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Abstract

The completion of Human Genome Project in 2003 enabled the systematic study
of gene-disease associations. Exploiting a rich dataset, and focusing on the first gen-
eration of studies on gene-disease associations, we evaluate the extent, pace, and
outcomes of the translation of new scientific knowledge into drug discovery efforts.
Our preliminary results support a “hype” hypothesis. Overly optimistic expecta-
tions about the potential of genetic-based methods for the identification of novel
drug targets fueled initial fast-paced translation. The extent of translation grad-
ually slowed down and ultimately vanished as lackluster clinical trial performance
began to be observed. Some of the steps required to advance this project include:
(i) to refine the causality framework by developing a finer linkage between studies
and discovery attempts and instruments for market potential; (ii) to generate an
external metric for technological hype from media articles and leveraging tools of
sentiment analysis; (iii) to strengthen our analysis of clinical trial performance; and

(iv) to assemble and incorporate into the analysis a data set of patent applications
in the US.
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“If you read them now, the claims made for genomics in the 1990s sound a bit like pre-
dictions made in the 1950s for flying cars and anti-gravity device.” Jack Scannell, 2014.!

1 Introduction

The beginning of the 21st century brought a big promise for the future of medicine.
It was announced on the 26" of June of 2000, when President Bill Clinton welcomed
Francis Collins and Craig Venter into the East Room of the White House to present the
completion of first draft of the Human Genome Project (HGP). Francis Collins had lead a
decade-long publicly-funded effort to sequence all the genes in human DNA, coordinating
the effort of scientists from the US, the UK, Japan, Germany, France, and China. Backed
by powerful new gene-sequencing technology, Craig Venter initiated in 1999 a parallel
private initiative. These two teams eventually turned into cooperation completing the
HGP ahead of time and under budget. The resulting compendium—a characterization
of the most basic elements responsible for variation in human trait expression—has been
considered a major achievement for science, compared by some to the moon-landing or
Copernicus’ heliocentric theory. Recognizing the magnitude of the contribution, Venter
stated that day that “the basic knowledge that we’re providing the world will have a
profound impact on the human condition and the treatments for disease and our view on
our place in the biological continuum.”? After 13 years of sequencing and a $3 billion
investment, the final draft was unveiled in 2003.

Many scientists immediately predicted a revolution in the prevention, diagnosis, and treat-
ment of diseases. For example, Randy Scott of Incyte Genomics stated that “in 10 years,
we will understand the molecular basis for most human diseases.” Lander et al. (2001) con-
cluded that “The scientific work will have profound long-term consequences for medicine,
leading to the elucidation of the underlying molecular mechanisms of disease and thereby
facilitating the design in many cases of rational diagnostics and therapeutics targeted at
those mechanisms.” The genome map would allow scientists to link genetic mutations
to the manifestation of diseases, and once these were identified, targeted therapies could
be designed to replace genes, manipulate their expression, counteract protein imbalances,
among others.

But in 2016, there is still not a full understanding of the biology of most human diseases—
particularly for the most burdensome ones—and therapies providing fully effective cures
are few and far between. The leading causes of death remain the similar to those in
the 2000’s and new therapies have not substantially increased life expectancy.? Voices of
skepticism have gradually started to rise, with some people claiming that the project has
not delivered as promised and that the industry should move past genetically targeted
approaches.

In this project we develop a systematic evaluation of the translation of basic genetic

L“Why Are So Few Blockbuster Drugs Invented Today?”
Zhttp://transcripts.cnn.com/TRANSCRIPTS/0006,/26 /bn.01.html
3“Where Are All The Miracle Drugs?”
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research into the discovery of new therapies for human disease. We focus on a first
generation of gene-disease research, the genome-wide association studies (GWAS), the first
of which was published in 2005, shortly after the completion of the HGP. Our empirical
strategy exploits rich disease-level temporal variation in the stocks and flows of new
such studies to explain patterns of drug discovery. Our results suggest that, during the
2006-2010 period, the industry was quickly adopted new genetic insights, significantly
increasing discovery efforts for therapies targeting the diseases whose genetic roots began
to be clarified. In particular, our estimates suggest that during this period, each new
study was associated with between 0.2 and 0.45 new therapies entering the discovery
stage. However, clinical trial results did not support the alleged therapeutic superiority
of genetically-based targets, gradually eroding the level of enthusiasm, and with it, the
pace of translation. Indeed, after 2010, our results show that the new arrival of genetic
insights did not translate into additional drug discovery attempts.

Overall, our estimates suggest an industry “hype”. That is, the pharmaceutical industry
reacted promptly to the initial belief about the superior therapeutic potential of genet-
ically targeted medicines. However, the payoff of these investments was not as high as
expected and over time the industry reacted slowly to novel academic publications.

Abundant anecdotal evidence supports an industry reaction driven by technological “hype”
fueled by the media and the scientific enthusiasm that followed the completion of the
project. For instance, Derek Lowe, former Bayer employee, claimed: “The whole industry
went crazy with it. Bayer committed half a billion dollars into human genome research,
and they got nothing for it. Nothing at all” .* The director of National Human Genome
Research Institute, Eric Green, addressed this sentiment directly in 2011: “I feel bad if
our enthusiasm and euphoria over completing the genome project was misinterpreted to
mean that we would have cures 10 years later.”® Others haven gone further, overtly fault-
ing the media for inflating expectations beyond justification: “Journalists wrote about
how we were going to have drugs for all these diseases in the next decade. Somebody was
smoking something. This was just nuts.”® Further evidence of this “hype” is discussed in
Alpert and Chen (2012) and in Evans et al. (2011).

In hindsight, the failure to meet the initial expectations seems to have been caused from
under-estimating the complexity of the problem. We now know that genetic variants are
rarely mapped one-to-one into the most burdensome diseases (e.g., cancer, Alzheimer’s,
diabetes). Thus, even when targets are identified (i.e., a genetic variation has a statis-
tically significant association with a disease), it is hard to develop a therapy that safely
and effectively “hits” the target.” Furthermore, the genome has revealed new layers of
biological complexity, delaying advances in applied science as basic science gaps are being

4“Why Are So Few Blockbuster Drugs Invented Today?”

5The Future of the Human Genome.

Shttp://blogs.nature.com/boston/2011/02/23 /nnb-report-ten-years-later-harvard-assesses-the-
genome-map

"This problem does not exist for “Mendelian” diseases (e.g., Huntington’s Disease,Cystic Fibrosis),
characterized by a one-to-one mapping between gene mutations and diseases expression, so reliable genetic
tests and powerful predictive tools are available in those cases. Regrettably, most high-burden (and
profitable) diseases are caused by the mutation and interaction of more than one single gene (as well as
the influence of environmental factors).


http://www.nytimes.com/2014/11/16/magazine/why-are-there-so-few-new-drugs-invented-today.html?_r=0
https://www.technologyreview.com/s/422670/the-future-of-the-human-genome/
http://blogs.nature.com/boston/2011/02/23/nnb-report-ten-years-later-harvard-assesses-the-genome-map
http://blogs.nature.com/boston/2011/02/23/nnb-report-ten-years-later-harvard-assesses-the-genome-map

filled. This point was eloquently made by the prominent UK researcher Roger Highfield,
with an analogy between the genome and a book: if the HGP gave us a book, scientists
are now learning how to read it and “...biologists are beginning to face up to the un-
comfortable truth that they have only been looking at the nouns... now we are reading
the spaces in between—verbs, adverbs, adjectives, pronouns and the rest, and they are
complicated indeed.”®

The slow progress of translating science into successful drugs was anticipated by the more
rigorous analysts and it does not negate a scientific revolution. For example, in 2000,
Francis Collins emphasized that progress would primarily unfold towards the end of a
four-decade period.” Even in the relatively short span of time since the completion of the
HGP, genetics have enabled the new field of personalized medicine, and delivered advances
in basic biology that offer strong support to Venter’s prognosis of a better understanding
of “our place in the biological continuum.”!'’ Effective genetically-based therapies have
reached the market, including treatments for Chronic Myelogenous Leukemia and early-
onset breast cancer diagnostic tests.

Accordingly, and due to the relatively short span of time since the completion of the HGP,
we view our study as a “Progress Report.” Our results do not inform an evaluation of
the long-term impacts HDP on the quality and abundance of human therapeutics. How-
ever, they do suggest that that the pharmaceutical industry may energetically reacted to
discontinuous advancements in the study of gene-disease associations. Such progress may
indeed be currently unfolding, as a second-generation of gene-disease association studies
(“Next Generation Studies”) start to gain traction at the hand of declining computing
power costs (Nordhaus et al., 2007).

Our results shed light on how misleading expectation could have an enormous welfare
consequence. The initial hype could have distorted the direction of innovation, having
firms gradually moving away from a “trial and error” to a “target-based” method to
discover new drugs. Our findings can be rationalized by the observation that competitive
pressures give incentives to firms to invest too soon, relative to the efficient timing. It may
have been more efficient to allow for the basic science to develop further before investing
in the novel approach.

The rest of this proposal is organized as follows. In the next section, we review the
relevant literature. In Section 3, we provide background information on gene-disease
studies and describe the publications database. In Section 4, we describe our database of
pharmaceutical trials. In Section 5, we show our preliminary results and in Section 6 we
interpret them to shed light on the discussion of the genome-bubble. Finally, in Section
7, we summarize and discuss our preliminary results and we offer further steps for our
research.

8«Life just got a lot more complicated.”

9“Reading the Book of Life: The Doctor’s World; Genomic Chief Has High Hopes, and Great Fears,
for Genetic Testing.”

10For example, the genome has lead to the surprising discovery that the number of genes is not related
in an obvious way to the complexity of the organism. Humans have only about 21,000 genes, while a
fruit fly —a much simpler organism— has around 17,000. A mouse has around 23,000.
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2 Related Literature

An idea that dates back at least to Nelson (1959) and Arrow (1962) is that the creation of
knowledge will be under-provided by markets due to its public-good nature. Even more,
profit maximizing firms will under-provide the creation of or knowledge that does not have
an immediate application (basic science). Bryan and Lemus (2016) explain that the public
good nature of knowledge in combination with the difficulty of making new discoveries
will not only change the amount of investment, but also the direction of research. Even
more, Furman et al. (2012) shows that different patterns of funding can have significant
impact on the choice of research of scientists.

Knowledge needs to be created, but also preserved and diffused. Institutions play a major
role in all of these aspects. For instance, the human genome project would have not been
possible without the financial support and oversee of several institutions. Furman and
Stern (2011) present an empirical setting to estimate the role of institutions in the cre-
ation, maintenance, certification and accumulation of knowledge. Pisano (2006) discusses
whether private companies, specifically biotech companies, can profit from the creation
of basic knowledge.

Our project closely relates to the literature that explores how private and publicly-funded
research is captured by firms in the industry. Cockburn and Henderson (1998), focusing
on the biotech industry, highlights the role played by the network of scientific connections
of a firm on the absorption of basic research. We focus on the events that followed
the completion of the Human Genome Project, specifically on genome-wide association
studies. Our project does not focus on patenting—for example, Jensen and Murray (2005)
studies the gene patenting and Hawkins (2011) studies the impact of patents on the
development of genetic tests—but rather on how academic publications is translated into
the developing of new therapies. In a future version, we will link GWAS patents and
papers as in Murray (2002).

We focus on GWAS since it is arguably the most innovative method to identify drug
targets. Drews (2000) examines the history of drug discovery and explains that drugs
used to be developed using chemistry, but over time biology and genetics became the
main tools to guide the discovery of new drugs. In fact, the completion of the human
genome project was followed by a significant economic impact, which is analyzed in Tripp
and Grueber (2011). New techniques have allowed scientists to identified mutations for
more than 2,900 protein-coding genes in humans (Chong et al., 2015; Brinkman et al.,
2006). Visscher et al. (2012) evaluates the impact of GWAS from a broader perspective
and concludes that it has had a positive impact on new discoveries about genes and new
biological insights. Sanseau et al. (2012) discusses the use of GWAS for drug repositioning,
and Nelson et al. (2015) studies the use of GWAS as evidence to obtain FDA approval
for new therapies. However, despite all the progress and new technology, Scannell et al.
(2012) have pointed out that pharmaceutical R&D efficiency—measured as the number of
new drugs brought to market by the global biotechnology and pharmaceutical industries
per billion US dollars of R&D spending—has steadily declined. Agarwal et al. (2013)
explores the competition in the development of novel drug targets, finding that about
half of them are pursued by just one company.

b}



Finally, in our database we distinguish whether research is privately funded, since conflict
of interest in reporting has been an issue in this industry. An academic institution offers
different incentives to a scientists compared to an industry job. Scientists self-select
into one or the other given their individual preferences, which can be heterogeneous in
their taste for having control and freedom of research (Aghion et al., 2008) or in their
ability and their preference for non-pecuniary returns (Agarwal and Ohyama, 2013). In
terms of publications, Fugh-Berman (2013) points out the pervasive involvement of the
pharmaceutical industry in basic research and emphasizes the consequences of under-
reporting of negative results and misrepresenting reported results. Similarly, Bennett
et al. (2010) studies the association between pharmaceutical industry funding and basic
science research for a specific therapy (erythropoiesis-stimulating agents). The authors
find that when the pharmaceutical industry supports an study, researchers are more less
likely to find potentially harmful effects of the therapy.

3 Identifying the Genetic Roots of Human Disease

3.1 Scientific Approaches

There are three different approaches to study the relation between genes and diseases:
Linkage analysis (LA), Genome-wide association studies (GWAS), and next-generation
sequencing (NGS)."!

The LA and GWAS identify genomic regions in the chromosomes associated with diseases,
although in some cases it has been possible to pin-point the specific genetic variant causing
the disease. NGS allows for higher resolution, identifying specific mutations.

Linkage analysis is a technique that has been successfully applied, even before the HGP,
to identify genetic variants for Mendelian disorders—i.e. mutations caused by a single
gene. Following the success of Kerem et al. (1989) in identifying the gene responsible
for cystic fibrosis, LA studies have proved useful to identify other Mendelian disorders.
However, LA studies rely on related individuals and they do not provide “high resolution”
(meaning, they identify broad regions of variations) and they also have limited statistical
power. In particular, linkage analysis is limited to study complex disorders where not too
many related individual carry the disease.

The completion of the HGP allowed scientists to use an alternative approach to linkage
analysis. A genome-wide association study (GWAS) compares DNA regions of a popu-
lation that carries certain trait (i.e. weight, aggressive personality, diabetes, acne, etc.)
with the genome of a control population without the trait. GWAS operate under the
assumption that the same disease are driven by the same (possible multiple) genetic vari-
ations. Although the effectiveness of GWAS has been criticized, Visscher et al. (2012)
highlights its importance: “...the GWAS experimental design in human populations has
led to new discoveries about genes and pathways involved in common diseases and other

HTondin et al. (2013) for a more detailed explanation.
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complex traits, has provided a wealth of new biological insights, has led to discoveries with
direct clinical utility, and has facilitated basic research in human genetics and genomics.”
GWAS has served as a starting point to understand the biology behind diseases.'?

Next-generation sequencing is the most recent method to identify genomic variants and
consists on sequencing the entire genome (or specifically targeted regions). Some recent
findings have shown that NGS are superior to LA, but NGS struggle to determine the
causes of complex diseases given the large cost of sequencing the complete genome for
large samples.'?

Our analysis only consider the GWAS database, since it contains many studies that have
significantly impacted the way scientists think about the mechanisms behind certain dis-
eases.

3.2 GWAS database

We collected all the GWAS publications from the open-source GWAS Catalog,'* made
available by Burdett et al. (2016). The first successful GWAS was published in 2005.
Figure 1 shows the number of GWAS publications over time. Each paper in the GWAS
database will study typically only one trait.!” For each one of the trait studied in a
paper, there are several genes associated. Mendelian diseases (or single-gene diseases)
are characterized by a single gene. However, GWAS publications show that each trait
is generally associated to multiple genes, although less than 5% of these studies identify
more than 30 genes per trait. Figure 2 presents a histogram of the number of genetic
variations found by GWAS papers for each trait.

Figure 2: Number of genes identified in each trait studied in the GWAS papers.
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I3NGS has been prohibitively costly in the past, but recent advances in technology are allowing for
large studies to relying on NGS. Some recent advances include the combination of GWAS and NGS.

Yhttps://www.ebi.ac.uk/gwas/

15 About 83% of the papers study a single trait; 9% of the papers study 2 traits and only 8% of the
papers study 3 or more traits


http://blog.goldenhelix.com/grudy/have-we-wasted-7-years-and-100-million-dollars-on-gwas-studies/
http://blog.goldenhelix.com/grudy/have-we-wasted-7-years-and-100-million-dollars-on-gwas-studies/
https://www.ebi.ac.uk/gwas/

Figure 1: Number of papers on GWAS by month.
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Figure 3: GWAS papers in which Pharmaceutical companies are sources of funding or
conflict of interest.
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To study the involvement of pharmaceutical companies in the development of basic sci-
ence, we performed a textual analysis of the papers in GWAS. We manually processed
each paper in the database to determine the sources of funding. In some journals, the
sources of funding are explicitly reported. However, in the large majority of the papers,
the funding was found in the acknowledgment section. Apart from looking for funding,
we collected information (when reported) about potential conflicts of interest of some of
the authors. We matched a set of 604 large pharmaceutical companies with the GWAS
database to determine whether these companies funded research or were mentioned as a
potential conflict of interest. We find that 80.53% of the papers do not declare private
involvement, while the remaining 19.47% explicitly declare one of the pharmaceutical
companies as a source of funding or as a conflict of interest for one or more authors.
Figure 3 shows the number of publications over time by source of funding.'®

16We refer as ‘private funding’ when a paper was either explicitly funded by a pharmaceutical company
or when we found a declaration of conflict of interest.



Figure 4: Publication rates by funding source

Allergic Autoimmune/Inflammatory Bone Disease
0 o o ° < A .
~ L g 1 o ° . ® . .
™ 4 < .
[ 4
N © 2 a2 e 5 4 A A & 8 o ° °
~ 4 [ ] [ ] o — - [ ] A A
Cancer Cardiovascular Central Nervous System
g e o * o § 1 . R § 1 .
4 ) d 4
S . o . e * & ¢ 2 . S L s s
IS o~ 7 =1
»n S o o A A 0 - ® A A a [ o . S o
2B A & & A A ol NS a2 a_le o ¢ A
(@) Dermatologic Endocrinological & Metabolic Gastrointestinal
= o . oo . o o
© S . o4
&) e & < °
= 1 o o o ° 2 A b e * A © o o b
'g o a A o A g ] A 2 A % . R o | a ® A A o a
o Genitourinary/Gynecologic Hematologic Infectious
] =3
q6 z - b g * 21 ® . ¢ N
| o
[ap— ® e . z A ® . ﬁ
D o+ 2 ® A a 7 7 A a ¢
o) o4 o 4 ° ® o a ® olo A A
E Liver & Gallbladder Diseases Ophthalmic Other/Unknown
: © - o Py o | P
< = °
Z o * o .
1 * © ¢ 1 ) . a ¢
Q! a . L4 LN A e A 2 a ®
o ) A A . o 4 [ ] [ ] A o 4 L] [} . A
Psychiatric Renal Respiratory
S A ° ° < o o o © 4 N
< a ™ - = °
g i ® ﬁ * 2 «~ 4 o - e 6 2 ¢ a
= . 4 % A A o e o s 2 °
o ° — 4 [ A A & & o A
T T T T T T T T T
2005 2010 2015 2005 2010 2015 2005 2010 2015
Year

A Private Funding @ Public Funding

Apart from the volume of publications funded by pharmaceutical companies, we explore
whether studies funded by pharmaceutical companies are concentrated in some specific
therapeutic areas. Figure 4 shows a decomposition of monthly publications by the sources
of funding by therapeutic area. It is interesting to note the lack of private involvement in
cancer and autoimmune/inflammatory studies. This observation is in-line with the recent
finding in Budish et al. (2015).

4 Pharmaceutical Pipelines Data

4.1 Source

We obtained data on pharmaceutical pipelines from Thomson Reuters’ Life Sciences
Cortellis. This company collects information on the pipelines of a large number of biotech-
nology and pharmaceutical from printed/online media, academic conferences and publi-
cations, etc. The full data sample includes development histories of over 90,000 therapies
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(i.e., compound /targeted-disease combinations) that have entered the discovery process
from the mid 1970’s around the world. The development of therapies is tracked since
they are first discussed in an academic conference or publication, or reported by a clinical
trial submitted to www.clinicaltrials.gov, or featured by the media or regulatory updates,
or announced in the sponsoring firm’s website, or when they are coded as the firm as
entering the “discovery” stage.

We restrict the sample to new therapies developed in the United States entering the
discovery stage during or after the year 2000 (about 55% of the full sample). As we
explain in the following sections, we restrict the sample even further to avoid mismatched
errors and we end up with a set of 16,518 therapies entering the discovery stage between
2000 and 2014.

4.2 The Drug Development Process

Drug development may take over a decade from the initial formulation until commer-
cialization, and the process entails a set of sequential stages (Pisano, 2006).!” Drug
development begins at the discovery stage. If the results at this stage are promising, the
process continues with clinical trials on human subjects (phases I to III). At any of these
stages, testing results may suggest lack of efficacy or safety, leading to the termination
of the development. Although we observe the progress of a therapy throughout stages
(as well as the stage at which the process is terminated/discontinued), many dates are
missing in our dataset. We only keep therapies for which observe the date of entry into
the discovery stage.

The discovery stage is itself comprised of several sub-stages and may take many years to
complete. The first step in discovery is to identify of “druggable targets,” i.e. chemical
or molecular entities that will elicit a biological response in a controllable way (Hughes
et al., 2011).

The druggable targets identified by the firms create candidate molecules that are stored
in vast libraries and kept under zealous secrecy.'® Firms will draw from this pool of candi-
date molecules and continue with the following steps: target validation, high throughput
screening, validation, hit identification. Once all these steps are completed, the drug can-
didate is ready to be tested on human subjects in clinical trials (Hughes et al., 2011). The
information from Cortellis does not allow us to identify the specific discovery sub-stage
therapies are at when they first appear in the data.

ITA detailed description of the process is beyond the scope of this study, but available from this
reference.
18For example, Merck is known for maintaining a library containing 4 million such entities.
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4.3 Linking Cortellis Therapies to GWA Studies

As of March 2016, the set of studies in GWAS related to a total of 1,123 genetic-based
human traits. We kept the set of these corresponding to human diseases, which left us
with 666 traits.'” The matching procedure described below resulted in 934 gene-disease
matches, with 744 GWAS traits matched to 313 targeted diseases by Cortellis’ therapies
(out of the 1,912 in the full Cortellis sample), but we dropped 10 of them because their
associated GWAS studies were published in 2015. Thus, our analysis sample contains
303 different targeted diseases. Given the total of 16,518 therapies in the sample, each
condition is associated to an average of 54.5 therapies across years. However, as we show
in the next section, there is significant heterogeneity across therapeutic areas.

Linking these to the conditions targeted by the new therapies in the Cortellis dataset
presented two main challenges. The first and obvious one regards differences in spelling
and use of synonyms (e.g., peanut allergy and peanut hypersensitivity, Wilms’ tumor
and Nephroblastoma, etc). The second and more challenging one stems from imperfect
matches. In particular, many of the traits studied by GWAS studies can be thought to
inform the understanding of the biology of diseases targeted by Cortellis’ therapies in an
indirect but strongly related way. For example, GWAS’ studies for the “longevity” trait
could inform the design of compounds targeting “aging.” Similarly, the GWAS trait “5-
htt brain serotonin transporter levels” is thought to underlie a variety of neuropsychiatric
disorders, hence could inform the design of compounds targeting “post-natal depression.”

To identify these matches in the data we assembled a team of experts. A first expert
(Ph.D. in Epidemiology) helped us to create a list of match morphologies. We then asked
two independent coders (M.D. residents) to identify as many matches as possible from
the data, classifying each of these according to the morphology. The first expert then
curated these independent codings, dropping unjustified matches, including missing ones,
and resolving conflicts. Descriptive statistics of the resulting data are shown in table 1.
The total number of unique entries for traits and conditions is smaller than the sum of
unique entries by match type due to overlap across categories.

4.4 Rates of Discovery

Figure 5 presents the distribution of therapies by therapeutic area. Cancer is the by far the
most prominent of all, with about 5,500 therapies. Infectious, autoimmune/inflammatory,
endocrinological & metabolic, central nervous system, cardiovascular, and psychiatric
constitute a fringe of followers, each with between 1,100 and 1,800 therapies in total.?’

MW

Y Traits that are not associated human disease include “economic and political preferences,” “edu-
cational attainment,” “freckles,” “hand grip strength,” “reading or mathematical ability,” “red/white
wine liking,” “self-employment,” among others. To identify human diseases, We use Merriam-Webster’s
definition: “an illness that affects a person, animal, or plant: a condition that prevents the body or mind
from working normally,” keeping the human disease meaning only.

20The distribution is roughly consistent with industry aggregates of pipeline composition reported by
Giovanetti and Jaggi (2013).
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Table 1: Descriptive statistics of the matching procedure

Type Number of unique entries Examples
Matches GWAS traits Cortellis cond. GWAS trait Cortellis condition
1. Perfect /Synonym 178 170 165 autism autism
ileal carcinoids carcinoid tumor
arterial stiffness arteriosclerosis
2. Dual 101 54 63 obesity and osteoporosis obesity
obesity and osteoporosis osteoporosis
ulcerative colitis or crohn’s disease ulcerative colitis
ulcerative colitis or crohn’s disease chron’s disease
3. Epidemiological 147 127 106 prion diseases creutzfeldt jakob disease
enteric fever salmonella typhi infection
hdl cholesterol Hypercholesterolemia
4. Treatment 128 7 49 hepatitis b vaccine response hepatitis b virus infection
response to antidepressants depression
response to clopidogrel therapy blood clotting disorder
5. Subclass 258 245 96 age-related hearing impairment hearing loss
alzheimer’s discase (late onsct) alzheimer’s disease
allergic rhinitis in non-asthmatics allergic rhinitis
6. Biomarker/Phenotype/Trait 17 16 14 hippocampal atrophy alzheimer’s disease
antibody level in response to infection infectious disease
kidney function decline traits Renal disease
osteoporosis-related phenotypes osteoporosis
periodontal disease-related phenotypes periodontal disease
Total unique entries 829 678 313

Figure 6 shows the discovery patterns across years, by therapeutic area. Many therapeutic
areas exhibit a marked increase in the rate of discovery towards the second half of the
sample period, consistent with the boost in expenditure for prescription drug for diseases
prevalent among the elderly, mainly fueled by the enactment of Medicare Part D (Blume-
Kohout and Sood, 2013; Dranove et al., 2014). All categories exhibit a decline in the
number of therapies entering discovery in 2014, which can be justified on reporting lags.?!

Figure 5: Distribution of new therapies in the sample across therapeutic areas
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210ur dataset was downloaded from the Cortellis website during the first months of 2015.
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Figure 6: Distribution of new therapies in the sample across years
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4.5 Clinical Trial Performance (Survival)

Figure 7 describes the share of therapies entering the discovery stage each year. In our
sample, between 20% and 25% of the therapies that entered discovery in the 2000-2007
period are reach phase I. Due to both attrition and right truncation, reaching phases II are
IIT ocurr less frequently, although the percentage of therapies is relatively flat over time.
Starting with the 2008 cohort of therapies entering discovery, the percentages observed
reaching each clinical trial stage steadily decrease.

Somewhat surprisingly, some of the therapies first observed in discovery after 2012 are
observed entering clinical trials in the sample. Although we have not yet thoroughly
investigated this feature of the data, we believe that it may in part stem from re-purposing
compounds or compounds “taken off the shelf.” These are compounds whose safety and
basic efficacy has been previously tested, so they can skip preliminary stages of discovery.

To assess developmental performance we again consider the probability that a therapy
will reach each successive clinical trial stage, but drop all those observations that repre-
sent ongoing stages. We are thus left with a dataset that allows us to directly plot the
probability of survival. Figure 8 presents the results by therapeutic area. An average of
26% of compounds that enter the discovery survive until phase I; 16% until phase II, and



5% until phase I11.%2

Figure 7: Clinical trial phase reach by discovery cohort
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Figure 8: Survival
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ZThese estimates are roughly consistent with those reported by imply DiMasi et al. (2003). In partic-
ular, our estimates imply that, out of all therapies reaching phase I, 62% reach phase II and 31% reach
phase III. The figures reported by DiMasi et al. (2003) are 71% and 31%, respectively.
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5 Preliminary Results

5.1 Intensity of Discovery

We present results suggesting a swift translation of basic science knowledge into the
discovery of new therapies. The dependent variable in our analysis is the reported number
of new therapies for disease i entering the discovery stage in year t. In our model, two
independent variables measure the stock and the recent knowledge about the biology of
disease i at year t. In particular, to measure the stock of knowledge on disease 7 at year
t, we define the variable PUBSTOCK; ;3 as the number of studies on disease ¢ published
up to year t — 3. To measure the amount of knowledge recently created, we define the
variable NEWPUBS; ;_s.,—; as the total number of studies on disease ¢ published during
years t — 1 and ¢t — 2.

We estimate a negative binomial?® model with the following specification:

E[nlt] == f(a . NEWPUBSZ‘Vt_ta_l + 6 . PUBSTOCK%t_g
+v-REVENUES;, ; + ¢ - MISSINGREVENUES;, ; (1)
+5t + na(i))a

where J; is a time fixed effect and 7,y is a therapeutic area fixed effect. To control
for variation in market potential across targeted conditions and time, we include the
variable REVENUES, ;_;. We compute this variable from patterns of prescription drug
expenditures, reported by the Medical Expenditure Panel Survey*! at the 3-digit ICD9
level. Because these expenditures are missing for many of the ICD9 categories of the
targeted diseases in our sample, we also include the indicator MISSINGREVENUES; ;_;,
which equals one if revenue data is not available for a particular ICD9/year cell (in which
case REVENUES is set to zero), and zero otherwise. We cluster standard errors by
therapeutic area.

Table 2 presents the results of several variants of this specification. Estimates of the
first column suggest that new scientific knowledge quickly permeates into drug discovery.
Within two years of publication, each new study linking disease ¢ with its genetic roots
is associated with about 0.18 new therapies for that disease entering the discovery stage.
The stock of “old” knowledge is not significantly related to the number of new therapies in
discovery at a given year. A possible interpretation for the short life-cycle of new scientific
knowledge would be that the knowledge embedded on each publication is specific, in that
it produces a narrow set of therapeutic opportunities which are quickly exploited by the
industry.

This basic result remains robust across the specifications of Columns 2-5, all of which

23The poisson specification was rejected by over-dispersion tests in all cases.
Z4http://meps.ahrq.gov/mepsweb/
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include market potential controls. Throughout the models, the variable that measures
revenues has a significantly positive coefficient, suggesting that one additional billion
dollars of total prescription drug’s expenditures on year t — 1 are associated with between
0.06 and 0.09 new therapies in discovery on year t, which is systematically smaller than
the effect of NEWPUBS.? We rationalize this results by the high attrition rates in the
industry (DiMasi et al., 2003), which suggest that marginal reductions in the probability
of developmental failure may be more valuable in expected terms than marginal increases
in marginal potential. The negative coefficient of MISSINGREVENUES is expected to
the extent that missing revenues in the Medical Expenditure Panel Survey data is likely
to reflect low overall drug consumption expenditure.?®

Results of Column 3 are obtained from a zero-inflated specification, since about 50% of the
dependent variable’s observations are zero. In Column 4, we exclude all cancer therapies
and in Column 5, by excluding cancer therapies and restricting the sample period to
2008-2014. The coefficient on NEWPUBS remains significant and increases when cancer
is included. Interestingly, PUBSTOCK acquires statistical significance, suggesting that in
therapeutic areas other than cancer, developers may not be so quick to rip all low hanging
fruits associated to new scientific knowledge as they are in cancer. These findings can
be interpreted in light of the relatively larger potential payoffs for cancer therapies that
reach the market, which may have lead to a more crowded discovery space, as well as
the development of a richer pre-genome scientific knowledge base. Both of these effects
suggest that the scientific findings of new genome-wide association publications have a
lower marginal value in this therapeutic area.

We have so far been reluctant to attach causal interpretation to the effects of NEWPUBS.
Indeed, such interpretation would not be warranted if scientific publications were better
conceptualized as an output (as opposed to input) of the drug discovery process. We
investigate this possibility in the next section.

5.2 Research Funding and Knowledge Flows

We begin by evaluating differences between the effects or publicly and privately funded
studies. We do so by distinguishing NEWPUBS and PUBSTOCK according to funding
source. Table 3 presents the results of a model including all these as explanatory variables.

The flow of both types of publications is associated with non-negligible, statistically sig-
nificant positive effects on the rate of discovery. The significance of the effect of publicly
funded publications is reassuring, as the direction of this type of research tends to be more
sensitive to public health concerns than to market conditions (Ward and Dranove, 1995).

25 All drug expenditure’s figures are CPI-adjusted to year 2000.

26We acknowledge that prescription drug expenditure is not a fully adequate to proxy for the market
potential of many of the therapies in our data, since these may be designed for administration in in-patient
contexts. In these cases, expenditures would not be picked up by our data. We are currently evaluating
alternative data sources and methodologies. For now, we are somewhat reassured of our results noting
that the effects are robust to the exclusion of cancer therapies, where in-patient drug administration is
most prominent.
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Table 2: The number of new therapies in discovery as a function of scientific publications

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

NEWPUBS 0.177%FF  0.151%**  (.149%** 0.177#%* 0.190***
(0.032) (0.032) (0.032) (0.036) (0.035)
PUBSTOCK 0.073 0.068 0.062 0.083* 0.129%**
(0.054) (0.050) (0.045) (0.050) (0.043)
REVENUES 0.092%FF*%  0.091%** 0.060** 0.066**
(0.034) (0.031) (0.029) (0.033)
MISSINGREVENUES -0.803*** (0. 797*** -0.568** -0.423*
(0.254) (0.263) (0.253) (0.255)
Sample All All All Cancer excluded Cancer excluded
2008 and after
Zero-inflation No No Yes No No
N 4,545 4,545 4,545 2,121 1,799

All models include therapeutic area and year fixed effects. Robust standard errors (clustered by thera-
peutic area) are presented in parentheses. Legend *p <0.10, **p <0.05, ***p <0.01

In addition, because our specifications of Table 2 include market potential controls, this
finding suggests that at least part of the overall association between publication flows has
a causal interpretation. In the appendix we show that this result remains robust when
we weight the importance of each paper according to its citations the reported p-values
of each association.

Not surprisingly, privately funded publications are associated with a stronger effect than
publicly funded ones. One interpretation of this result is that firms are more likely to fund
research that relates to the types of targets of compounds stored in their vast libraries.
In these cases, the scientific validation of a target reduces technological uncertainty and
leads firms to quickly “jump the gun,” that is, quickly initiate optimization and preclinical
testing for the compounds associated to that target. Even if privately funded publications
represented an output (as opposed to input) of new drug discovery, it would be difficult to
rationalize this association without granting the production of new scientific knowledge
an instrumental role in the discovery of new drugs.

We explore this reverse causation hypothesis by reverting the specification of equation
(1). In particular, we regress the number of new publications for disease i in year t
based on the flows and stocks of new therapies entering the discovery stage, defined
analogously to NEWPUBS and PUBSTOCK. We label these variables NEWCOMPS and
COMPSTOCK, respectively. Results are presented in Table 4. The dependent variable in
Columns 1 and 2 is the number of publicly funded publications, whereas that in Columns
3 and 4, the number of privately funded publications. Because publications are observed
starting in 2005, we restrict the sample period to 2005-2014.
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Table 3: Publicly and privately funded scientific publications and the intensity of discovery

NEWPUBS (Public funding) 0.129%**

(0.034)
PUBSTOCK (Public funding) 0.083
(0.073)
NEWPUBS (Private funding) ~ 0.212%**
(0.048)
PUBSTOCK (Private funding) 0.021
(0.079)
REVENUES 0.0927%**
(0.033)
MISSINGREVENUES -0.798%#*
(0.256)
N 4,545

Includes therapeutic area and year fixed effects. Robust standard errors (clustered by therapeutic area)
are presented in parentheses. Legend *p <0.10, **p <0.05, ***p <0.01

Table 4: The number of scientific publications as a function of new therapy discovery

(1) (2) (3) (4)
NEWCOMPS -0.016%* 0.006 0.000 0.007
(0.007) (0.013) (0.012) (0.015)
COMPSTOCK 0.008** 0.002
(0.004) (0.005)
REVENUES 0.065%+* 0.069%+* 0.090%%* 0.093%%*
(0.015) (0.019) (0.009) (0.008)
MISSINGREVENUES ~ -0.486%%* -0.525%% -0.672%* -0.690%*
(0.173) (0.156) (0.324) (0.327)

Publication type

N 3,030

3,030

3,030

Publicly funded Publicly funded Privately funded Privately funded

3,030

All models are estimated on the 2005-2014 sample, and include therapeutic area and year fixed effects.
Robust standard errors (clustered by therapeutic area) are presented in parentheses. Legend *p <0.10,

5 <0.05, ***p <0.01

5.3 Swurvival

To evaluate the flow of new scientific knowledge we introduce a second time index, 7,
which points to the year a stage is resolved. This indexing is important because, in
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addition to depending on the scientific evaluation of testing results, survival may depend
on the economic outlook at the time results are observed. Thus, we use this index to

specify market controls the REVENUES,_; and MISSINGREVENUES, _;.

As before, the stock and flow of scientific publications is measured at the time the ther-
apy is observed entering discovery. A therapy’s year of introduction to discovery (its
cohort) is denoted as (i), so knowledge flows are proxied by NEWPUBS; ;(;)—2:¢(:)-1 and
PUBSTOCK, 4(;)—3. Therefore, this specification aims to measure the impact of new sci-
entific knowledge on the design of new therapy cohorts.

We specify a series of dichotomic dependent variables y; 5 » representing various types of
transitions. All of these variables equal one if a the transition is successful (i.e., therapy i
is observed entering stage s), and zero otherwise, and explain their variation with a probit
model. In every case, we drop all those observations representing development stages that
are still in progress, so our estimates are clean of right truncation bias. The specification
is given by:

E[y’i,s,‘r] = Probit(oa . NEWPUBSi’t(Z’)_Q:t(Z’)_l -+ ﬁ . PUBSTOCK%t(z)_g
+v - REVENUES; ,_; + ¢ - MISSINGREVENUES; ,_, (2)
+0u(i) + Tlati))

As before, the model includes therapeutic area fixed effects and clusters standard errors
at the same level. Notice also that time fixed effects are attached to therapy cohorts
(discovery year), so that our survival specifications will account for the fact that drugs
entering the discovery on a later period are intrinsically less likely to be observed entering
more advanced stages.

Table 5 presents the results for various types of transitions. In all cases, except for Column
1, the greater availability of scientific knowledge at the time a therapy is discovered does
not seem to increase survival rates. Although the coefficient of PUBFLOW in Column 1 is
statistically significant at the 10% confidence level, its implied marginal effect is relatively
small. It suggests that each additional publication increases the probability of reaching
clinical trials by about 0.007. Evaluated at the average value of NEWPUBS (2005 and
after), the estimate implies that new scientific knowledge for a given disease increases the
number of therapies reaching clinical trials by about 12%.

These results suggest that the effect of scientific discoveries embedded in GWA studies
improved firms’ expectations regarding therapeutic performance, reducing uncertainty
and fostering the advancement of project into clinical trials. Those expectations, however,
were not met by clinical trials” outcomes. In the next section we provide additional context
to evaluate this hypothesis.

It important is to highlight that these results are preliminary and should be interpreted
cautiously. Figure 7 above showed that the percentages of therapies entering discovery
after 2005 is relatively small. In addition, statistics at the bottom of table 5 suggest
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Table 5: Survival

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

Discovery to  Discovery to Discovery to Phase I to Phase II to

Phase I Phase 11 Phase II1 Phase I1 Phase II1
PUBFLOW 0.024* -0.001 0.003 0.006 -0.014

(0.013) (0.021) (0.021) (0.023) (0.032)
PUBSTOCK 0.016 -0.008 -0.015 -0.042 0.004

(0.014) (0.018) (0.028) (0.031) (0.087)
REVENUES 0.015%*** -0.015 0.026** -0.015 0.025

(0.004) (0.011) (0.013) (0.013) (0.016)
MISSINGREVENUES 1.147%%* -2.385%** -1.972%** 0.277%* 0.606%**

(0.087) (0.046) (0.088) (0.122) (0.153)
Fraction of obs. with PUBFLOW >0 0.19 0.18 0.17 0.16 0.10
Fraction of obs. with PUBSTOCK>0 0.10 0.09 0.08 0.08 0.04
N 9,230 8,731 8,391 1,726 801

Probit models using as dependent variable an indicator for successful transition. All models include
therapeutic area and (discovery) year fixed effects. Robust standard errors (clustered by therapeutic
area) are presented in parentheses. Legend *p <0.10, **p <0.05, ***p <0.01

that the extent of variation among the metrics for scientific knowledge flows is, at best,
moderate, potentially translating into low-powered inference. We are currently investi-
gating alternative regression designs and avenues for additional data collection to help us
ameliorate this problem.

6 The “Hype” after the Human Genome Project

6.1 Background

There is vast evidence documenting the expectation that the completion of the human
genome survey would unleash a scientific and therapeutic revolution. For example, the
Nobel Laureate James D. Watson (discoverer of the DNA structure) stated in 1990 that
“The ability to sequence DNA quickly and cheaply will also provide the technological
basis for a new era in drug development.”

Although emphasizing that some results may take several decades to be observed, the lead
of the HGP, Francis Collins, predicted in 2000 great advances in the prevention, diagnosis
and treatment of human disease.”” Lander et al. (2001) concluded that “The scientific
work will have profound long-term consequences for medicine, leading to the elucidation
of the underlying molecular mechanisms of disease and thereby facilitating the design

ZThttp: //www.nytimes.com/2000/06/27 /science/reading-book-life-doctor-s-world-genomic-chief-has-
high-hopes-great-fears-for.html
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in many cases of rational diagnostics and therapeutics targeted at those mechanisms.”
These expectations quickly diffused across the medical community, leading most medical
schools to include genetic courses in their curricula (Marshall, 2011).

Today, there are much lower expectations for the development of new drugs and for a big
revolution in medicine. Lander et al. (2001) overtly faults the media for creating unwar-
ranted “hype” or, inflating expectations about the extent and speed of the therapeutic
progress enabled by the unveiling of the genome: “Journalists wrote about how we were
going to have drugs for all these diseases in the next decade. Somebody was smoking
something. This was just nuts.”?®

Alpert and Chen (2012) and Evans et al. (2011) directly evaluate the extent to which these
expectations have materialized. The studies concur on the idea that expectations were
unrealistic, and a major impact on drug development has not yet been materialized. The
authors point out that the field of genetics today is a much more basic than an applied
discipline, and that solid although sluggish progress is being made.

The main difficulty translating genetics into new drugs stems from the fact that genetic
variants are rarely mapped one-to-one into the most burdensome diseases (e.g., cancer,
Alzheimer’s, diabetes). Even when targets are identified—that is, a genetic variation has
a statistically significant association with a disease—it is hard to develop a compound
that safely and effectively “hits” the target. This problem does not exist when there is a
one-to-one mapping between gene mutations and diseases,?” so reliable genetic tests and
powerful predictive tools are available in those cases. Regrettably, most high-burden (and
profitable) diseases can be caused by the mutation and interaction of more than one single
gene (as well as the influence of environmental factors.)

Despite of the this bleak assessment, there are success stories. For example, the tar-
geted treatment Gleevec has proven itself effective in the fight of Chronic Myelogenous
Leukemia. Several diagnostics have been designed to screen for specific mutations of the
BRCA1 and BRCA2 genes, yielding a significant improvement in early-onset detection of
breast cancer. Recently, gene therapy has been successfully applied to restore vision to
blind patients. Furthermore, at a more basic level, the unveiling of the genome marked
a before and after in the understanding of human biology, producing strong evidence to
back Craig Venter’s 2000 claim that the genome would help us decipher “our place in the
biological continuum.”*

Zhttp://blogs.nature.com/boston/2011/02/23 /nnb-report-ten-years-later-harvard-assesses-the-
genome-map

29Diseases in this class, such as Huntington’s disease an Cystic Fibrosis, are called “Mendelian.”

30For example, the genome has lead to the surprising discovery that the number of genes is not related
in an obvious way to the complexity of the organism. Humans have only about 21,000 genes, while a
fruit fly —a much simpler organism— has around 17,000. A mouse has around 23,000.
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Figure 9: Testing the “hype” hypothesis
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6.2 Analysis

We investigate an empirical implication of the “hype” hypothesis that stems from ex-
pectations’ gradual reversal to the mean. In particular, as the (lackluster) clinical trial
performance of therapies whose design was informed by GWAS’ studies start to be ob-
served, firms begin to gradually adjust their priors down. This means that the marginal
impact of new scientific knowledge characterizing a disease’s biology progressively shrinks,
leading to ever smaller impacts on the intensity of discovery.

To test this hypothesis we adjust our baseline model by allowing the parameters of NEW-
PUBS and PUBSTOCK to vary in time. In particular, we estimate the following negative-
binomial specification:

E[ni] = f(ow - NEWPUBS; ;941 + ;- PUBSTOCK, ;3
+7v - REVENUES; ;_; + ¢ - MISSINGREVENUES, ;_,; (3)
+0t + Na(a)),
The parameter set {ay, B¢ }i>2008 captures the heterogeneous extents to which scientific

knowledge flows impacted discovery rates across years. The “hype” hypothesis implies
that these parameters will be decreasing in ¢.*! To estimate the model we interact year

3lEstimates are similar to those obtained when we also include {o }1=2006,2007, but the latter are
estimated on few NEWPUBS>0 data points and translate into coefficients above 1, which we deem an
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indicator variables with each publication metric. That is, we do not impose a functional
form on the {ay, B; }1>2008 sequences.

Figure 9 summarizes the results. Observed patterns support the “hype” hypothesis. In
2008, each new study increased was associated with about 0.45 additional therapies en-
tering the discovery stage within two years of publication. One year later, in 2009, this
effect was cut by about a third, then again cut in half in 2010. Although larger in 2011,
it falls again in 2012 and losses statistical significance afterward.

A similar pattern is observed for the coefficients of PUBSTOCK. Although initial effects
are larger, they are estimated imprecisely due to the relatively low number of publications
before 2007. Effects loose statistical significance by 2011.

7 Discussion and Road Map

We have presented a preliminary analysis of the impact of the first generation of gene-
disease association studies (i.e., genome-wide association studies) on drug discovery. We
generate three main findings. First, scientific publications are associated to increased
rates of discovery efforts. Although the causality of the effect is not demonstrated conclu-
sively, various analysis and external evidence support it. Second, we find that scientific
publications at the time a new therapy enters the discovery has a positive impact on
the probability of reaching clinical trials, but does not affect the probability of clinical
trial success. Lastly, we show that the effect of publications on the intensity of discovery
efforts was initially (i.e., around 2008) high, but experience a monotonic and pronounced
decrease in time, ultimately vanishing around 2011. After this year, the pace of discovery
of new therapies for a given disease appears to be unaffected by the flow of new scientific
knowledge linking that disease to its genetic roots.

We interpret these results as supportive of a “hype” hypothesis. We provide plenty of
anecdotal evidence that also supports this view. For instance, speaking about genetically-
identified targets, a former Bayer employee stated that “The whole industry went crazy
with it. Bayer committed half a billion dollars into human genome research, and they got
nothing for it. Nothing at all.” Our results regarding the pace of translation across years
map how the industry first “went crazy with it” and later became disenchanted, whereas
our results regarding clinical trial performance illustrate how firms “got nothing for it.”

There is still much work that remains to be done:

e We want to understand better the decline of GWAS publications over time (illus-
trated in Figure 1), and hopefully leverage this patterns for inference. One possible
explanation is that as the “hype” was going away, there was less funding for GWAS
research. An alternative story is that a new technique (NGS) has been substitut-
ing GWA studies, and therefore the perceived decline is a substitution effect rather

artifact of the low variation of the data in that period. We therefore drop them from our final specification.
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than a decline in the overall number of publications. We have identified a dataset
compiling NGS studies and are preparing it for analysis.

e We will generate a an external measure of technological hype along these lines:
collect all media articles published in prominent media outlets (for example, The
New York Times, Science, Business and Health sections), and look within them for
references to genomic-based technologies, and classify them using sentiment analysis
tools.

e We will attempt to directly identify the targets in GWAS publications and with those
employed by new therapies. We have already systematized target information from
Cortellis, but have not still been able to identify a gene-protein mapping required
complete the linkage. This linkage would provide much more fidelity in the analysis,
allowing us to specify diff-in-diff regressions in which the “treated group” entails
therapies targeting the molecule produce by the gene whose connection with the
specific disease has been identified by each GWAS study.

e We also envision assembling a dataset of patent filling activity. Doing this would
allow us to explore a second layer of effects. In our current assessment of the project,
this is not a strict priority and may be left for a follow-up project.

Finally, participating in this NBER initiative is an exceptional opportunity for young
researchers like us. We would highly benefit from specialized and thorough feedback for
this project, as well as for the follow-on ideas that we have in mind. We hope to contribute
to this program and in general to the precision medicine literature. Please do not hesitate
to contact us if you have any question.
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Appendix

Apart from paper counts papers, we also look at their impacts. A novel way to measure of
impact, which is specific to this industry, is to use the reported statistical significance of
the findings. Each study in our database reports the p-values for the strongest SNP risk
allele, which is a measure of how robust are the findings of the papers. It is reasonable
to think that results with a higher degree of confidence provide more certainty regarding
the mechanism that links genes and diseases, which could imply a positive relation be-
tween lower p-values (statistical significant results) and the number of new therapies. An
additional way, is to weight papers according to their citations. Table 6 reproduces the
results of Table 3 including these weighted measures. Qualitative results remain mostly
unchanged, although they also suggest that there may be systematic differences in the
types of science finance by private an public interest. We plan to address as the project
unfolds.

Table 6: Weighted impacts of scientific publications on the intensity of discovery

(1) (2)

NEWPUBS (Public funding) 0.244%%% 0.174%%%
(0.092) (0.037)
PUBSTOCK (Public funding) 0.091 0.078
(0.057) (0.090)
NEWPUBS (Private funding) 0.590%** 0.268*+*
(0.188) (0.059)
PUBSTOCK (Private funding) 0.265* 0.038
(0.148) (0.096)
REVENUES 0.088%*** 0.092%***
(0.033) (0.034)
MISSINGREVENUES -0.837H4* -0.800%**
(0.247) (0.258)
Weight Per-year p-values
average citations
N 4,545 4,545

Both models include therapeutic area and year fixed effects. Robust standard errors (clustered by ther-
apeutic area) are presented in parentheses. Legend *p <0.10, **p <0.05, ***p <0.01
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