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Abstract

We study how South Korea’s first “mission-oriented” R&D program, implemented between
1992 and 2001, shaped innovation and economic outcomes. Using new textual data and a
language model to identify targeted and control technological classes, we exploit the fact
that some of the planned research projects were not implemented because of budget shocks.
We use a local projections event study to compare the outcomes of targeted technologi-
cal classes to those of control classes. Despite the absence of differential trends before
the program, by ten years after the extension of program support, future-citation-weighed
patenting output in the targeted classes doubled and real exports tripled relative to the
control technology classes. These results stand when we study cross-country evidence.
Technological classes with less concentrated patenting output before the program drive our
results. Using market-based patent valuations, we find that the program’s benefits exceeded
its costs by over a factor of three. Our findings suggest that technology policy was central

to South Korea’s transition to a knowledge-intensive economy.
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1 Introduction

Industrial policy is back: Programs such as the US CHIPS Act and the European Green
Deal have committed trillions to transforming their respective economies’ structure and
direction of innovation. Despite the theoretical arguments that rationalize interventions
to address market failures, there is a lack of clarity on what works in practice. As Juhasz
et al. (2023) note, the question is increasingly not whether but how governments should

conduct industrial policy.

We contribute to this debate by studying how South Korea’s first “mission-oriented”
R&D initiative, the G7 Program (G7P), shaped innovation and real outcomes. The G7P
was active between 1992 and 2001 and invested over $7 billion (2023 dollars) to fund
government-selected R&D projects. It was the first explicit and coordinated effort to
create frontier technological development capacities in South Korea and close the gap
with G7 nations in selected technologies by the 2000s. The program responded to South
Korea’s waning catch-up strategy and rising labor costs following its return to democracy
in 1987 (Ministry of Science and Technology, Republic of Korea, 1991).

The G7P aimed to solve market failures for different types of technologies. For “prod-
uct” technologies, where South Korea had strengths (electronics, machines, materials),
investments were too large and too risky for individual companies to pursue on their
own. A targeted research subsidy and pooling mechanism might induce private firms
to engage with R&D. For “base” technologies, which had environmental and national
security externalities and where South Korea did not have strengths or expertise (energy,
biotechnology), private firms were unlikely to provide optimal levels of R&D because of
the difference between the private and social returns of these projects. A research subsidy

would bridge that gap.

We exploit the government’s selection of 23 megaprojects, of which only 18 were
funded to address selection concerns. Despite being deemed high potential by program
experts, the remaining five were not funded because of budget and program-fit considera-
tions (KISTEP, 2002). Our treated (control) group includes technological classes related
to the 18 (5) implemented (not funded) megaprojects. We use newly digitized files with
detailed information on the universe of G7P-supported research projects and use a lan-
guage model to link them to technological classes, the unit at which we observe the

outcomes we study.

We find that the G7P shifted the direction of South Korea’s innovation. The G7P

substantially increased future-citation-weighed patenting output in the targeted techno-



logical classes relative to that in control classes. By the 5th year after receipt of program
support, the number of patents granted in the targeted classes had increased by 64%.
This effect had risen to 123% by the 10th year and to 232% by the 15th year. For both
the targeted and control groups, this outcome had followed similar trends in the five years
before the G7P support was extended. Moreover, the G7P targeting was unrelated to
underlying economic characteristics that might have influenced sectoral choices, such as

value added, output per worker, and capital intensity.

The changes in innovation had significant consequences for the real economy, although
the emergence of the effects was less immediate than in the case of patenting. We focus
on exports, widely acknowledged as a factor in South Korea’s economic success. We find
null effects on exports for the first three years after targeting. By the 5th year, however,
exports in G7P-targeted technological classes had grown by 62% in comparison to those
in control classes, with this figure increasing to 245% by the 10th year and 204% by the
15th year. There were no differential trends in exports before targeting. Our findings

highlight that R&D programs may take time to yield tangible benefits in the real economy.

Technological classes with less concentrated scientific output drive our results. We
show that classes with less concentrated citation shares in the decade leading up to the
GT7P experienced stronger program effects. A move from the 25th to the 75th percentile
on the Hirschman Herfindahl index (HHI) for citation shares corresponds to a reduc-
tion in the program’s impact of approximately three-quarters of the baseline effect. This
differential impact by citation concentration suggests that preexisting structures in tech-
nological classes, which influence spillovers through knowledge networks, had a role in
determining the program’s effectiveness. It also underscores the need for caution with
respect to policies focused solely on creating “national champions” as they may limit

knowledge spillovers.

Policymakers often frame industrial policy in the context of strategic competition be-
tween countries, with some policies responding to rival programs in other places. We
explore this dimension and validate our within-country findings by comparing South Ko-
rea’s performance in targeted technological classes with that of other countries, which
we use as placebos. Despite the trends across countries being similar before the target-
ing, South Korea’s future-citation-weighted patents and exports in targeted classes grew
significantly faster than those of other countries after the G7P. As in our within-country
exercise, exports show a delayed response. Overall, however, South Korea outperformed
other nations in G7P-supported technological classes, indicating that the G7P accom-

plished its primary goal.



Government subsidies are not a free lunch. Though substantial, our previous findings
are not informative about the subsidies’ cost-effectiveness. If the identified effects came
at a high cost, policymakers might question the program’s desirability. We use the pro-
gram’s R&D expenditures, our reduced-form estimates on patenting, and the method of
Kogan et al. (2017) for valuing patents from stock market reactions to patent-granting,
and we find that the program yielded a 21% internal rate of return and benefits 3.3 times

its costs. The G7P program was a cost-effective intervention.

A substantial data effort makes our analysis possible. We obtained and digitized data
on approximately 4,800 G7P research projects from the National Research Foundation
of Korea through a Transparency Law request. These files lack explicit data on the tech-
nological classes targeted by each research project, which are essential for us to study
outcomes such as patents and exports since the data for those outcomes are available
only at the technological class level. We address this gap using a text-based approach.
We observe each research project’s name, description, and objectives. This information
allows us to use a language model to classify research projects into technological classes.
The World International Patent Organization (WIPO) developed the model that we use,
the IPCCAT tool, to classify inventions into technological classes using patent descrip-

tions and abstracts as inputs.!

We download the universe of USPTO patents granted between 1980 and 2015 from
USPTO’s PatentView. Our sample period starts twelve years before the implementation
of the first G7P project and fifteen years after the last one. Though data for later years
are available, we set the starting year to 2015 to avoid right-truncation issues that arise
from long patent application cycles. We focus on USPTO-granted patents to keep con-
textual elements such as relative market attractiveness and strength of property rights

protection as fixed as possible. Moreover, inventors worldwide typically file important
discoveries with the USPTO (Bloom et al., 2021).

We use export data covering 1980 to 2015 from the UN-COMTRADE database. While
these data are not available at the IPC-code level, we use Lybbert and Zolas (2014)’s
correspondence table between the Standard International Trade Classification (SITC)
Rev. 2 and IPC codes for our analysis. Additionally, given the limited timeframe of our
sample period, we use South Korea’s Mining and Manufacturing Survey (MMS), which
provides plant-level data from 1980 to 2003, to validate our identification strategy. To

inform our cost-benefit analysis, we obtain South Korean firms’ balance sheets and stock

ITPCCAT stands for International Patent Classification (IPC) computer-assisted categorization.



price movements for 1980-2015 from DataGuide, a database akin to COMPUSTAT.

2 Contributions to the Literature

Our work relates to several branches of the literature. First, a large body of research
examines the causes and consequences of R&D investment (Romer, 1990; Aghion and
Howitt, 1992; Howell, 2017; Acemoglu et al., 2018; Akcigit et al., 2020; Chen et al., 2021;
Dechezleprétre et al., 2023). An important part of this literature explores how policy
regimes affect innovation (Bloom et al., 2019). Most studies focus on marginal funding
changes or grants that incentivize R&D projects that firms choose in a decentralized man-
ner. In contrast, we examine a large R&D program where a public organization centrally
conceived and selected projects, making the G7P a representative “mission-oriented” pro-
gram (Mazzucato, 2013; Kim, 2020; Gruber and Johnson, 2023).

Our paper is close to the works of Gross and Sampat (2023) and Kantor and Whalley
(2023), who study other “mission-oriented” programs in crisis moments in the US (WWII
and the race to the moon, respectively). However, our research differs in several ways.
First, these programs focused on base technologies with unknown commercial applica-
tions. The G7P supported research in base and product technologies, aiming to address
distinct market failures affecting each type of technology. Second, we study a program
in a developing economy with a strong industrial base but limited innovation activities.
Third, the G7P did not occur during a crisis, when stakes and incentives might differ.
Our setting might be more informative for policymaking in more mundane times in de-

veloping countries.

Second, we contribute to a growing literature on industrial policy (Kalouptsidi, 2017;
Juhasz, 2018; Hanlon, 2018; Criscuolo et al., 2019; Giorcelli, 2019; Mitrunen, 2021; Choi
and Shim, 2023a; Lane, 2023; Barwick et al., 2023). While most work focuses on tech-
nology adoption, our paper addresses technology development in a developing country.
Though technological change in developing-country contexts is often seen as exogenous
Gollin et al. (2002), Moscona and Sastry (2023) suggest that developing countries might
invest in R&D because of the high productivity costs of inappropriate technology. More-
over, Choi and Shim (2023b) show that advanced nations may hesitate to transfer technol-
ogy as receiving countries become their competitors. We also examine how concentration
in a country’s innovation structure affects industrial policy effectiveness. Together, our
findings speak to the demand for knowledge of technology development in developing

countries, a domain that remains fundamentally underinvestigated.



Third, we contribute to an extensive literature on the role of industrial policy in
East Asia’s economic miracles (Johnson, 1982; Wade, 1990; Amsden, 1992; Chang, 1993;
Krueger, 1995; Rodrik et al., 1995; Noland and Pack, 2003; Choi and Shim, 2023a; Lane,
2023). This work focuses on interventions such as South Korea’s Heavy and Chemical
Industry (HCI) drive in the 1970s. These papers explain the country’s industrial rise but
not its transformation into a global innovation leader, a leap that many middle-income
countries fail to make. Choi and Shim (2023b) study why countries transition from adop-
tion subsidies to R&D subsidies. Our work complements theirs by documenting South
Korea’s shift in industrial strategy and providing microeconometric evidence on the ef-
fectiveness of the country’s first "mission-oriented” R&D program. This policy shift was
significant as prior attempts with traditional R&D tax credits had proved less successful
(Kwon, 2021).

The rest of the paper is organized as follows: Section 3 provides historical context and
institutional detail. Section 4 discusses our data collection process. Section 5 outlines
our empirical strategy. Section 6 presents and discusses our results. Section 7 shows the

Cost-Benefit analysis. Section 8 concludes.

3 Historical Context and the G7 Program

Though highly successful, South Korea’s insertion into the global economy was not linear.
The South Korean external sector has undergone several boom-and-bust cycles over the
last five decades. One materialized in the late 1980s, with the abrupt end of the period
of the so-called three lows: low oil price, low interest rates, and low (weak, relative to
the Japanese yen) dollar. These circumstances enabled a rapid, debt-driven expansion
during the second half of the 1980s. As these external conditions changed, the external
sector took a hit: exports stagnated, with their share of GDP falling from 34.8% in 1987
to 23.8% in 1991 (World Bank, 2023).

Most economists agree that the crisis revealed structural weaknesses in South Korea’s
industrial development strategy, which favored (debt-driven) input-oriented expansion
based on comparatively low labor costs (Kwon, 2021). The end of favorable external con-
ditions and the increase in labor costs that followed the return to democracy exhausted
the strategy’s sources of competitive edge. Indeed, real labor pay rose by 53% between
1987 and 1989, far surpassing the growth rate of labor productivity. These conditions
made competition in relatively low-value-added markets with other Asian countries much
tougher. Without the advantage of low labor costs, South Korea’s prospect of competing

with advanced countries was grim given its relatively poor technology capacities (Min-



istry of Science and Technology, Republic of Korea, 1991).

South Korean policymakers identified the need to shift the nature of the markets in
which South Korea competed abroad toward ones with higher value added. This necessity,
paired with the increased reluctance of developed countries to share technology with
South Korean firms (Choi and Shim, 2023b), justified the development of “indigenous”
innovation and R&D capacities. Following the relative lack of success of earlier promotion
policies (Kwon, 2021), which included an R&D tax credit, policymakers identified the
need for a more coordinated and concentrated effort (Ministry of Science and Technology,
Republic of Korea, 1991). The G7 Program, announced by President Roh Tae-wooh in
November 1991, responded to this challenge.

3.1 The G7 Program?

Also known as the Highly Advanced National Program (HAN, like the river crossing
Seoul), the G7P was South Korea’s first national R&D program. It invested over $7
billion (2023 dollars) and mobilized over 100,000 research staff from 1992 to 2000 (Kwon,
2021). The program aimed to bring South Korean R&D capacity in select sectors to the
level in G7 countries by the 2000s.

The G7P supported research projects looking to address problems in applied tech-
nology, not basic science. Over its course, the program supported 18 megaprojects of
two types—projects in “product technologies” and in “base technologies”—mnine in each
category. Our empirical strategy exploits the fact that budget shocks and program-fit
concerns reduced the number of supported megaprojects from 23 to 18. Each megapro-
ject comprised smaller individual projects, for which we collected data, that we map to

IPC technology classes for our regression analysis.

For product-technology megaprojects, policymakers’ concern was that the private sec-
tor would not undertake such projects because they were too large and risky. Indeed,
and with few exceptions, the South Korean private sector had been unwilling to engage
in R&D and favored instead the continuation of previous input-driven strategies (Kwon,
2021). A government subsidy and a pooling mechanism that enabled the participation of
several firms in a single research project would enhance the risk-reward profile of these
investments. The distinguishing features of these projects were that they had immediate
commercial applications and that South Korea already had capacities in the targeted
sectors. Table 1 shows the nine megaprojects that fell within this category. Projects

developing some familiar products such as HDTV (a next-generation flat panel display),

2This section relies heavily on KISTEP (2002) and KISTEP (2003).



a high-capacity semiconductor, and an electric vehicle appear here.

Regarding base-technology megaprojects, policymakers’ main concern was that the
private sector would not find such projects profitable because they lacked immediate
commercial applications and there was little existing underlying capacity in the coun-
try. This phenomenon might lead to a typical underprovision of public goods because
private agents do not incorporate the society-wide returns that a given invention brings.
Policymakers identified the need to build capacity in these sectors, as they considered
self-sufficiency vital for any advanced nation. Table 1 shows the nine megaprojects sup-
ported in this category. Projects advancing technologies with significant environmental
and national security externalities, such as a next-generation nuclear reactor, are among

them.?

Table 1: GTP Megaprojects

Type Name Implementation Period
Product | HDTV 1992 — 1994
Product | High-capacity semiconductor 1995 — 1999
Product | Next-generation car (electric vehicle) 1992 - 2001
Product | Next-generation flat panel display 1995 — 2000
Product | B-ISDN — Broadband Comprehensive Information Network Devices for 10GB environments | 1992 — 2001
Product | New medicines and agrochemicals 1992 — 1997
Product | Medical Engineering 1995 — 2001
Product | Ultra-compact precision machinery 1995 — 2001
Product | High-speed train 1996 — 2001
Base Advanced energy and informatic materials 1992 - 2001
Base New functional biomaterials 1992 — 2001
Base Advanced production system 1992 — 2001
Base Next-generation semiconductor 1993 — 1996
Base Environmental engineering 1992 — 2001
Base New energy (Fuel-cell) 1992 - 2001
Base Next-generation nuclear reactor 1992 - 2001
Base Sensorial Engineering 1995 — 2001
Base Next-generation superconducting nuclear fusion device 1995 — 2001

The G7P megaproject Selection started with a broad search for candidate projects
led by the Research Coordination Department of the Ministry of Science and Technology
in conjunction with other ministries. The G7 Expert Planning Team, the government
unit created to run the G7P, received this information. The G7P unit then came up with
lists of candidate megaprojects and drafted preliminary plans for each. These numbered

seventy four.

3Some of these, such as the projects related to nuclear energy, are increasingly relevant to South
Korea’s export basket today. For example, Korea Electric Corporation (KEPCO), a major G7P nuclear
energy R&D beneficiary, provided the United Arab Emirates’s civil nuclear program and was recently
shortlisted or selected as a preferred supplier for Saudi Arabia’s and the Czech Republic’s programs
(Financial Times, 2024).



The G7P unit sent a questionnaire to hundreds of sectorial experts, mainly in min-
istries and universities. The experts were asked to choose the most promising projects
on the basis of nine dimensions related to possible externalities, potential to succeed and
close the technological gap with frontier countries, market potential, and fit with the

program’s philosophy.* The experts then rated all the projects on the nine dimensions.”

Using the survey results as input and in consultation with other ministries, the G7P
unit selected twenty three projects for funding from South Korea’s General Science and

Technology Council, the country’s highest technology policymaking body.

Though all the candidate projects were deemed worthy of support and highly ranked
by the experts in their questionnaire answers, the council did not go fund all the projects.
Those not funded were were a high-speed maritime ship, an aircraft core technology, a
Korean natural language processing system, an automated traffic control system, and
an offshore manufacturing plant. These projects were not funded because of concerns
about the ability to complete them after some a budget shock. There were also some
more idiosyncratic concerns about their fit with the G7P philosophy. The council decided
to form commissions to assess the possibility of independently supporting the deferred

projects outside the G7P, although this support ultimately did not materialize.

We exploit the fact that these projects were selected but never funded to inform our
empirical analysis. A concern is that our estimates might reflect successful selection of
profitable technologies. Indeed, as our previous discussion suggests, this was precisely
what experts and policymakers sought. We address this concern by using as control tech-
nologies only those that were selected but were not ultimately funded in the end because
of the budget shock.

We map the megaprojects to IPC technological classes using a language model. In
support of our identification assumption, we find parallel trends in exports, a variable
explicitly targeted in the GT7P selection process, for the targeted and control technolo-
gies over the years prior to program implementation. Moreover, we find no systematic
differences between producers of technologies in the targeted and control technological
classes on a variety of observables (such as value added, output per worker, and capital

intensity) that might have influenced the policymakers’ decision-making.

4The dimensions were the following: technical externalities, comparison of technology level with that
in advanced countries in the early 2000s if supported, comparison of international competitiveness in the
early 2000s if supported, size of the domestic market upon commercialization, size of the global market
upon commercialization, contribution to general welfare, estimated R&D cost, required R&D investment,
and fit with the G7P’s philosophy.

5The final megaproject choices seem to follow the experts’ choices.



Once the megaprojects were funded, the G7P unit designated a public research in-
stitute to run them. These institutes expanded and implemented the research plans
developed by the G7P unit. Once these plans were completed and the specific research
projects defined, the institutes issued public requests for proposals, in response to which
firms, both state-owned and private, submitted budgets and research plans. The research

activities ensued after approval was granted by the managing public research institutes.

4 Data

Our empirical analysis relies on newly digitized data from the G7P, a language model
to classify research projects into technological classes, and patenting, citation, export,
manufacturing, and balance-sheet data. The rest of this section discusses the samples
that we use, the G7P files, and how we use a language model to identify the technological
classes related to the targeted and control/almost-targeted projects, as well as the data

sources for the different outcome variables that we look at.

We use two types of samples for the main outcomes that we study: a South Korean
sample, which includes observations at the technological class level for South Korea, and
a cross-country sample, which includes information for all countries for which data are
available. We use the South Korean sample to perform within-country comparisons and
the cross-country samples for comparisons across countries. Tables A1 and A2 show the

countries we include in our analysis.

We mainly look at two outcomes. The first is future-citation-weighted patenting for
the targeted and control technological classes at the 4-digit IPC level.5 We choose this
level because it is widely used in the innovation literature and because considering more
disaggregated data would impose a significant cost in terms of the precision of classi-
fication by our language model.” Once we restrict the sample to targeted and control
technological classes, we keep 520 out of a universe of 646 classes. These 520 technolog-
ical classes that we consider in our empirical analysis account for 90.7% of the USPTO

patents granted to South Korean assignees in 1990.% The data that we use start in 1980

6 An illustrative example is the following: The IPC has 5 levels of disaggregation: 1-digit (“domain”),
3-digit (“class”), 4-digit (“subclass”), 5-digit (“main group”), and 7-digit (“subgroup”). For a hydraulic
steering gear, the 1-digit IPC code would be “B — Performing operations, transporting,” the 3-digit code
would be “B62 — Land vehicles for travelling otherwise than on rails,” the 4-digit code would be “B62D
— Motor vehicles; trailers,” the 5-digit code would be “B62D3 — Steering gears,” and the 7-digit code
would be “B62D314 — Hydraulic.”

"The precision of the IPCCAT model is 96.2% at the 3-digit level, 94% at the 4-digit level, 89.4% at
the 5-digit level, and 82% at the 7-digit level.

8In practice, our samples cover all treated technological classes in all domains and untreated classes

10



and end in 2015.

The second main outcome that we study is exports. We look at targeted and almost-
targeted classes at the 3-digit IPC level. We choose this level both to follow the literature
(Liu and Ma, 2023) and because of the noisy correspondence between IPC codes (which
characterize our targeting variable) and SITC classes (by which our export data are
categorized; (Lybbert and Zolas, 2014)) at finer levels. After restricting the sample to
targeted and almost-targeted technological classes, we have 101 technological classes out
of a universe of 131. These accounted for 80.3% of South Korea’s exports in 1990. As
with our patenting data, this sample starts in 1980 and ends in 2015.

We also use South Korea’s Mining and Manufacturing Survey (MMS), currently avail-
able to us for years between 1980 and 2003. This source, which is available only for South
Korea, contains yearly plant-level information on sales, inputs, and outputs for South
Korean establishments involved in mining or manufacturing and employing ten or more
employees. Given the limited timeframe of the data to which we have access, we use
this source to assess the extent to which our identification strategy addresses selection
concerns. Here we focus on observables that policymakers might have targeted while

selecting the G7P projects, such as output per worker and capital intensity.

4.1 G7 Program Files and the Language Model

Our primary source for G7P information is the G7P Yearly Project List.” We obtained
a copy for every year that the G7P was active (1992-2001) through a Transparency
Law request to the National Research Foundation of Korea. We digitized and cleaned
these records for information on all 4,787 G7P projects. We observe each project’s G7P
megaproject affiliation, name, description, objectives, managing research institute, par-
ticipating firms (if any), start date, end date, and funds provided (public and private).

Figure 1 shows the typical record we observe.

We would also like to observe the specific technological class targeted by each project.
We do not have such data. This lack of information presents a challenge since any
econometric evaluation requires a notion of the sectors the G7P targeted. How do we use
the G7P information we gathered to study the important questions that motivate this
paper?

We overcome this challenge with a text-based approach. We use the rich textual data

in all domains except C (Chemistry; Metallurgy) and A (Textiles; Paper). An IPCCAT search of the
classes corresponding to the control megaprojects yields all classes but those two.
9 The publication name in Korean is A= 7] &N LAY A ZE (G7T Z2AE).
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Figure 1: Sample Page of the 1995 G7P Yearly Project List
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that we digitize to classify projects into technological classes on the basis of their textual
description. We feed the project’s name, description, and objectives into the WIPO’s

IPCCAT language model to retrieve the technology classes associated with each project.

The WIPO developed the first version of IPCCAT in 2002 to assist resource-constrained
patent offices in classifying inventions by IPC technological class, precisely our task. Im-
proved and refined ever since, IPCCAT today uses data on over 49 million patent docu-
ments ( abstracts and description) and their human-originated classification to support

patent classification tasks.

For each G7P project, we do the following: (i) input the project’s name, description,
and objectives into IPCCAT, (ii) choose the level at which we want to generate our clas-
sification (3-digit, 4-digit, etc.), and (iii) choose the language in which we are inputting
the text.! Once we set these options, IPCCAT prints the predicted IPC classifications
for the input text with a degree of confidence that ranges from 0 to 5. We detail our

choices on these items below.

As discussed above, we choose to generate our classifications at the IPC 4-digit level

10 Another decision the researcher needs to make is the IPC version in which the IPCCAT prints the
predictions. This decision is not relevant for us, however, since the IPC codes do not change at the levels
of disaggregation that we use.
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for the patenting sample because predictions at finer levels might be subject to a lower
degree of confidence because of the increased number of choices that the algorithm faces.
The number of categories (precision of the algorithm) rises (falls) from 646 (94%) at 4 dig-
its to 7,437 (89.2%) at 5 digits and 65,158 (81.3%) at 7 digits (World International Patent
Organization, 2024). Asking IPCCAT to generate predictions at finer levels makes the
classification problem more complex with no perceptible gain from the increased gran-
ularity. We opt to classify our export and manufacturing survey sample data by IPC
3-digit code. This choice follows from the fact that the correspondence between IPC
codes and real production variables (exports, in this case) is imperfect at relatively fine
levels of detail, which precludes us from classifying the data at the IPC 4-digit code as

we do for our patenting sample.

Finally, we would like to use high-quality IPC-code predictions only. For both of our
samples, we decide to use predictions subject to a degree of confidence of 3 or higher.
This level allows us to accept the classifications for projects accounting for over 97% of
the total G7P funds. For those projects for which we discard the predicted classifica-
tion, we impute their respective IPC codes from all the other projects in the same G7P
megaproject each year. We show in the appendix that using predicted classifications

subject to alternative confidence levels does not substantially change our findings.

After we perform this exercise, we have a database of 4,787 research projects with
information on G7P megaproject affiliation, name, description, objectives, managing re-
search institute, participating firms (if any), start date, end date, funds provided (public
and private), and targeted technology classes at the 3-digit and 4-digit IPC code levels.
We use this information to determine the targeted classes and time of targeting. We
perform a similar exercise for the almost-targeted (planned but not implemented) G7P
projects, which yields the technological classes that we use as controls for our targeted
classes. We assume that once a class was targeted, it remained so until the end of our

study period.

4.2 Patenting Data

We download the universe of patents granted by the USPTO from 1980 to 2015. For
each of the over 7 million patents granted, we observe the patent’s application and grant
years and IPC code(s), the geographic location of the assignee (the legal entity holding
ownership interest in the legal rights at the time of application) and each of the inventors,
the patents it cites, and the citations from subsequent patents. Our primary outcome of
interest for this dataset is the future-citation-weighted count of patents granted by the

USPTO to assignees in our sample countries at the 4-character IPC technological class
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level.

We define a patent as coming from a given country when the assignee is in that country.
We show in the appendix that our results do not change when we use more demanding
definitions of patent nationality. Second, we consider only future citations coming from
patents (i) classified in 3-digit IPC codes different from that of the underlying patent
and (ii) from countries other than the country where the assignee is located. We do so
to avoid the so-called home bias in patent citations (Kwon et al., 2017) and differential
citation patterns within fields. Focusing on citations made by inventors in other countries
controls for potential strategic behavior by G7P beneficiaries, which might have started
citing themselves more often. Third, we divide the patent’s future citations equally
among all its IPC codes (that is, we use fractional citations). We add these citations
at the 4-digit IPC code level for each year, referencing the application year. We then
merge these data with our database on GT7P-targeted technological classes described
above. Table A3 shows summary statistics on the levels of South Korean future-citation-

weighted patenting throughout the study period and before and after the G7P started.

4.3 Export Data

We use UN-COMTRADE export data for South Korea and the rest of the world for the
period between 1980 and 2015. We gather this information at the SITC Rev. 2 4-digit
level. We use Lybbert and Zolas (2014)’s SITC-IPC 3-digit correspondence table. We
add exports at the IPC 3-digit level using the probability that each SITC code belongs to
an [PC 3-digit code as weights. We end with a panel of exports at the IPC 3-digit level
from 1980 to 2015. We merge these data with the information that we retrieved on G7P-
targeted technological classes. As for the patenting sample, Table A3 shows summary

statistics for exports over relevant timeframes.

4.4 Plant and Firm-Level Data

We have access to South Korea’s MMS for years between 1980 and 2003. This source
gives us access to plant-level information on output and input usage for all mining or
manufacturing plants employing ten or more people. The MMS includes information on
the Standard Industrial Classification (SIC) sector in which each plant operates. We use
this information and Lybbert and Zolas (2014)’s correspondence table to determine the
IPC 3-digit codes relevant to each plant. We abstract from the effects of entry by limiting
our sample to plants existing before the G7P.

We turn to firm-level data to inform our cost—benefit analysis. We use DataGuide,
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which provides daily stock price movements for all the 3,345 publicly traded South Ko-
rean companies for 1990-2015. This input is essential for us to infer the valuations of the
USPTO patents granted to South Korean firms: Kogan et al. (2017)’s method, which we
use, exploits changes in the patent grantee’s stock market capitalization in the days after
a patent is granted. We link the USPTO-granted patents to the companies in DataGuide

using Lee (2019)’s correspondence table.

We also use DataGuide’s information on balance sheets to compute South Korea’s
private-sector return on equity. We use this metric to calculate the opportunity costs
that G7P-supported firms incurred by investing in G7P-supported projects. The dataset
includes information on 55,079 South Korean companies subject to external audits.'’.
We use data for the 1980-1991 period, before the G7P was implemented.

5 Empirical Strategy

Our design features (i) the use of targeted and almost-targeted (control) technological
classes to estimate program effects and (ii) an event study that we estimate using a local
projections difference-in-differences (LP-DID) approach (Jorda, 2005; Dube et al., 2024).
As the GT7P treated different technological classes over the years that it operated, we

observe “cohorts” of technological classes targeted every year from 1992 to 2000.

The two features enable us to address concerns about identification that might threaten
our analysis. The first relates to selection: Perhaps the selected technologies would have
been ripe for success even in the absence of targeting. Though the overall technol-
ogy selection process was indeed endogenous, the technologies that we use as controls
were perceived as equally promising by the G7P experts, according to program records
(KISTEP, 2002). The associated megaprojects were not implemented because of budget
shocks and concerns about the ability of the program to sustain them over the long term.
Our empirical analysis supports our claim of plausible exogeneity of treatment assign-
ment, as treatment tells us nothing about exports, an explicitly targeted outcome, over
the pre-G7P period.

The second feature of our design, the event study, is convenient because it enables the
exploration of treatment dynamics and exploits the fact that the G7P targeted different
classes over time. Formally, our identification assumption is that patenting and export
performance in the targeted classes would have evolved similarly to their counterparts in

the nontargeted classes had the G7P not been implemented. This assumption might take

UThese are firms that met at least two of the following conditions: (i) assets over $11 million (2020
dollars), (ii) liabilities over $6.4 million, sales over $9.2 million, or more than 100 employees.
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different forms. For example, they might relate to our previous discussion on selection.
In Section 5, we never reject the null hypothesis that the pre-G7P treatment coefficients
differ from zero at standard confidence levels. Again, pre-program exports and other
variables targeted by the selection process have no correlation with assignment to G7P

treatment.

We use the LP-DID approach to estimate our event study. This means that (i) we
estimate regressions using ordinary least squares (OLS) separately for each year and
(ii) we restrict the sample to comply with the clean-control condition. In practice, this
means we keep only “newly treated” technological classes (AG7P; ;15 = 1) or clean con-
trols (G7P; 41, = 0). We prefer LP-DID to other staggered DID estimators because it
prevents us from making forbidden comparisons, whereby some treated observations are
taken as controls for other treated observations. These might lead to contaminated coeffi-
cient estimates. Our choice of estimation method implies that we do not have to saturate
our specification with pre-period coefficients to avoid contamination of the coefficients

that we estimate.

The conditional independence assumption also relates to contemporary shocks to our
explanatory variables that might bias our estimates. Given the multiple G7P cohorts,
the coefficients that we estimate are not derived from single years and are, therefore, less
likely to be driven by contemporary shocks. Moreover, we impose a relatively stringent

set of controls to account for possibly correlated shocks.

5.1 Patenting

We estimate the effect of the G7P on future-citation-weighted innovation output and

industry exports. Equation 1 is our baseline specification:

2015

Aihs(patents)s gin = @ + Bgrn AGTPs gyp + 0cp + Z Xsvj + €s.9+h (1)
j=1987

Aihs(patents)s g+n = iths(patents)s g+n — ihs(patents)s g1 (2)

AGTP,yip = GTPy yin — GTPy 1 (3)

Aihs(patents)s 411, is the change in (inverse hyperbolic sine) future-citation-weighted
patents in an IPC 4-digit technological class s at h years after the G7P targeting relative
to their number in the year g — 1, the year before targeting. Our coefficient of interest on
the right-hand side is 8445, which captures the average G7P effect on treated classes at
different points in time. We include 6., a calendar year-IPC 3-digit technological class

c fixed effect to account for all shocks at this level. All our specifications include the
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interaction between technological class s’s share of patenting output between 1987 and
1991, X, and calendar year dummies to account for potentially time-variant unobserved
biases toward technologies in which South Korea had existing research capability. By
specifying our model in a difference setting, we account for unobservable attributes at
the IPC 4-digit level that do not change over time.

We allow h to be between -5 and +15—that is, we investigate our outcome in the
period between the five years before a class was targeted and up to fifteen years after
its targeting. Though we include more pre-treatment lags in the robustness checks, we
choose this timeframe because planning exercises typically consider these time horizons.
Our identification assumption is that, conditional on the fixed effects that we include and
other variables on the right-hand side, the outcomes of the treated and control classes
would have evolved similarly had the G7P not been implemented. We cluster standard
errors at the IPC 4-digit level.

5.2 Exports

We study exports using our export sample, which is at the IPC 3-digit level. Equation 4

gives our baseline specification:

2015

Aihs(exports)egin = o+ Boin AGTPe gy + 04 + Z X+ €cgin (4)
j=1987

Aihs(exports)egrn = ths(exports)egrn — ihs(exports).g_1 (5)

AG7PC’g+h = G7P07g+h - G?Pagfl (6)

Aihs(exports). gy, is the change in (inverse hyperbolic sine) of exports in an IPC 3-
digit technological class ¢ at h years after the G7P targeting relative to their level in the
year g — 1, the year before targeting. The coefficient of interest is 84,4, the G7P effect on
treated classes at different points in time. We include a calendar year-IPC 1-digit techno-
logical class d fixed effect to account for shocks at this level. All our specifications include
the interaction between technological class ¢’s average share of exports between 1987 and
1991, X, and calendar year dummies to account for potentially time-variant unobserved
biases toward technologies in which South Korea had existing export capacity. As we did
for Equation 1, we set up Equation 4 in differences, which allows us to control for unob-
served characteristics at the IPC 3-digit class level. Here, we also allow h to be between

-5 and +15. We include more pre-treatment lags in the robustness checks in the appendix.

Our identification assumption is that, conditional on the fixed effects, the outcomes

of the targeted and control classes would have evolved similarly had the G7P not been

17



implemented. We cluster standard errors at the IPC 3-digit level, the level at which our

explanatory variable changes in this case.

5.3 Cross-Country Evidence

How did G7P-targeted technological classes’ patenting output and exports fare in com-
parison to those of the rest of the world? We study this question by taking our within-
country estimations to cross-country samples in a triple-difference setting. Intuitively, we
compare our baseline within—South Korea estimates to those for other countries—which
effectively act as placebos. As for our South Korean samples, we use an LP-DID approach

to estimate the relevant event studies.

5.4 Patenting

Equation 7 below shows the specification that we estimate, as above, using a standard

local projection approach:

Aihs(patents)s gink = @ + Bgrn AGTP; g1y x I[South Korea]
2015

+ 5c,t,k + Z Xs,kf)/j + €s,g+h,k (7)
7=1987

Note that it is identical to Equation 1 except for the inclusion of country subscript
k and an indicator variable for South Korea. Here, Aihs(patents)s 4+p is the change in
(ihs) future-citation-weighted patents in an IPC 4-digit technological class s for country
k at h years after the G7P targeting relative to their count in the year g — 1, the year
before targeting. We include 0.y, a calendar year-country-IPC 3-digit technological
class ¢ fixed effect to account for all shocks at this level. We also include the interaction
between technological class s’s share of patenting output in country k between 1987 and
1991, X, and calendar year dummies. As in our baseline within-country specifications,

we allow h to be between -5 and 15.

5.5 Exports

Equation 8 shows the specification that we estimate, as above, using a standard local

projection approach:

Aihs(exports)egink = & + Bgrn AGTP, g4y x I[South Koreal
2015

+ da,t ke + Z XexVj + €egrne (8)
j=1987
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Similarly to our patenting specification, Equation 8 is identical to Equation 4 except
for its inclusion of the country k subscript and an indicator variable for South Korea.
Here, Aihs(exports)s g+n is the change in (ihs) of exports in an IPC 3-digit technological
class ¢ in country k at h years after the G7P targeting relative to their level in g — 1,
the year before targeting. We include a country—calendar year-IPC 1-digit technological
class d fixed effect to account for shocks at this level. All our specifications include the
interaction between technological class ¢’s average share of exports for country k& between
1987 and 1991, X, k, and year calendar dummies. As in our baseline within-country

specifications, we allow h to be between -5 and 15.

6 Results

We find that future-citation-weighted patenting output and exports in G7P-targeted
classes substantially increased relative to their counterparts in nontargeted classes over
the long run. The dynamics of patenting and exports were, however, different: Whereas
patenting output increased almost immediately following the targeting, exports started
increasing only a few years after it. We first discuss our within-country results, including
an expanded discussion on mechanisms and selection concerns, and then move to our

cross-country findings.

6.1 Patenting

Figure 2 shows the result of estimating Equation 1 using the empirical strategy out-
lined above. We find that quality-adjusted (future-citation-weighted) patenting output
in G7P-targeted classes increased relative to that in nontargeted classes. These effects
varied over time. Our point estimates suggest that patenting output in the G7P-targeted
classes increased by 16% the year after first receipt of G7P support relative to that of
control classes in the year before treatment. This metric increases to 64% for the 5th
year, 123% for the 10th year, and 232% for the 15th year. The evolution of the treatment
effects over time suggests that the program spurred innovation relatively quickly and had
an important long-term effect in the targeted classes. These effects are not linear: Our

point estimates do not vary much between the third and the ninth years after targeting.

Figure 2 also shows no systematically different trends in outcomes in the targeted and
control groups for the years before the G7P targeted a technological class. We cannot
reject the null hypothesis that those coefficient estimates are equal to zero at standard
confidence levels. Moreover, all the estimated coefficients are very close to zero in all

cases.
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6.2 Exports

Figure 3 shows the result of estimating Equation 4 using the empirical strategy outlined
above. We find that exports in the G7P-targeted classes increased relative to those in
nontargeted classes over the long run. In contrast to patenting output, which responded
almost immediately to the targeting, exports took some time to react. Our coefficients
are essentially null for the first three years after treatment and become statistically dif-
ferent from zero at standard significance levels only for the 5th and subsequent years.
These point estimates suggest that exports in the targeted classes had increased relative
to those in the control sectors by 62% in the 5th year, 245% in the 10th year, and 204%
in the 15th year. We note that these are real changes: Though we measure exports in

nominal dollars, our fixed effects absorb price differentials over time.

Figure 3 also shows no differential trends in exports in the treated and control classes
for the years in advance of treatment. We are unable to reject the null hypothesis that
the pre-targeting coefficients are equal to zero in all cases. As we hinted before, we also
interpret these results as a plausibility check for our research design in the patenting
sample. It is widely acknowledged that exports played a central role in South Korea’s
economic miracle. Conversely, if there were any selection that our design does not account
for, we should expect to observe it here, as external market potential was a variable that
the megaproject selection process explicitly considered. As these results confirm, targeted
and almost-targeted megaprojects passed the selection process. Thus, pre-G7P export

performance tells us little about selection in our sample, given our design.
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We implement several robustness checks to assess the extent to which decisions made
while collecting data drive our findings. We assess the robustness of our findings to loga-
rithmic transformation of the dependent variable and to the use of alternative definitions
of patent nationality, alternative quality thresholds in our language model exercise, and
longer pre-treatment lags. We refer the reader to the appendix while noting that our

results are robust to these alternative choices.

6.3 Further Discussion on Selection

One concern is that our baseline results might reflect successful technology selection.
However, while we discuss in detail above how our identification strategy deals with this
matter and how the lack of differential trends in outcomes is informative about this issue,
further discussion is warranted. One channel through which selection might operate is
comparative advantage. Perhaps our estimates reflect that South Korean policymakers
chose sectors that were already prone to success because they built on the underlying
strengths of the South Korean economy. An example could be the electronics and home

appliances sector, where South Korea was a relevant player even before the G7P.

We emphasize that our estimates control for such types of pre-existing strengths when
we include pre-G7P shares of patenting and exports. We also estimate Equations 1 and
4 excluding the technological classes with pre-G7P outcomes (patenting or exports) at
the 95th percentile or higher to further investigate the extent to which well-established
sectors might drive our results. Figures 4 and 5 show that our findings remain unaltered.

These results reflect that we appropriately controlled for those pre-existing strengths in
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our baseline specification.

Figure 4: South Korean Sample
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Figure 5: South Korean Sample
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Most importantly, however, the G7P supported projects in which South Korea had
well-known strengths—and others in which it had no development tradition, such as
nuclear power and high-speed rail. In some of our control megaprojects, such as the
high-speed ship project, South Korea had (and continues to have) global relevance. Such
choices suggest that comparative advantage was not the sole driver of project selection.

Though we are unable to rule out selection on unobservables, we show that selection
on other observable economic variables was unlikely. This is what we would expect in

view of the nature of the projects that were selected but not funded. To assess the validity
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of this expectation, we estimate Equation 9 below for our manufacturing sample using

the standard LP-DID approach used throughout the paper:
AYjcgin = a+ Born AGTP iy + 0c + Agey + €5cg1n (9)

where AY} . ;15 is the change in variable Y for plant f in technological class ¢ at h years
after the G7P targeting relative to its level in g — 1, the year before the G7P targeted the
technological class in which the plant operates. We include 4. ,, a 3-digit technological
class fixed effect, to account for shocks at this level. Age; is plant f’s age. We allow
h to take values between -10 and 0. AGT7PF,, is defined as before in the paper. Our
coefficient of interest is 8444, which is informative about differences between the targeted

and almost-targeted groups in the variables that we look at.

We look at (log) output, (log) value added, (log) output per worker, and relative
capital intensity—all variables that policymakers might have targeted while selecting the
projects. Figure 6 shows the results of our estimating Equation 9. We find that targeting
is not informative about these variables: Our coefficient estimates are typically very close
to zero and are not statistically significant in any case for the years that we investigate.
Though we are unable to rule out selection on unobservables, these findings alleviate

remaining selection concerns.
Figure 6: South Korean Sample
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6.4 Mechanisms

To further understand the economics behind the G7P, we study the nature of the sectors
that drive our baseline results. Different theories of economic growth (Romer, 1990) em-
phasize the role of knowledge spillovers in spurring innovation. Indeed, these spillovers
often justify policy interventions to address market failures and align private incentives
with societal goals. At the same time, industrial policy has in practice often (though not
always) been associated with creating “national champions” able to exploit scale. How-
ever, one concern is that with scale and concentration might come more limited spillovers.
What can we learn about this trade-off from the application of the G7P?

We measure the level of concentration of scientific output by computing the Hirschman-
Herfindahl Index (HHI) for citation shares at the technological class level in the pre-G7P
period. To do so, (i) we retrieve the number of citations that any South Korean assignee
received for patents linked to a technological class over the pre-G7P period, (ii) we com-
pute each assignee’s share of citations for each class, and (iii) we compute the HHI for
each technological class using those shares. We incorporate this measure by interacting

it with G7P treatment-year dummies.

Figure 7 shows the results of this exercise. For ease of interpretation, we present the
results for the HHI normalizing for a change of 6380, the difference between the 25th
and 75th percentiles of the HHI distribution. Our findings suggest that sectors with
lower concentration in scientific output performed much better than those with higher
concentration. An HHI change of 6380 corresponds to a reduction in the baseline program
effect of approximately three-quarters by the tenth year after receipt of program support.
These effects are substantial and underline the relevance of spillovers in determining
program success. Moreover, these might serve as a cautionary tale for pushes in industrial

policy that end up increasing concentration.
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6.5 Cross-Country Evidence

Patenting Figure 8 shows the result of our estimating Equation 7. Our results here
are quite similar to those in Figure 2. We find that South Korea’s patenting output
in the G7P-targeted technological classes increased relative to other countries’ following
GT7P support. The point estimates suggest that the increase was 64.1% by the 5th year,
147.8% by the 10th year, and 166.3% by the 15th year. Figure 8 also shows that the
targeted technological classes in South Korea followed trends similar to those of their

counterparts in other countries before receipt of program support.
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Figure 8: Cross-Country Sample

Future-Citation Weighed Patenting Output (ihs)

1 1.5
L

Cumulative Change since Event
5
1

0
I

T T
-5 0 5 10
Years

Note: 90% and 95% confidence bands displayed

Exports Figure 9 plots our findings from estimating Equation 8. Our results here
are very similar, in both direction and magnitude, to those from our within-country
regressions. We find that South Korea’s exports in the G7P-targeted technological classes
increased in comparison to other countries’ after the extension of program support, though
it took time for these effects to materialize. We find negligible effects for the first three
years and detect a statistically significant increase in exports only by the 4th year. Our
point estimates imply that exports increased relative to those in the year before receipt
of program support by 64% by the 5th year, 173.5% by the 10th year, and 240.2% by
the 15th year. We also fail to find differential trends in South Korean exports in G7P-
targeted technological classes relative to those of other countries before receipt of program

support.
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6.6 Discussion

Our results highlight that the G7P shifted the direction in which the South Korean econ-
omy innovated. The quality-weighted patenting output of G7P-targeted technological
classes grew substantially faster than that of control classes after treatment. These ef-
fects emerged quickly and persisted over time, suggesting that relative innovation levels
in these classes changed permanently, even after the G7P ended operations in 2001. We
find similar results when we estimate a triple-difference model in which we compare South
Korean patenting output in the G7P-targeted technological classes to patenting output
in other countries of the world, a finding that suggests important absolute-level effects.
Overall, our analysis shows that the program successfully spurred high-quality innovation
in the targeted technological classes. Our work helps rationalize how South Korea caught
up to the technological frontier over the 1990s and 2000s (Kwon et al., 2017).

These shifts in the direction of innovation had important impacts on the real econ-
omy, even if they took time to materialize. We can detect a statistically significant effect
on exports only by the 5th year after the program targeted a technological class. These
results contrast with the finding of a relatively rapid impact on innovation output. Our
findings are similar when we estimate a triple-difference model, suggesting that South
Korea, already an export powerhouse in some sectors, improved its standing relative to

other countries after its implementation of the G7P.

We find that the program was substantially more effective in spurring high-quality

innovation in technological classes where scientific output was less concentrated at the
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advent of the G7P. We interpret this finding as indicative of the relevance of knowledge
spillovers as determinants of the success of innovation policy. Moreover, it may also serve
as a cautionary tale against excessive concentration, which might be a by-product of
certain policies that, for instance, look to create “national champions” able to exploit
economies of scale. A possible cost of higher concentration might be, for example, more

limited spillovers.

Taken together, our results imply that the policy embedded in the G7P was relevant
to South Korea’s transition to a knowledge-intensive economy. This leap is one that coun-
tries often fail to accomplish. Most of the debate about East Asia’s economic miracles
has focused on the role that industrial policy played in enabling heavy industry over the
1970s. However, as countries such as Brazil and Mexico suggest, the obstacles to produc-
tive development do not stop with successful development of heavy industry. We show
that technology policy played a role in increasing the sophistication of the South Korean
economy after it developed a sizeable (heavy) manufacturing sector. Economic develop-
ment, as Hirschman (1958) argues, is a complex process that necessitates a strategy, not
a plan, and shifting policies to address the ever-changing character of the hurdles that
developing economies face. Our findings are consistent with the story of a developmental
state that opportunely shifted its industrial strategy to overcome those ever-changing
hurdles.

7 Cost—Benefit Analysis

Policymakers often face budget constraints when deciding how to allocate public invest-
ment. These decisions are complicated by the fact that different policies might yield
different returns on investment. This consideration is relevant to our study since the
benefits that we find in our exercise might have materialized at an excessive cost, rais-

ing questions about the program’s desirability. Was the G7P a cost-effective intervention?

Though we observe program investments in the G7P files, addressing the question
of cost-effectiveness is challenging because we do not have a ready-to-use notion of the
economic benefits yielded by the G7P. We overcome this challenge by implementing Kogan
et al. (2017)’s patent valuation method in Korean data, which gives us the value in South
Korean won of each individual innovation patent granted by the USPTO to publicly
traded South Korean firms between 1992 and 2015. We combine this information with
our reduced-form findings to identify the G7P’s benefits.
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7.1 Benefits

We use the reduced-form specification results to predict the number of patents that each
G7P-supported technological class would have had in the absence of the program. We use
the point estimates from our cross-country exercise. This approach amounts to assuming
that patenting in the G7P-supported classes in Korea would have evolved in line with
that in other countries—perhaps a less restrictive assumption than a parallel evolution of
outcomes vis-a-vis those of the control technological classes in South Korea. In practice,
however, the distinction is irrelevant since the point estimates from both exercises are

very similar.

Given that we have point estimates for fifteen years, we compute the number of G7P-
attributable patents using the point estimates for the first fifteen years after the G7P
supported a technological class. Thus, if a technological class received support in 1992
(2000), we count the number of G7P-attributable patents between 1992 and 2007 (2000
and 2015).

Our empirical analysis is at the technological class level, implying that our measure
already includes within—technological class, cross-firm spillovers. However, we ignore
potential equilibrium effects across sectors. We identify a number of G7P-attributable
patents granted within the first fifteen years after a technological class received program

support. What is their economic value?

We follow Kogan et al. (2017) to infer the economic value of all USPTO patents
granted to publicly traded South Korean firms between 1992 and 2015. We use daily
stock market capitalizations from DataGuide and patent grant dates from USPTO to
identify the dates when market participants learned about grant decisions. We use Lee
(2019)’s correspondence table to match the USPTO assignees to the DataGuide data.

Intuitively, Kogan et al. (2017)’s method compares the market capitalization of patent
assignees in the three days following a USPTO patent grant decision. The economic value
of a patent results from adjustment of the changes in an assignee’s market capitalization

over the three-day post-grant window for broader market moves not related to the grant.'?

To adjust for broader market moves, we isolate the assignee-specific return from the

12To provide a more conservative estimate of patent valuations, we depart from the original method
which also adjusts for the possibility that market participants might anticipate to some extent the patent
grant. Kogan et al. (2017) multiplies the inferred net-of-market-return patent values by the reciprocal
of the unconditional probability that a filed patent is approved by the USPTO, which was 0.44 for the
1991-2001 period. If we follow the method exactly, the benefits we compute increase by a factor of 2.27.
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broader market portfolio (South Korea’s KOSPI index, in our case). Doing so requires us
to impose assumptions about the distribution of the patent value and non—patent-related
returns to back out the “true” signaling value of the patent grant. We follow Kogan
et al. (2017) in assuming that patent values follow a normal distribution truncated at 0.
Similarly, we assume that the non—patent-related returns follow a normal distribution.
The method is robust to alternative distributional assumptions and provides a measure

of the private valuation of each patent.

After implementing Kogan et al. (2017)’s technique, we have a valuation in Korean
won for each patent granted by the USPTO to any publicly traded South Korean firm
between 1992 and 2015. We use these valuations to compute the median value of a patent
in each technological class every year. We multiply this measure by the number of G7P-
attributable patents implied by our reduced-form exercise and come up with a current
Korean won value of the G7P’s benefits for each treated technological class. We convert
the valuations to 1992 Korean won and compute their present value in 1992 using a 5%

discount rate.

7.2 Costs

We include two costs in our analysis: R&D expenditures by program participants, includ-
ing subsidies, and opportunity costs. We directly observe the R&D expenditures from
the G7 program files. We compute the opportunity costs assuming that public invest-
ments would have invested the R&D expenditures in an alternative opportunity yielding
a 7.5% per annum return, which would have been reinvested at the same rate. This choice
comes from Kim (1996), who estimates that the social returns to investments in tertiary
education in South Korea are between 7 and 7.5%. Private investments would accrue an
annual return of 9.1%, which is the average sales-weighted Return On Equity (ROE) we
compute between 1982 and 1991. As with the benefits, we discount these values to their

present value in 1992 using a 5% discount rate.

7.3 Cost—Benefit Ratio and Internal Rate of Return

We find that the G7P was a cost-effective intervention. Under the assumptions described
above, we calculate that the program yielded an internal rate of return of 20.9%, with
its benefits amounting to 3.3 times its costs. We conduct sensitivity analyses to assess
the robustness of our results to different assumptions about opportunity costs. Under
the demanding assumption that alternative private and public investments would have
garnered a 15% per annum return instead of the observed pre-G7P ROE and social

returns to education, we find that the benefit-to-cost ratio falls to 1.58. Even under these
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conditions, the GTP would still be a cost-effective intervention.

8 Conclusion

We study how South Korea’s first “mission-oriented” R&D program, the G7 Program,
shaped the country’s innovation and economic outcomes. We establish that the program
shifted the direction in which the South Korean economy innovated over the 1990s and
2000s, when South Korea caught up to the knowledge frontier. Within ten years of
receipt of program support, forward-citation-weighted patenting output in the targeted
technological classes had doubled relative to that in control classes. The program effects
were not limited to patenting: though the export effects emerged less immediately than
did those on innovation activities, real exports in targeted sectors had tripled within
ten years of the targeting relative to those in control classes. These results stand when
we study cross-country evidence. Technological classes with less concentrated scientific
output before the program drive our results. A cost—benefit analysis that uses market-
based patent valuations suggests the G7P was highly cost-effective: its benefits exceeded
its costs by over a factor of three. Our results point out that the G7P had an important

role in transforming South Korea’s industrial economy into an innovation-driven economy.
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9 Appendix

9.1 Tables

Table A1l: Countries Included in the Cross-Country Analysis (Patenting)

South Korea

Great Britain

Italy

Mexico

Taiwan

Japan

Israel

Portugal

United States of America

France

Malaysia

Rest of the World

Canada

Germany

Turkey

Table A2: Countries Included in the Cross-Country Analysis (Exports)

Algeria Costa Rica Greenland | Madagascar Paraguay Suriname

Angola Cyprus Grenada | Malawi Peru Sweden

Argentina Crechoslovakia Guadeloupe | Malaysia Philippines Switzerland

Australia Democratic Republic of Yemen | Guatemala | Mali Poland Syrian Arab Republic

Austria Denmark Haiti Malta Portugal Thailand

Bangladesh Djibouti Honduras | Martinique Qatar Togo

Barbados Dominica Hungary | Mauritius Republic of Korea Trinidad and Tobago
Belgium-Luxembourg Ecuador Iceland Mexico Réunion Tunisia

Bhutan Egypt India Morocco Romania Tiirkiye

Bolivia (Plurinational State of) El Salvador Indonesia | Nepal Saint Kitts and Nevis United Arab Emirates

Brazil Ethiopia Treland Netherlands (Kingdom of the) | Saint Lucia United Kingdom of Great Britain and Northern Ireland
Brunei Darussalam Faroe Islands Isracl New Zealand Saint Pierre and Miquelon | United States of America
Cameroon Federal Republic of Germany | Italy Samoa Uruguay

Canada Fiji Jamaica Saudi Arabia Vanuatu

Central African Republic Finland Japan Norway Senegal Venezuela (Bolivarian Republic of)
Chile France Jordan Oman Seychelles Yemen

China French Guiana Kenya Other, Asia Singapore Yugoslavia

China, Hong Kong Special Administrative Region | French Polynesia Kiribati Pakistan Solomon Islands Zimbabwe

China, Macao Special Administrative Region Germany Kuwait Panama Spain

Colombia Greece Libya Papua New Guinea Sri Lanka

Table A3: Summary Statistics: Korean Future-Citation-Weighted Patents and Exports

Variable
ihs(patents

N
22,032
7,344
14,688
4,176
1,392
2,784

Min

0.000

0.000

0.000

9.268

9.268
10.800

Median
0.000
0.000
0.000

20.153
19.015
20.726

Max
8.815
6.583
8.815
25.621
23.366
25.623

Standard Deviation
1.541
0.694
1.743
2.360
2.243
2.165

Mean
0.780
0.166
1.086

19.880

18.640

20.500

Time Period
1980 - 2015
1980 - 1991
1992 - 2015
1980 - 2015
1980 - 1991
1992 - 2015

ihs(patents

ihs(patents

ihs(

ihs(exports
(

)
)
)
exports)
)
)

ths(exports

9.2 Robustness Checks

We assess the robustness of our findings to alternative definitions of patent nationality,
logarithmic transformation of the dependent variable, and alternative quality thresholds

in our language model exercise. All these are for the South Korean sample.
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Future-Citation-Weighed Patenting Output (ihs)

Alternative Patent Nationality: Both Asignee & Lead Inventor are in South Korea
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Future-Citation-Weighed Patenting Output

Using Predictions With Quality 4 or Higher
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