1

+ (1 - &d((b’ nv'r)) : V(£j7 (ij 2, n/((bv 1, 0)7 :U))

+ >\4 2 V(fj,¢j,2,n/(4, 170)7‘7:)
+ (/\e,l,az + Ae,?,m) : a-e<_17 n, JZ) ' V(ﬁja gbja ]-7”,(_1’ 07 ]-)7:E)

+ X0 <7+log(1 +exp{v' = .V (&, 0, +1,2,1'(¢;,1,1),2) — 1(¢; = 3) - cFDA,Q,y})>>
(20)

Note that the big firm in clinical development cannot acquire nor be acquired. Further, an
acquisition does not affect the moment the firm faces. The big firm’s value function is only
affected by an acquisition through the perceived transition probabilities.

The big firm’s value function for ¢ = 4 is given by:

4

-1
V(&,4,2,n,x) = (Z)‘¢w+()\e”+>‘6“> de(—=1,n,z)+ A, —i—p)
$=1

3
. (7?(5]" 2,7’L4, Z) + Z >\¢,x : (TL¢ - :H-(¢ = Qb])) : <a-d(¢vnvw> : V(gja ¢ja 27n/(¢7 17 1),113')
$=1

(1= 6a(9,n,2)) - V(& 05,2,7(6,1,0),7))
+ As-(ng — 1) -V (&, 65,2,n'(4,1,0), x)

+ (Nets + Ae2s) - 0c(—1,n,2) - V(gj, ®j,2, n'(—1,0,1), x)) (21)
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C Sketch of Existence

Conditions for the existence of a MME are given in Appendix B of Ifrach and Weintraub
(2016)). Existence is proved using Brouwer’s fixed point theorem. This requires showing;:

1. The strategy space is convex and compact.

2. The equilibrium best response strategy function is continuous when competitors are

play the equilibrium strategies.

D Computation

To compute the moment-based equilibrium strategies for the model described in Section
6] T follow Algorithm 1 of Ifrach and Weintraub (2016)). This algorithm is based on the
standard value function iteration algorithm used to solve for Markov perfect equilibrium
policies, but with an added simulation step where the perceived transition probabilities
are calculated. The algorithm begins with a guess of the value function V (5) for all §
S. Using the guess for the value function, we can compute the optimal strategies for all
§ € S. We can then simulate a sample path using the optimal strategies and compute
the perceived transition probabilities based on this sample path. The perceived transition
probabilities together with the original guess for the value function imply a new guess
for the value function at each moment-based state. The algorithm terminates when the
equilibrium conditions have been sufficiently satisfied based on the norm of the distance
between the original and new guess of the value function. The algorithm is repeated for

each value of z, i.e. each market size and therapeutic category combination.

1. Begin with a guess V°(3) for all § € S. Find the optimal strategies .A* implied by V°
using equations (2]), (3), (), and (5.

2. Simulate a sample path over ¢t € [0,7] for large T using A* to produce a dataset
of observations {$;,t; : [ = 1,...,T}, where §, is the vector of firms” moment-based
states immediately prior to the [-th non-continuation action in market ¢; is the time
the action is taken. Let j index the active firms so that 5 is firm j’s moment-based

state. Compute the observed frequency of each moment and market-level state [}

h(n,z) = Z 1(n; =n,x), Vn

=1

4“Note that the moment n; and market-level state x,,, is common to all firms’ moment-based states at a
given time ¢ in a particular market m.
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Compute the perceived transition probabilities:

2

&A* ((bv n, 'T) = Z Z 0 Ax (57 (bv 97”7 l’) ' PA* [g‘(b’ evnv JJ} ' PA* [el(b? n, I], V((b,n),

=1 ¢
where
~ . Zl Z] ﬂ'(&jl:€7¢jl:¢70ﬂ:67nl:nax)
Paltle,fm. o) = > Ej 1(¢j = ¢,05 = 0,n =n, x) ’
P l0lén, ] = 22 L0 =0,0=d,m = n,:E).

Yo ng - (g =n,x)

3. Calculate V'(3) for all § € S using the perceived transition probabilities and V°
in the right-hand side of equations (12]) and ([13). Find the new optimal strategies
associated with V1.

4. Calculate the norm: maz,,,| > (V'(5) — VO(8)) - 1(n = ng,z)| - h(ng, x).

5. If the norm exceeds the acceptable threshold, update the guess of the value function
with V; and the associated optimal strategies and repeat 2-5.

Note that for the moment-based states not in the recurrent class implied by the opti-
mal strategies A*, the perceived transition probabilities are not defined. For these states,
I assume that Py [0 = 1|¢,n, 2] = 0 and Pa[€]¢,0,n, 2] = 1 for € € {&. ... €} Tam assum-
ing that for a given phase, moment, and market state, the probability that a firm is a big
firm is equal to one. I am also assuming that for a given phase, firm size, moment, and
market state, the firm’s quality is equal to the highest quality level with probability one.
Beliefs about off-equilibrium-path behavior will still affect firms’ strategies in the recur-
rent class. So different assumptions about the perceived transition probabilities outside of
the recurrent class may have different implications for equilibrium outcomes.
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E Binned Model

To keep the estimation and counterfactual simulations tractable, I use a grid to approxi-
mate the number of competitors in each phase. To see why this is necessary, consider a
model with only one market size where the maximum number of competitors for each
phase J; is equal to 15 and the discrete approximation to the Lognormal distribution
for project quality contains seven points. This implies that there is 7 x 4 x 2 x 16° x 15
= 3,440, 640 possible states. Estimating this model using a nested fixed point algorithm
and solving for the counterfactual is computationally challenging because the number
of possible states grows exponentially in the number of state variables and the possible
values that they can take. In the data, the largest market has a maximum number of
competitors in each phase equal to (90, 130, 49, 58), making the use of a Markov Per-
tect Equilibrium impossible. Instead, using a grid of points to approximate the number of
competitors in each phase can substantially reduce the size of the state space. The use of
a moment-based equilibrium concept where the model is solved using simulation allows
us to employ this approximation.

In the full model, the possible number of competitors for a particular phase ¢ and
market size z is given by n, € {0, ..., J5.}. In the binned model, instead of counting each
individual firm, we create a grid to partition the possible number of competitors and use
the midpoint of each partition to approximate the number of competitors in each phase,
which we denote by fi,. Let the total number of subsets in the partition equal R + 1[7| Let
ni;, denote the midpoint of the subset r € {1,..., R + 1}. Finally, denote the integer at the
right edge of each partition by n, where nj*! = J, .. Therefore, given the set {0, ..., J, .},

we create the partition

{{0, ..., né}, {n}é +1,.., ni}7 - {nf +1,J5.}}-

Using the midpoint of each partition implies

R
= nd> n¢+n¢+1 Jp. T +1 = {f}, 72 ~R+1
¢ 2 9 2 g eeey 2 (z), ¢7 .. .

The perceived transition probabilities now must take into account the probability that
the moment 1 = {ny,n2, 13,14} changes conditional on a competitor taking a particular
action. Where before a competing firm in phase ¢ choosing to advance to phase ¢ + 1

would decrease n4 by one and increase n4.; by one, now there is a discrete probability

BThough it is not the case here, the partition for each phase need not have the same number of subsets.
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distribution that (i) 7, and 7441 remain the same, (ii) 74 decreases by one grid point and
Ng+1 remains the same, (iii) 72, remains the same and 74, increases by one grid point, and
(iv) ns decreases by one grid point and 7,441 increases by one grid point. If a competing
firm chooses not to advance to phase ¢ + 1, then only (i) and (ii) are possible.

The perceived transition probabilities must also account for the upper bounds on the
total number of firms for each phase J, .. Because firms do not know the exact number
of firms in each phase, they cannot know if a particular phase has hit its upper bound.
To impose the upper bound, I modify the perceived transition probabilities to include an
exogenous (to the focal firm) probability that the focal firm or a competitor is unable to
move to the next phase even if they choose to do so when the state is equal to the highest
grid point. The probability that the upper bound is binding when a competitor moves
is directly incorporated into the perceived transition probability of moving to a different
point on the grid of competitors conditional on a competitor’s action (see equation )
However, we must explicitly account for this probability when the focal firm moves.

Let 5; = (&, ¢;,0;,n, ) denote the new moment-based state. Consider a dataset of
observations {5t : m = 1,...,M,l = 1,..., L,,} sampled over the time interval [0, T]
where 5, is the vector of firms’ moment-based state immediately prior to the /-th non-
continuation action in market m and ¢, is the time the action is taken. Let A;,,, € {—1,0,1}
denote the action taken by firm j at move [ for A € {a,d,e}. If firm j did not move at [,
then A;,;, = —1. If firm j did move at [, but the move arrival was not for action 4, then
Ajmi = —1. Index the grid points for phase ¢ by w and for phase ¢ + 1 by r. Define
the probability that 7, decreases by one grid point and 7,4, increases by one grid point
conditional on a competitor in phase ¢ choosing to advance to phase ¢ + 1 as follows
Pl at ™t o,f, 2, d = 1] =
limsup Do 201 22 U jmt = &y Pomt = 1, Tyt = &y djyrt = 1, g1 m g1 = g1 Mgmirn = 1)

L—00 Do 21 2 W Bjmit = &, gt = 1y Ty = 2, dJ = 1) ’
(E1)

where gy 1,m1 = Ny and ng 1 = 7. Note that this implicitly accounts for the probability
that the upper bound on the number of firms in phase ¢ + 1 is binding. Similarly, we can
define P[ﬁ;fl]gb,ﬁ,:c,d =1], P[ﬁ;’j’lw,ﬁ,x,d = 1], and ﬁ[ﬁfg’lw, fi,z,d = 0]. Denote the
probability that the upper bound on phase ¢ does not bind by

~ 1 m za~m = ~7 ml —
Plig # Jo |61, 2] = limsup 2m 2t 1 0omt = Joz: ot =0 Tt =) -y

L—o0 Zm Zl :H-<ﬁml - ﬁ; Tml = '7;)
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Define the function which describes changes in the moment 7 as
ﬁ/<¢7 Zla ZQ) =n-+i- (ﬁzj b - TNL$) " @g + Ly - (ﬁ‘:;-ir-ll - ﬁ;Jrl) " Cpt1-
where 7y, 75 € {0, 1}. The startup’s value function for ¢ € {1, 2, 3} becomes
V(gja ¢]7 ]-a ﬁu I) -
3
()\¢j,z+z Moo (Mo—1(¢ = ¢;))- [ a(o,n, x)- ( [n;fl,nf; Yo, 7,2, d = 1]+P[n;;ill|¢,ﬁ,a:,d =1]
$=1

+ Py, i, x,d = 1)) + (1= 6a(¢, 7, 2)) - Pl o, i, 2, d = 0]} + Ny - Ty - P24, 7, 2]
+ et + Aeza) - Go(—1,7,2) - Plagt0, 7, 2,6 = 1]

1
+ )\a,z : (Zz=1ﬁ¢ ’ P[e = 1‘(1)77371'])71 ’ Ua(£j7¢j7 17ﬁ7x> ' (1 - K) t p)

3
' (_C¢j,1,y+z /\¢,$'(ﬁ¢_l(¢ = ¢])) [ (gb n ZL‘) [n;—:lh Nw_1|¢7ﬁ7ma d= 1]‘/(5]7 ij, 17ﬁ/(¢a 17 1)7‘T)

6=1

+6a(¢ 7, @) - Plivgiilo i o, d =11 V(. 65, 1,7(6,0,1),2)

+(8a(, 1, 2)- Pl 6, 1y 2, d = 1+ (1=Ga(, 7, 2))- Py~ |, 71, 2, d = 0])-V (&, 65, 1,7 (¢, 1,0)755)]
+ Ny -7y - P74, 7, 2] - V€S, 65, 1,7(4,1,0), 2)

+ et + Aeza) - Go(—1,7,2) - PlAg™0, 7, 2,6 = 1] - V (&, 65, 1,7/ (=1,0,1), z)

+ A - (B30t - P10 = 1]¢, 7, 2]) " - 00(&, 05, L, ) - (1= k) - V(& 65,2, 7, 7)
+)\¢j,x-[fy+log(1+exp{yl(¢j:3)-Is[nd, # Jy .|, n, x]- []3[77,::Z1r1,77bq5 Yo i, xydy = 1,my # g

V (&, ;41,17 (¢5,1,1), )+P[”;+}r1|¢j7ﬁ7$,dj = 1,ng # Jo.]-V(&, 6541, 1,7/ (¢;,0,1), x)

+ Py g,y w,dy = 1ng # Jo2] - V(& 65+ 1,1,7(¢5,1,0), 2)

+ P[?ﬂgbj’ﬁ?x’ dj = 17n¢ 7é Jd),z] . V(fj? ¢j + 1a 1’7~l,(¢j7 07 0)71')] - ]1(¢] = 3) : CFDA,I,y})])
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The startup’s value function for ¢ = 4 is given by

V(gja ¢]7 ]-7 ﬁu l’) -
3
()\4,x + Ay + Z)“f’"’” T - [&d(¢,ﬁ,x) : (]S[fz;fl,n(b Yo, 7,2, d = 1]+ P[n;fl]gb,ﬁ,:c,d =1]
=1
+P[RY g, 7y, d = 1))+ (1=64(¢, 7, 7)) - Py~ ¢, 7, 2, d = o]] +As-(Ry—1)-P[a¥ 7|4, 72, 2]

-1
+ ()\e,l,:c + >\e,2,a:) . 5-@(_17 ﬁa ZL’) : p[ﬁ6+1|07ﬁ7$’ €= ]'] + p)

.(W(£j717ﬁ4, Z >\qu Ng- |:O'd(¢ n l’) [n;ilhnqb 1|¢7ﬁ,$,d = 1]‘V(£j;¢j7 l,ﬁ/<¢’17 1),1’)

+&d(¢,ﬁ»x) [ﬁ;——i_i-llw n,x,d= 1] (§j7¢j717ﬁ/(¢7071)7x>
+(6d(¢aﬁa ) [ ;illkb n xz, d= 1] (1_&d(¢aﬁax))'p[ﬁ$_1|¢7ﬁ7xad = 0})‘/(5], ij, 17ﬁ/(¢7 1a0)7$)]
+ M- (g — 1) - Play=Y 4,7, 2] - V(&, 65, 1,7 (4,1,0), )

+ Neta + Aesa) - Go(—1,7,2) - Plast0,72, 2, = 1] - V (&, ¢5,1,7'(=1,0,1), :c))

The solution method for this model is analogous to that described in Appendix[D} For
moment-based states that are outside of the recurrent class, I assume that the moment 7
remains the same: P[ﬁ|qb, n,r,d =1 =1, p[ﬁ|¢, n,z,d = 0] = 1, and P[ﬁ|4, n,z] = 1.
I also assume that the upper bound never binds: P[n, # J,.|6,7,2] = 1. The estima-
tion of this model is virtually the same except that now the conditional choice probabil-
ities, value function, and perceived choice probabilities depend on 7 instead of n. The
perceived transition probabilities between moments 7 and the probability that the upper
bound is binding are estimated using the frequency estimators as in equations (EI]) and
(E2)), respectively.
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F First Stage Estimates

Table F1: Rate Parameter Estimates

Market Parameter

(ya Z) )\e,l,x )\e,Q,x )\1,1 )\2,1 )\B,x )\4 )\g )\a,m
Small, Other  0.4477 0.1695 0.1021 0.05108  0.0369 0.0010  0.0200" 0.0324f
(1,1) (0.0090) (0.0055) (0.0024) (0.0015) (0.0017) (0.0001)

Small, Onc. 0.3932 0.1919 0.1011 0.0337 0.0369 0.0010  0.0200" 0.1074f
(1,2) (0.0184) (0.0128) (0.0046) (0.0020) (0.0051) (0.0001)

Med., Other 1.4116 0.5892 0.0958 0.0493 0.0380 0.0010  0.0200" 0.06841
(2,1) (0.0181) (0.0117) (0.0017) (0.0011) (0.0014) (0.0001)

Med., Onc. 1.4131 0.6118 0.0927 0.0392 0.0373 0.0010  0.0200" 0.2542f
(2,2) (0.0420) (0.0276) (0.0029) (0.0015) (0.0032) (0.0001)

Large, Other  5.2609 2.3517 0.0833 0.0491 0.0400 0.0010  0.0200" 0.2961f
(3,1) (0.0490) (0.0328) (0.0012) (0.0009) (0.0013) (0.0001)

Large, Onc. 3.5627 1.3446 0.0892 0.0389 0.0319 0.0010  0.0200" 0.6206f
(3,2) (0.0666) (0.0408) (0.0018) (0.0009) (0.0018) (0.0001)

‘LExternally calibrated parameter. A, , is set equal to three times the observed acquisition rate. Durations are equal
to 1/A. The reference unit time period is a quarter. Standard errors are in parentheses.
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Table F2: Choice Probability Regression - Small Markets

(1) (2) (3) (4)
Entry Phasel  Phasell Phase III
CompPhasel 0.00182 0.0106 -0.0252 0.0218
(0.0126)  (0.0188)  (0.0229) (0.0391)
CompPhasell 0.0110 0.0144  -0.0447*  -0.0288
(0.00884) (0.0151)  (0.0118)  (0.0241)
CompPhaselll ~ 0.0289 -0.0483  -0.0200  0.00954
(0.0187)  (0.0297)  (0.0289)  (0.0348)
CompMkt -0.0287* -0.0436**  0.0101 -0.0336
(0.0108)  (0.0171)  (0.0165)  (0.0224)
Oncology 0.997**  0.679***  -0.745"** -0.152
(0.103) (0.190) (0.162) (0.324)
Constant 0.0209 1.740 0377 0.524*
(0.0960)  (0.163) (0.159) (0.273)
N 4105 2229 1498 542
Pseudo-R? 0.026 0.022 0.033 0.006

Dependent variable ReachPhasek+1 is equal to one if a project successfully
passes the development phase &, zero otherwise. Logit regression coeffi-
cients are shown. Standard errors in parentheses. * p < 0.10, ** p < 0.05, ***

p < 0.01.
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Table F3: Choice Probability Regression - Medium Markets

(1) (2) (3) (4)
Entry Phase I Phase II Phase II1
CompPhasel 0.0165* 0.0247 -0.00609 -0.0613**
(0.00909) (0.0168) (0.0178) (0.0307)
CompPhaseI2 -0.000470* -0.00132***  0.0000413  0.00205**
(0.000266) (0.000465) (0.000512) (0.000904)
CompPhasell 0.0218** 0.000179 -0.0599*** -0.0526**
(0.00693) (0.0126) (0.0134) (0.0233)
CompPhaseII2 -0.000333**  0.000434 0.000911***  0.000837*
(0.000150)  (0.000265) (0.000275) (0.000504)
CompPhaselll 0.0926*** 0.0122 0.0778** 0.0734
(0.0190) (0.0327) (0.0363) (0.0565)
CompPhaseIH2 -0.00357*** -0.00163 -0.00452*  -0.00674**
(0.00121) (0.00202) (0.00234) (0.00332)
CompMkt -0.0419* -0.0845** -0.0452 0.123**
(0.0180) (0.0326) (0.0346) (0.0588)
CompMk’c2 0.00167* 0.00334** 0.00275 -0.00345
(0.000950)  (0.00168) (0.00179) (0.00298)
Oncology 1.180*** 0.381*** -0.420*** 0.0975
(0.0702) (0.123) (0.129) (0.273)
Constant -0.948** 1.328*** 0.176 -0.0195
(0.0862) (0.170) (0.181) (0.312)
N 10237 4237 2719 878
Pseudo-R? 0.048 0.024 0.025 0.033

Dependent variable ReachPhasek+1 is equal to one if a project successfully passes
the development phase k, zero otherwise. Logit regression coefficients are shown.
Standard errors in parentheses. * p < 0.10, ** p < 0.05, *** p < 0.01.
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Table F4: Choice Probability Regression - Large Markets

(1) (2) (3) (4)
Entry Phase | Phase II Phase II1
CompPhasel -0.0202*** -0.0490** -0.0161 0.0328
(0.00482) (0.00981) (0.0107) (0.0201)
CompPhaseI2 0.000126**  0.000379*** 0.000173 -0.000424*
(0.0000549)  (0.000109) (0.000120)  (0.000227)
CompPhasell 0.0332*** 0.0271*** -0.0275*** -0.0202
(0.00301) (0.00548) (0.00712) (0.0126)
CompPhaseII2 -0.000260*** -0.000209***  0.000159*** 0.000120
(0.0000244) (0.0000439) (0.0000561) (0.000100)
CompPhaselll 0.0249*** 0.0183 0.0196 0.0828***
(0.00752) (0.0137) (0.0163) (0.0313)
CorinhaseIH2 -0.000376** -0.000193 -0.000136  -0.00183***
(0.000172) (0.000310) (0.000368)  (0.000687)
CompMkt 0.0105** 0.0199** 0.00689 0.0577**
(0.00510) (0.00913) (0.0106) (0.0193)
CompMk’c2 -0.000595***  -0.000739*** -0.00000131 -0.000846**
(0.000109) (0.000192) (0.000224)  (0.000391)
Oncology 1.413*** 1.042*** -0.143 -0.517***
(0.0467) (0.0794) (0.0895) (0.174)
Constant -1.172% 1.017*** 0.0421 1111
(0.0810) (0.169) (0.179) (0.352)
N 20599 7374 4654 1276
Pseudo-R? 0.082 0.052 0.019 0.046

Dependent variable ReachPhasek+1 is equal to one if a project successfully passes the
development phase k, zero otherwise. Logit regression coefficients are shown. Standard
errors in parentheses. * p < 0.10, ** p < 0.05, *** p < 0.01.
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Table F5: Firm Type Regression - Small Markets

(1) (2) (3)
Phase I PhaseII  Phase III
CompPhasel ~ -0.0222*** -0.00917**  0.00661
(0.00293)  (0.00271)  (0.00505)
CompPhasell ~ -0.00256 -0.00233  0.0119***
(0.00237)  (0.00173)  (0.00339)
CompPhaselll  0.0172**  0.0184*** 0.00597
(0.00625)  (0.00539)  (0.00570)
CompMkt -0.00794*  -0.0138™*  0.00580
(0.00401) (0.00343) (0.00380)
Oncology -0.166**  -0.277*  -0.170"*
(0.0308) (0.0242) (0.0510)
Constant 0.678*** 0.580*** -0.247**
(0.0332) (0.0284) (0.0428)
N 30170 44803 17457
Pseudo-R? 0.003 0.004 0.001

Dependent variable is equal to one if an active firm is a startup.
Logit regression coefficients are shown. Standard errors in
parentheses. * p < 0.10, ** p < 0.05, ** p < 0.01.
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Table F6: Firm Type Regression - Medium Markets

(1) 2) (3)
Phase I Phase 11 Phase III
CompPhasel 0.0118** 0.00592*** -0.00829**
(0.00280) (0.00222) (0.00346)
CompPhaseI2 -0.000742***  -0.000219***  -0.000119
(0.0000713) (0.0000581) (0.0000934)
CompPhasell -0.0134** -0.00983*** -0.00503*
(0.00194) (0.00182) (0.00265)
CompPhaseII2 0.000390***  0.000280***  0.000472***
(0.0000374) (0.0000340) (0.0000528)
CompPhaselll -0.0819*** -0.0714** -0.0775%*
(0.00448) (0.00381) (0.00601)
CompPhaseIH2 0.00482*** 0.00377*** 0.00342**
(0.000271) (0.000226) (0.000322)
CompMkt -0.0538*** -0.0309*** 0.0500***
(0.00458) (0.00390) (0.00651)
CompMkt2 0.00259*** 0.00160*** -0.00208***
(0.000237) (0.000203) (0.000330)
Oncology 0.0210 0.0512** 0.220%*
(0.0153) (0.0129) (0.0250)
Constant 0.9771** 0.735** 0.0445
(0.0290) (0.0252) (0.0382)
N 149712 201338 71815
Pseudo-R? 0.008 0.003 0.014

Dependent variable is equal to one if an active firm is a startup. Logit
regression coefficients are shown. Standard errors in parentheses. * p <
0.10, ** p < 0.05, *** p < 0.01.
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Table F7: Firm Type Regression - Large Markets

(1) 2) 3)
Phase I Phase II Phase III
CompPhasel 0.00661*** 0.00407** 0.0267***
(0.00118) (0.00106) (0.00169)
CorinhaseI2 -0.000100***  -0.0000563***  -0.000277***
(0.0000128) (0.0000114) (0.0000183)
CompPhasell -0.00638*** -0.00466*** -0.000986
(0.000584) (0.000645) (0.000975)
CompPhaseII2 0.0000209***  0.0000205***  -0.0000341***
(0.00000450) (0.00000490) (0.00000749)
CompPhaselll 0.0144** 0.0146** -0.00436*
(0.00133) (0.00122) (0.00230)
CorinhaseIH2 -0.000115***  -0.000189*** 0.000396***
(0.0000293) (0.0000268) (0.0000492)
CompMkt -0.00723*** -0.00544*** -0.0246***
(0.000800) (0.000709) (0.00127)
CompMk’c2 0.000102*** 0.000126*** 0.000190***
(0.0000163) (0.0000147) (0.0000251)
Oncology 0.261** 0.249*** 0.252***
(0.00624) (0.00551) (0.00984)
Constant 0.465"** 0.343** -0.351***
(0.0216) (0.0189) (0.0307)
N 778394 972639 305783
Pseudo-R? 0.004 0.003 0.013

Dependent variable is equal to one if an active firm is a startup. Logit re-
gression coefficients are shown. Standard errors in parentheses. * p < 0.10,
**p < 0.05, ** p < 0.01.
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G Additional Counterfactual Figures

Figure G1: Counterfactual: Ban Startup Acquisitions - Transition Probabilities

Startup Big Firm
1 T T T 1 T T
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01 * 0.1 -
0 1 | | | 0 | 1 | |
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Phase Phase

[ ¥ Model & Counterfactual|
Notes: Dots are the point estimates for the transition probabilities by phase, firm type, therapeutic category.
The bars are the 95% confidence intervals. Based on 500 model simulations for 113 quarters, removing first
40 quarters. The counterfactual considers a ban on startup acquisitions where A, ; = 0 for all z. Only results
from oncology markets are shown.
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Figure G2: Counterfactual: Ban Startup Acquisitions - Selection Across Phases

Startu Big Firm
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Notes: Model and counterfactual distribution of project quality by phase. Based on 500 model simulations for
113 quarters, removing first 40 quarters. The counterfactual considers a ban on startup acquisitions where
Aa,z = 0 for all z. Only results from oncology markets are shown.

Figure G3: Counterfactual: Ban Startup Acquisitions - Startup Development Policy Functions
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Notes: Development policy functions weighted by frequency of the moment and market-level state in equi-
librium. The counterfactual considers a ban on startup acquisitions where A, ;, = 0 for all z. Only results
from oncology markets are shown.
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Figure G4: Counterfactual: Ban Startup Acquisitions - Big Firm Development Policy Functions
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Notes: Development policy functions weighted by frequency of the moment and market-level state in equi-
librium. Counterfactual 1 considers a ban on startup acquisitions where A, , = 0 for all z. Only results from
oncology markets are shown.

Figure G5: Acquisition Policy Functions
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Notes: Acquisition policy functions weighted by frequency of the moment and market-level state in equilib-
rium. Only results from oncology markets are shown.
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Figure G6: Model Selection Across Phases - Acquired vs. All
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Notes: Model distribution of project quality by phase and acquisition status (all projects vs. acquired
projects). Based on 500 model simulations for 113 quarters, removing first 40 quarters. Only results from

oncology markets are shown.
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