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Abstract

How valuable is scientific research to economic growth? Scientific fields do not di-
rectly produce consumption goods; their contribution flows entirely through knowl-
edge spillovers to technology and downstream sectors. We construct the first com-
prehensive innovation network that traces these flows, using the text of 463 million
scientific articles and 81 million patents to measure knowledge diffusion across 209
scientific fields and 123 technology classes annually from 1870 to 2024. Unlike citation-
based approaches, our text-based network reveals dense science-to-technology flows
that are largely invisible in citation data. We embed this network into an endoge-
nous growth model and show that the social value of R&D in any field equals its
total discounted influence on downstream consumption—aggregating direct and indi-
rect spillovers through the full network. Implementing the framework for the United
States, we find that science accounts for 56% of the forward-looking economic value
of R&D while receiving only 25% of R&D resources; its value-to-resource ratio of 2.25
(versus 0.58 for technology) persists throughout 1980-2019. Science’s value is realized
entirely downstream, with half of it one spillover step away, and it lands predominantly
in patented technologies. Field-level values shift markedly over time: machine learning

has risen sharply in recent years.
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1. Introduction

Modern economic growth is, at its root, science-based growth. For two centuries, economies
have prospered by turning scientific discoveries into technologies—electromagnetism into
electric power, molecular biology into biotechnology, machine learning into artificial-intelligence
systems—and technologies into the goods they produce. This conviction has been central
to economic policy and public discourse since Bush (1945) declared science “the endless
frontier,” supported by the economic argument that scientific knowledge is non-rival, so its
social value far exceeds what its producers capture (Nelson, 1959; Arrow, 1962).

Yet while existing evidence makes a compelling case that science is valuable,! the fun-
damental questions remain open: how much does scientific research contribute to economic
growth, from which fields does this contribution arise, and, at the margin, are we investing
enough in science?

Answering these questions is challenging for two interrelated reasons. First, scientific
fields—mathematics, chemistry, molecular biology, and the like—do not produce consump-
tion goods; their contribution to the economy flows entirely through knowledge spillovers,
often indirectly and with long lags. Second, these spillovers propagate through a complex
web of cross-field linkages, so the full chain of science’s contributions is difficult to observe,
let alone measure. An ideal measure of the economic value of science must therefore account
for the entire structure of knowledge flows—from science to technology and onward through
the innovation network, both present and future.

This paper presents a new framework, both theoretical and empirical, for quantifying
the economic value of science. Our approach rests on two pillars. First, we construct an
empirical innovation network that captures how scientific knowledge diffuses into technology
and across sectors, using millions of historical text documents from scientific publications

and patents. Second, we embed this network into an endogenous growth framework that

LA large body of economic work provides micro-level evidence on how scientific discoveries create value.
Science-driven R&D generates high social returns, both in case studies (Griliches, 1958; Mansfield, 1980) and
in the aggregate (Jones and Williams, 1998; Jones, Summers et al., 2020); inventions that build on science
are systematically more valuable (Fleming and Sorenson, 2004; Ahmadpoor and Jones, 2017; Poege et al.,
2019; Arora, Belenzon and Sheer, 2021); and scientific funding fuels downstream innovation (Azoulay et al.,
2019; Myers and Lanahan, 2022).



characterizes the economic value of R&D in every field as a closed-form function of the
network structure, allowing us to quantify the spillover effects of science alongside standard
growth metrics.

Innovation network. We construct the innovation network by exploiting the lead-lag
structure of knowledge diffusion reflected in the textual content of scientific publications and
patents. We represent each research field in a given year as a word-frequency vector over
a shared vocabulary—using term-frequency-inverse-document-frequency (TFIDF) weighting
to emphasize distinctive technical vocabulary—and measure cross-field proximity using co-
sine similarity. We infer knowledge diffusion from an upstream field j to a downstream field
7 when the downstream field’s word-frequency vector becomes closer to the upstream field’s
lagged frequency vector.

A critical challenge is that raw lagged similarities may reflect persistent overlap between
historically related fields rather than genuine flows of new ideas. To isolate true diffusion, we
partial out the contemporaneous correlation structure among source fields. This operation
has an elegant interpretation: the resulting innovation network corresponds to the coefficients
of a vector autoregression (VAR) of the frequency vectors on their own lags. The VAR
structure also yields an empirical advantage: it allows us to estimate each element of the
network using a fixed-effect regression of each word’s frequency in a downstream field on
its lagged frequencies across all upstream fields. We introduce field-by-word fixed effects to
absorb time-invariant vocabulary differences and field-by-time fixed effects to normalize the
frequency vectors.

We implement this methodology on a comprehensive collection of data from multiple
sources. We collect more than 463 million academic articles from 150,000 journals and
45,000 universities and research institutions dating back to the 16th century from OpenAlex,
of which 299 million enter our analysis. We also use 81 million granted patents (representing
33 million unique inventions) from over 40 major patent authorities covering 1782-2025
from the European Patent Office’s DOCDB and INPADOC databases. We complement
these corpora with R&D expenditure data: expenditures from 110,000 global firms come
from Worldscope; 6.3 million scientific grants come from 651 funding agencies across 43

countries over 1952-2021 from Dimensions; aggregate U.S. R&D by performer comes from



the National Science Foundation’s National Patterns series. Finally, U.S. production data
from the Bureau of Economic Analysis’s GDP-by-industry accounts over 1947-2024 supply
the consumption weights and calibration inputs for our quantitative analysis.

The key input for constructing the innovation network is the text from the title and
abstract of each publication and patent. We classify articles into 209 STEM-related scientific
fields using the OpenAlex hierarchical classification and patents into 123 technology classes
using 3-digit IPC codes, yielding a 332 x 332 innovation network for each year from 1870 to
2024. Combining this novel network with rich data on R&D inputs and production output
allows us to quantify the economic value of science.

We validate the innovation network through several complementary approaches. First,
we compare our text-based network with the citation-based network—combining patent-to-
patent citations (Acemoglu, Akcigit and Kerr, 2016), paper-to-paper citations, and patent-
to-paper citations (Marx and Fuegi, 2020, 2022). Within-domain elements of the two net-
works show a strong, positive relationship. Crucially, however, our text-based network cap-
tures cross-domain knowledge flows, particularly science-to-technology flows, that are largely
absent from citation-based approaches—the heatmap of the citation-based network shows
a near-empty science-to-technology quadrant, in sharp contrast to the rich cross-domain
structure in our text-based network. Second, a Monte Carlo simulation confirms that our
approach accurately recovers the true structure of a known innovation network from text
data alone, with a correlation of 0.93 for the network elements and 0.99 for the derived
Katz centrality measures, while a simple cosine similarity matrix fails entirely, producing
a near-uniform and uninformative matrix. Third, we present event studies that trace the
diffusion of distinctive keywords from focal innovation fields to downstream fields. Keywords
spread first to closely connected fields and subsequently to more distant ones, in an order
that aligns with the directional structure of our network.

Several stylized facts emerge from the innovation network. First, science is more central
than technology in the knowledge diffusion process. Scientific fields such as artificial intelli-
gence and biochemistry serve as dominant knowledge sources for a broad range of technology
sectors. In 2000, scientific fields at the interface of computing, information, and the life sci-

ences, including computational biology and data mining, occupied the top three positions



in the combined centrality ranking of all 332 fields; seven of the ten most central fields were
scientific, and the highest-ranked technology class entered only at rank four. Second, cen-
trality dynamics differ markedly between the two domains. Tracking how the Katz centrality
rankings of each domain’s top 20 fields evolve over subsequent years, we find that technology
classes experience relatively large short-run movements but stabilize over time. Scientific
fields, by contrast, exhibit a larger long-term decline in centrality, with initially central fields
more likely to be displaced by new entrants over time—consistent with the exploratory and
breakthrough nature of scientific progress.

We further examine how breakthrough innovations, identified following Kelly et al. (2021),
reshape the network. In both domains, Katz centrality rises sharply in the 5-10 years
following a breakthrough, with the increase more pronounced and persistent in science;
these results hold after controlling for the existing knowledge stock.

Endogenous growth model. Our measure of the economic value of science is guided by a
multisector endogenous growth model in which a finite stock of R&D resources is allocated
across real-economy sectors and scientific fields to generate new ideas. A key structural
feature, noted at the outset, is that scientific fields do not directly produce consumption
goods: by advancing the state of knowledge in science, researchers make R&D in downstream
technology sectors more productive, which in turn raises the quality of goods available to
consumers. This is precisely why standard market-based methods cannot price the value
of science, and why the structure of the innovation network is indispensable for welfare
accounting.

Our main theoretical result provides a closed-form characterization of the economic value
of R&D in each sector. A sector’s total economic value aggregates all the ways its knowledge
propagates through the network over time—first to directly connected downstream sectors,
then through successive rounds of spillovers to sectors further away—each round discounted
at rate p/A, the discount rate relative to the rate at which knowledge spillovers materialize.
When the innovation network is static, this infinite sum of discounted network effects is
precisely the Katz centrality of the sector in the innovation network, weighted by the vector
of consumer preferences across goods. This connection provides an economic foundation

for a well-known network statistic. When the network is time-varying, the economic value



generalizes to a forward-looking analogue in which each round of network effects uses the
future network at the appropriate horizon. The marginal economic value of investing in a
sector is then proportional to the ratio of that sector’s total economic value to the amount of
R&D it already receives. This result nests the framework of Liu and Ma (2021) as a special
case in which the innovation network is time-invariant. Because scientific fields receive zero
direct weight in consumer preferences, their entire economic value is derived from these
indirect chains, and the social optimum calls for directing R&D to science in proportion to
the strength and reach of these chains. Finally, we extend the framework to stochastic regime
changes—recurrent, randomly arriving shocks that redraw how knowledge feeds innovation;
the value of R&D then takes the same form, with an expectation over the network’s future
path.

Quantifying this in the data requires forecasting how the innovation network evolves over
time, since the present value of science depends on its future role in the diffusion of knowledge.
To make this tractable, we introduce a joint diagonalization method that decomposes the
high-dimensional, time-varying network into 150 stable “knowledge topics”—economically
interpretable clusters of related fields, such as computer science & engineering or particle
physics—with time-varying importance weights. This reduces the prediction problem from
forecasting each of the more than 100,000 network elements at every future date to forecasting
150 eigenvalue time series. The decomposition reproduces the observed Katz centrality
closely (a correlation above 0.9), and the eigenvalues are substantially predictable: economic
fundamentals—the knowledge stocks and breakthrough innovations of all fields—deliver an
out-of-sample R? of approximately 0.64 at short horizons, well beyond what the network’s
own persistence achieves.

Quantitative results. We compute the forward-looking economic value of R&D for each
field and year. Our central finding is that science is a quantitatively dominant—and sys-
tematically under-resourced—source of economic value. In 2019, scientific fields accounted
for 56% of the forward-looking economic value of R&D in the United States while receiving
only 25% of R&D resources, a value-to-resource ratio of 2.25; technology fields created the
remaining 44% of value on 75% of resources, a ratio of 0.58. Science’s value share exceeds

half in every snapshot over 1980-2019, its value-to-resource ratio never falls below 1.7, and



the gap widens over the sample as R&D resources drift toward technology fields while value
remains anchored upstream in science. Put differently, science is underfunded by roughly
a factor of four relative to industrial technologies. The pattern is broad-based across sci-
ence: mathematics has a value-to-resource ratio above 12, and engineering, computer science,
chemistry, and physics all exceed 3.

We also document heterogeneity in how the economic value of science evolves over time.
Among computer science subfields, machine learning exhibits near-exponential growth in
value, consistent with its role as a general-purpose tool with broad downstream applications,
while the World Wide Web shows a sharp rise in the 1990s followed by sustained decline as
its foundational contribution was absorbed into downstream fields. The same reallocation
from foundational to applied work recurs within disciplines. In medicine, clinical fields such
as oncology and physical therapy gain value, while basic areas such as immunology and
pharmacology recede. In biology, biotechnology and bioinformatics rise, while genetics has
fallen by more than half from its early-1990s peak as the foundational contribution of the
genomic revolution was absorbed downstream. Physics is where this displacement is most
pronounced, with the fundamental and observational subfields losing the most.

Why is science so valuable when it produces nothing consumers buy directly? Decom-
posing each field’s value into successive spillover rounds shows that science’s value is realized
entirely downstream: in 2019, half of it arrives one spillover step away, another 28% two
steps away, and the remaining fifth through longer chains. Case studies of four canoni-
cal science-origin innovations—nuclear physics in the early 1960s, molecular biology in the
late 1980s, the Internet around 2000, and machine learning in the early 2020s—show that
between 72% and 81% of each field’s value ultimately lands in patented technologies. A
direct-consumption accounting of value would therefore miss science almost entirely: science
is valuable precisely through what technology does with it.

Related literature. Our work contributes to three strands of the literature. First, we add
to the extensive literature estimating the private and social returns to R&D—through case
studies of specific technologies (Griliches, 1958; Mansfield et al., 1977; Tewksbury, Crandall
and Crane, 1980), through knowledge spillover approaches (Jaffe, 1986; Bloom, Schanker-
man and Van Reenen, 2013; Lucking, Bloom and Van Reenen, 2019; Eberhardt, Helmers



and Strauss, 2013; Azoulay et al., 2019; Zacchia, 2020; Arqué-Castells and Spulber, 2022),
and within macroeconomic growth models (Jones and Williams, 1998; Jones, Summers et al.,
2020; Akcigit and Kerr, 2018; Acemoglu et al., 2018; Atkeson and Burstein, 2019; Garcia-
Macia, Hsieh and Klenow, 2019; Bloom et al., 2020; Akcigit, Hanley and Serrano-Velarde,
2021; Cai and Tian, 2021; Konig et al., 2022); see Hall, Mairesse and Mohnen (2010) for a
survey. A related strand focuses specifically on science-driven R&D (Myers and Lanahan,
2022; Arora, Belenzon and Sheer, 2021; laria, Schwarz and Waldinger, 2018; Arora et al.,
2024; Mansfield, 1980; Fleming et al., 2019), examining how science feeds into inventions
through patent-to-paper citations (Ahmadpoor and Jones, 2017; Marx and Fuegi, 2020) and
documenting that science-driven R&D generates substantial private value (Agrawal and Hen-
derson, 2002; Fleming and Sorenson, 2004; Branstetter, 2005; Poege et al., 2019; Bikard and
Marx, 2020; Krieger, Schnitzer and Watzinger, 2024). We contribute to this literature in
three ways: we build an endogenous growth model in which the marginal value of R&D is
characterized in closed form as a function of the full innovation network, encompassing both
invention and science; we estimate the economic value of science at the level of individual
fields, enabling cross-field comparisons; and we construct a comprehensive innovation net-
work spanning real-economy sectors and scientific fields from the global corpus of patents
and publications, overcoming the data-availability and selection limitations of citation-based
approaches.

Second, our work relates to the growing literature on knowledge linkages across sectors
(Acemoglu, Akcigit and Kerr, 2016; Liu and Ma, 2021; Cai and Li, 2019; Huang and Zenou,
2020; Cai, Li and Santacreu, 2022; Guillard et al., 2021) and across countries (Caballero
and Jaffe, 1993; Jaffe, Trajtenberg and Henderson, 1993; Eaton and Kortum, 1999, 2006;
Coe and Helpman, 1995; Coe, Helpman and Hoffmaister, 2009; Santacreu, 2015; Buera and
Oberfield, 2020; Cai et al., 2022), as well as to work on geographic knowledge diffusion
from universities to local commercial innovation (Jaffe, 1989; Belenzon and Schankerman,
2013; Hausman, 2022; Andrews, 2023). While this literature focuses on knowledge linkages
among real-economy sectors or between universities and nearby industry, our paper broadens
the landscape by incorporating detailed scientific fields and tracing knowledge connections

between science and technology within a unified framework.



Third, our work contributes to the science of science (Fortunato et al., 2018; Wang and
Barabasi, 2021; Liu et al., 2023; Azoulay et al., 2018). This literature examines the allocation
and direction of research funding (Azoulay and Li, 2022; Myers, 2020; Yin et al., 2022; Ah-
madpoor and Jones, 2017) and its effects on scientific output (Azoulay et al., 2019; Moretti,
Steinwender and Van Reenen, 2019; Howell, 2017; Myers and Lanahan, 2022; Fleming et al.,
2019), as well as how research is shaped by team composition (Lin et al., 2023; Ahmadpoor
and Jones, 2019; Wu, Wang and Evans, 2019; Wuchty, Jones and Uzzi, 2007), intellectual
property rights (Williams, 2013; Murray et al., 2016; Biasi and Moser, 2021), open access
(McCabe and Snyder, 2005), international cooperation (laria, Schwarz and Waldinger, 2018;
Yin et al., 2021), reward systems (Clauset, Arbesman and Larremore, 2015; Ma, Mondragén
and Latora, 2015; Ma and Uzzi, 2018; Azoulay, Graff Zivin and Manso, 2011), scientific ca-
reers (Way et al., 2017; Sinatra et al., 2016; Liu et al., 2018), and diversity (Hofstra et al.,
2020; Huang et al., 2020). We contribute a direct measure of the economic value of science at
the field level—grounded in a fully specified welfare framework—that can serve as a rigorous
empirical foundation for science policy.

The remainder of the paper is structured as follows. Section 2 describes the data. Section
3 presents the construction of the innovation network and its validation. Section 4 documents
stylized facts about centrality and knowledge diffusion. Section 5 introduces the model and
derives the closed-form characterization of the economic value of R&D. Section 6 presents

the quantitative estimates of the economic value of science. Section 7 concludes.

2. Data

Our empirical analysis combines data from multiple sources: global patent records, academic
publications, scientific funding grants, firm-level R&D expenditures, and sectoral production

data. We describe how we construct and harmonize these data below.

2.1. Data on Academic Publications

We measure global scientific output using academic publication data from OpenAlex, an

open-source catalog of the world’s academic literature.? OpenAlex aggregates bibliographic

2We access OpenAlex via https://openalex.org/ in November 2025.
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records from major publishers, indexing services, and institutional repositories into a unified,
de-duplicated graph. Its primary data sources include Microsoft Academic Graph (MAG),
Crossref, PubMed, and DataCite, among others. It standardizes these records by resolving
publication metadata and author identities, yielding a comprehensive record of global scien-
tific output. OpenAlex contains metadata for more than 463 million academic articles from
150,000 journals and 45,000 universities and research institutions, with historical coverage
extending back to the 16th century and increasing comprehensiveness over the 20th and
21st centuries. For our purposes, the key elements of each record are the publication year,
authors and their institutional affiliations, citations to prior work, the hierarchical scientific
fields assigned by OpenAlex, and the title and abstract text.

In constructing the innovation network, we rely on the raw text of publication titles and
abstracts. Titles are nearly universally available, with 99% of publications containing a non-
missing title. Abstracts are available for approximately 49% of publications overall, with
coverage improving substantially over time—rising from roughly 23% in 1900 to over 60% in
recent years. OpenAlex stores abstract data in the form of an inverted index, recording both
the words and their positions in the text. We use this structure to reconstruct a bag-of-words
representation for each article, providing the basis for our text-based innovation network
measure. In addition to these text features, each publication record contains references to
prior scientific works, allowing us to construct a citation network that we later use to validate
our text-based measures of the innovation network.

The database encompasses publications across all major scientific disciplines. We use
the hierarchical field classification provided by OpenAlex to assign publications to research
fields. OpenAlex builds this classification based on title, abstract, and journal title, using
an automated classifier trained on the Microsoft Academic Graph corpus. The taxonomy
comprises 284 level-1 concepts nested under 19 level-0 root domains. We focus on the 209
STEM-related level-1 fields spanning the natural sciences, engineering, mathematics, and
computer science, which form the science half of our field set. Each article is typically
tagged with several fields; we weight a work across its fields by its OpenAlex concept scores,
renormalized to sum to one, and fall back to equal weights when scores are unavailable so

that multi-field publications contribute proportionally to each relevant field.



Given the diversity of sources OpenAlex aggregates, we retain only works with a valid
publication year that fall into one of four document types: journal articles, book chap-
ters, books, and dissertations. We exclude datasets, reference entries, preprints, peer-review
records, and other ancillary types. Starting from 463 million raw works, this selection yields
299 million publications used in our analysis.

OpenAlex indexes publications in a wide range of languages, including English, Ger-
man, French, and Spanish, among others. Historically, English-language publications have
accounted for approximately 50% of records since the 1850s, with the share rising to more
than 70% since the 1950s. To build the text corpus on a common English representation
while remaining inclusive of scholarship originally published in other languages, we machine-
translate non-English text into English. We first detect the language of each title and
abstract separately with a fastText language-identification model.> We then translate every
non-English title and abstract using open-source neural translation models, Helsinki-NLP

Opus-MT.*

2.2. Data on Patents

We capture innovation activity in industrial sectors using patent data from the Worldwide
Bibliographic Data (DOCDB) and the Legal Status and Patent Family Data (INPADOC)
databases, both maintained by the European Patent Office (EPO).> These open-source
databases collectively form the foundation of the widely used Worldwide Patent Statistical
Database (PATSTAT). DOCDB provides comprehensive bibliographic coverage of patents
published by more than 100 patent authorities worldwide, while INPADOC supplements this
with extended legal status information and detailed records of international patent families.
Together, these databases contain more than 165 million patent publications from over 40
major patent authorities covering leading and developing countries over 1782-2025, of which

81 million are granted patents. Restricting to granted utility patents with a valid year and

3fastText language-identification model: https://fasttext.cc.

4Helsinki-NLP Opus-MT translation model: https://github.com/Helsinki-NLP/Opus-MT.

We use the August 2025 release of DOCDB and INPADOC (data vintage 2025-08-31), distributed
through the EPO’s open bulk-data service at https://publication-bdds.apps.epo.org/raw-data/
products. We parse the raw DOCDB and INPADOC XML into PATSTAT-standard tables ourselves rather
than relying on the commercial PATSTAT product.
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de-duplicating patent families leaves 33 million patents, which form the starting universe for
our analysis.® The data for each patent include the application and grant year, technology
classifications, the geographic locations of patent assignees and inventors, citations to prior
patents, and title and abstract text. To better reflect the timing of inventive activity, we use
the application year where available and the grant year otherwise.

As with scientific publications, we rely on textual information from titles and abstracts
to construct the innovation network. Title information is widely available, with over 97% of
granted patents containing a non-missing title. Abstract coverage is more limited, available
for approximately 78% of granted patents; it began in 1916 and has increased steadily over
time. For each patent, we incorporate both title and abstract text wherever possible to
maximize information content. For earlier periods and patents with missing abstracts, we
rely on titles alone. To validate the robustness of this approach, we compare an innovation
network constructed using both titles and abstracts against one built from titles only. The
two networks are highly correlated (correlation coefficient of 0.95), confirming that our ap-
proach is not sensitive to the inclusion of abstracts and that title text alone reliably supports
network construction, particularly over longer historical periods.

The EPO data include patents filed in multiple languages. While many patent offices
require filings in their national language, major patent systems increasingly accept or re-
quire English translations, and DOCDB provides English translations of many titles and
abstracts, particularly for patents filed through international procedures such as the Patent
Cooperation Treaty (PCT). For the remaining non-English titles and abstracts, we machine-
translate the original-language text into English, as with the publication data. Only English
text, native or translated, enters the text corpus.

We use three-digit IPC codes as our primary technology classification, which yields 123
distinct technological categories that can be further aggregated into 22 two-digit IPC groups.”
Although the IPC system was formally established in 1971, it is now used by more than 100

6To avoid double-counting, we keep a single representative per family—the earliest-granted member,
breaking ties by filing date—and attribute all citations to that representative. Families are identified from
the INPADOC family identifiers in DOCDB, augmented by shared priority claims across applications.

"There are 131 technological categories at the three-digit IPC level. We retain 123 after dropping 8
labeled as “other” within each two-digit IPC group. These dropped categories account for less than 0.0005%
of patents and have extensive missing periods.
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countries, and patent offices often assign IPC codes retroactively to earlier filings. Where
IPC codes are missing—especially for European patents before 1920—we rely on available
CPC codes and map CPC to IPC using a bridge file constructed from patents with both
classifications. For patents missing both IPC and CPC codes, particularly U.S. patents
before 1920, we use USPC classifications and construct a separate USPC-to-IPC bridge.

We also use patent-to-paper citation data to validate our innovation network. These
citations capture references from patent documents to scientific publications. We draw on two
major sources: Reliance on Science (Marx and Fuegi, 2020, 2022), which extracts citations
from the front pages of patent documents, and PatCit®, which additionally processes citations
from the full text. The two sources are highly overlapping; we combine them into a unified
patent-to-paper citation database to improve coverage and robustness. We link each patent
to DOCDB using the patent number and each scientific article to OpenAlex using the digital
object identifier (DOI) or OpenAlex unique identifier.

2.3. Data on R&D Allocation

Our empirical analysis uses data on R&D allocation across industrial sectors and scientific
fields by country. Since no single comprehensive dataset captures this information globally
and consistently, we draw from two complementary sources—one for sectoral (technology-
focused) R&D and one for field-level (science-focused) R&D.

Our measure of R&D allocation in industrial sectors aggregates firm R&D expenditures
to the country-sector-year level using Worldscope, a global firm-level database covering more
than 110,000 firms located in 160 countries and representing over 95% of the world’s total
market capitalization. The sectoral classification of firms in Worldscope follows the Stan-
dard Industrial Classification (SIC) system. To project firm-level R&D into IPC technology
classes, we construct a SIC-to-IPC crosswalk following Lybbert and Zolas (2014). Specifi-
cally, we first link patent assignees from DOCDB to firms in Worldscope using a procedure
analogous to those in Kogan et al. (2017), Ma (2026), and Liu and Ma (2021), and then
compute the share of each firm’s patents falling within each IPC class. We use these shares

to allocate each firm’s R&D expenditures across IPC classes. For multinational firms, we

8 Accessed via https://zenodo.org/record/4391095.

12


https://zenodo.org/record/4391095

further distribute R&D expenditures across countries in proportion to each firm’s patenting
activity by country, following Griffith, Harrison and Van Reenen (2006). We then aggregate
to the country-IPC-year level.

Our second source, covering R&D allocation within scientific fields, is the scientific grant
data from Dimensions AI. The Dimensions funding database contains 6.3 million grants
from 651 funding agencies across 43 countries from 1952 through 2021. For each grant, the
data record the funding amount and duration, the funding agency, researchers and their
institutional affiliations, the hierarchical scientific fields assigned by Dimensions, and in
many cases the resulting outputs in the form of publications, patents, and policy mentions.
Dimensions classifies scientific fields using a proprietary hierarchical taxonomy comprising
171 fields organized under 22 knowledge domains. To harmonize this with our OpenAlex
field definitions, we construct a field-to-field crosswalk based on the joint appearance of
DOIs across the two databases: for academic articles with both OpenAlex and Dimensions
metadata, we match their respective field assignments to map Dimensions fields to OpenAlex
fields. We then project each grant’s R&D allocation into the OpenAlex field structure
using this mapping. Geographic assignment of grants follows the country of researchers’
institutional affiliations. For multi-year grants, we distribute total funding equally across
years to capture the actual duration of supported research activity.

Because our firm-based technology R&D (from Worldscope) and grant-based science
R&D (from Dimensions) are measured on different scales, we calibrate the relative scale of
science versus technology R&D to the U.S. aggregate series from the National Science Foun-
dation’s National Patterns of RE/D Resources report, which documents national R&D by
performer and by character of work over 1953-2024. We define technology R&D as business-
performed R&D and science R&D as the sum of R&D performed by higher-education, non-
profit, federal, and nonfederal-government performers. Under this definition, the science

share of U.S. R&D ranges from 22% to 34% over the period.

2.4. Data on Production

Our core production panel is the U.S. GDP-by-industry accounts from the Bureau of Eco-

nomic Analysis (BEA), which report value added, gross output, and intermediate inputs
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by industry and year over 1947-2024. We map BEA industries into IPC technology classes
using the same assignee-based crosswalk logic described above for the R&D data (through
a NAICS-to-IPC bridge). The production data serve two purposes in our analysis: the ob-
served sectoral value-added and output shares provide the consumption weights (; across
technology sectors (with §; = 0 for science fields), and sectoral value-added supplies the

input for calibrating the knowledge-to-productivity parameter 1.

3. Constructing an Innovation Network with Science

This section describes the construction of the innovation network connecting scientific pub-
lications and patents. The basic intuition is to exploit the lead-lag structure of knowledge
diffusion embedded in the textual content of academic articles and patent documents: our
method tracks how new knowledge from one field (upstream) is subsequently adopted in
another field (downstream).

The construction proceeds in several steps. We first provide a parsimonious model of
knowledge diffusion using text representations, which motivates our network construction
framework. We then describe the empirical approach derived from the model and its im-
plementation. Although the idea of tracking knowledge diffusion through textual terms
is straightforward, the method must carefully account for a complex set of confounders to
identify the underlying diffusion structure. Finally, we validate our innovation network using
a Monte Carlo simulation and by comparison with citation-based networks in subsamples
where both approaches are feasible. We also provide case studies of emerging technologies

drawn from the network. Appendix A.1 provides more details.

3.1. Modeling the Innovation Network Using Textual Information

Textual representation and word-frequency vectors. Let there be N research fields
indexed by i. Assume that the whole knowledge space of all fields is represented using
text, with a fixed vocabulary of W distinct terms. Each research field ¢ at time ¢, which
comprises all documents newly created in that year (e.g., new academic papers and patents),
can be viewed as a bag-of-words. Field i in year t is represented as a probability distribution

RWXI

vy € over words, with 1’v; = 1. We refer to v; as the word-frequency vector
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Table 1. Summary of Notation

Symbol Dimension Description Economic Interpretation

N Scalar Number of Fields The nodes of the innovation network (e.g., IPC classes or
OpenAlex codes).

w Scalar Vocabulary Size The dimensionality of the knowledge space (number of dis-
tinct terms).

(o W x1 Word-Frequency Vector The “genetic code” of field ¢ at time ¢; a probability distri-
bution over words.

Vi NxW Frequency Matrix The aggregate state of knowledge across all fields at time ¢.

Py N x N Lagged Similarity The raw correlation of ideas between fields at t — 1 and
fields at ¢ (Gross Similarity).

P, N x N Contemporaneous Similarity The static technological proximity between fields (used for
partialling out).

Q N x N Diffusion Matrix The network of knowledge spillovers; coeflicients of the
VAR system.

Wijt Scalar Diffusion Coefficient The net flow of unique ideas from field j to field i, condi-
tional on all other fields.

€it W x1 Innovation Term New technical vocabulary or random noise unique to field
7 at time f.

representing field i at time ¢. Let V; = [vy,--- ,vn¢] denote the frequency matrix across

fields at time t. In what follows, we use boldface letters to denote column vectors (lower

case) and matrices (upper case).

Knowledge diffusion. Our notion of knowledge diffusion is based on the lead-lag informa-
tion embedded in text similarities. We infer knowledge diffusion from field j (the upstream
field) to field ¢ (the downstream field) if the downstream field i’s frequency vector becomes
closer to the upstream field j’s lagged frequency vector.

For illustrative purposes, consider the case of knowledge diffusion within a one-year win-
dow. Define the cosine similarity between the frequency vector of field ¢ at time ¢ and that

of field 5 at time t — 1 as:

Correspondingly, P,;_; = V; V., denotes the entire matrix of bilateral cosine similarities in
frequency vectors with a one-period time lag.

It would be erroneous to infer knowledge diffusion solely from lagged cosine similari-
ties, which may also reflect persistent overlap between fields rather than genuine knowledge
spillovers. For example, two fields could be historically related—such as “Semiconductors”

and “Computer Hardware”—sharing a large portion of technical vocabulary (e.g., “circuit,”
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“yoltage,” “impedance”) that remains stable over time. A high cosine similarity between
the “Semiconductors” frequency vector at t — 1 and the “Computer Hardware” vector at ¢
might simply reflect this static overlap—the persistent technological proximity—rather than
a genuine flow of new ideas from one to the other in that specific year. If diffusion were in-
ferred from raw lagged similarity alone, one would mistakenly conclude that mature, stable
fields are constantly “diffusing” knowledge to each other even in periods of stagnation. Such
a measure captures the stock of shared knowledge rather than the flow of new knowledge.

This distinction is critical: a true measure of diffusion must identify when a downstream
field adopts vocabulary from an upstream field that it did not previously possess, or when
its trajectory is altered by the upstream field’s recent innovations. We aim to capture this
dynamic influence—how the past state of field j predicts the future composition of field
t—rather than their static intellectual kinship.

To address this issue, we partial out the similarities between fields that do not represent

knowledge diffusion. Define the contemporaneous cosine similarity matrix as
[P];; = vjyvj, P, =VV/
We measure the cross-field knowledge diffusion matrix at time ¢ as
QO =P, P} (1)

We interpret the ij-th entry of €2;, denoted w;j, as the knowledge spillover from field j to
field 1.

To see why this approach is helpful, note that mathematically, the operation €2, =
P,, P corresponds to the coefficients of a multivariate orthogonal projection of the cur-
rent state vectors onto the space spanned by the lagged state vectors. By multiplying the
cross-temporal similarity matrix P,;_; by the inverse of the contemporaneous similarity
matrix P}, we effectively perform a generalized linear regression of V; on V;_;.

This process partials out the contemporaneous correlation structure among the source
fields at time ¢ — 1. In the absence of this adjustment (i.e., using only P;;_), if an upstream

field j is highly correlated with another field k—for instance, Artificial Intelligence and Data
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Science often share terms such as “learning” and “neural”—simple cosine similarity would
attribute influence to both 57 and k redundantly. The inclusion of Pt__l1 decorrelates the
predictors, isolating the unique predictive power of each field j on field i’s future trajectory.
Consequently, the element w;j; captures the net knowledge spillover from field j to field %,

conditional on the information contained in all other fields.

VAR Interpretation of the Model The diffusion matrix defined in (1) not only has
an elegant mathematical expression but also offers an empirical advantage. Specifically, (1)
implies that the network can be interpreted as the coefficient matrix of a vector autoregression
(VAR), with the collection of frequency vectors across fields at time ¢ as the dependent

variable and their lagged counterparts as the explanatory variable:

N
Vi = Zwijt'vjt—l + €it, (2)

j=1
where €; is a W x 1 vector of mean-independent error terms. To see this, note that the

coefficient vector wy, = [wWity, . . ., wine] from the regression is
Wit = (VtQ1V,;/,1)_1 Vi1vi,
and in matrix format, with X, = [ey,--- , €n¢]’, equation (2) implies
Vi=QVii+ Y,  Q=[w,...wy = (ViaV.) Via V.

Classical Connections The construction of £2; connects to three classical results in statis-
tics and econometrics, each illuminating a different facet of our approach. First, the formula
Q, = Pt,t_lPt__ll is precisely the solution to the Yule- Walker equations for a first-order VAR:
given a stationary process V; = QV,_; + €;, pre-multiplying both sides by V;' ; and taking
expectations yields I'(1) = ©T'(0), so the coefficient matrix is recovered as = T'(1)T'(0)~.
Our matrices P,;_; and P,_; are exactly the empirical counterparts of the lag-1 and lag-
0 autocovariance matrices, making our estimator the classical moment estimator for VAR

coefficients. Second, the right-multiplication by P,"} implements the logic of the Frisch-
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Waugh-Lovell theorem: the coefficient on an upstream field 7 in the regression of v;; on all
lagged field vectors is identical to the coefficient obtained after first removing from v;;_; the
linear projection onto all other upstream fields. This is why w;;; captures the net influence
of field j on field +—it represents what j contributes that no other field can substitute for.
Third, the matrix P} is the precision matriz of the contemporaneous field distribution.
In Gaussian graphical models, the off-diagonal entries of a precision matrix encode par-
tial correlations—the association between two nodes after conditioning on all others. Our
construction exploits this property in the time-series direction: by multiplying the lagged
cross-similarity by the contemporaneous precision matrix, we isolate the genuinely novel
predictive content each upstream field contributes to its downstream neighbors, purging any

influence that operates only through correlated third fields.

3.2. Estimation Procedure

We now estimate equation (2) in the data. We measure the frequency vector v;; using term-
frequency-inverse-document-frequency (TFIDF) weighting, a standard approach in natural
language processing. The vocabulary consists of unigrams, bigrams, and trigrams. TFIDF
rescales each component of the raw term-frequency vector by an inverse-document-frequency
weight, thereby down-weighting words that appear frequently across many documents while
amplifying terms that are distinctive to a particular field. To prevent the far larger publica-
tion corpus from dominating the term weights, we use a domain-balanced inverse-document-
frequency that assigns equal weight to the patent and publication document shares. After
computing TFIDF, we further rescale each field-year vector to have unit /5 norm so that the
measure reflects relative term composition rather than the overall length of the document.
To estimate the diffusion matrix €2, for year ¢, we first collapse the lagged knowledge
vectors into a single multi-year average and then perform the regression. We average over
lags because knowledge spillovers unfold over several years and the precise diffusion horizon
is unknown a priori. The average captures the cumulative effect of the preceding decade

while remaining agnostic about the exact timing. Concretely, for each upstream field j we
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form the mean of its lagged word-frequency vectors,

L
_ 1
Vjwt = Z ;/ij,tﬂ L= 107
and estimate, for each downstream field i, the single regression

Vit = Z Wijt Vjwt + Qg + Oy + Egut - (3)
j

The dependent variable is the TFIDF frequency of word w for field i in year t. The ex-
planatory variables are the ten-year mean lagged frequencies v;,,+ of word w across all fields
J (including field 7 itself). We estimate this equation for each field i using data from the
ten-year window ending in year ¢, stacking every word across the ten years to obtain 10 - W
observations with N right-hand-side variables (and N coefficients) per regression. This base-
line specification (a ten-year estimation window with a ten-lag mean) is used throughout the
paper, and our estimates are robust to alternative specifications.

We introduce field-by-word fixed effects ay,, to absorb time-invariant vocabulary differ-
ences across fields. We also include field-by-time fixed effects ay; to normalize the TFIDF
vector for each field in a given year. The regression generates one diffusion coefficient w;j;
per field pair, summarizing the cumulative ten-year spillover from field j to field i.

Because each equation (3) involves a large number (N) of estimated coefficients for each
field 7, we regularize the estimator. After partialling out the fixed effects, we estimate a ridge
fixed-effects VAR with a penalty parameter of 0.2.° We then apply a five-year calendar rolling
mean to the estimated coefficient series to smooth year-to-year sampling noise. Finally, since
the knowledge diffusion matrix €2; is assumed to be non-negative with rows summing to one,

we winsorize negative entries to zero and row-normalize so that 1'w;; = 1.

9As is common in the statistics literature, the penalty is scaled relative to the magnitude of the median
diagonal of the design’s second-moment matrix (Hoerl and Kennard, 1970; Hastie, Tibshirani and Friedman,
2009).
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3.3. Network Description and Validation

The Advantage of the Text-Based Network Over Citation-Based Networks We
first compare our innovation network with existing network measures in the literature. Prior
work relies heavily on patent citation data to construct knowledge spillover networks (Ace-
moglu, Akeigit and Kerr, 2016; Liu and Ma, 2021), typically focusing on within-technology
citations and consequently missing cross-domain linkages. Recent work by Marx and Fuegi
(2020, 2022) makes important progress by linking patents to scientific articles, but patent-
to-paper links remain incomplete, as we document below. Comprehensive paper-to-patent
citation data are generally unavailable. Moreover, because the units of knowledge in scien-
tific papers and patents differ fundamentally, citation-based networks are inherently limited
in capturing the full cross-domain structure of knowledge flows.

Figure 1, Panel (a) visualizes our text-based innovation network 25919 as a heatmap. The
first 209 rows and columns correspond to the 209 science fields, and the last 123 rows and
columns correspond to the 123 three-digit IPC technology classes, with fields and classes
sorted by decreasing Katz centrality. The color in the i-th row and j-th column corresponds
to w;;+ using the colormap shown to the right. The heatmap reveals a clear block struc-
ture. Within each domain, innovation-central sectors account for a disproportionate share of
knowledge flows to other sectors while receiving relatively little in return from non-central
ones. Moreover, the off-diagonal science-to-patent quadrant (bottom-left corner) exhibits
active knowledge flows, consistent with the finding that knowledge primarily flows from sci-
ence into technology. In contrast, the patent-to-science quadrant (upper-right corner) is
considerably sparser.

Figure 1, Panel (b) visualizes the citation-based network as a heatmap, combining patent-
to-patent citations, paper-to-paper citations, and the patent-to-paper citations described in
the previous section. Both networks exhibit similar within-domain block structure; however,
our text-based network has the key advantage of capturing knowledge flows between science
and technology that are largely absent from citation-based approaches. The science-to-patent
quadrant of the citation-based heatmap is quite sparse, and the patent-to-science quadrant

is effectively empty—in sharp contrast to the rich cross-domain structure visible in the text-
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Figure 1. Text-Based and Citation-Based Innovation Network: Heatmap
Panel (a): Text-Based Network Panel (b): Citation-Based Network
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Notes. This figure visualizes the text-based network in Panel (a) and the citation-based network in Panel (b).
Darker colors represent larger matrix entries. Sectors are first ordered by technological class and scientific
field, and then ordered within each group by decreasing Katz centrality.

based network. The citation-based network also displays a much darker diagonal, indicating
that citations are predominantly within-field, a tendency reinforced by the publication and

patent review processes.

Validation: Alignment Between Text-Based and Citation-Based Networks We
perform a series of tests to validate our measure’s ability to capture knowledge flows. Figure
2 compares our text-based network with the citation-based network for within-science fields
(Panel a) and within-technology fields (Panel b). Each panel plots binned values from both
networks alongside a linear fit. In both cases, we observe a strong positive relationship
closely aligned with the 45-degree line, indicating that our text-based innovation network
successfully captures knowledge flows that are consistent with citation evidence.

Table A.1 further quantifies the relationship between the two networks by reporting
Pearson and Spearman correlations separately for patent fields and science fields across
decades. The correlation is consistently positive in both domains, supporting the validity of
our text-based network, and it increases over time: the Pearson correlation within science

rises from 0.21 in 1950 to 0.58 in 2020, with a similar pattern within technology. This upward
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Figure 2. Alignment Between the Text-Based and Citation-Based Networks

Panel (a): Scientific Field Panel (b): Technology Class
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Notes. This figure shows a binned scatterplot of elements from the text-based and citation-based innovation
networks using data from 1940 to 2024. Panel (a) considers the network within scientific fields and Panel
(b) considers the network within technological classes.

trend likely reflects both improvements in citation data quality and the growth in document
volume, which makes the citation-based network increasingly informative about underlying
knowledge flows. These findings further support the conclusion that our text-based network
captures meaningful knowledge diffusion that is consistent with, but extends well beyond,

citation-based evidence.

Monte Carlo Exercise A key challenge in validating a text-based innovation network
is the absence of a ground truth in real-world settings. To address this, we implement a
Monte Carlo simulation to assess whether our method can recover the true structure of
an innovation network from text representations, under the assumption that the knowledge
diffusion model holds and the data-generating process is known. This exercise also helps rule
out simpler alternatives, such as raw cosine similarity. Details of the simulation exercise are
provided in Appendix Section A.1.3.

In the simulation, documents for each field are generated via a multinomial process based

on a known innovation network and the knowledge diffusion model introduced above. We

22



simulate the process over 1,000 periods and use data from the final 100 periods to estimate
the network, allowing us to assess whether our estimation procedure accurately reconstructs
the true network structure from text alone.

Figure A.1 shows that our method effectively recovers both the overall network structure
and the relative importance of fields. The estimated innovation network closely matches
the ground-truth network, with a correlation of 0.93. Moreover, the derived Katz centrality
measures align closely with those from the true network, achieving a correlation of 0.99.
In contrast, a simple cosine similarity matrix fails to capture the directional structure of

diffusion, producing a nearly uniform and uninformative network.

3.4. Event Studies: Tracing Knowledge Diffusion Using Words

To further validate our text-based innovation network, we conduct event studies that trace
how distinctive keywords diffuse from focal innovation fields to related fields over time. This
approach allows us to directly assess whether terminology associated with major technolog-
ical innovations spreads to the fields our network identifies as downstream recipients.

We implement this analysis in three steps. First, we identify major innovation episodes by
applying a Markov regime-switching model to the Katz centrality time series for each field,
detecting sustained intervals during which a field is unusually central within the innovation
network. We retain an episode as “major” only if it emerges from a low base, screening out
fields that were already central. This procedure identifies 95 distinct innovation episodes (71
in science and 24 in technology), each characterized by an emergence year, peak year, and
decline year. Appendix Table A.2 lists all episodes along with their maximum Katz centrality
and associated keywords. Appendix Figure A.3 visualizes the Katz centrality trajectories for
the top 20 fields by maximum centrality, with gray shading indicating the major innovation
waves identified by our procedure.

Second, for each innovation episode, we identify the most important keywords charac-
terizing the focal field during its peak period using R? decomposition, which quantifies how
much each word contributes to explaining variation in the field’s word-frequency vector rela-
tive to other fields. This approach focuses on terminology that is distinctive to the innovation

episode rather than generic technical language. The resulting keywords are also reported in
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Appendix Table A.2.

Third, we trace the diffusion of these keywords from the focal field to other fields over
time. For each episode, we identify the top 50 most important keywords and compute for
each field in each year the average share of documents containing at least one of these
keywords. We then group recipient fields by their dependence on the focal field as measured
by our innovation network, enabling us to examine whether fields more closely connected to

the focal field in the network are also more likely to adopt its terminology.

Figure 3. The Diffusion of Important Keywords Across Fields Over Time
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Notes. This figure shows the diffusion of important keywords across fields over time. For each episode,
we identify the top 50 most important keywords and compute for each field and year the average share of
documents containing at least one keyword. Fields are grouped by their network-based dependence on the
focal emergence field.

Figure 3 presents the results, tracing keyword adoption over time for fields grouped by
their network proximity to the emerging innovation field. The patterns reveal clear evidence
of directional knowledge diffusion: keywords associated with major innovations first appear

in the focal field, then spread to closely connected fields, and eventually diffuse to more
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distant fields. This temporal ordering aligns with the directional structure of our innovation
network, providing direct validation of our text-based approach. Appendix Figure A.4 pro-

vides additional examples illustrating this diffusion process for specific innovation episodes.

4. Knowledge Evolution and Diffusion: Stylized Facts

In this section, we document three stylized facts drawn from the innovation network that
jointly motivate the key mechanisms in our theoretical framework and quantitative analysis:
the structural dominance of science over technology in knowledge centrality; the heteroge-
neous and cyclical dynamics of centrality rankings over time; and the systematic role of

breakthrough innovations in reshaping a field’s network position.

4.1. Fact #1: Science Is More Central

Figure 4 visualizes the innovation network, aggregating knowledge flows by averaging the
diffusion matrix €2, over our full sample period. We plot the knowledge diffusion links
between patent fields (blue nodes) and science fields (red nodes). Each node represents a
distinct field, and node size is proportional to the total number of documents in our sample;
we label the 10 largest patent and science fields by document volume. Directed arrows
represent the flow of knowledge from an upstream field j to a downstream field i: gray
arrows indicate within-domain flows, red arrows indicate science-to-patent flows, and blue
arrows indicate patent-to-science flows. Arrow width reflects the magnitude of the knowledge
flow coefficient w;;.

Cross-domain flows exhibit strong asymmetry. There are substantially more science-to-
patent flows (red arrows) than patent-to-science flows (blue arrows), indicating that knowl-
edge diffusion runs predominantly from science into technology rather than the reverse.
Scientific fields such as the World Wide Web, artificial intelligence, and biochemistry serve
as key knowledge sources across a broad range of patent fields, consistent with their foun-
dational role in enabling applied innovation. The reverse channel-—patent fields diffusing
knowledge into science—is far more limited and concentrated in a handful of the largest
technology classes, such as computing & calculating or counting and electric communication

technique.
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Figure 4. Visualization of Innovation Network
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Notes. This figure visualizes the average innovation network, computed by averaging the diffusion matrix €2,
over the full sample period (1870-2024). Blue nodes represent 3-digit IPC patent (technology) classes and
red nodes represent OpenAlex scientific fields. Node size is proportional to the total number of documents
in that field over the sample period, and the 10 largest fields in each domain are labeled. Directed arrows
indicate knowledge flows from the source (upstream) field to the destination (downstream) field: gray arrows
represent within-domain flows, red arrows represent science-to-patent flows, and blue arrows represent patent-
to-science flows. Arrow width is proportional to the strength of the knowledge flow coefficient w;;.

Figure 5 presents the same 332 x 332 innovation network as a heatmap, sorting all fields
by Katz centrality within each domain. Each cell reflects the intensity of knowledge flow w;;
between an upstream field j (column) and a downstream field i (row): red shading indicates
flows originating in science fields, and blue shading indicates flows originating in patent
fields. Darker colors represent larger matrix entries. Two patterns are immediately visible.
First, the network is highly concentrated: a small number of fields in the upper-left corner
of each domain block account for a disproportionately large share of knowledge outflows,
while the majority of fields receive little diffusion from non-central sources. Second, the
science-to-patent quadrant (bottom-left) is substantially denser than the patent-to-science
quadrant (upper-right), corroborating the directional asymmetry seen in Figure 4: science
is structurally more upstream in the knowledge diffusion process.

This pattern is further quantified in Table 2, which lists the top 10 science and patent
fields by Katz centrality in 2000. A field’s Katz centrality aggregates all the direct and
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Figure 5. Visualization of Innovation Network: Heatmap
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Notes. This figure presents the average innovation network (1870-2024) as a 332 x 332 heatmap. The first
209 rows and columns correspond to scientific fields (OpenAlex classification) and the last 123 rows and
columns correspond to 3-digit IPC technology classes; within each domain, fields are ordered by decreasing
Katz centrality, so the most central fields appear nearest the upper-left of each block. Cell color represents
the magnitude of the knowledge flow coefficient w;; from upstream field j (column) to downstream field i
(row). Red shading indicates flows from upstream science fields; blue shading indicates flows from upstream
patent fields; darker colors indicate larger entries.

indirect influence it exerts on the rest of the network: a field with high Katz centrality
not only diffuses knowledge to many fields directly, but also transmits it further through the
network via intermediate fields. The Rank column in both panels reflects each field’s position
in the combined ordering across all 332 fields (209 science and 123 technology). Among the
highest-ranking fields overall, science disciplines dominate: internet privacy, computational
biology, and data mining occupy the top three positions (internet privacy leads the entire
network with a Katz centrality of 0.0111), and seven of the ten most central fields are
scientific. The highest-ranked technology class—electric communication technique—appears
at overall rank 4 with a Katz centrality of 0.0078, and other leading technology classes
such as hand tools, nuclear physics, and basic electric elements fall between overall ranks 8
and 13. This pattern arises because science fields are more upstream: they influence both
other science fields and downstream technology sectors, whereas technology sectors primarily

influence one another. Appendix Table A.3 shows that this dominance of science in overall
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centrality rankings is a persistent feature of the post-WWII innovation network; Appendix
Figure A.3 traces the Katz centrality trajectories of the top fields in each domain over the

full sample.

Table 2. Top 10 Science and Technology Fields by Katz Centrality in 2000

Scientific Fields Technological Classes
Rank Katz Centrality Field Name Rank Katz Centrality Field Name
1 0.0111 internet privacy 4 0.0078 electric communication technique
2 0.0083 computational biology 8 0.0061 hand tools
3 0.0081 data mining 10 0.0060 nuclear physics
5 0.0063 molecular biology 13 0.0056 basic electric elements
6 0.0063 computer network 17 0.0052 biochemistry, beer, microbiology & enzymology
7 0.0062 cell biology 23 0.0050 medical or veterinary science
9 0.0061 human-computer interaction 25 0.0050 coating metallic material
11 0.0058 world wide web 28 0.0047 vehicles in general
12 0.0057 information retrieval 32 0.0046 specific information & communication tech.
14 0.0056 gerontology 33 0.0045 computing & calculating or counting

Notes. This table lists the top 10 scientific fields and the top 10 technology classes by Katz centrality in
2000, each selected from within their own domain. The Rank column reflects each field’s position in the
combined ordering across all 332 fields (209 science fields and 123 technology classes). Science fields hold the
top three positions in the combined ranking, and seven of the ten most central fields overall are scientific; the
highest-ranked technology class enters at overall rank 4. Katz centrality is computed from the text-based
innovation network 25009 as described in Section 3; higher values indicate greater upstream influence in the
knowledge diffusion process.

4.2. Fact #2: Heterogeneous Centrality Dynamics Across Domains

Figure 6 summarizes how centrality rankings evolve over time for the most central fields in
science and technology. For each year, we identify the top 20 fields by Katz centrality within
each domain—science (red) and technology (blue)—and track how their centrality rankings
within the full 332-field network change over subsequent years. The figure plots the average
change in the combined-domain ranking for these initially top-ranked fields as a function of
years elapsed since they entered the top 20.

The rank changes reveal a modest level of instability, with distinct dynamics between
science and technology. Patent fields experience relatively large short-run movements in their
rankings. These fluctuations are likely driven by product cycles, shifting market demands,
or regulatory changes that temporarily elevate a technology class and then fade as the wave
passes. After this initial volatility, however, the average rank change stabilizes, suggesting
that once a technology field secures a relatively central position, it tends to persist there

over longer horizons—consistent with the path-dependent and cumulative nature of applied
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technological knowledge.

In contrast, science fields exhibit a steeper long-term decline in centrality. While their
initial rank change is comparable to or smaller than that of technology fields, their rank-
ings continue to drift steadily over time rather than stabilizing. This persistent downward
drift suggests that initially central scientific fields are more likely to be displaced by new
entrants, as foundational breakthroughs in one area of science open entirely new research
directions that quickly become more influential. This instability reflects the exploratory and
paradigm-shifting character of scientific progress, whereby a major breakthrough—genomics,
nanotechnology, or machine learning—can rapidly reorganize the entire knowledge diffusion

structure, pushing established central fields further down the hierarchy.

Figure 6. Change in Rankings of Top Central Fields
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Notes. This figure tracks how the centrality rankings of the most central fields in each domain evolve over
time. In each year, we identify the top 20 fields by Katz centrality within the science domain (red) and the
technology domain (blue). The horizontal axis measures the number of years elapsed since the field entered
the top 20; the vertical axis shows the average change in combined-domain Katz centrality rank (across all
332 fields) relative to the entry year. Positive values indicate rank deterioration (the field has become less
central relative to others). Results are averaged across all entry cohorts in the sample.

Long-Run Cyclicality of Network Centrality We next characterize the long-run dy-
namics of Katz centrality at the aggregate level for both science and technology. To extract

the cyclical component from the trend, we estimate an unobserved-components time-series
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model in state-space form, following Durbin and Koopman (2012).'% We estimate the model
for each aggregate field separately by maximum likelihood via the Kalman filter. Appendix
Figure A.5 reports the model fit (R?) and estimated cycle periods for each field. Figure 7
displays the estimated cyclical components (gray) and their deterministic transition paths
(blue, excluding the noise innovations) for each field.

The figure reveals pronounced cyclical patterns in innovation centrality at both the sci-
ence and technology levels. The science fields, shown in the top panel of Figure 7, tend to
exhibit longer and smoother cycles with an average estimated period of approximately 40
years. These multi-decade swings are consistent with the slow-moving nature of foundational
knowledge production and paradigm shifts in science: a dominant scientific discipline rises
to prominence as it opens new research directions, sustains central influence over a period
of roughly one to two generations, and then gradually recedes as successors emerge. This
pattern echoes historical episodes such as the post-war rise of nuclear physics, the genomics
revolution, and the ongoing surge of machine learning.

Technology fields, shown in the bottom panel, follow shorter-term and more volatile cycles
with an average estimated period of approximately 28 years—roughly 12 years shorter than
the science cycles. This faster rhythm likely reflects the tighter feedback loops between
technological innovation and market adoption: a general-purpose technology or platform
(e.g., combustion engines, semiconductors, or the internet) rises to centrality as it diffuses
broadly across the economy, but is eventually supplanted by the next platform, on a timescale
governed more by commercial and economic forces than by the pace of fundamental scientific

discovery.

10More specifically, the unobserved components model decomposes a time series into trend, cyclical, and
noise components (Durbin and Koopman, 2012):

Yt = Q¢ + Ct + €,

where y; is the observed Katz centrality at time ¢, a; is the trend component, ¢; is the cyclical component,
and €; ~ N(0, 05) is the noise. The trend follows a local linear model, a;1; = a; + b, where b is a constant
drift. The cyclical component is parameterized as a bivariate state-space model:

Cip1 = crcos(Ae) +cfsin(Ae) + €5, and  cj ;= —¢sin(Ae) + ¢ cos(Ae) + €7,

where €, €5* ~ N(0,02) are i.i.d. innovations. The parameter \. € (0, 7) governs the frequency of the cycle;
we restrict the implied period 27/, to lie between 8 and 80 years to exclude implausibly short- or long-run
oscillations.
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Notes. This figure shows the estimated cyclical components of Katz centrality from an unobserved-
components time-series model (see footnote in Section 4), estimated separately for aggregate science fields
(top panel) and aggregate technology classes (bottom panel). For each field, the gray lines show the full
estimated cyclical component ¢; (including noise innovations), and the corresponding blue lines show the
deterministic transition component—the path of the cycle excluding noise—which captures the smooth,
mean-reverting oscillation. Each model is estimated by maximum likelihood via the Kalman filter using the
annual Katz centrality series from 1870 to 2024, with the cycle period restricted to lie between 8 and 80
years. Appendix Figure A.5 reports the R? and estimated periods of the models for each field.

4.3. Fact #3: Emerging Field Centrality After Breakthrough Innovation

We examine how breakthrough innovations affect a field’s position within the innovation
network, as measured by its Katz centrality—which, as noted above, captures a field’s direct
and indirect influence on the rest of the network, including spillovers several steps removed
from the source.

Figure 8 presents local projections of the effect of breakthrough innovations on inno-
vation centrality. We identify breakthrough innovations following Kelly et al. (2021). For

each document, we compute a novelty score as the ratio of its textual similarity to future
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Figure 8. Innovation Centrality and Breakthrough Innovations
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Notes. This figure shows local projection estimates of the dynamic effect of breakthrough innovations on
Katz centrality, separately for science fields (Panel a) and technology classes (Panel b). The horizontal axis
measures the forecast horizon in years; the vertical axis shows the estimated coefficient on log breakthrough
count at each horizon. Breakthrough innovations are identified following Kelly et al. (2021): for each
document, we compute a novelty score as the ratio of its textual similarity to documents published in the
same field over the subsequent five years to its similarity to documents in the field over the prior five years;
after demeaning the novelty score by calendar year to remove secular language drift, documents in the global
top 5% of the year-demeaned distribution are classified as breakthroughs. For each field-year, we count
breakthrough innovations accumulated over the preceding ten years and take the log of this count. The local
projection regression at horizon h regresses Katz centrality at ¢ + h on log breakthrough count at ¢ and log
knowledge stock at t, controlling for field and year fixed effects. Shaded bands show 95% confidence intervals
based on standard errors clustered at the field level.

documents in the same field (over the next five years) to its similarity to past documents
(over the previous five years). Documents with high scores are distinct from prior work but
closely predictive of subsequent innovations, indicating that they represent breakthroughs
that open new research directions. After demeaning the novelty score by calendar year to
control for secular language shift, we rank documents globally across all fields and years and
classify those in the top 5% of the year-demeaned distribution as breakthroughs. For each
field-year, we count breakthrough innovations accumulated over the preceding ten years and
estimate their effect on future centrality using local projection methods.

We find that breakthrough innovations are associated with a subsequent increase in in-
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novation centrality. In both domains, centrality rises sharply in the first 5-10 years following
a surge in breakthroughs. The increase is more pronounced and persistent in science fields,
suggesting that scientific breakthroughs not only elevate a field’s short-term centrality but
also restructure the broader diffusion architecture of the network over time. This accords
with the transformative nature of fundamental discoveries: a breakthrough in molecular
biology or machine learning does not merely improve output in that field—it reorients the

entire downstream knowledge diffusion structure, pulling many other fields into its orbit.

Table 3. Breakthrough Innovation Predicts Innovation Centrality

(1) 2 3) 4) ®) (6) (M) (8)

Katz Centrality; ;41 Katz Centrality; ;110

In(Breakthrough, 95%);, 0.00039*%*%* 0.00019%*** 0.00021%%*  0.00005**
(0.000) (0.000) (0.000) (0.000)
In(Breakthrough, 90%); , 0.00038***  0.00019*** 0.00021*%%*  0.00006**
(0.000) (0.000) (0.000) (0.000)

In(Knowledge Stock); ; 0.00058*** 0.00059*** 0.00048*** 0.00048***

(0.000) (0.000) (0.000) (0.000)
Observations 49,800 49,800 49,800 49,800 48,140 48,140 48,140 48,140
R-squared 0.30445 0.36312 0.30199 0.36230 0.24410 0.28404 0.24458 0.28425
Field FE Yes Yes Yes Yes Yes Yes Yes Yes
Year FE Yes Yes Yes Yes Yes Yes Yes Yes
No. of Fields 332 332 332 332 332 332 332 332

Notes. This table reports OLS estimates of the effect of breakthrough innovations on future Katz centrality
at horizons of 1 year (Columns 1-4) and 10 years (Columns 5-8). The dependent variable is field i’s Katz
centrality in year ¢t + 1 (Columns 1-4) or ¢t + 10 (Columns 5-8). The key explanatory variables are the log
count of breakthrough innovations in field i accumulated over the preceding ten years, measured using a
95th-percentile novelty threshold (Columns 1, 2, 5, 6) or a 90th-percentile threshold (Columns 3, 4, 7, 8)
following Kelly et al. (2021). Even-numbered columns additionally control for the log cumulative knowledge
stock of field ¢ at time ¢. Breakthrough innovations are defined as documents in the global top 5% (or
top 10%) of the distribution of future-to-past textual similarity ratios, after demeaning by calendar year to
account for secular language evolution and then ranking globally across all fields and years. All specifications
include field and year fixed effects; standard errors (in parentheses) are clustered at the field level. *#%, **
and * denote significance at the 1%, 5%, and 10% levels, respectively. The sample spans all 332 fields (209
science fields and 123 technology classes) over the estimation window.

Table 3 provides complementary regression evidence on the relationship between break-
through innovations and innovation centrality at horizons of 1 year (Columns 1-4) and 10
years (Columns 5-8). Across all specifications, the coefficients on the log count of break-
through innovations—whether measured at the 95th or 90th percentile of the importance
distribution—are positive, statistically significant, and economically meaningful. The re-
sults remain robust after controlling for the existing knowledge stock, indicating that break-

through innovations exert an independent effect on centrality beyond merely reflecting the
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prior accumulation of documented knowledge. Intuitively, a field’s knowledge stock measures
the volume of prior work, while breakthrough innovations capture the creation of genuinely
novel, future-shaping ideas.

The estimated coefficients are also broadly stable across forecast horizons. The coeffi-
cient on log(Breakthrough, 95%) roughly halves from 0.00039 at the 1-year horizon (Column
1) to 0.00021 at the 10-year horizon (Column 5) but remains positive and statistically sig-
nificant, indicating that the centrality gains from breakthrough innovations are not purely
transient but persist a decade later. This persistence is consistent with the long-run cycli-
cality documented in Figure 7: breakthroughs initiate a protracted upward phase in a field’s
centrality cycle rather than a brief and quickly reversed spike. These results underscore
the economically meaningful and durable role of breakthrough innovation in driving the

structural evolution of the knowledge diffusion network.

5. A Framework for Estimating the Value of Science

This section develops a framework for measuring the social value of R&D across sectors con-
nected by knowledge spillovers. We consider a general environment in which the innovation
network—the matrix of cross-sector knowledge spillovers—is time-varying and not restricted
to any parametric form. Our main results characterize the social value of R&D in each
sector as a function of this network. We first study a deterministic environment in which
the network’s future path is known, and later extend the framework to stochastic regime

changes (Section 5.3).

5.1. Setup

Preferences and Production. Consider an economy with N sectors, indexed by i =
1,..., N. There is a representative consumer with log flow utility and exponential discounting

at rate p:
00 N N
Vie [ e mpds u=T[u Y-t ()
t =1 i=1

The consumption good at each time ¢ is a Cobb-Douglas aggregator over sectoral goods

{yi}X,. We refer to f; as the consumption elasticity of sector i, with 3; > 0 and ), 8; = 1.
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Each sectoral good i is produced from production workers ¢; with production function
Yit = q;féit, where ¢;; is the sector’s knowledge stock at time ¢ and 1) parametrizes how

knowledge translates into productivity. Substituting the production function into (4):

o N N
Vi = / e—p(s—t) (1/1 Z ﬁl In Qis + Z 61 In éls> ds. (5)
t i=1 i=1

The sectoral knowledge stocks {g;:})¥, are the state variables of the economy.

The Innovation Process. R&D expands the knowledge stock. At time ¢, mass z; of

R&D resources employed in sector ¢ generates a flow of new innovation n;:

ni = i O; <{1H th};y:1> . (6)

O;(+) is a knowledge aggregation operator that captures how the existing stock of knowl-
edge across all sectors feeds into innovation in sector . We impose two assumptions on the
operators ;. First, O; is homogeneous of degree one; that is, knowledge aggregation ex-
hibits constant returns to scale. Second, the cross-partial elasticities are non-negative: more
knowledge in any sector weakly increases innovation in every sector. These two assumptions
are maintained throughout the analysis.

New innovation n; expands the knowledge stock according to the law of motion

Git/ it = AN1In(n4e/qit).- (7)

The key distinction between n;; and g;; is that the former is a flow variable capturing inno-
vation output at time ¢, whereas the latter is a stock variable reflecting the accumulation
of past innovations. The rate at which knowledge expands in sector ¢ is increasing in the
flow of innovation and decreasing in the existing knowledge stock ¢;;, capturing the notion
that innovation becomes harder as the knowledge frontier in sector i advances. The param-
eter A\ governs the elasticity with which flow R&D expands the knowledge stock. Because
past knowledge affects future R&D efficiency, A\ also relates to the rate at which knowledge

spillovers materialize.
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Substituting (6) into (7) yields the combined knowledge dynamics:

d1In q;
dt

=\ [ln Ty +1nO; <{1n qjt}j.\;) —1In qit] ., Qio given. (8)

The Innovation Network. We define the innovation network as the matrix of knowledge

spillover elasticities:

Definition 1 (Innovation Network). The innovation network at time t is the N x N matriz
Q(t) with entries
0ln O, ({ln qkt}g:1>

Q. (t
i(t) Jln gy

(9)

The entry €;;(¢) measures the elasticity of sector i’s knowledge aggregation with respect to
sector j’s knowledge stock. By the non-negativity assumption, €;;(t) > 0 for all 4, j,¢t. By
constant returns to scale, rows sum to one: Zjvzl Q;;(t) =1 for all ¢ and ¢. The innovation
network is allowed to vary over time, reflecting the evolving structure of knowledge flows
across sectors.

The matrix Q(t), a key object of this study, represents a weighted directed graph in
which economic sectors are the nodes. The entry €2;;(¢) captures the degree to which sector i’s
innovation benefits from sector j’s existing knowledge stock. We refer to sector j as upstream
of sector ¢ and, conversely, ¢ as downstream of j; this terminology captures the direction of
knowledge flows from source to recipient. Absent cross-sector knowledge spillovers, Q(t) = I
is the identity matrix. The concept is not tied to any specific sector definition; innovation

networks can be constructed across industrial sectors, technology classes, and scientific fields.

Interpreting Science. Among the N sectors, some may represent scientific fields—disciplines
such as mathematics, chemistry, or molecular biology—that do not directly produce con-
sumption goods. For these sectors, the consumption elasticity is zero: [, = 0. Their
contribution to the economy arises entirely through knowledge spillovers, captured by the
off-diagonal entries of (t). As we show below, such sectors can nonetheless have high social

value.
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5.2. The Social Value of R&D

We now characterize the relative social value of R&D across sectors. The central question is:
holding the production resource allocation {¢;;} and the R&D allocation in all other sectors
and all future periods fixed, how much does welfare rise from a marginal increase in R&D
directed to sector i at time 7

Our framework deliberately leaves the resource cost of R&D unspecified at this stage.
R&D may draw on the final good, on production workers, or on a separate endowment
of scientists—the relevant specification depends on the institutional setting. The implicit
assumption is that whatever the resource constraint, an increase in R&D in any sector
carries a shadow cost that, in equilibrium or at an optimum, is common across sectors at
each point in time. This common shadow cost determines the absolute level of R&D value
but cancels when comparing across sectors. We can therefore derive the relative social value
of R&D across sectors without taking a stand on how R&D is financed or on the level of the
shadow cost. Later, in the quantitative analysis, we close the model by specifying a resource
constraint and calibrate the absolute level to match existing estimates in the literature.

To formalize, fix a time ¢ and consider a given R&D allocation {z;s}s>¢, with the produc-
tion allocation {/;} held fixed. We perturb R&D in the direction h = (hy,...,hy) € RY

with amplitude € > 0, active only on a short time window [t, ¢ + J) of width § > 0:

:vfs"s’h = Zis + € Ny - Licserts. (10)
The perturbed R&D feeds through the knowledge dynamics (8), generating a perturbed
knowledge path {g=%"},>. Let V=" denote the resulting welfare.

Definition 2 (Marginal Value of R&D). The marginal social value of REID in sector i at

time t 1s oh
1 ovS”
= lim - =L , (11)

50t &
e=0, h=¢;

where e; € RY is the i-th standard basis vector.

The definition decomposes into two steps, which makes clear that &; is a genuine marginal

object. First, 81/25’6”’ /Oe evaluated at e = 0 is a Gateaux derivative in the amplitude direc-
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tion: it linearizes the welfare response along h. Because In(z;s + ch;li<s<t4s) differentiates
in e at € = 0 to h;li<s<i15/%is, this linearization produces the 1/x; factor that will appear
in Proposition 1 below. Second, the limit lims_,q+(1/d) localizes the perturbation to an in-
stantaneous spike at time ¢, yielding welfare sensitivity per unit time of R&D injection at
that instant. Separating amplitude ¢ from window width ¢ clarifies that &;; is a first-order
derivative in e—mnot the welfare value of a discrete lump of R&D divided by its duration.
Since the production allocation {/;s} is held fixed, writing welfare (5) under the perturbed
path gives

[e'e) N N
ek / e Pls—1) (w > Bilng "+ B ejs) ds.
t j=1 j=1

The labor terms do not depend on (e, h) and vanish upon differentiation, so the marginal

value of R&D depends only on how the knowledge stocks respond to the R&D injection:

N alnqe’:‘(s’l

1
@t—hmg €p8t¢263

ds. (12)

e= O,hzei

Equation (12) makes the mechanics transparent. Boosting R&D in sector ¢ during the
window [t,t + ¢§) directly raises sector i’s knowledge. This knowledge then spills over to
other sectors through the innovation network €2, raising their knowledge stocks in turn. The
marginal value &;; aggregates these effects across all sectors j, weighted by the importance
of each technology in the consumption bundle (3;) and discounted over time.

Our first main result provides a closed-form characterization of the relative marginal
value of R&D across sectors. We introduce the knowledge propagation matrix ®(¢, s), which
tracks how a perturbation to knowledge at time ¢ ripples through the innovation network to

affect knowledge at a later time s > ¢.

Proposition 1 (Marginal and Total Value of R&D). Under constant returns to scale in the
knowledge aggregation operators {O;}, the marginal social value of RED satisfies

Vit

xz’t

(13)

fzt Xy —

where ; denotes equality up to a positive constant that is specific to time t and common
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across sectors, and vy; = (Yig, - - -, Yne)' 1S defined by

v, = /00 B ®(t,s)ds, (14)

and the propagation matriz ®(t,s) solves the matriz differential equation

o®(t,s) _Q(s) _
s = (p+A) (I 1+p/>\> D(t,s), P(t,t)=1. (15)
Proof. See Appendix A.2. O

Proposition 1 decomposes the marginal value of R&D in sector ¢ at time ¢ into two forces.
The numerator v;; is the present-discounted welfare impact of knowledge in sector ¢ at time
t, integrating all the ways that knowledge propagates through the innovation network over
time. The denominator x; reflects diminishing returns: sectors that already receive large
R&D investment see smaller proportional knowledge gains from additional resources. Since
it ¢ Vit /Ty, We can write v, o< & - x—the marginal value of R&D times the quantity of
R&D resources. We can therefore interpret v;; as the total social value of R&D in sector @
at time t. This is the object we take to the data: in the empirical analysis, we refer to v;; as
the economic value of R&D in field 7, and we use the two terms interchangeably.

The total social value v;; captures the full causal chain from knowledge to welfare. An
increase in g;; raises innovation in all sectors j for which €2;; > 0, which in turn raises g;,
for future s > ¢, which feeds back into further innovation, and so on. The propagation
matrix ®(¢,s) encodes this entire chain, discounted at the effective rate p + A, with the
innovation network €2(s) governing the spillover structure at each point in time. The integral
in (14) is guaranteed to converge under our maintained assumptions: because €(s) is row-
stochastic for all s, the propagation matrix decays exponentially, || ® (¢, 5)|s < e 7, so the
cumulative effect of knowledge spillovers remains bounded.!! No additional assumptions—
such as diagonalizability or commutativity of {€2(s)}—are required.

An important feature of Proposition 1 is that the formula involves the observed innovation

HFormally, this follows from the Coppel inequality: the maximum row sum of the drift matrix A(s) = (p+
AT —(s)/(1+p/A)) equals p for all s because £2(s) is row-stochastic, which implies the exponential bound
on ®. Moreover, since —A(s) has non-negative off-diagonal entries, ®(¢,s) > 0 entry-wise, guaranteeing
i+ > 0 whenever 8; > 0.
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network €(s) along the unperturbed path, with no adjustment for how the network itself
might respond to the R&D perturbation. To see why, note that a change in R&D at time
t perturbs the knowledge path g, for s > ¢, which shifts the spillover elasticities £2(s) since
they depend on knowledge stocks. However, this network response is itself proportional to
the amplitude ¢, so its welfare effect is second-order in €. Since &;; is a first-order derivative
in €, it does not require us to model how the network evolves endogenously in response to

R&D policy.

The Log-Linear Special Case. When the knowledge aggregation operators are Cobb-
Douglas, O;({Ing;;}) = I, q;;”, and € is time-invariant, the propagation matrix admits the
closed form

B(t,5) = exp {—(p—l—)\) (1_ %) (s—t)] (16)

This is the framework developed in Liu and Ma (2021). The total social values become

time-invariant and take the Leontief inverse form

and the optimal allocation satisfies &* o; v. The Leontief inverse decomposes social value
into the consumer’s direct valuation of each technology 3; and the contributions of suc-
cessively longer chains of knowledge spillovers, each discounted at rate p/A per round of
spillovers. Note that equation (17) is precisely the Katz centrality of the innovation network
(with attenuation factor 1/(1 + p/))), weighted by the consumption vector 3. Intuitively,
sectors that are more central in the knowledge diffusion process—those that influence many
other sectors both directly and through long chains of spillovers—have higher social value.
When the innovation network is time-varying, the discrete-time analogue of the Leontief

inverse adds a time subscript to each round of the network effect:

Q Q.50 Q30,5
~ i B (I—|— L 3otr2 3o t+3 3842 S A1 )

Tt p/h At p/NE T~ (Lt /AP (18)
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The first term captures the direct impact of better technology on consumption; the second
reflects how improved technology at time ¢ raises the productivity of R&D at ¢ + 1, which in
turn benefits consumption; successive terms capture higher rounds of network effects at t+2,
t+ 3, and so on, each discounted at rate p/\. Proposition 1 is the continuous-time analogue
of (18): the propagation matrix ®(¢,s) in (14) plays the role of the discounted product
Q- Q1 /(1+p/X)*7t, and the integral replaces the sum. The value of investing in a sector
today depends not only on the current network but on its entire future trajectory. In the
empirical analysis (Section 6), we implement the general time-varying framework, extended
to stochastic regime changes in Section 5.3; as we document there, the innovation network
Q(t) changes substantially over our sample period, making the time-varying formulation

essential for capturing the evolving value of science.

Our second result characterizes the optimal allocation of R&D across sectors, under the
assumption that R&D resources are fungible: an additional unit of R&D has the same

marginal cost regardless of the sector in which it is deployed.
Proposition 2 (Optimal R&D Allocation). Suppose RED resources are fungible across
sectors. A necessary condition for the R€D allocation {x;} to maximize welfare is

Ty Xt Vit- (19)

Equivalently, the optimal RED shares satisfy xu/ Y, xji = Y/ D_;vjr for all i and t.

Proof. This follows immediately from equating the marginal values &;; across sectors, which

requires 7, /xy to be equal for all i. See Appendix A.2 for the full derivation. O]

Proposition 2 says that the optimal share of R&D directed to sector i equals the share
of sector i’s total social value in the economy-wide total. The vector ~y; therefore serves as a
sufficient statistic for the optimal R&D allocation: it summarizes all the information in the

innovation network €2(-) and the preference weights B that is relevant for R&D policy.

The Value of Science. A key implication concerns sectors with £, = 0—scientific fields

that do not directly produce consumption goods. Although such sectors receive zero direct
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weight in utility, they can still have high total social value ~;; whenever their knowledge spills
over to sectors that produce goods. The total social value of a scientific field is governed
by three forces: the strength of its knowledge spillovers to downstream sectors, the number
of intermediate steps in the spillover chain (with longer chains discounted more heavily),
and the consumption importance of the receiving sectors. Proposition 2 implies that the
optimal allocation directs positive R&D resources to science, in proportion to these indirect
contributions.

More broadly, the ratio p/A governs how the optimal allocation trades off short-run
consumption value against long-run growth potential. When p/\ is large, the planner heavily
discounts future spillovers and the optimal allocation is close to the direct consumption
weights 3. When p/\ is small, the planner values long-run knowledge growth and places
more weight on sectors that are central in the innovation network—even if those sectors have

low direct consumption value.

5.3. Uncertainty and Regime Changes

The analysis so far treats the future path of the innovation network as a deterministic process.
However, evidence in Section 4 shows that breakthrough discoveries episodically reorganize
and redraw the innovation network, elevating new fields and displacing established ones. In
this subsection, we extend the framework to recurrent, random structural change.
Formally, suppose the economy is subject to recurrent structural shocks arriving accord-
ing to a Poisson process with intensity n > 0. At each arrival, the knowledge aggregation
operators (and hence the innovation network) are redrawn: the new profile {@Z} is drawn
from a transition kernel u(- | O), which may depend on the profile O prevailing at the
arrival, and whose support contains only profiles satisfying the maintained assumptions of
constant returns to scale and non-negative cross-partial elasticities.!? The arrival times and
the shocks are mutually independent and independent of the R&D allocation. We refer to
the stretch between consecutive arrivals, during which a fixed operator profile prevails, as a

regime, and to each arrival as a regime change.

12Dependence on the prevailing profile accommodates persistent technologies. For instance, the geometric
mixture O; = Oil_(" (05)? of the current aggregator with a random aggregator Of preserves both maintained
assumptions, with # measuring how much of the technology is redrawn.
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The model extension thus decomposes network change into two parts: an endogenous
part, operating within each regime through the dependence of €2 on the knowledge stocks,
and an exogenous part—the structural shocks—capturing shifts in how knowledge feeds
innovation whose timing and content are not governed by the R&D process itself (e.g.,
Arrow, 1962; Rosenberg, 1998). Knowledge stocks are continuous at each regime change;
what changes is the technology through which knowledge generates innovation, and hence
the network. For a realization w of the arrival times and draws, let V7" (w) denote realized
welfare; the planner’s objective is its expectation over the arrival process and the draws,
neither of which is known at time ¢.

The marginal value of R&D is then defined exactly as in Definition 2, applied to this
objective. The perturbation changes only the R&D injected on the window [¢,¢ + ¢); the
continuation allocation—which may itself be a plan contingent on the history of regimes—is
held fixed, and the continuation values below are computed under this plan.!?

The value of R&D again has two parts: the value accruing under the current regime up
to the first change, plus the expected continuation value of the knowledge then in place.

Because further regime changes follow the first, the characterization is recursive.

Proposition 3 (The Value of R&D under Recurrent Regime Changes). Under the main-
tained assumptions, the marginal social value of RED satisfies & ¢ Vit /i, where the value

vector solves

N = / e 10 B ®(t,s)ds + 1 / TN, T)dT, Ay = / ¥7(6) p(do | O),
t

t
(N / /
N~ ~~

value under the current regime expected continuation value

(20)
where ®(t, s) solves the propagation equation (15) with the network induced by the current
operator profile along the no-arrival path, and ~r(6), the value vector at date T under a
freshly drawn profile 0, satisfies the same equation from date T onward under o, with the

kernel then conditioning on 6. The recursive system has a unique bounded solution.

Proof. See Appendix A.2. n

13For fixed § > 0 the perturbation window may contain one or more arrivals; such realizations do not
matter as we take the § — 07 limit (see the proof in the appendix).
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Intuitively, the first term is the value realized under the current regime, before the first
change. It coincides with the baseline formula (14) except that the discount rate rises from p

* each round of spillovers is further discounted by the probability e "¢~ that the

to p+n:t
regime survives to carry it, making long spillover chains less valuable. The second term is
the expected continuation value: knowledge created by today’s R&D propagates according
to ®(t,T) until the regime changes, and is then valued at the average post-change value
vector 47, which—with further regime changes ahead—solves the same two-part equation.
Only the current regime’s propagation matrix appears in (20)—Tlater regimes enter through
the recursion—and all randomness has been integrated out against the survival probability,
the arrival density, and u, so every object in (20) is deterministic.

A discrete-time analogue makes the structure transparent. Let {fltﬂ-}jzl denote the

realized network path: the current regime’s networks up to the first regime change, the new

regime’s thereafter, and so on. Then (20) becomes

3 (I—i— Qt-‘,—l I Qt—l—QQt—i—l i )] (21)

E; ['Yt/—l-l Qt+1}
L+p/X " (T+p/A)2

1+p/A

")’t, Xt ﬂ,—F = Et

Equation (21) first expresses 7, recursively: today’s value equals the direct consumption
dividend plus the discounted expected value of next period’s knowledge, valued at next
period’s—possibly redrawn—mnetwork. Iterating the recursion forward yields the second ex-
pression: the expectation, over arrival dates and operator draws, of the deterministic power
series (18) evaluated along the realized network path. The value of R&D today thus depends
on the expectation of the network’s future path, providing the formal foundation for treating

the empirical valuation as a forecasting problem.

5.4. From Model to Data

Our results characterize the total social value of R&D in each sector. Because the data are
in discrete time, we work with the discrete-time version of the formula, equation (21), which

expresses the value of R&D as the expectation of a discounted power series that compounds

14Ty see this, note that multiplying ®(t,s) by e~ "~") adds —n ®(t,s) to the right-hand side of equa-
tion (15): the product solves (15) with p 4+ n in place of p.
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the network matrices at successive future dates. Computing the social value thus involves
computing this expectation over the network’s future path. With N = 332 fields, the network
has N? ~ 110,000 entries per year—an infeasible forecasting task.

We address this challenge by reducing the dimensionality of the forecasting problem
through a joint diagonalization (JD) of the innovation network. Let €2; denote the N x N
matrix of innovation linkages across N fields in year ¢. JD seeks a shared K-dimensional

basis, with K < N, such that each yearly network can be approximated by

O, ~US() M, (22)
where U = [uy, ..., ux] € RV*E collects K time-invariant basis vectors capturing common
knowledge structure, X(t) = diag(o(t),...,0x(t)) € REXK is a diagonal matrix of time-

varying importance weights, and M = [m,, ..., mg] = (U'U)"'U’ € RE*V is the Moore-
Penrose pseudo-inverse of U, satisfying MU = I; the columns u; and the rows m;, are,
respectively, right and left eigenvectors of every network of the form (22). Note that K
may equal N: the main dimensionality reduction comes from the shared-basis structure
itself, which collapses the time-varying part of the network from N? entries per date to K
eigenvalue series, rather than from K < N (Section 6.1).

The kth column u, summarizes how each field loads on common knowledge dimension
k. We refer to each such dimension as a “knowledge topic”—a linear combination of the
original 332 fields that captures a coherent cluster of related knowledge. We assume that
the aggregators induce networks of this form at every level of the knowledge stocks, so
that a regime change replaces the eigenvalue functions while leaving the topics fixed; this
is consistent with the stable basis our estimation recovers over a sample spanning many
historical episodes of structural change. Section 6.1 details the estimation procedure and the
empirical performance of the JD approximation.

A key algebraic consequence of the JD structure is that products of networks at successive

dates collapse topic by topic. This implies that the expectation of the matrix power series
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in equation (21) reduces to K scalar expectations, one per knowledge topic:

K

Yo > (Bu B 1+

k=1

O'k(t—i—l) Uk(t+1)0k(t+2) ,
L+ p/A (1+p/N)? B (23)

This expression captures the three components that determine the social value of knowledge
in each field. The term (3'u; measures how strongly the consumption bundle depends on
knowledge topic k—topics that load on sectors producing important consumer goods receive
higher weight. The bracketed expectation summarizes the expected cumulative spillover
potential of topic k, aggregating how its eigenvalue evolves over the entire future path:
topics with persistently high eigenvalues contribute more to the social value. The term m;,
maps the topic-level value back to individual fields, distributing the social value according to
each field’s contribution to the topic. Computing the social value thus requires forecasting
only the K eigenvalue series rather than the N? network entries: the joint diagonalization

serves, first and foremost, as a dimensionality reduction for the forecasting problem.

6. Estimates of the Economic Value of Science

We now move to quantifying the economic value of science. Recall that a field’s economic
value is the object v;; characterized in Section 5. We first apply the joint diagonalization
to reduce the network to a small number of forecastable eigenvalue series and assess their
predictability (Section 6.1). We then combine the forecasts into forward-looking estimates of
each field’s economic value (Section 6.2), decompose where this value is realized (Section 6.3),

and validate the estimates against fields’ real outcomes (Section 6.4).

6.1. Joint Diagonalization and the Structure of the Innovation Network

The first step is to apply the JD decomposition outlined in Section 5.4 (Equation (22)).
Beyond simplifying the forecasting problem, the JD representation serves a broader purpose:
it allows us to reconstruct the innovation network organically by linearly combining fields,
circumventing the problem that scientific and technological fields are delineated by a rigid
classification system.

We estimate the time-invariant basis U (whose K columns are the “knowledge topics”)
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and the eigenvalue paths {3(¢)} jointly. The design of the objective reflects how the rep-
resentation is ultimately used. The economic value formula depends not on the individual
bilateral flows, but on the network’s centrality structure—the ranking of fields by upstream
influence cumulated along all indirect paths. We therefore use a two-part objective that tar-
gets both local flows and global centrality. Denoting Q, = UX(t)M as the JD-reconstructed

network, the estimator solves

Ur?zln Z HQt_QtHF (1= wQ Al ; [HKatzl(Qt)—KathH2—|—HKatzeW(Qt)—KatszW].
The first term ensures that the low-dimensional representation faithfully reconstructs the
observed bilateral knowledge flows, while the second term preserves the network’s global
centrality structure. The two centrality anchors are computed from the observed network at
the economic decay factor 0* = 0.95, the per-round spillover discount 1/(1 + p/\) used in
the value formula (Section 6.2): a uniform-weighted Katz centrality Katz;, capturing each
field’s overall upstream influence, and a technology-weighted value Katz;™, which replaces
the uniform seed with the equal-weight indicator of technology fields and so isolates the
influence flowing toward the patent fields closest to production. We implement simple repa-
rameterizations and rescaling to enforce the (0, 1)-eigenvalue constraints and normalize the
columns of U. We solve the resulting program by stochastic gradient descent with the Adam
optimizer and backpropagation (Kingma and Ba, 2014; Rumelhart, Hinton and Williams,
1986).

Choosing K and wg Implementing the estimator requires specifying the number of knowl-
edge topics K and the objective weight wgq. The main dimensionality reduction comes from
the JD structure itself: even with a full-rank basis (K = N), representing the network with a
time-invariant U and a diagonal 3(¢) reduces the time-varying objects from N x N network
entries per year to N eigenvalues. Capturing most of the network’s systematic variation,
however, does not require a full-rank basis: sweeping over K, we find that the fit rises
steeply as K increases toward 150 and plateaus thereafter. For the weight wq, the centrality

correlation becomes high (above 0.9) as soon as wg moves below one, so we place most of
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the weight on reconstructing the bilateral flows. Our preferred specification sets K = 150

and wq = 0.90.7°

Interpreting U As discussed in Section 5.4, the eigenvectors resulting from the joint di-
agonalization have a clear economic interpretation. Each eigenvector (i.e., a column of U)
defines a “knowledge topic”, characterized by its loadings on different fields. For instance,
one topic loads heavily on parallel, distributed, and real-time computing, software engi-
neering, computer hardware, and control engineering, which we label Computer Science &
Engineering. A second topic is dominated by embedded systems, computer architecture,
and computer hardware, and we interpret it as Embedded Systems € Hardware. A third
loads strongly on internet privacy, the World Wide Web, and computer security, which we
describe as Internet Security €& Privacy. Additional topics pick out clusters such as Par-
ticle Physics—spanning particle, quantum, nuclear, and atomic physics—and Combustion
Engines, dominated by internal combustion engines and related machinery.

These examples illustrate that the JD representation reorganizes the dense innovation
network into a small number of economically meaningful knowledge topics with time-varying

importance, providing a tractable and interpretable summary of the structure of innovation.

Performance of the Joint Diagonalization We now assess how well the joint diagonal-
ization recovers the original network matrices. In our preferred specification, the correlation
between the JD approximation and the observed data is above 0.9 for Katz centrality and
approximately 0.52 for the network. Figure 9 illustrates the alignment between the JD ap-
proximation and the observed network and Katz centrality: the points lie close to a straight

line, with slopes of 0.34 for the network and 0.78 for Katz centrality.

15 Appendix Figure A.6 summarizes the associated model-selection procedure over the topic count X and
the network weight wq. We sweep K over {10,20,...,332} and wq over {0.50,...,1.00}, reporting the
correlation between the observed and reconstructed network and centrality objects for each combination.
The network correlation rises steeply as K increases toward 150 and then plateaus near 0.524, indicating
that 150 topics capture most of the network’s systematic variation, while the centrality correlation becomes
very high and greater than 0.9 as soon as wgq moves off one. Our preferred specification sets K = 150 topics
and wg = 0.90, which delivers a good trade-off between parsimony and fit.
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Figure 9. The Empirical Performance of Joint Diagonalization
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Notes. This figure compares the JD approximation with the observed data under the preferred specification
(K = 150, wq = 0.90). Panel (a) plots the JD-reconstructed network entries against the observed entries;
Panel (b) plots the JD-implied Katz centrality against the centrality of the observed network. The correlation
between the JD approximation and the observed data is approximately 0.52 for the network entries and above
0.9 for Katz centrality, with fitted slopes of 0.34 and 0.78, respectively.

Predictability of Joint-Diagonalized Innovation Network The JD reduces the prob-
lem of predicting future innovation networks from forecasting every entry of the network to
forecasting the eigenvalues, cutting the dimension from N x N = 110,224 (N = 332) to
K = 150. Because the basis is time-invariant, over-time variation in the eigenvalues oy (%)
translates into variation in the spillover matrix: forecasts of oy (t+j) recover the future
spillover structure €2, ;.

We assess how well future eigenvalues can be predicted from their own history and from
economic fundamentals. For each eigenvalue k, the forecasting model uses two kinds of
information. The first is the past values of the eigenvalues, including both eigenvalue k’s
own history and those of the others. The second is a pair of economic predictors measured
across all fields: the knowledge stock, defined as the log of the cumulative count of documents
in a field, and breakthrough innovations, defined as the log of the count of a field’s most

novel documents (the top 5% by novelty) over the past ten years.
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We estimate the model both in-sample and out-of-sample. The in-sample version es-
timates the parameters once on the full 1870-2024 sample. The out-of-sample version re-
estimates them recursively at each origin year t using only data available up to ¢. In both
cases, we forecast each eigenvalue up to 50 years ahead, and discard the first 30 years of the
sample as a burn-in period to ensure the models are well-estimated.

Figure 10. Predictability of Figenvalues
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Notes. This figure reports the predictability of the JD eigenvalues at horizons of 1 to 50 years under the
preferred Ridge model (penalty 10%). Panel (a) shows the in-sample R?, with parameters estimated once on
the full 1870-2024 sample; Panel (b) shows the out-of-sample R?, with parameters re-estimated recursively at
each origin year using only data available up to that year. At each horizon, the R? pools across all K = 150

eigenvalues. The specifications differ in the predictor set: the eigenvalues’ own histories (autoregressive
benchmark), adding the knowledge stocks of all fields, and further adding breakthrough innovation counts.

Because our value estimates are forward-looking, they are only as credible as our ability
to forecast the network’s future path, which the joint diagonalization reduces to forecasting
the eigenvalues. We therefore study the forecast R? horizon by horizon, as the value formula

integrates over the entire forecast horizon. At each horizon the R? pools across all eigenvalues,
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so it is variance-weighted: the eigenvalues that move the network most count most. We take
the out-of-sample R? as our primary criterion and read the in-sample R? as an upper bound.
Throughout, we benchmark every specification against a purely autoregressive model, so that
the object of interest is the predictive power of economic fundamentals beyond the network’s
own persistence.

Figure 10 reports these R? curves for specifications that differ in the set of predictors,
using our preferred Ridge model with a penalty parameter of 103, which regularizes the
high-dimensional predictor set relative to the length of the annual series and attains the best
out-of-sample R? among the alternatives we examine.'¢

We find that the eigenvalues are substantially predictable, and that economic fundamentals—
knowledge stocks and breakthrough innovations—are the primary source of this predictabil-
ity. A simple autoregressive specification captures about 20% of the in-sample variation
(R? =~ 0.20), indicating modest but nontrivial persistence. Adding the knowledge stocks
of all fields as exogenous predictors roughly triples the explanatory power, raising the in-
sample R? to approximately 0.62 and the out-of-sample R? to about 0.50 at short horizons.
Intuitively, the cumulative knowledge stock of a field summarizes the state of its research
frontier, and changes in this stock predict shifts in the field’s position within the innovation
network. Adding the count of breakthrough documents as a predictor further improves per-
formance: the in-sample R? reaches approximately 0.78 and the out-of-sample R? about 0.64
at short horizons, with meaningful gains at long horizons as well (R? = 0.50 in-sample and
~ 0.10 out-of-sample). This is consistent with the finding in Section 4 that breakthrough

innovations reshape the network’s centrality structure over extended horizons.

6.2. The Economic Value of Science

We implement the JD economic value formula (23) to quantify the value of field i at any

origin year t, replacing the eigenvalues inside the expectation with point forecasts &y (t + 7)

16We further examine robustness to alternative models and regularization choices. Appendix Figure A.7
reports in-sample and out-of-sample R? for a range of models, including Ridge, Elastic Net, support vector
regression with a sigmoid kernel, kernel ridge with a sigmoid kernel, and Random Forest. We show that
a Ridge model provides the best predictive performance in terms of both in-sample and out-of-sample R2.
Appendix Figure A.8 shows how the R? varies with the ridge penalty, which we vary from 1 to 10° in factors
of 10. The choice of 103 provides a favorable balance between fit and regularization.
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formed with information available at ¢:

150
. , or(t+1)  ox(t+1)0k(t+2) .
e k;(ﬁ ) {1 T (14 p/A)? il

with an implied per-round spillover discount 1/(1 + p/A) of 0.95 (a ratio p/\ =~ 0.053 of
the discount rate to the rate at which knowledge spillovers materialize) and the value power
series truncated at 20 spillover rounds.

The estimation proceeds in three steps. First, after the joint diagonalization, we fore-
cast the eigenvalue paths {oy(t+1),0%(t+2),...} over the next 50 years with the Ridge
prediction model from the previous subsection. Our dynamic estimate uses these out-of-
sample forecasts, which draw only on information available up to year t. A static benchmark
freezes the network at its base-year eigenvalues, o4 (t+7j) = ox(t), so that 4 reduces to the
current-network Katz centrality. Second, we substitute the forecasted eigenvalues into the
discrete-time value formula to compute 4;, for each field. Because the forecasts extend 50
years and the value power series runs for 20 rounds, we can compute each field’s economic
value for origin years spanning the next 30 years. For example, standing in 2010, we can
calculate field i’s value in 2030, 4;2030- Third, we construct 90% prediction intervals with
a bootstrap that draws each eigenvalue path by resampling from the prediction residuals,
pushes it through the formula, and reports the 5th and 95th percentiles of the resulting

distribution of values.

The Economic Value of Science vs. Technology. Table 4 reports the science—technology
split of economic value alongside R&D shares, where the R&D share is computed using the
U.S. aggregate R&D series from the NSF National Patterns report.

Science produced 56.4% of economic value in 2019 while receiving 25.1% of R&D, a
value-to-resource ratio of 2.25; technology created 43.6% of value on 74.9% of R&D, a ratio
of 0.58. These numbers suggest that science is underfunded relative to its value, by roughly
a factor of four compared with technology. Over 1980-2019, the dynamic science value share
holds a majority in every snapshot, and the science value-to-resource ratio stays between

1.70 and 2.30 throughout. The static Katz-centrality benchmark puts science’s value share
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even higher, implying a value-to-resource ratio between 2.20 and 2.59. The difference is
mechanical: the dynamic estimate uses the consumption weights 3, which place zero direct
weight on science fields, whereas the static benchmark weights science and technology equally

and so gives science direct weight, raising its measured share.

Table 4. The Economic Value of Science vs Technology

Year R&D (%) Economic Value Economic Value (%) Economic Value / R&D Katz Centrality (%) Katz / R&D

Panel (a): Science

1980 31.63 9.36 53.87 1.70 72.23 2.28
1990 29.34 9.41 54.37 1.85 71.19 2.43
2000 25.37 11.30 58.38 2.30 65.79 2.59
2010 31.39 10.68 56.44 1.80 69.02 2.20
2019 25.12 10.17 56.44 2.25 60.56 241
Panel (b): Technology

1980 68.37 8.01 46.13 0.67 27.77 0.41
1990 70.66 7.90 45.63 0.65 28.81 0.41
2000 74.63 8.06 41.62 0.56 34.21 0.46
2010 68.61 8.24 43.56 0.63 30.98 0.45
2019 74.88 7.85 43.56 0.58 39.44 0.53

Notes. Science and technology shares in selected years. R&D (%) is each domain’s share of total U.S.
R&D, calibrated to the NSF National Patterns benchmark. Economic Value is the level of forward-looking,
consumption-weighted economic value (from the out-of-sample breakthrough forecasts); Economic Value (%)
is the domain’s share of economic value; Katz Centrality is its share under the static-network benchmark. The
ratio columns divide each value share by the R&D share; a ratio above one means value exceeds resources.

The Value of Science over Time. Figure 11 plots science’s and technology’s economic
value over time in two ways: as shares of total value set against their R&D shares (Panel
a), and as the resulting value-to-resource ratio (Panel b). The science value share (Panel a)
exceeds its R&D share throughout the sample, and the science value-to-resource ratio (Panel
b) stays well above one in every year with R&D data. Two patterns stand out over time.
Science’s value share is roughly stable near 55%, while its R&D share drifts down from about
31% in 1980 to 22% by the early 2020s and technology’s R&D share rises correspondingly,
so the value-to-resource gap widens over the sample. The science ratio is broadly rising as a
result—from about 1.70 in 1980 to a local peak near 2.30 around 2000, easing to about 1.80
in the early 2010s before climbing back to 2.25 by 2019—whereas technology’s ratio stays
flat and below one throughout (roughly 0.55-0.67).

Where the Value Sits Across Disciplines. Table 5 breaks the 2019 cross-section down

by aggregate discipline, ordered within each panel by the value-to-resource ratio. Within
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Figure 11. The Value of Science Over Time
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Notes. Panel (a) plots, for each year, the share of total economic value (solid lines) and the share of total
R&D (dashed lines) accounted for by science and technology; R&D shares are NSF-calibrated so that the
aggregate science share matches the NSF National Patterns U.S. benchmark. Panel (b) plots the ratio of

the economic-value share to the R&D share for each domain.

science, most disciplines carry a ratio well above one—mathematics (12.27), engineering
(4.63), computer science (4.19), chemistry (3.10), and physics (3.07)—while only medicine
(1.00), biology (0.93), and materials science (0.90) sit near or just below parity. Within
technology, the largest-R&D disciplines are the most over-resourced: the technology physics
class (instruments, computing, and measurement) at a ratio of 0.69 on a 20.6% R&D share,

electricity at 0.47 on 16.7%, and health at 0.20 on 9.3%.

Field-Level Dynamics. The aggregate shares mask substantial heterogeneity in how indi-
vidual fields’” value evolves. Figure 12 plots value trajectories for 24 selected fields, organized
into four panels by major discipline: computer science, medicine, biology, and physics. In
each sub-figure, the black line plots the field’s Katz centrality over time. As we established
in Section 5.2, Katz centrality corresponds to the value obtained if the innovation network at
a given date t were held constant forever—it captures the “static” component of the value,
abstracting from future changes in the network structure. The colored lines, originating at
different dates, show our out-of-sample forecasts of the economic value made from successive

origin years. At its starting year ¢, the gap between a forecast curve and the Katz centrality
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Table 5. The Economic Value of Science by Discipline in 2019

Discipline R&D (%) Economic Value Economic Value (%) Economic Value / R&D  Katz Centrality (%) Katz / R&D
Panel A: Science

mathematics 0.25 0.54 3.01 12.27 2.38 9.73
engineering 1.91 1.59 8.83 4.63 10.06 5.27
computer science 3.21 2.43 13.47 4.19 11.35 3.53
environmental science 0.22 0.16 0.91 4.10 1.89 8.51
geography 0.45 0.31 1.72 3.87 2.39 5.37
geology 0.76 0.49 2.74 3.61 3.42 4.51
chemistry 1.95 1.09 6.03 3.10 5.84 3.00
physics 1.89 1.04 5.80 3.07 3.73 1.98
medicine 7.75 1.39 7.72 1.00 11.62 1.50
biology 4.54 0.76 4.24 0.93 6.32 1.39
materials science 2.20 0.36 1.98 0.90 1.56 0.71
Panel B: Technology

separating & mixing 1.36 0.50 2.77 2.04 3.19 2.35
textiles 0.40 0.13 0.70 1.77 1.98 4.99
foods & tobacco 0.51 0.12 0.68 1.34 0.95 1.86
metallurgy 0.58 0.13 0.72 1.24 1.10 1.92
agriculture 0.87 0.13 0.70 0.81 0.40 0.46
shaping 1.84 0.27 1.48 0.81 5.31 2.89
physics 20.64 2.58 14.30 0.69 5.14 0.25
chemistry 7.94 0.98 5.46 0.69 4.96 0.62
building 1.59 0.14 0.78 0.49 1.33 0.84
electricity 16.70 1.42 7.86 0.47 1.82 0.11
personal or household 0.76 0.06 0.35 0.45 1.50 1.97
transporting 5.85 0.44 247 0.42 2.91 0.50
engines & pumps 2.43 0.14 0.79 0.32 1.02 0.42
general engineering 1.63 0.06 0.35 0.22 0.91 0.56
health 9.32 0.34 1.91 0.20 0.76 0.08
lighting & heating 0.94 0.03 0.19 0.20 2.27 241

Notes. 2019 cross-section by aggregate discipline, ordered within each panel by Economic Value / R&D.
R&D (%), Economic Value (%), and Katz Centrality (%) are each discipline’s share of the economy-wide
(science + technology) total. The ratio columns divide each value share by the R&D share; a ratio above one
means value exceeds resources. We only present the disciplines with greater than 1% of documents within
each sector.

line reflects the extent to which anticipated future changes in the network raise or lower the
field’s value relative to what it would be under a static network; the subsequent trajectory
of each colored curve then traces how the forecasted economic value evolves as the predicted
network changes unfold.

Several patterns emerge from the figure. The computer-science panel reveals sharply
divergent dynamics. Machine learning exhibits near-exponential projected growth in eco-
nomic value: its forecast curves climb far above its static Katz centrality, and the vintage
originating in 2019 more than doubles over the following three decades, reflecting its role
as a general-purpose scientific tool with broad downstream applications. Database provides
the contrast. Its static value is essentially unchanged since 1990, and its forecast curves lie
almost exactly on top of the Katz line: a mature infrastructure field whose position in the

network the model expects to persist. The fields that built the commercial internet instead
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Figure 12. The Economic Value of Science: Field-Level Value Trajectories
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Notes. Estimated economic value for 24 selected scientific fields, six per major discipline (computer science,
medicine, biology, physics). In each sub-figure the black line is the field’s Katz centrality and the colored
lines are out-of-sample forecasts of the forward-looking economic value made from successive origin years,
each using only the data available up to that year. The gap between a forecast curve and the Katz line at
its origin reflects anticipated future changes in the network; the subsequent path traces how the forecasted

value evolves.
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trace hump shapes. The World Wide Web and internet privacy both peak in the early 2000s
and then fall back sharply, as their foundational contribution to knowledge diffusion is ab-
sorbed by the fields that build on them, and information retrieval declines most steeply of
all, displaced by the learning-based methods that now perform the same task. Computer
security rose through the 2000s before receding.

A common reallocation from foundational to applied work appears in medicine and biol-
ogy. In medicine, the clinical and applied fields gain value: oncology and physical therapy
both trend upward and are forecast to continue rising. The basic-science areas recede. Im-

munology, pharmacology, and virology are flat or in decline, and their forecast curves point
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to no recovery. Biology shows the same tilt. Biotechnology and bioinformatics, the ap-
plied and computational areas of the discipline, both rise, and their forecasts are among the
most accurate in the figure. Classical descriptive biology, represented here by zoology, fades
outright. Genetics illustrates the pattern most starkly: its static value peaked in the early
1990s and has since fallen by more than half, as the foundational contribution of the genomic
revolution is absorbed by the applied fields downstream.

Physics is the discipline in which this displacement is most pronounced, and the same
tilt toward applied work appears within it. All six subfields lose static value relative to their
mid-century peaks, but they do not lose it equally: engineering physics, the most applied of
the six, gives up the least, while the fundamental and observational areas of astronomy and
astrophysics fall the most steeply. Quantum mechanics remains the most valuable physics
subfield throughout. The pattern is consistent with the centrality dynamics documented
in Section 4: as newer computer-science and biology fields rise in the rankings, established
physics subfields are gradually displaced.

A notable feature across all panels is that the out-of-sample forecast curves generally
track the ex post realized Katz centrality closely at short horizons, but diverge more at
longer horizons. This is consistent with the predictability results in the previous subsection:
the eigenvalue forecasts are most accurate at short horizons and become less precise over
time. That the colored curves from different starting dates are broadly consistent with one
another—and with the subsequent evolution of the black Katz line—provides reassurance

that the forecasting model captures the salient trends in the innovation network.

6.3. Why Is Science So Valuable? A Decomposition

Science carries no direct consumption value (Bscence = 0), so all of its value must be realized
indirectly, through the downstream technologies its knowledge feeds. We quantify this mech-
anism by decomposing a field’s forward-looking economic value 4 into the spillover rounds

through which it flows. The economic value formula can be rewritten as:

K
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S

Each spillover round s contributes the degree-s term, >, (8'uy) [HFl or(t+5)]/(14+p/ ) m);:
Round 0 is the direct consumption term, Round 1 the one-step spillover, Round 2 the two-

step, and Round 3+ collects all higher-order terms.

Table 6. A Decomposition of Economic Value by Spillover Rounds

Year Round 0 (Direct, %) Round 1 (1 step, %) Round 2 (2 steps, %) Round 3+ (multi, %)
Panel A: Science fields

1900 0.00 40.06 25.75 34.19
1940 0.00 46.05 26.30 27.64
1980 0.00 44.17 28.18 27.65
2000 0.00 45.70 28.45 25.84
2019 0.00 50.09 28.43 21.49
Panel B: Technology fields

1900 64.53 17.55 8.07 9.86
1940 68.76 16.49 7.06 7.69
1980 70.82 18.45 5.94 4.80
2000 71.64 19.13 5.71 3.53
2019 73.44 18.56 5.18 2.83

Notes. Each entry is the share (%) of a field type’s total forward-looking economic value 4 realized in a given
spillover round, averaged across fields of that type in the selected years. Round 0 is the direct consumption
term (), Round 1 the one-step spillover, Round 2 the two-step, and Round 3+ all higher-order terms.
Science fields carry S = 0, so their Round 0 share is exactly zero. Rows sum to 100% up to rounding.

Table 6 contrasts science and technology. Technology’s value is overwhelmingly direct:
73.4% is realized in Round 0 in 2019 and 18.6% in Round 1. By contrast, science’s value is
entirely indirect, with 0% in Round 0 by construction, 50.1% arriving one step downstream,
28.4% two steps, and 21.5% three or more steps. This is the key mechanism behind the
economic value of science: a direct-consumption accounting of value misses science entirely,
because science is valuable precisely through what technology does with it. Figure A.10 plots

the direct/indirect split over time.

Case Studies: Where Science’s Value Lands. To see the spillover mechanism con-
cretely, we trace where four canonical science-origin innovations deliver their value. For each
origin field, we attribute its decomposed value across the recipient fields its knowledge flows
through, year by year on the realized network, averaged over a five-year window around the
innovation’s peak. Specifically, we follow each chain of spillovers that carries the origin’s

knowledge outward and split the value it generates across every field on the chain, crediting

58



a field for its position along the path.!'” Because value is ultimately realized in technology
(Bscience = 0), a science field earns a share not by absorbing value directly but by relaying
it—it appears as an intermediary on the path from the origin to the technology that em-
bodies the knowledge. Summing over both science and technology recipients recovers the
source’s total value ~; exactly.

Table 7 lists the ten largest recipients for machine learning (2020-2024), the World Wide
Web (1998-2002), molecular biology (1985-1989), and nuclear physics (1958-1962). We
choose these four fields because each anchored a defining technology cluster of its era—
postwar atomic energy, the biotechnology revolution, the commercial internet, and modern
artificial intelligence—so that together they trace six decades of science-driven innovation.

Several regularities stand out. First, a general-purpose computing and calculating tech-
nology is the largest recipient in every case, absorbing 32.0% of machine learning’s value,
25.7% of the World Wide Web’s, 19.5% of nuclear physics’s, and 5.7% of molecular biology’s.
Second, the originating academic field retains only a small slice of the value it creates—>5.7%
for machine learning, 9.2% for the World Wide Web, 9.8% for molecular biology, and just
2.9% for nuclear physics. Third, and relatedly, value does spread to scientifically adjacent
fields—the World Wide Web feeds internet privacy and computer security, and molecu-
lar biology feeds genetics and cell biology—but the bulk lands downstream on patented
technology. Aggregating over all recipients, industrial technology absorbs 77% of machine
learning’s value, 73% of the World Wide Web’s, 72% of molecular biology’s, and 81% of
nuclear physics’s. The result further supports the idea that science is valuable not for what

it delivers to consumers directly but for what technology does with it.

17Consider the value decomposition of a given origin field zg = j. A path of length k is 7 = (o, ..., ¥1),
with the value of this path being V (7r) = 6% 3, Hle Qu,z,_,. That is, path value equals discounting times
terminal-field value times the product of spillover strengths along the path. Therefore, the total value of
origin j is v; = >_. ., —; V(7). Because only technology carries weight (Sscience = 0), only paths terminating
in technology contribute. For each path 7, we then allocate its value across its non-origin nodes x1, ..., Ty
with decaying weights d, = 67~/ 3% _| §™~! that sum to one. Putting these together, the contribution of
a recipient field ¢ is the total value assigned to all occurrences of g across all paths originating at j:

k k
Ca= 2 Vm tor=ahd =) 3" ) dr (@], (5707,

P— r=1 k>1 r=1

where the second equality collects paths by length k, with [Q2"],; the r-step flow from j to ¢ and (3T QF~"),
the value collected onward from ¢. Since 4 Ca = 7j the contribution share of field ¢ is s, = Cqy /-
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Table 7. Where Does Science’s Value Land? Case Studies

Panel (a): Nuclear physics (1958-1962) Panel (b): Molecular biology (1985-1989)

Rank Recipient field Share (%) Rank Recipient field Share (%)
1 tech - computing & calculating or counting 19.49 1 sci - molecular biology 9.80
2 tech - earth or rock drilling & mining 4.47 2 tech - computing & calculating or counting 5.67
3 sci - nuclear physics 2.93 3 tech - basic electric elements 5.08
4 tech - measuring & testing 2.58 4 sci - genetics 4.72
5 tech - basic electric elements 2.58 5 tech - earth or rock drilling & mining 4.47
6 tech - basic electronic circuitry 2.57 6 tech - electric communication technique 3.21
7 tech - physical or chemical apparatus 2.56 7 sci - cell biology 3.21
8 tech - nuclear physics 2.25 8 tech - medical or veterinary science 3.10
9 tech - electric power 2.24 9 tech - electric power 2.80
10 tech - petroleum, gas or coke industries 2.16 10 tech - vehicles in general 2.70

Panel (c): World Wide Web (1998-2002) Panel (d): Machine learning (2020-2024)

Rank  Recipient field Share (%) Rank Recipient field Share (%)
1 tech - computing & calculating or counting 25.70 1 tech - computing & calculating or counting 31.97
2 tech - electric communication technique 11.73 2 tech - earth or rock drilling & mining 10.97
3 sci - internet privacy 9.48 3 sci - machine learning 5.74
4 sci - world wide web 9.18 4 tech - organic chemistry 3.47
5 tech - physical or chemical apparatus 3.61 5 tech - controlling & regulating 3.44
6 sci - computer security 2.53 6 tech - electric communication technique 3.23
7 tech - sports & games 2.48 7 tech - physical or chemical apparatus 3.08
8 tech - vehicles in general 2.44 8 sci - data mining 2.34
9 tech - earth or rock drilling & mining 2.38 9 tech - sports & games 2.11
10 tech - electric power 2.31 10 tech - machine tools 2.01

Notes. Each panel lists the ten fields absorbing the largest shares of a science-origin field’s forward-looking
value, over the window in the panel header. Share is the percent of the origin’s total value landing in that
recipient; the sci - or tech - prefix marks a science or technology recipient, and a field such as nuclear
physics can appear as both. Across all recipients, technology absorbs 81%, 72%, 73%, and 77% of the value
in panels (a)—(d), respectively.

6.4. Does the Value of Science Predict Real Outcomes?

If our measure of the value of science captures something real, a field’s value should forecast
its future trajectory. We regress three future outcomes—a field’s R&D share, its knowledge
output (In of new documents), and its count of top 5% breakthrough innovations (In of
breakthrough documents)—on the field’s current share of total economic value, at horizons
of one to twenty years, including field and year fixed effects and clustering standard errors
on the 332 fields. Table 8 reports the regressions at the one- and ten-year horizons, and
Appendix Figure A.9 plots the estimated response at every horizon and separately for science
and technology fields.

Our measure of economic value predicts all three outcomes positively and significantly. A
one-point-higher economic-value share predicts a field’s future R&D share about 0.61 points

higher one year ahead and 0.80 points higher ten years ahead, and it forecasts substantially
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Table 8. Does Science Value Predict Real Outcomes?

Panel (a): RED Share

(1) 2) (3) (4)
R&D Share; 141 R&D Share; 1410
Economic Value (%)  0.607** 0.597** 0.798** 0.827%*
(0.238) (0.248) (0.376) (0.404)
In(Knowledge Stock) 0.008 -0.016
(0.009) (0.020)
Observations 13,612 13,612 14,731 14,731
R-squared 0.977 0.977 0.969 0.969
Panel (b): # Documents
(1) 2 (3) (4)
In(# Documents); ;+1 In(# Documents); 1110
Economic Value (%)  3.783%** 0.298%** 3.916%** 0.592%**
(0.654) (0.060) (0.601) (0.119)
In(Knowledge Stock) 0.955%+* 0.895%**
(0.009) (0.015)
Observations 40,172 40,172 38,512 38,512
R-squared 0.890 0.989 0.884 0.966

Panel (c): # Breakthrough Documents

(1) (2) (3) (4)
In(# Breakthroughs); +41 In(# Breakthroughs); 1110

Economic Value (%)  4.221%** 2.359%** 3.243%%x* 1.687#**
(0.620) (0.388) (0.423) (0.324)
In(Knowledge Stock) 0.509%** 0.416%**
(0.032) (0.038)
Observations 39,840 39,840 36,852 36,852
R-squared 0.555 0.600 0.519 0.544
Field Yes Yes Yes Yes
Year Yes Yes Yes Yes
No. of Fields 332 332 332 332

Notes. Field-year panel regressions of future outcomes on the field’s current economic-value share (its share
of total economic value, x100). The dependent variable is the field’s NSF-calibrated R&D share (%) in
Panel (a), In(1 + new documents) in Panel (b), and In(1 4 breakthrough documents) (top 5% novelty) in
Panel (c), each measured 1 and 10 years ahead. Odd columns include no controls; even columns add
In(1 + knowledge stock). All specifications include field and year fixed effects. Standard errors are clustered
by field in parentheses. *p < 0.1, **p < 0.05, ***p < 0.01.

higher future knowledge output and breakthrough counts, with the breakthrough response
the most robust of the three. Adding the field’s log knowledge stock as a control leaves
the R&D response essentially unchanged; it attenuates the knowledge-output and break-
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through responses—the latter roughly halving—but both remain significant at the 1% level,
so economic value carries predictive content beyond a field’s accumulated scale. The R&D
response, however, is concentrated among technology fields; for science fields it is close to

zero, indicating that resources reallocate toward high-value fields only slowly and unevenly.

7. Conclusion

We develop a framework for measuring the economic value of science. Scientific fields produce
no consumption goods, so their value flows entirely through the technologies they enable. We
trace these flows in a text-based innovation network built from 463 million scientific articles
and 81 million patents, covering 209 scientific fields and 123 technology classes in every year
from 1870 to 2024. An endogenous growth model turns the network into a valuation. The
economic value of R&D in a field equals its discounted influence on downstream consumption.
Our framework allows the network to change over time, including through random regime
changes, and the value becomes a forward-looking measure that tracks the shifting structure
of knowledge flows.

The estimates show that science accounts for the majority of the economic value of R&D.
In 2019, scientific fields generated 56% of the forward-looking economic value of R&D in the
United States, while receiving about a quarter of R&D resources. All of this value is indirect:
half arrives one spillover step downstream, the rest through longer chains. We also trace
the value of four canonical breakthroughs: nuclear physics, molecular biology, the internet,
and machine learning. In each case, between 72% and 81% of the value ends up in patented
technologies.

The value of science also shifts over time. Machine learning has risen sharply, as have
applied fields such as biotechnology and oncology. Classical physics subfields have declined
as their foundational contributions were absorbed downstream. R&D resources follow these
shifts only gradually. A field’s value predicts future reallocation among technology fields,
while science funding shares adjust more slowly. An up-to-date map of scientific value is
therefore useful in itself. Periodic reassessment can help both public and private research
investments capture the largest returns.

R&D is among the largest investments a modern economy makes. In the United States

62



alone, it amounts to hundreds of billions of dollars each year, and basic science underpins
the technologies that sustain long-run growth. The value of science is nonetheless hard to
see, since it cannot be priced by markets. Our framework makes this value visible at the
level of individual fields, grounded in welfare. Science’s share of economic value is roughly
twice its share of R&D resources, and this holds in every snapshot from 1980 through 2019.
This finding gives quantitative content to the case for basic research made since Bush (1945)
and formalized in the spillover literature (Griliches, 1958; Jaffe, 1986; Jones and Williams,
1998). Policymakers, research funders, universities, and the public can use this accounting
to understand where the value of science comes from and how it evolves.

Several caveats apply, and they share a common thread: our estimates are more reli-
able about rankings and directions than about precise magnitudes. The value formula is
marginal. It ranks fields and diagnoses misallocation at the margin, but it cannot evaluate
large reallocations, which would reshape the network itself. The network is measured from
text. It therefore captures the diffusion of terminology rather than knowledge itself, and its
coverage of early periods is thinner. The level of measured value also depends on the ratio of
the discount rate to the R&D arrival rate, and this dependence is stronger for science, whose
value arrives through long chains. Finally, the model omits creative destruction and directed
technical change, so it is silent on how markets would respond to the gap we document. Each
caveat accordingly weighs on the magnitudes we report more than on the central pattern:
science contributes far more to economic value than the resources it receives.

Two extensions are natural. The first is to further endogenize the innovation network,
so that funding choices reshape knowledge flows and large policy changes can be evaluated.
The second is to connect the field-level estimates to the scientists, teams, universities, and
funders that produce knowledge. Our framework offers a welfare-grounded accounting of
science’s contribution to growth. It is not a substitute for expert judgment in science policy.

We view our result as a quantitative input that has been largely absent from these decisions.
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Appendix
(For Online Publication Only)

A.1. Details on Network Construction

In this appendix, we provide details on our network construction.

A.1.1. Text Representation and TFIDF

Each document (a patent or a scientific publication) is represented as a bag of words drawn
from its title and abstract, using n-grams of length up to three. Pooling the patent and
science corpora yields a very large raw vocabulary, which we prune in two stages. First,
we drop terms that appear in fewer than 500 documents and terms that appear in more
than 5% of documents, retaining approximately 2.17 million terms; the lower cutoff removes
idiosyncratic noise words and the upper cutoff removes generic boilerplate that carries no
field-specific signal. Second, for our baseline vocabulary we keep the subsample of terms
whose document share is greater than 0.005% in at least one of the two corpora, leaving a
working vocabulary of approximately 250,000 terms.

We measure the word-frequency vector v; € R"W*! for field i in year ¢ with TFIDF
weighting. For a document d, the term frequency of word w is its count divided by the

document length,
count,, 4

tfya = m.
The inverse-document-frequency weight is a domain frequency mixture that treats the patent
and science corpora symmetrically. Let pP* and p*“ denote the share of patent documents
and of science documents, respectively, that contain word w. With a mixing weight a = 0.5,

the idf weight is

1
idf,, = log( T a=0.5. (A1)

apw +(1- O‘)ﬁf) 7
Anchoring the idf to a fixed 50/50 blend of patent and science document frequencies, rather
than to the pooled corpus, prevents the far larger science corpus from dominating the term

weights and keeps a term’s weight stable as the relative volume of patents and publications



shifts over time. The document TFIDF vector is tfidf,, 4 = tf,, 4 - idf,,.
We aggregate documents to the field-year level as a document-weighted average, where
each document carries a fractional field-membership weight (a document assigned to several

fields splits its weight equally across them):

weight,;
Do e iy Weighty

Vit [U)] =
de(i,t)

tAdf,, 4. (A2)

We then rescale each field-year vector to unit Euclidean norm, vy < v;/||vi]|2, so that
the measure reflects the relative composition of a field’s vocabulary rather than the raw
volume of documents behind it. Finally, field-years supported by fewer than 20 documents
are treated as unobserved and set to zero, since a handful of documents cannot reliably pin

down a 250,000-dimensional frequency vector.

A.1.2. The Diffusion Estimator and Its Interpretation

Knowledge diffusion is inferred from the lead-lag structure of text similarity: field j diffuses
knowledge to field ¢ when field ¢’s current vocabulary moves toward field j’s past vocabulary.
Collecting the field-year vectors into the frequency matrix V; = [vy,...,vy)/, define the
lagged and contemporaneous similarity matrices Py = ViV, and P, = V,V/, so that
[P;1—1]ij = v],vj:—1 is the cross-temporal similarity of field ¢ today with field j a year earlier.
Raw lagged similarity conflates genuine diffusion with the static overlap that historically
related fields always share, so we partial the contemporaneous correlation structure out of

the upstream fields. The diffusion matrix is
QO =P, P (A3)

The right-multiplication by P,~} decorrelates the upstream fields, so wij+ captures the
net predictive content of field j for field ¢’s future trajectory, conditional on all other
fields. Equation (A3) is exactly the coefficient matrix of the first-order vector autoregres-
sion V; = ,V,_; + Y, that regresses each field’s current vector on the lagged vectors of

all fields, and coincides with the Yule-Walker moment estimator for VAR coefficients; the
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right-multiplication by P,_} implements the Frisch-Waugh-Lovell partialling that makes Wijt
measure what field 5 contributes that no other field can substitute for.

We estimate this VAR as a penalized, fixed-effects word-level regression. Because the
timing of diffusion is not known a priori, we take a mean-lag approach: for each upstream
field j we first average its lagged word vectors over 7 = 1,...,10, Uy, = %0 Ziozl Vjw t—7+

and then run a single regression on these averaged predictors. For each downstream field ¢

and year t, the estimating equation is

Viwt = Z Wijt Vjw,t T Qi + Qi + Ejuts (A4)
j

where the observation is a (word, year) pair, the field-by-word fixed effect oy, absorbs time-
invariant vocabulary differences, and the field-by-year fixed effect a;; normalizes the TFIDF
vector within each field-year. Averaging the predictors before estimation, rather than esti-
mating each lag separately and averaging coefficients afterward, yields one coefficient w;;+
per field pair from a single fixed-effects regression. The baseline model uses a ten-year es-
timation window ending in year ¢, with the coefficients smoothed on a five-year calendar
rolling window. Because each regression estimates N coefficients, we regularize with a fixed
(5 (ridge) penalty: after partialling out the fixed effects (represented by the annihilator M,),

the penalized normal equations for the coefficient vector are
(X'M.X +cI)w;; = X'M,y, c=10.2, (A5)

where X collects the lagged field vectors and y the current vector of field ¢. The penalty
¢ = 0.2 is held fixed, not cross-validated; it is calibrated to roughly match the median
diagonal element of X’ M, X, so the shrinkage is of the same order as the signal in the design
matrix. The ridge penalty is the Lagrangian dual of a norm constraint on the coefficient
row, so the estimator inherits a shrinkage interpretation while remaining a single, transparent
linear system; it is not a hard-norm constraint.

The smoothed raw coefficients are then mapped to a non-negative, row-stochastic net-

work: entries below zero are winsorized to zero and each downstream field’s row is rescaled
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to sum to one,
max (@, 0)

>y max (@i g, 0)

This regularized fixed-effects VAR projection, lag-averaged, winsorized, and row-normalized,

Wijt =

is the network object €2; used throughout the paper.

A.1.3. Monte Carlo Simulation

We conduct a simulation exercise to confirm that our measure can recover the underlying
innovation network from text representations. The simulation is designed to closely follow

the knowledge diffusion model described in Section 3.1.

Setup In the simulation, we consider a setting with N fields and a vocabulary of W =
1000N words, such that each field is associated with 1,000 unique field-specific words. At
each time period t, every field ¢ generates D;; = 10,000 documents, and the number of words
per document is randomly drawn from a uniform distribution between 5 and 30.

Let © € RY*Y denote the underlying true network, where each element w;; represents the
knowledge flows from field j to field . We assume a one-period lag structure in knowledge
diffusion, meaning that the knowledge at time t directly relies on the knowledge at time ¢t — 1.

Let v;; € RV>X! represent the word-frequency vector for field ¢ in period ¢, which is the
empirical probability distribution over words with 1'vy; = 1. Let V; = [vy, . .. ,’UNt]/ denote

the frequency matrix across fields at time ¢.

Simulation Timeline The simulation proceeds in two stages. In the initialization period
(t = 0), for each field i, we randomly generate 10,000 documents using a uniform distribution
over the 1,000 field-specific words. This results in an initial term-frequency matrix V4, where
the word distribution v; ¢ for each field 7 is concentrated only on its own vocabulary.
Starting from ¢ = 1, the simulation allows for knowledge diffusion across fields. In each
subsequent period ¢ > 0, documents for field 7 are generated using a multinomial process
with the distribution updated from the knowledge diffusion process €2;.V;_ + ul,. Here, €2, .
is the 7-th row of the true innovation network €2, and u;; represents random noise orthogonal

to V,_1, capturing idiosyncratic innovations uncorrelated with past knowledge. This implies
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that the underlying word distribution in each field is a weighted combination of the word
distributions across all fields in the previous period, with weights determined by the true
innovation network 2. We then obtain the term-frequency matrix V; using the generated
documents, and represent it using the recursive structure V;, = Q,V,_; + Y;, where Y, is the
matrix of noise terms.

We simulate the data over 1,000 periods, and use the simulated data in the last 100

periods to estimate the innovation network.

Constructing the Innovation Network To recover the innovation network, we compute
the cosine similarity between term-frequency matrices. We compute the cosine similarity
matrix with one-period time lag, P,,_; = V;V,",, and the contemporaneous cosine similarity

matrix P, = V;V/. The estimated innovation network is computed as Qt = Pt,t,lPt’_ll.

Simulation Results Figure A.1 illustrates the outcome of our simulation exercise when
considering N = 5 fields. The left panel presents the stylized example of the true innovation
network among 5 fields (A-E). Field A serves as a dominant upstream source, diffusing
knowledge to fields B and C, which in turn influence D and E. Field E is positioned at the
downstream end of the network. The true innovation network is presented in the Panel (b.1),
with a (block) lower-triangular structure.

Panel (b.2) shows the estimated innovation network recovered using our methodology.
The estimated matrix accurately approximates the structure of the true network (i.e., up-
stream vs. downstream fields), with a correlation coefficient of 0.93. For example, field
A maintains a high self-weight and substantial outgoing links to B and C, while field D
shows strong inbound weights from B and C and moderate self-dependence. Notably, the
estimation closely recovers each value of the knowledge flows in the network. The centrality
measures derived from the estimated network also closely track those from the true network,
preserving the rank order and resulting in a correlation coefficient of 0.99.

Panel (b.3) shows the cosine similarity matrix, calculated directly from the term-frequency
distributions across fields. It shows that the similarity matrix is nearly uniform and uninfor-

mative. As discussed in Section 3.1, the cosine similarity matrix mixes different sources of
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information, including persistent similarities between fields rather than genuine knowledge
spillovers. Without modeling the dynamic diffusion process, simple pairwise similarity mea-

sures fail to uncover the knowledge diffusion structure embedded in the innovation network.

Figure A.1. Simulation Results

Panel (a): Simulation Example Panel (b): Estimated Network

A B C D E Katz Centrality

Q Panel (b.1): True Innovation Network
1.000 0.000 0.000 0.000 0.000 0.512
0.364 0.455 0.182 0.000 0.000 0.143
0.364 0.182 0.455 0.000 0.000 0.143
0.000 0.308 0.308 0.385 0.000 0.107
@ Q 0.000 0.000 0.000 0.375 0.625 0.094

Panel (b.2): Estimated Innovation Network
0.755 0.103 0.109 0.019 0.014 0.371
0.330 0.277 0.282 0.091 0.020 0.206
0.331 0.289 0.278 0.084 0.018 0.207

Q 0.080 0.333 0.339 0.236 0.011 0.132
0.013 0.103 0.101 0417 0.367 0.084

HOQw»

HoQwW=

Panel (b.3): Similarity Matriz

A 0.201 0.200 0.200 0.200 0.199 0.200
B 0.200 0.200 0.200 0.200 0.199 0.200
C 0.200 0.200 0.200 0.200 0.199 0.200
D 0.200 0.200 0.200 0.200 0.200 0.200
G E 0199 0.200 0.200 0.200 0.200 0.200

Notes. This figure shows the simulation results. Panel (a) shows the simulation example and Panel (b)
shows the true network, the estimated network from our methodology, and the cosine similarity matrix.

A.1.4. Remarks on TF Vectors and Generative Text Models

Drawing each document as x4 ~ Multinomial(v;;, ng) ensures E[zy/ng] = vy, so the empirical
average of document-level word shares is an unbiased estimator of the latent distribution.
This is the same data-generating logic that underpins topic models such as LDA; here,

however, the objective is to back out cross-field spillovers rather than latent topics.

A Side Note on Empirical TF Vector and Generative Models of Text We now

link the empirical TF vector to the true distribution v;: Given field 7 at time ¢, draw D;
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documents from the list of words following the probability distribution v;,. That is equivalent
to assuming that each document d =1, ..., D, follows a multinomial count distribution with

parameter v; ;:
x4 ~ Multinomial(v; ¢, ng), (A6)

where x4 is the word-count vector of document d, and ng is the number of words in document
d. Then the expected frequency vector of document d is E [2—2] = v;;. The empirical estimate
of this expectation is exactly the average word-frequency vector of each document in field ¢
at time t.

In generative models of text such as LDA topic models, the multinomial distribution is
used to model the generation of words in a document, assuming that each word is drawn
independently from a distribution. It models the data-generating process for text with a set

of probabilistic rules.

A.1.5. Event Studies: Tracing Knowledge Diffusion Using Words

A direct test of whether the text-based network measures genuine knowledge flows, rather
than static similarity, is whether the distinctive vocabulary of a rising field subsequently
spreads to exactly the fields the network marks as downstream. We implement this test as
a keyword-diffusion event study anchored on discrete innovation episodes. An innovation
episode is a sustained interval during which a field is unusually central in the innovation
network—a wave in which it becomes a major upstream source of knowledge flowing to
others. The procedure has three steps: identify episodes, extract each episode’s distinctive

keywords, and trace those keywords’ diffusion across fields.

Detecting episodes. Because the diffusion matrix €2; is row-normalized, the cross-field
mean of Katz centrality is mechanically pinned at 1/N in every year, so a field’s importance

is inherently a cross-sectional question. We therefore convert each field’s centrality c;; to a
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within-year z-score,

Cit — 1
Zy = tat e =5 ZJ: cit,  or = sdy(cse), (A7)

which carries the same units across all years. We smooth z; with a centered five-year
moving average, re-standardize, and fit a Markov regime-switching model (a constant mean
per regime, with & € {2, 3} regimes selected by BIC over 30 random restarts) to each field’s
smoothed series. A candidate episode is a maximal run of years, of length between 3 and
25, in which the smoothed probability of the highest-mean regime exceeds 0.5. An episode
is retained as “major” when its peak clears a within-year height threshold and the field rises
to that peak from a low base:

Zpeak 2 P

eak re re =
Zpeaks AT = 2P0 >z 2P < Zore, (A8)

=rise?

where zP™ is the field’s mean z over the five years before emergence. The pre-emergence
gate encodes an acceleration logic: selection rewards fields that genuinely rise from obscu-
rity, not fields that are already central and merely remain so. The baseline thresholds are
Zpeak = 3.0, 243 = 1.0, and 2, = 1.75, which yield 95 selected episodes (71 science, 24 tech-
nology). The detected sequence is substantively coherent, running from seismology (peak
1887), radiochemistry (1908), and biochemistry (1941) through quantum electrodynamics
(1954), nuclear physics (1960), computer architecture (mid-1980s), the World Wide Web

(2003), nanotechnology (2007), and machine learning (1995 and again 2024).

Distinctive keywords. For each episode we identify the words that most characterize the
focal field while the episode is active. The innovation-network regression, which explains
each field’s word-frequency vector from the lagged vectors of all fields, yields, per field-
year and word w, the share R?  of the field’s word-frequency variation that w accounts for.
We average R?, over the episode’s years, up-weighting the emergence-to-peak window, and
drop “common” words, defined as those whose document share already exceeded 0.5% in a
window centered 25 years before emergence. Ranking the remaining words by pre-peak R?

and keeping the top 50 yields, for each episode, a list of terms that were distinctive to the
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focal field precisely when it became central.

Tracing diffusion. For each episode we take its top 50 keywords and compute, for every
field and every year in the window [peak — 50, peak + 30|, the share of that field’s docu-
ments containing at least one of the keywords. Grouping recipient fields by their network
dependence on the focal field and plotting adoption against years-to-peak produces the event
study. Figure A.4 shows six representative episodes spanning a century of innovation, from
combustion engines (1917) and nuclear physics (1960) to the World Wide Web (2003), elec-
tric communication (2005), nanotechnology (2007), and data science (2020). In every panel
the same pattern recurs: the distinctive keywords appear first in the focal field, then in
network-proximate fields, and only later—if at all—in distant ones. This temporal ordering
aligns with the directional structure of €2, providing direct evidence that the text-based

network captures genuine, time-ordered knowledge flows rather than static co-occurrence.
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A.2. Proofs

This appendix proves Propositions 1-3. The argument for Proposition 1 proceeds in four
steps, each stated as a lemma; the remaining proofs build on these lemmas. Lemma 1 estab-
lishes the key properties of the propagation matrix: it is entrywise non-negative and decays
exponentially at rate p, which guarantees that all integrals below converge. Lemma 2 verifies
that the perturbed knowledge paths are well defined and that welfare is finite. Lemma 3
shows that the knowledge path is differentiable in the perturbation amplitude ¢ and de-
rives the variational equation it satisfies. Lemma 4 justifies differentiating under the welfare
integral. The proofs of the propositions then assemble these ingredients. Importantly, no
commutativity or diagonalizability of the network path {€(s)} is required at any step: all
bounds follow from the row-stochasticity of €(s), which is itself implied by constant returns

to scale in the knowledge aggregators.

Notation and regularity conditions. Fix the base time ¢t and write z; = (In g, . . ., Ingys)’
for the log knowledge stocks. For each sector 7, define G;(z) = In O;({z;}}L,) and G(z) =
(G1(2),...,Gn(2)), so that the knowledge dynamics (8) read

zZs = ANlnz, + G(z5) — 24, (A9)

where In x; is taken componentwise. By Definition 1, the innovation network is the Jacobian
Q(z) = DG(z); we write Q(s) = Q(z;) for its value along the unperturbed path. The two
maintained assumptions from Section 5.1 translate as follows. Non-negative cross-partial
elasticities mean Q(z) > 0 entrywise at every z. Constant returns to scale means O; is
homogeneous of degree one in the knowledge stocks, so G;(z + al) = G;(z) + a for every

scalar a; differentiating in a yields the Euler identity
Z Q(z)=1 for every z and 1, (A10)

that is, ©(z) is row-stochastic at every state, not merely along the equilibrium path. Through-

out we impose two mild regularity conditions: (R1) each O; is positive and continuously
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differentiable; (R2) the baseline R&D path s +— x, is measurable, takes values in [z, 7]V for
some 0 < x < T < oo, and is right-continuous at s = t. Given a bounded direction h, we
fix g9 > 0 small enough that z/2 < z;5 + eh; < 27 for all |e] < €q, all 4, and all s in the
perturbation window.

A first consequence of (A10) is that G is globally Lipschitz: by the mean value theorem
applied componentwise, for any z,w there exist intermediate points &; such that G;(z) —

Gi(w) = VG,(&;) (z — w), and since VG; > 0 sums to one,
1G(2) — G(w)]|s < [|2 — wl|s. (A11)

Lemma 1 (Properties of the propagation matrix). Let s — €(s) be any measurable path of
non-negative, row-stochastic matrices, let A(s) = AN(S2(s) — I), and let W(s,T) denote the
transition matriz of the linear system ¥ = A(s)v—the matriz that maps a vector at time T
into the solution at time s, so that 0s¥(s,7) = A(s)¥(s,7) with W(r,7) = I. Then: (i)
W(s,7) > 0 entrywise and || (s,7)||e < 1 for all s > 7; (ii) ®(t,s) = e W(s,t) is
the unique solution of the matriz differential equation (15), and satisfies ®(t,s) > 0 and
1D (t,5)]|oc < €770,

Proof. Since (p+ \)/(1+ p/A) = A, the drift matrix in (15) satisfies the identity

__9(s)
1+ p/A

—(p+A) (I ) =—pI + X(Qs) —I)=—pl + A(s),

so e P~ (s, t) solves (15); uniqueness follows from linearity with bounded measurable
coefficients. For (i), note that A(s) has non-negative off-diagonal entries (it is a Metzler
matrix), because (s) > 0; hence the linear flow it generates preserves the non-negative
orthant, and ¥(s,7) > 0 entrywise (Coppel, 1965). For the norm bound, we use the log-
arithmic norm of A(s): the quantity fie(A) = max;[A; + >_.; |Ai]], which bounds the

instantaneous growth rate of the flow measured in the /., norm. Here

fioo (A(s)) = Amax [Z Qij(s) — 1] =0,

(]
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where the last equality uses row-stochasticity (A10). Coppel’s inequality, ||¥(s,7)[cc <
exp ([ poo(A(u)) du), then delivers || ®(s, 7)o < 1 (Coppel, 1965). Part (ii) follows im-
mediately. O

Lemma 2 (Well-posedness and finite welfare). Under (R1)-(R2), for every |e| < o the
perturbed path z2%" solving (A9) with RED input =" from (10) ewists, is unique and
locally absolutely continuous on [t,00), and grows at most linearly: there is a constant C,,
independent of e, with || 229" < ||z¢||lee +C.(s—t). Consequently the welfare integral V™"

converges absolutely.

Proof. The right-hand side of (A9) is measurable in s (by (R2)) and globally Lipschitz in
z with constant 2\, by (A1l); existence and uniqueness on [t, 00) follow from the standard
existence theorem for differential equations whose time dependence is merely measurable
(Carathéodory’s theorem; see Hale, 1969). For the growth bound, let m(s) denote the
largest component of zg; it is absolutely continuous, and almost everywhere its derivative
equals that of a component attaining the maximum. At such a component 7, monotonicity
of G; (non-negative cross-partials) and the translation property give G;(zs) < G;(m(s)1) =
Gi(0) + m(s), so 2 = Alnwz;s + Gi(z5) — m(s)] < AIn(27) + max; G;(0)]. The smallest
component satisfies the symmetric lower bound (with In(z/2) and min; G;(0)), so ||2s]|e
grows at most linearly, at a rate C, that depends only on A, Z, z, and G(0), uniformly in e.
Finally, since the fixed labor allocation is bounded, the welfare integrand in (5) is bounded

by e?(5~*) times a linear function of (s — t), which is integrable on [t, c0). O

Lemma 3 (Differentiability and the variational equation). Under (R1)-(R2), for every s >t

£

S0k s differentiable at e = 0, and vy = 0.2°

s

the map € — z ’5"‘|€:0 solves the linear variational
equation

'l:)s = )\(Q(S) — I)'US + A (h (%) ',-BS) 1t§8<t+(57 vV = O7 (A12)

where @ denotes componentwise division and Q(s) is evaluated along the unperturbed path.
By the wvariation-of-constants formula (the solution formula for a linear equation with a
forcing term),

min{s, t+46}
v, = A / V(s,7) (how,) dr. (A13)
t
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Proof. Write the perturbed dynamics as 2 = F(s, z,¢) with F'(s, z,¢) = A[In(xs+eh 1i<seris)+
G(z)—z]. For each fixed (z, ¢), F is measurable in s; for each fixed s, F' is continuously differ-
entiable in (z,¢) on {|e| < g¢}: differentiability in z holds by (R1) with 0,F = A(Q2(z) — I),
and differentiability in € holds because ;s + ¢h; > x/2 > 0 keeps the logarithm smooth,
with O.F = X (h O (xs + Eh)) 1i<s<t+s; both partial derivatives are bounded on compact
time intervals. Under these hypotheses the solution depends differentiably on the parameter:

£,0,h

writing the equations for z and for the solution of (A12) in integral form, subtracting,

s0h _ 2,)/e con-

and applying Gronwall’s inequality shows that the difference quotient (z
verges, as ¢ — 0, to the solution of the variational equation obtained by evaluating 0, F
and O.F along the unperturbed path, which is precisely (A12) (see, e.g., Hale, 1969, Ch. I).
Equation (A13) is the variation-of-constants representation of the unique solution of this

linear equation with zero initial condition. O

Lemma 4 (Differentiating under the welfare integral). Under (R1)-(R2),

8‘/;/6,5,h
Oe

= w/ e P70 Blo, ds. (A14)
¢
e=0

Proof. Since the labor terms in (5) do not depend on €, it suffices to interchange 0. and the
integral in ftoo e~ Py 3/ 259 ds, which we do by dominated convergence applied to the

£,0,h

difference quotients d5 = (25" — 2,) /. Subtracting the state equations for z and z and

dividing by ¢,

G(z°") — G(z)
9

dc = \

S

_di +)‘q€<8)7 dfzo,

where ¢5(s) = ! [ln(xis + eh;) — In xis] li<s<t+5. By the mean value theorem applied to
the logarithm on an interval bounded below by z/2, |¢i(s)| < 2|h;|/z uniformly in |¢| <
g9. To bound dF, let m(s) denote its largest component; almost everywhere, m equals
the derivative of a component i attaining the maximum. By the mean value theorem,
[G(25°h) — G(2,)]i/e = VG;(&;)de for an intermediate point &;, and since VG, is non-

negative and sums to one, this is at most m(s); hence m < A[m —m] + A[|q°||cc = A||G°||o-
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The symmetric argument bounds the smallest component from below, so

200[[h ]l

t+48
il < A [l ()ldr < for all s > £ and <] < .
t

Hence |e 7~ 3'ds| < Ce (") with C independent of ¢, an integrable majorant on [t, 00).
Since d; — v, pointwise as ¢ — 0 by Lemma 3, the dominated convergence theorem deliv-

ers (Al4). O

Proof of Proposition 1

Proof. Combining Lemmas 3 and 4 and substituting the representation (A13),

8‘/;&‘,57’1
Oe

co prmin{s,t+4}
= )\@U/ / e P 3 W (s, 7) (h @) drds.
t t

e=0

By Lemma 1(i) and (R2), the integrand is bounded in absolute value by 2e~7¢=||h||s/x
(using ) . B; = 1), so the double integral converges absolutely and Fubini’s theorem permits

exchanging the order of integration:

avs,§,h t+6 %)
(; — )\1/;/ g(7)dr, g(r) = [/ e P B W(s,7)ds| (hO ;).
€ t T
e=0
The map 7 — ¢(7) is right-continuous at 7 = ¢: the inner integral is continuous in 7

because the transition matrix is continuous in 7 uniformly on compact s-intervals (write
W(s,7) = W(s,t)P(r,t)"", where 7 — W(7,t) is continuous with invertible values) while
the tail is dominated by e~ and @, is right-continuous at ¢ by (R2). Hence, dividing
by ¢ and letting 6 — 0T,

1 a‘/t&‘,é,h

lim —
53(%5 Oe

=\ Um e "D B (s, ) ds| (h @ ).

e=0
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By Lemma 1(ii), e ?")W(s,t) = ®(¢,s) is exactly the propagation matrix of (15), so the

bracketed row vector equals «; as defined in (14). Setting h = e; as in Definition 2 yields
€=M 2.

Tt

Since Aip > 0 is common across sectors, this establishes &; o 7 /xi, which is (13). The

convergence of the integral defining «, and the non-negativity ~;; > 0 follow from the bounds

in Lemma 1(ii). Note that no commutativity or diagonalizability of {€2(s)} was used at any

point in the argument. O

Proof of Proposition 2

Proof. Fungibility means that at each instant the planner can reallocate R&D across sectors
while keeping the total fixed, so the feasible perturbation directions at time ¢ are exactly
those h € RY with 1’h = 0. Suppose {z;;} maximizes welfare. For any feasible direction h,

the localized directional derivative computed in the proof of Proposition 1 equals

1 gV Alp
h =l = ! = A L hl
“ =0 e . v ; T

Optimality requires £® < 0 for every feasible h; applying the same inequality to —h, which
is also feasible, gives £ = 0. Hence the linear functional h — >_.(7it/xi) h; vanishes on the
entire hyperplane {h : 1’h = 0}, which forces the coefficient vector to be proportional to 1:
the ratio 7;/x;, and therefore the marginal social value £, is equalized across all sectors i
at each t. Equivalently, z;; o; i, which is (19); dividing by the cross-sector sums yields the
share form. Intuitively, if 7, /x;; were not equalized, reallocating R&D from a sector with
a low ratio toward one with a high ratio would raise welfare to first order, contradicting

optimality. O]

Proof of Proposition 3

Proof. Let w = (71,01, Ta, 02, . . .) denote a realization of the arrival times and operator draws.

Conditional on w, the economy is deterministic: the log knowledge stocks follow (A9) with the

A15



aggregator profile prevailing in each inter-arrival interval, and the state is continuous at every
arrival. We assume in addition that the continuation plan satisfies (R2) along every regime
history, and that the aggregator levels are bounded uniformly over all realizable profiles, i.e.,
sup, max; | In O;(1)| < oo; the latter guarantees, by the growth bound of Lemma 2 applied
regime by regime, that realized welfare is integrable and the objective is well defined. Since
every realizable profile satisfies the maintained assumptions, the Euler identity (A10) holds
regime by regime, so the piecewise system is Carathéodory with a globally Lipschitz right-
hand side, and Lemmas 1-4 apply pathwise, with the piecewise network “(s) and its
propagation matrix ®“ (¢, s) satisfying 0 < ®“ (¢, s) and || ®“(t, 5) s < e~ uniformly in
w, because the bounds in Lemma 1 use only row-stochasticity.

Conditional on w, the proof of Proposition 1 applies without change and yields

1 a‘/te,ﬁ,h(w)
50t Oe

=\ Um B ®(t,s) ds} (ho ).

e=0 t

The majorants in Lemma 4 and in the proof of Proposition 1 are uniform in w, so dominated
convergence permits interchanging the expectation with the e-derivative. For the 6 — 0F
limit, note that 7, > ¢ almost surely, and for each realization the perturbation window [t, t+0)
lies entirely within the initial regime once 6 < 71 — t, so the conditional scaled derivative
converges pointwise; realizations in which the window contains one or more arrivals, so that
part of the perturbed R&D operates under later regimes, are controlled by the same bounds:
the variational argument applies with the piecewise network, the scaled conditional derivative
is bounded by 2AY||B||1||k||o/(xzp) uniformly in (J,w), and the event has probability 1 —
e~ = O(6§). Dominated convergence over w therefore permits interchanging the expectation
with the 6 — 07 limit as well. Setting h = e;,

Sit = A\ Jit v =E, [/OO B ®(t, s) ds} )

)
Tt

To obtain the recursive representation (20), condition on the first arrival and draw,
(11,01) = (T,0). On [t,T) the path is deterministic under the current profile, so ®“(t,s) =

®(t,s) for s < T; for s > T, the transition property of the piecewise linear system gives
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®“(t,s) = ®97%(T,s) ®(t,T), where 07w denotes the continuation realization after T. By
the memorylessness of the Poisson process and the Markov structure of the draws (the shocks
are 1.i.d., so given the profile o prevailing after the arrival, the law of all later draws depends
on the history only through 6), conditional on (T, 6) the continuation realization has the
law of a fresh realization started at date T from profile 0; the law of iterated expectations

therefore gives

EV B ®7(T,s)ds |7 =T, 6, :a] = ~4(0),
T

the value vector at date T" under 6, given the knowledge stocks in place at 7' (which, condi-
tional on 7, = T, are deterministic); by the same argument, this value vector satisfies (20)
from 7" onward. Splitting the integral at 7" and taking expectations, Tonelli’s theorem applied

to the non-negative first piece gives
E, [/ B ®(t,s) ds] = / Pr(r > s) B ®(t,s)ds = / e 7D 3 P(t, 5) ds,
t t t

while integrating the continuation term against the arrival density ne™""—* and averaging
over the draw 6 ~ (- | O), which is independent of the arrival time, yields the second term
of (20); this integral converges absolutely because ||v5(6) ®(t,T)|1 < (||B]1/p) e """,
combining the bound on ® from Lemma 1 with ||y7(0)||1 < ||3]]1/p, which follows from the
conditional-expectation representation.

Finally, uniqueness. With general aggregators, the continuation value at an arrival de-
pends on the date, the drawn profile, and the knowledge stocks in place at that moment.
Accordingly, consider the space of measurable candidate value functions g(7’, 0, z), defined
on dates, profiles in the support of u, and states, taking values in row vectors bounded by
|Bll1/p in the ¢; norm, and let F' map a candidate g into the right-hand side of (20) with
g in place of 4, evaluated at the corresponding date, profile, and state. Note the bound
lg'®(t, 7)1 < |lg|lil| @, T)|loo < |lg]lie T, which holds because the ¢; norm of a row

vector times a matrix is at most the £, norm of the vector times the largest row sum of the

matrix. For two candidates g!, g,

= - —p(T— U
I(Fg' = Eg)l, < [T suplg! — gl T ar = L suplg! — 7l
t
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where the supremum is over all dates, profiles, and states. Moreover, F' maps this space into
itself: the same bounds give [|(Fg)ii < 1811/ (o+m) + (n/(p+ )18l /p = 181 /p. Thus
F is a contraction with modulus n/(p+n) < 1, and the solution of (20) in this space is unique
by the contraction mapping theorem; since the same computation makes F' a self-map of any
larger ball, no bounded solution exists outside this space either. The conditional-expectation
representation constructed above is bounded by ||3||1/p and satisfies (20), so it is that unique

solution. O
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A.3. Additional Results

Figure A.2. Number of Patents and Publications Over Time

16

—
N
1

In(# Documents)
v

10

8 .
I T T T T 1
1870 1900 1930 1960 1990 2020
Year

= Scientific Publications —— Patents

Notes. This figure shows the number of patents (solid line) and articles (dashed line) over time.
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Figure A.4. Example of the Diffusion of Important Keywords

Panel (a): Tech - Combustion Engines (1917)

Years to peak year: -15 to -11 (1902~1906) Years to peak year: -10 to -6 (1907~1911)

science ' patent science ' patent

Years to peak year: -5 to -1 (1912~1916) Years to peak year: 0 to 4 (1917~1921)

science : patent science ' patent

Panel (b): Sci - Nuclear Physics (1960)

Years to peak year: -15 to -11 (1945~1949) Years to peak year: -10 to -6 (1950~1954)
o . . ) o [ .

. e
nucleamphysicg -

science science patent

Years.to peak year: Years to peak year: 0 to 4 (1960~1964)

science patent science patent
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Panel (c): Sci - World Wide Web (2003)

Years to pealg year: -15 to -11 (1988~1992) Years to pea&( year: -10 to -6 (1993~1997)
e L] . % °
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o SN
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i \wgﬂ"'ﬂ'nu
/?Zj\ 8 Q\ educating,cryploghphy & sdvertsing
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e b .

o
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° L J
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Panel (d): Tech - Electric Communication Technique (2005)

Years to peak year: -15 to -11 (1990~1994)
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camputeeision

S e

science : patent science : patent
Years.to peak year: -5 to -1 (2000~2004) Years to pe.ak year: 0 to 4 (2005~2009)
ot . 23° o . = °o o S

o o o .M?d-nu s

. .
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Panel (e): Tech - Nanotechnology (2007)

Years to peak year: -15 to -11 (1992~1996) Years to peak year: -10 to -6 (1997~2001)

3 or ve@indhy soience

science ) patent science . patent

Years to peak year: 0 to 4 (2007~2011)

science : patent science patent

Panel (f): Sci - Data Science (2020)

Years to pealg year: -15 to -11 (2005~2009) Years to pea§ ygar: -10 to -6 (2010~2014)
= e , o

Sports 8 games
counting:

L]
science patent

Years.to pesk ygar: -5 to -1 (2015~2019)
. ° .

science patent science patent
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Figure A.5. Model Performance and Estimated Periods of Long-Run Dynamics

Panel (a): R?
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This figure shows the model performance and estimated periods of long-run dynamics in the

unobserved-components time-series model, estimated separately for each aggregate field by maximum likeli-
hood via the Kalman filter (cycle period restricted to [8,80] years). Panel (a) shows the R? of the model,

and Panel (b) shows the estimated cycle periods.
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Figure A.6. Parameter Selection of Joint Diagonalization

Panel (a): Network
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Notes. This figure shows the within-field correlation between the observed target and its rank-K joint-
diagonalization reconstruction, plotted against the topic count K with one line per network weight wq
(0* = 0.95). Panel (a) is the network £2,; Panel (b) is the uniform-Katz centrality; Panel (c) is the technology-
weighted Katz centrality. The network correlation plateaus near K = 150; the preferred specification is
K =150, wg = 0.90.
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Figure A.7. Predictability of Eigenvalues: Model Selection

Panel (a): In-Sample R?
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Notes. This figure shows the in-sample and out-of-sample cross-eigenvalue R? by horizon across the estimator
zoo (Ridge with a penalty of 103, Elastic Net, sigmoid-kernel SVR, sigmoid-kernel Ridge, Random Forest).
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Figure A.8. Predictability of Eigenvalues: Penalty Selection of Ridge Model

Panel (a): In-Sample R?
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Notes. This figure shows the in-sample and out-of-sample cross-eigenvalue R? by horizon along the Ridge
penalty ladder: 10°,...,10°.
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Figure A.9. Does Economic Value Predict Real Outcomes? Local Projections

Panel (a): Future R&D Reallocation
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Notes. Local-projection coefficients on the field’s economic-value share (%) at horizons h = 1,..., 20 years,
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share (%) in Panel (a), In(1 + new documents) in Panel (b), and In(1 4 breakthrough documents) in Panel
(c), each h years ahead. Regressions control for the contemporaneous outcome and log knowledge stock
(with two lags of each) and include field and year fixed effects; standard errors clustered by field.
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Figure A.10. Direct and Indirect Rounds of Economic Value Over Time
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Notes. Share of each type’s forward-looking economic value « realized in the direct round (Round 0 = j)
versus the indirect rounds (one or more spillover steps), by year.
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Table A.1. Correlation Between the Text-Based and Citation-Based Networks

Scientific Field Technology Class
Year Pearson Spearman Pearson Spearman
1950 0.21 0.19 0.22 0.23
1960 0.36 0.21 0.26 0.24
1970 0.50 0.25 0.17 0.30
1980 0.55 0.26 0.42 0.25
1990 0.56 0.29 0.19 0.24
2000 0.58 0.31 0.66 0.39
2010 0.64 0.34 0.39 0.28
2020 0.58 0.29 0.54 0.32

Notes. This table shows the pairwise correlations between the elements from the text-based and citation-
based innovation networks. In Columns (1) and (2), we use the science-to-science network, and in Columns (3)
and (4), we use the patent-to-patent network. We show the Pearson correlation coefficients and Spearman’s
rank correlations.
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Table A.3. Top 10 Science and Technology Fields by Katz Centrality Over Time

Panel (a): Top 10 Fields in 1880

Scientific Fields

Technological Classes

Rank Katz Centrality

Field Name

Rank Katz Centrality

Field Name

2 0.0089
3 0.0086
4 0.0085
5 0.0081
7 0.0080
9 0.0076
10 0.0075
11 0.0075
12 0.0075
14 0.0073

polymer science
environmental chemistry
pure mathematics
atmospheric sciences
theoretical physics
archaeology
telecommunications
operations research
nursing

medical emergency

1 0.0096
6 0.0081
8 0.0076
13 0.0074
18 0.0069
19 0.0068
20 0.0068
22 0.0067
24 0.0066
25 0.0066

inorganic chemistry

mechanical metal-working

natural or man-made threads or fibres
explosives & matches

heat exchange in general
haberdashery & jewellery

building

general machines & steam engines
medical or veterinary science

working or preserving wood

Panel (b): Top 10 Fields in 1900

Scientific Fields

Technological Classes

Rank Katz Centrality

Field Name

Rank Katz Centrality

Field Name

2 0.0073
3 0.0073
4 0.0072
5 0.0071
6 0.0069
12 0.0065
14 0.0063
15 0.0060
16 0.0059
17 0.0059

applied mathematics
civil engineering
regional science
medical physics
nuclear physics
radiochemistry
inorganic chemistry
library science
gynecology

automotive engineering

1 0.0082
7 0.0068
8 0.0067
9 0.0066
10 0.0065
11 0.0065
13 0.0064
18 0.0058
20 0.0057
21 0.0057

organic chemistry

combustion apparatus & combustion processes
furnaces & kilns, ovens or retorts

steam generation

heating & ranges & ventilating

liquid positive-displacement machines

foods or foodstuffs

metallurgy of iron

land vehicles for travelling

lighting

Panel (c): Top 10 Fields in 1920

Scientific Fields

Technological Classes

Rank Katz Centrality

Field Name

Rank Katz Centrality

Field Name

1 0.0090
2 0.0087
5 0.0078
6 0.0074
7 0.0068
8 0.0067
9 0.0064
10 0.0063
11 0.0061
12 0.0060

information retrieval
computer security

data science

library science
environmental health
internet privacy
engineering ethics
aeronautics

process engineering
agricultural engineering

3 0.0085
4 0.0080
14 0.0060
20 0.0057
23 0.0056
25 0.0055
26 0.0055
27 0.0054
29 0.0053
32 0.0052

land vehicles for travelling

vehicles in general

petroleum, gas or coke industries

combustion apparatus & combustion processes
general machines & steam engines

combustion engines

working of plastics

conveying, packing & storing

machine tools

engineering elements or units

Panel (d): Top 10 Fields in 1940

Scientific Fields

Technological Classes

Rank Katz Centrality

Field Name

Rank Katz Centrality

Field Name

—_

0.0125
0.0111
0.0087
0.0067
0.0062
0.0062
0.0058
0.0057
0.0056
0.0056

© 00 O Tk W N

—_
_ o

food science
biochemistry
endocrinology
internal medicine
optics

physiology
gynecology

chemical physics
atomic physics
electronic engineering

7 0.0060
13 0.0053
17 0.0050
18 0.0050
21 0.0050
24 0.0049
27 0.0049
32 0.0047
40 0.0044
41 0.0044

aircraft, aviation & cosmonautics
organic chemistry

medical or veterinary science
conveying, packing & storing

heat exchange in general

organic macromolecular compounds
working of plastics

petroleum, gas or coke industries
metallurgy of iron

musical instruments & acoustics
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Panel (e): Top 10 Fields in 1960

Scientific Fields

Technological Classes

Rank Katz Centrality

Field Name

Rank Katz Centrality

Field Name

—_ =
o —m © 0N

13

0.0078
0.0077
0.0076
0.0067
0.0067
0.0066
0.0065
0.0063
0.0062
0.0060

nuclear physics
nuclear engineering
computational physics
biochemistry
composite material
metallurgy

chemical physics
molecular physics
systems engineering
medicinal chemistry

3
5
10
29
32
33
37
40
42
44

0.0076
0.0070
0.0065
0.0051
0.0050
0.0049
0.0047
0.0046
0.0046
0.0045

basic electronic circuitry

conveying, packing & storing
computing & calculating or counting
nuclear physics

working of plastics

crystal growth

information storage

measuring & testing

basic electric elements

aircraft, aviation & cosmonautics

Panel (f): Top 10 Fields in 1980

Scientific Fields

Technological Classes

Rank Katz Centrality

Field Name

Rank Katz Centrality

Field Name

1

D U W N

7
11
12
13
14

0.0095
0.0073
0.0072
0.0067
0.0065
0.0065
0.0062
0.0060
0.0059
0.0057

embedded system
computer hardware
information retrieval
library science

regional science

optics

geotechnical engineering
transport engineering
medicinal chemistry
molecular biology

4
8
9
10
28
36
39
45
54
59

0.0067
0.0064
0.0062
0.0062
0.0050
0.0048
0.0046
0.0044
0.0043
0.0042

mechanical metal-working

foods or foodstuffs

basic electronic circuitry

computing & calculating or counting
electric power

controlling & regulating

treatment of water

electric communication technique
fertilisers

earth or rock drilling & mining

Panel (g): Top 10 Fields in 2000

Scientific Fields

Technological Classes

Rank Katz Centrality Field Name

Rank Katz Centrality

Field Name

0.0111
0.0083
0.0081
0.0063
0.0063
0.0062
0.0061
0.0058
0.0057
0.0056

internet privacy
computational biology

data mining

molecular biology

computer network

cell biology
human-computer interaction
world wide web

information retrieval
gerontology

4
8
10
13
17
23
25
28
32
33

0.0078
0.0061
0.0060
0.0056
0.0052
0.0050
0.0050
0.0047
0.0046
0.0045

electric communication technique
hand tools

nuclear physics

basic electric elements

biochemistry, beer, microbiology & enzymology

medical or veterinary science
coating metallic material
vehicles in general

specific information & communication tech.

computing & calculating or counting

Panel (h): Top 10 Fields in 2020

Scientific Fields

Technological Classes

Rank Katz Centrality Field Name

Rank Katz Centrality

Field Name

2
3
6
7
11
14
20
23
28
29

0.0084
0.0081
0.0076
0.0072
0.0067
0.0064
0.0058
0.0056
0.0053
0.0052

data science

mechanical engineering

data mining

nanotechnology

process engineering

machine learning
meteorology

petroleum engineering
human-computer interaction
civil engineering

4

8
9
10
12
13
15
16

0.0097
0.0081
0.0077
0.0070
0.0070
0.0068
0.0065
0.0065
0.0063
0.0062

controlling & regulating

conveying, packing & storing
nanotechnology

electric communication technique
machine tools

hand tools

mechanical metal-working

working cement, clay, or stone
computing & calculating or counting
inorganic chemistry

Notes. This table shows the top 10 science and patent fields by centrality in selected years.
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