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1 Introduction

Artificial intelligence is increasingly embedded in biomedical research, from target discovery
and molecular design to clinical trial design and real-world evidence generation (for example,
Zhang et al. 2025). Yet it remains unclear whether this technological shift has translated into
measurable improvements in the productivity of drug development. This distinction matters
because Al may expand the volume and sophistication of biomedical research without nec-
essarily accelerating the translation of scientific ideas into patents, clinical trials, approved
therapies, or patient benefits. Quantifying this link is therefore essential for understand-
ing whether Al represents a genuine improvement in the biomedical innovation process or
primarily a new set of tools layered onto existing research practices.

Moreover, the global geography of pharmaceutical innovation has been characterized by
a clear hierarchy: The United States, alongside Europe and Japan, has led drug innovation,
while developing countries have mainly consumed existing medicines or produced generics
(Garthwaite 2025; Lakdawalla 2018). Whether Al narrows or widens this global gap is the-
oretically ambiguous. On the one hand, Al may package existing scientific knowledge and
lower the cost of accessing frontier research, potentially offering latecomer countries a short-

cut to innovation (Agrawal, McHale, and Oettl 2026). On the other hand, the downstream
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impact of Al depends on complementary capabilities, including research institutions that can
absorb new methods, firms that can translate discoveries into development programs, clini-
cal trial infrastructure, and regulatory systems that support innovation (Babina et al. 2024;
Brynjolfsson, Rock, and Syverson 2021).

This paper therefore asks two questions. First, does Al adoption in upstream biomedical
science translate into downstream drug development outcomes, such as patents, clinical trials,
and approved therapies? Second, how does this relationship vary across countries, and does
AT enable emerging innovation systems to catch up with established pharmaceutical leaders?
We focus in particular on China as a central case. Over the past two decades, China has
rapidly expanded its pharmaceutical innovation capacity, clinical trial activity, biomedical
research output, and regulatory infrastructure (Barwick, Xia, and Xia 2026). At the same
time, it has become one of the world’s major producers of Al research and applications (Fang
et al. 2026; Maslej et al. 2025). This setting allows us to examine whether Al serves as an
equalizing force in global pharmaceutical innovation or instead reinforces existing advantages
held by established leaders.

Answering these questions is empirically challenging for several reasons. First, Al adop-
tion in upstream biomedical science is difficult to measure systematically. Al includes a
broad set of methods used across biomedical domains, and standard adoption measures are
not well suited to this setting. Job-posting or skill-based measures capture firm-level labor
demand but are difficult to map to disease-specific scientific activity, while patent-based
Al measures capture later-stage invention and may misclassify biological concepts such as
signal processing and molecular computation as artificial intelligence. Second, quantifying
the translation from science to drug development requires linking publications to diseases,
countries, patents, clinical trials, drug projects, and approvals. Third, Al adoption is likely
endogenous, as disease areas with stronger commercial potential, scientific opportunities, or
research infrastructure may attract both Al research and downstream development. Finally,

the welfare implications of Al remain ambiguous because the social value of additional in-



novation depends on the diseases targeted, approval probabilities, disease burden, and the
distribution of benefits across countries.

To address these challenges, we combine large-scale publication, patent, clinical trial,
drug project, approval, and disease burden data. We construct a publication-based measure
of Al adoption in upstream biomedical science using PubMed publications from 2010 to
2025. Rather than relying only on keywords, we build a training sample and use manual
review and LLM-assisted labeling to identify substantive Al use in biomedical research. We
then map Al-related publications to diseases and countries using MeSH terms and author
affiliations, and link this disease-country-year measure to PATSTAT patents, Citeline clini-
cal trials, drug project and approval data, and disease burden measures. Our main analysis
examines whether greater upstream Al exposure is followed by more downstream innova-
tion. To address endogenous adoption, we construct shift-share instruments that combine
pre-period exposure to computer science with subsequent global growth in Al and related
computer science fields. Finally, we use the estimates to construct counterfactual innovation
trajectories and evaluate the welfare implications of Al-driven pharmaceutical innovation
across diseases and countries.

This project offers several contributions. First, the project contributes to the Al-and-
productivity literature by studying innovation rather than routine output. While existing
studies focus on task efficiency, we examine whether Al adoption changes the drug discovery
pipeline itself, including the generation and advancement of drug candidates (Bick, Blandin,
and Deming 2026; Brynjolfsson, Li, and Raymond 2025; Cui et al. 2026; Lou and Wu 2021).
This connects to a broader view of Al as a technology that may reshape scientific discovery
and technology commercialization rather than simply augment or replace existing tasks.

Second, this paper bridges the gap between Al adoption in upstream scientific research
and downstream innovation outcomes. Existing work has emphasized the potential of Al
to transform biomedical discovery, but there is limited systematic evidence on whether Al-

intensive research translates into patents, clinical trials, drug development progress, and



approved therapies (Hill and Stein 2026). By linking Al-related biomedical publications
to multiple downstream stages of the drug development process, we provide evidence on
whether AI changes not only the production of scientific knowledge but also its translation
into commercially and clinically meaningful innovation. Moreover, by translating these effects
into welfare estimates, we connect technological progress to human health outcomes in terms
that are directly relevant for policy and resource allocation decisions.

Third, the paper contributes to the emerging literature on heterogeneity in the effects of
AT by studying whether AI narrows or widens global innovation gaps. Recent studies show
that the productivity effects of generative Al vary across workers and contexts, often bene-
fiting less experienced workers more strongly (Brynjolfsson, Li, and Raymond 2025; Cui et
al. 2026). Our setting takes a global perspective by asking whether a similar equalizing force
operates across countries. In particular, we examine whether Al enables emerging innovation
systems, especially China, to translate scientific advances into downstream pharmaceutical
innovation, or whether the benefits of Al remain concentrated in established pharmaceutical
leaders with stronger complementary capabilities. This contributes to the broader literature

on global innovation, catch-up, and the geography of pharmaceutical development.

2 Data and Methodology

2.1 Data Sources

We combine several data sources to measure the diffusion of artificial intelligence in biomed-
ical science and its downstream relationship with drug development. First, we construct a
corpus of biomedical publications from PubMed covering 2010-2025. Using publication ti-
tles, abstracts, keywords, references, and author affiliations, we identify Al-related biomedical
research, classify papers by disease area, and measure Al research intensity at the disease-
country-year level. This allows us to trace how Al capabilities diffuse across biomedical fields

and geographic regions over time.



Second, we link this publication-based measure to patenting and clinical trial activity.
Patent data come from PATSTAT, while clinical trial records come from Citeline. The trial
data provide information on disease indications, trial phases, start dates, completion dates,
sponsors, study locations, and trial status. We harmonize publications, patents, and clinical
trials using disease and indication taxonomies, including MeSH terms, ICD codes, and our
own disease classification. This linkage enables us to examine whether Al-intensive biomed-
ical research is followed by greater inventive activity and more active clinical development
in the same disease areas.

Third, we use drug approval and disease burden data to study downstream innovation
and welfare outcomes. Drug approval information comes from the Citeline Pharmaprojects
database, while disease burden measures come from the Global Burden of Disease database.
These sources allow us to examine whether Al-related biomedical research is associated not
only with more scientific output, patents, and clinical trials, but also with faster development,
new drug approvals, and potential health gains. Together, these data provide a comprehensive
view of the role of Al in the biomedical innovation pipeline, from scientific discovery to clinical

translation and patient-relevant outcomes.

2.2 Measuring AI Adoption in Upstream Biomedical Science

Existing measures of Al adoption are not well suited for our setting. A common approach
in the literature measures Al adoption using job postings or worker skills (Goldfarb, Taska,
and Teodoridis 2023). These measures are useful for studying firm-level adoption and labor-
market adjustment, but they are less informative about the use of Al in upstream biomedical
science, where many relevant applications occur within university labs, hospitals, research
institutes, and scientific collaborations rather than through explicit Al hiring by firms. They
are also difficult to map to specific disease areas, which is essential for linking upstream
scientific activity to downstream drug development. Patent-based Al measures face related

limitations (Fang et al. 2026). Although they are useful for measuring Al-related invention,



they are less directly suited to capturing the diffusion of AI methods across biomedical
research. More importantly, in biomedical and pharmaceutical contexts, broad Al classifiers
can mistakenly classify biological concepts such as logic gates, circuits, signal processing,
and molecular computation as artificial intelligence.

We therefore construct a publication-based measure of Al adoption tailored to upstream
biomedical science. We begin with the universe of PubMed publications from 2010 to 2025.
For each publication, we use titles, abstracts, keywords, MeSH terms, references, journal
information, and author affiliations to identify whether the paper applies or develops Al
methods in a biomedical context. Rather than relying only on keyword searches, we first use
Al-related terms and biomedical text features to construct a candidate set, and then build
a training sample labeled manually and/or with the assistance of large language models. We
use this labeled sample to train and validate a classifier that distinguishes explicit Al appli-
cations, such as machine learning, deep learning, natural language processing, and computer
vision, from broader computational biology or bioinformatics papers that use terms such
as logic, circuit, signal processing, or computation in a primarily biological rather than Al
sense.

We then map each publication to disease areas using MeSH terms, disease keywords, and
indication taxonomies, and assign publications to countries using author affiliations. This
procedure allows us to construct a disease-country-year measure of upstream Al adoption.
Our baseline measure is the share of biomedical publications in disease d, country ¢, and
year t that are Al-related; we also construct alternative measures based on the count and log
count of Al-related publications, as well as Al publication intensity relative to total scientific
output in the same disease-country cell. Because this measure captures Al adoption at the
scientific discovery stage and is constructed at the disease-country-year level, it can be linked
directly to downstream outcomes in the same disease and country, including patents, clinical

trials, drug development progress, and approvals.



2.3 Empirical Strategy

Our main analysis estimates whether upstream Al adoption in biomedical science translates
into downstream drug development. The baseline unit of analysis is the disease-country-year

level. We estimate the following specification:

}/;lct = BA[Exposuredc,t—j + >\dc + ot + Ve + Edct, (1)

where Yy, measures downstream drug development activity for disease d in country ¢ and
year t. The outcome can include the number of patents, number of clinical trials, trial initia-
tion rates, phase-specific trial activity, phase transition probabilities, or drug approvals. The
key explanatory variable, AI Exposureg.,—;, measures lagged Al-related biomedical research
in the same disease-country cell.

The specification includes disease-country fixed effects, A4, which absorb time-invariant
differences across disease-country pairs; disease-year fixed effects, pg;, which control for global
disease-specific shocks; and country-year fixed effects, v, which control for country-level
trends in research capacity, regulation, and drug development. The coefficient § captures
whether disease-country areas with greater upstream Al exposure subsequently experience
more downstream drug development, relative to other diseases in the same country and the
same disease in other countries.

To examine whether Al has a differential effect in China, we augment the baseline spec-

ification with an interaction between lagged upstream Al exposure and an indicator for

China:

Yie = BAIExposureg. —j + 0 (Al Exposurege —; X China.) + Age + ftat + Ver + €aet - (2)

Here, China, is an indicator equal to one for China. Because the country-year fixed ef-
fects absorb the level effect of China in each year, the interaction term identifies whether the

relationship between upstream Al exposure and downstream drug development is stronger or



weaker in China relative to other countries, conditional on disease-country, disease-year, and
country-year fixed effects. The coefficient 6 therefore captures whether China is especially
effective at translating Al-related biomedical research into downstream pharmaceutical in-
novation. A positive # would be consistent with Al accelerating China’s catch-up in drug
development, whereas a zero or negative 6 would suggest that the benefits of Al remain sim-

ilar across countries or depend more heavily on complementary capabilities outside China.

2.4 Instrumental Variable

A key empirical concern is that AI adoption may be endogenous. For example, diseases
with stronger commercial potential or faster scientific progress may attract both more Al
research and more clinical trials. To address this issue, we construct shift—share instruments
that combine pre-period exposure to computer science with subsequent global growth in Al
or computer science fields.

Our first instrument interacts a disease—country unit’s pre-period connection to computer

science with global growth in Al publications:

Zgey—j = CSShareg.p x Alog (A[PublicationsGlOb“l> , (3)

_C7t_j

where C'SShareg. is the pre-period share of biomedical papers in disease d and country
¢ that are connected to computer science, and A log (AI Publications?fﬁfﬁ@) captures the
growth of global AI publications excluding country c. The intuition is that disease—country
research areas historically closer to computer science should be more exposed to the global
expansion of Al.

We also consider two related instruments. The first uses pre-period exposure to differ-

ent computer science fields, such as machine learning, computer vision, natural language

processing, bioinformatics, and data systems:
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The second uses historical connections to frontier computer science institutions:

ZSchool _ Z Sharege.o x Alog (AI Publications.,) (5)

ueU
where u indexes top computer science schools. These instruments exploit variation in
how different disease—country research portfolios were historically positioned to benefit from
later advances in Al. The identifying assumption is that, conditional on the fixed effects,
these pre-period connections affect downstream drug development only through their effect

on Al-related biomedical research.

2.5 Welfare and Counterfactual Analysis

Finally, we use the estimated relationship between Al exposure and downstream drug devel-
opment to evaluate the broader welfare implications of Al in biomedical innovation. The first
step is to construct counterfactual drug development trajectories under different Al adoption
scenarios. For example, we can compare observed trial activity and drug approvals with a
counterfactual no-Al or lower-Al baseline over a 10- or 20-year horizon.

We then translate the estimated additional drug development activity into welfare mea-
sures. Specifically, we combine disease-level estimates of additional clinical trials, phase
transitions, and drug approvals with external estimates of health benefits, including QALYs
gained, DALYs averted, and disease-specific burden measures from Global Burden of Disease
and WHO data. Where appropriate, we also use value-of-statistical-life and willingness-to-
pay approaches to convert health improvements into economic value.

This analysis allows us to assess not only whether AI increases biomedical innovation,
but also where its benefits are likely to be largest. We will examine welfare gains by disease

category, country, and income region, which helps distinguish whether AI primarily bene-



fits established pharmaceutical markets or also improves access to innovation in lower- and

middle-income settings.
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