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Abstract
Since the 18th century, policymakers have debated the merits of industrial policy
(IP). Yet, economists lack basic facts about its use due to measurement challenges.
We propose a new approach to IP measurement based on information contained
in policy text. We show how off-the-shelf supervised machine learning tools can
be used to categorize industrial policies at scale. Using this approach, we validate
long-standing concerns with earlier measurement approaches that conflate IP
with other types of policy. We apply our methodology to a global database of
commercial policy descriptions, and provide a first look at IP use at the country,
industry, and year levels (2010-2022). The new data on IP suggest that i) IP is on
the rise; ii) modern IP tends to use subsidies and export promotion measures as
opposed to tariffs; iii) rich countries heavily dominate IP use; iv) IP tends to target
sectors with an established comparative advantage, particularly in high-income
countries.
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1. Introduction

Since the rise of modern capitalism, social scientists have debated the role of in-
dustrial policy—intentional state intervention aimed at transforming the composition
of economic activity (List, 1856; Taussig, 1914; Chang, 2002; Rodrik, 2008). Despite
these longstanding debates, empirical research on industrial policy (IP) remains
incomplete (Harrison and Rodríguez-Clare, 2010). Issues of measurement (Barwick,
Kalouptsidi and Bin Zahur, 2024)[p.64] and the lack of systematic data have been
significant hurdles to understanding policy (e.g., World Trade Organization (2006)).
An enduring challenge is that the same policy instrument (for example, a tariff) can
serve both as industrial policy and as a tool for other policy objectives (Harrison
and Rodríguez-Clare, 2010; Lane, 2021). As industrial policy experiences a global
resurgence, addressing these issues is crucial for understanding these policies.

In this paper, we develop a new approach to measuring industrial policy activity,
and we show why a disciplined approach to measurement matters. Our approach
demonstrates the need to distinguish industrial policy actions from other policy goals
by analyzing policy text language. We use natural language processing (NLP) to
develop an algorithm that can identify policy language associated with the desire to
change the composition of economic activity (industrial policy). We apply our method
to the largest textual corpus of state policy action to construct granular measures of
industrial policy at the country-sector-year level. We then validate these measures
and use them to study contemporary industrial policy. We find that industrial policies
are used differently from other commercial policies and highlight why distinguishing
them matters. To support future research, we provide our measures as an open-source
public good here.

To illustrate the conceptual challenge for measuring industrial policy, consider tar-
iffs, where the problem is well understood and has been widely discussed. Although
sometimes used to promote infant industries (Juhász and Steinwender, 2024), tariffs
are also implemented with the goal of raising government revenue (Johnson, 1951;
Balassa, 1989; Cagé and Gadenne, 2018), managing terms of trade (Broda, Limao
and Weinstein, 2008), or catering to political interests (Goldberg and Maggi, 1999;
Gawande, Krishna and Olarreaga, 2015). Thus, a dataset of tariffs is not a dataset of
industrial policies.1 The same holds for non-tariff measures (NTMs).

1. In their assessment of the literature, Harrison and Rodríguez-Clare (2010, p. 4065) note that a
fundamental problem with cross-industry studies of tariffs and growth is that there is “no evidence
to suggest that intervention for IP reasons in trade even exists.” Earlier work sought to address this
issue by distinguishing tariffs used for fiscal revenue generation from those employed for industry
promotion purposes (Lehmann and O’Rourke, 2011). Likewise, Nunn and Trefler (2010) used the skill
bias of tariffs as a proxy for tariffs aimed at industry development.
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Our solution to this measurement challenge is based on the observation that the

text of policy announcements often includes information about a policy maker's goals.

Tables 1 � 2 (industrial policy goals and other policy goals, respectively) provide

illustrative examples from our source data, emphasizing goals (in italics). To see why

this type of information is useful for distinguishing IP, consider three import tari�

policies. One wants �to stimulate innovation and strengthen the national IT sector�

(Table 1, example 1). Another wants �to increase the revenue of the government�

(Table 2, example 2). A third wants to reinstate import tari�s on food staples �which

were removed during the period of rising food prices� (Table 2, example 4). Although

these policies use the same policy instrument, they clearly have di�erent objectives.

Of the three policies, only the �rst constitutes industrial policy because of its explicit

goal of wanting to change the composition of economic activity towards the IT sector.

In the �rst part of the paper, we develop a text-based approach to measure

industrial policy. Using supervised machine learning, we identify industrial policies

(2010�2022) by analyzing policy text from the Global Trade Alert (GTA) database

(Evenett, 2019; Evenett and Fritz, 2020), the largest inventory of commercial policies.2

We summarize our method in four steps. First, we de�ne industrial policy as

deliberate government action aimed at altering the composition of the domestic

economy to achieve a public goal. Our de�nition draws from extensive historical (e.g.,

Johnson (1982)), economic policy (e.g., Corden (1980); Warwick (2013)), and legal

(e.g.United States International Trade Commission (1983); Kapczynski and Michaels

(2023)) literatures that emphasize the deliberate goals of industrial policy. Second,

we manually categorize, or �label,� a subset of policy descriptions in our database

with a team of human annotators. We show that humans agree on what industrial

policy is. Third, we train two machine learning models on these labeled data�a

logistic regression classi�er and a large language model (LLM)�both achieving

strong predictive performance. Finally, we deploy our best-performing model (LLM)

to classify all policies in our database and construct text-based indicators of industrial

policy activity.

In the second part of the paper, we show that our measure accurately captures

industrial policies using various validation exercises. We begin by validating the

need for a text-based approach to measurement. We compare three logistic regression

models: (i) a model that predicts industrial policy using vectorized policy text (our

text-based approach); (ii) a model that forms predictions using indicator variables for

2. Our approach follows similar e�orts to measure monetary policy (Romer and Romer, 2004) and
�scal policy (Romer and Romer, 2010) shocks through qualitative assessment of policy documents. It
also automates the manual data collection typically required for industrial policy case studies (e.g.,
Barwick, Kalouptsidi and Zahur (2019); Bai, Barwick, Cao and Li (2020); Lane (2020); Barwick, Kwon,
Li and Zahur (2024a)).
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Table 1: Industrial Policy Goals: Examples

Policy Description Targeted Activity Policy Instrument

1 Brazil increased import tari�s for various
IT and telecommunication goods to
stimulate innovation and strengthen the
national IT sector.

IT and telecommunica-
tions

Import tari�

2 The Ministry of Industry and
Information Technology released a policy
[...] to boost growth in the Chinese battery
industry, particularly for automobiles.

Batteries State Loan

3 [...] the Ministry of Information Industry
(MII) of the People's Republic of China
(PRC) issued a Planning Release [...] The
release [...] seeks to provide guidance on
maintaining and strengthening the PRC's
position in the global ship-building industry.

Shipbuilding State Loan

4 The Ecuadorian Executive adopted
Decree 675, increasing the percentage of
bioethanol in regular fuel [...] aiming to
boost biofuel consumption and production
while supporting local agriculture.

Biofuels, agriculture Price stabilization

5 The government of Egypt increased for
USD 1,000, its �ight subsidies for
international charter �ights [...] [the] core
scope [of this program] was to boost Egyptian
tourism overall.

Tourism Production subsidy

6 The German Federal Government
published the Arti�cial Intelligence (AI)
Strategy, aiming to increase competitiveness
and secure responsible AI development in
Germany and Europe.

AI State aid, unspeci�ed

7 [...] government of Japan approved [...]
supplementary subsidy to support exports
of goods identi�ed under the agricultural
export expansion strategy[...].

Selected agricultural
products

Other export incen-
tives

8 Nigeria's Federal Executive Council
approved a new national automotive
policy to strengthen the automotive sector
and limit imports of used cars.

Automobiles Import tari�

9 The South African Executive launched
the Green Economy Accord [...] to
promote the development of the Green
Economy.

Green activities State loan

10 [...] US Administration enacted the
CHIPS and Science Act of 2022to boost
American semiconductor manufacturing,
research, workforce development, and
advanced wireless communication
technologies.

Semiconductors Multiple

Notes: The table shows excerpts of policy descriptions and instrument types from the Global Trade Alert database, which
we use in this study. The text that refers to the goals of the policy has been italicized by us.

various policy measures (e.g., a tari�, a subsidy, an export loan); and (iii) a model

that combines text and indicator variables for policy measures. Our results show that

the text-based model (i) outperforms the other models, and the model based solely

on policy measures (ii) is a poor predictor of industrial policy. This �nding con�rms

the long-standing concern in the literature that policy instruments do not correspond

well to industrial policy.
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We validate our industrial policy measures across several dimensions. First,

we conduct tests for face validity to demonstrate that the most predictive words

(e.g., �development,� �promote,� �technology�) align with expected policy language.

Second, we demonstrate that our large language model learns coherent industrial

policy concepts. We employ Testing with Concept Activation Vectors (TCAV) to

show that our model internalizes industrial policy goals in key layers of the neural

network. Third, we perform out-of-sample validation using retaliatory sanctions

imposed on Russia after its 2022 full-scale invasion of Ukraine. We use sanctions to

show our model's temporal generalizability and robustness to novel events unseen

by our model. 3 Our measures are also validated by subsequent research: Goldberg,

Juhász, Lane, Lo Forte and Thurk (2024) and Barwick et al. (2024a) reveal substantial

overlap between our industrial policy classi�cations and their analyses of global

semiconductor and electric vehicle policies, respectively.

In the third part of the paper, we show three new takeaways about contemporary

industrial policy practice. First, industrial policy represents a signi�cant share of

policies in the GTA (44�62% of policies with identi�able goals), with prevalence

rising steadily since the 2010s. Second, industrial policies, unlike other policies in our

data, disproportionately target sectors where a country already holds a dominant

position in export markets. No similar targeting pattern exists for non-industrial

policies, indicating distinctiveness not only in declared goals (by construction) but

also in implementation. Together, these results demonstrate that industrial policies

are both quantitatively important and qualitatively unique.

Our third takeaway is that contemporary, real-world industrial policy deviates

from conventional wisdom. Where early empirical work focused on tari�s, we �nd

that subsidies and export-oriented measures are far more common. In fact, import

tari�s are not among the most-used industrial policy instruments. Furthermore,

the vast majority of import tari�s are not used for industrial policy reasons. Taken

together, this shows that tari�s are a poor measure of industrial policy.

Similarly, in contrast to its traditional emphasis in development economics (e.g.,

Dervis and Page (1984)), our �ndings suggest that industrial policy is more widely

used in high-income countries relative to developing economies. Thus, contrary to

much recent literature evaluating individual episodes of industrial policy, the typical

industrial policy today is not used by a country behind the technology frontier and is

not targeted towards an infant industry. In fact, the opposite is true: typical industrial

policy today is deployed by high-income economies and targets a sector in which a

3. Our model overwhelmingly classi�es these sanctions as non-industrial policies, con�rming it can
accurately classify policy language not seen during training.
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country has a revealed comparative advantage. These �ndings highlight the added

value of systematic measurement.

Our study contributes to three strands of literature. First, we add to the growing

body of empirical research on industrial policy (see Harrison and Rodríguez-Clare

(2010); Lane (2020); Juhász, Lane and Rodrik (2024) for overviews). We advance

the empirical study of industrial policy in three ways: (1) We provide a disciplined

approach to systematic measurement that can be applied in other settings (e.g.,

Fang, Li and Lu (2024) adapt our approach to granular Chinese policies). (2) We

provide the �rst global data on industrial policy activity. Both our data and model

are public resources that enable further comparative work; see applications to cross-

country studies of industrial policy and innovation in automobiles in Barwick, Kwon,

Li, Wang and Zahur (2024b), and of industrial policy and learning-by-doing in

semiconductors in Goldberg et al. (2024). (3) We conduct the �rst global, cross-

country, cross-industry analysis of industrial policy activity. Our study aligns with

recent comparative measurement e�orts, including the accounting-based work of

Criscuolo, Gonne, Kitazawa and Lalanne (2022) for select OECD member nations

and DiPippo, Mazzocco and Kennedy (2022)'s comparative study of seven industrial

economies in 2019.

Second, our method demonstrates the potential of using text and alternative data

to address broader measurement challenges in the trade policy literature. Goldberg

and Pavcnik (2016) argue that measurement is a major bottleneck to understanding

the impact of trade policy, especially when �actual� policy changes are not recorded.

Our work joins e�orts by Estefania-Flores, Furceri, Hannan, Ostry and Rose (2024),

who extract trade restrictiveness from IMF reports, and Teti (2020), who apply

computational methods to improve measures of tari�s.

Finally, we contribute to the growing literature on text-as-data, speci�cally work

employing natural language processing (NLP) methods to produce new economic

measures from unstructured data (D'Orazio, Landis, Palmer and Schrodt, 2014;

Gentzkow, Kelly and Taddy, 2019; Grimmer, Roberts and Stewart, 2022; Ash and

Hansen, 2023). We join work by Baker, Bloom and Davis (2016) and Hassan, Hollander,

Van Lent and Tahoun (2019), who use dictionary-based methods to construct measures

of economic policy uncertainty and �rm-level risk, respectively. We follow emerging

work in supervised machine learning for �concept detection,� categorizing complex

concepts (e.g., ideology, populism, and inequality) from documents based on human

annotations (Nelson, Burk, Knudsen and McCall, 2018; Grimmer et al., 2022; Hansen,

Lambert, Bloom, Davis, Sadun and Taska, 2023; Ash and Hansen, 2023). We apply

these tools to a new policy domain�detecting industrial policy concepts�but also

apply recent innovations from machine learning (Kim, Wattenberg, Gilmer, Cai,

5



Wexler, Viegas and Sayres, 2018) to show that our model learns meaningful semantic

representations of economic policy.

The paper is structured as follows. The next section introduces our de�nition of

industrial policy and our approach to measurement. The third section introduces our

source data. The fourth section describes our methodology, and the �fth validates our

text-based approach and the classi�ers. In section six, we use the newly constructed

measures to document basic stylized facts about contemporary industrial policy

and show why a systematic approach to measurement matters. The �nal section

concludes.

2. Measuring Industrial Policy: De�nition and Approach

This section introduces our general framework for measuring industrial policy.

We begin by presenting our formal de�nition, which draws from an extensive body

of policy scholarship. Next, we demonstrate how to operationalize this de�nition

by systematically using policy text to distinguish industrial policies from other

government actions. Finally, we illustrate our approach through concrete examples,

emphasizing how we use policy objectives, rather than instrument type, to identify

industrial policy activity.

2.A. De�ning Industrial Policy

We de�ne industrial policy as intentional government action aimed at altering the

composition of a domestic economy to achieve a public goal. This de�nition builds

on an extensive body of literature and captures three key dimensions of industrial

policy.

i. First, industrial policy is a political action (Juhász and Lane, 2024) pursued

by governments and implemented by states. This excludes actions taken by non-

governmental actors (e.g., NGOs), �rms, and other private entities. The political

component of industrial policy is perhaps the most ubiquitous feature across all

de�nitions (Lindbeck, 1981; Warwick, 2013; Criscuolo et al., 2022).

ii. Second, industrial policy is intentional: governments seek to alter the

composition of economic activity to achieve speci�c goals. Historically, industrial policy

aimed to modernize economies and drive structural change, often by promoting man-

ufacturing (Juhász and Steinwender, 2024). More recently, goals such as facilitating

the net-zero transition, enhancing supply chain resilience, and achieving strategic

autonomy in key sectors have gained prominence (Juhász et al., 2024). As Chalmers

6



Johnson explains, �[t]he very existence of industrial policy implies a strategic, or

goal-oriented, approach to the economy� (Johnson, 1982, p. 19).

This goal-oriented, or intentional, aspect is the sine qua nonof industrial policy. The

deliberate �intention to alter the structure of the economy� (Warwick, 2013, p.15) is a

recurring theme in de�nitions of industrial policy over decades. Intentionality is also

central to current empirical analyses of industrial policy (Harrison and Rodríguez-

Clare, 2010; Lane, 2021) and is evident across disciplines: legal studies (Kapczynski

and Michaels, 2023), trade policy practitioners (United States International Trade

Commission, 1983; Boonekamp, 1989), industrial economics (Ferguson and Ferguson,

1994, p.137), and public policy research (Bendick Jr. and Ledebur, 1981; Dubnick and

Holt, 1985; Goldstein, 1986).

Consider some concrete examples of intentionality and goals used in de�nitions.

�Industrial policy can be broadly de�ned as the deliberate attempt by a government

to in�uence the level and composition of a nation's industrial output� (our emphasis)

(Boonekamp, 1989, p.14). Similarly, Dubnick and Holt (1985, p.116) adopt a de�nition

that views industrial policy as �inherently both intentional and active.� Kapczynski

and Michaels (2023) argue that industrial policy �involves deliberate attempts to shape

sectors of the economy to meet public aimswrit broadly� (our emphasis). Krugman

and Obstfeld (1991) conceptualize industrial policy as attempts by a government

to �encourage resources to move into particular sectors that the government views

as important to future economic growth� (our emphasis). According to Chang (1994),

�industrial policy is aimed at particular industries (and �rms as their components) to

achieve the outcomes that are perceived by the state to be e�cient for the economy as a whole�

(our emphasis). Similarly, Pitelis (2006) de�nes industrial policy as a set of �measures

taken by a government and aiming at in�uencing a country's performance towards a

desired objective� (our emphasis).

iii. Third, industrial policies exhibit speci�city. Nearly all de�nitions emphasize

their role in altering the structure of the economy (Warwick, 2013), and thus they

favor certain activities over others (see Juhász et al. (2024)). Most famously, industrial

policies may target speci�c industries or sectors. However, many policies cut across

traditional sectoral boundaries. For example, South Korea's 1960s export-led policies

broadly promoted export activity rather than targeting speci�c sectors (Lane, 2021).

Similarly, recent green industrial policies promote green economic activity across

sectors, such as encouraging green technologies or supporting battery supply chains.

Like intentionality, speci�city has a long precedent in early discussions (Diebold,

1980; Congressional Budget O�ce, 1983), seminal analyses of scope (Corden, 1980;

Lindbeck, 1981), and widely used de�nitions (Pack and Saggi, 2006) (see Warwick

(2013, p.15)). Our sector-agnostic approach aligns with the independent conceptual
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work by Criscuolo et al. (2022) and the OECD. Practically, our broad de�nition means

that our dataset can be used to explore more precise studies, such as semiconductor

policy (Goldberg et al., 2024) or green automotive policy (Barwick et al., 2024b).

We now turn to our approach, or how we take this de�nition to data.

2.B. Approach and Assumptions

Our approach uses policy text to distinguish industrial policies from policies with

di�erent objectives. As noted above, the goal of a policy has been an essential element

of de�ning industrial policy. For our purposes, policy descriptions often include

explicit language about their aims�whether industrial policy or otherwise�making

classi�cation feasible.

We take the language of policy descriptions as given; when state actions announce

plans to boost speci�c economic activities, we classify these as having an industrial

policy goal. We do so for several reasons. In explaining these rationales, we

distinguish between the �primary� measures derived from text and downstream

questions about their impact, veracity, and scope.

First, this paper demonstrates that industrial policy can be classi�ed from textual

sources, using a third-party dataset �ltered for credibility and de jurepolicy (see

Section 3). Although this dataset represents the state of the art for studies on global

trade policy and non-tari� measures (NTMs), our framework can also be applied to

alternative corpora. Hence, the principles of our approach are broadly applicable to

other textual sources.

Second, despite the credibility �lter for our source text, our approach does not

assess bindingness or implementation success of policy. This focus is partly practical:

determining whether an industrial policy is binding requires �rst identifying it as

an industrial policy. A useful analogy can be drawn from the trade policy literature,

which distinguishes between the measurement and impact of policy (Goldberg and

Pavcnik, 2016). For example, studies on �tari� overhang� (Beshkar, Bond and Rho,

2015) or the material restrictiveness of NTMs (Kee and Xie, 2024) �rst require basic

measures. Thus, we consider bindingness and related dimensions of policy as distinct

research questions requiring primary inputs.

Moreover, even when implementation is imperfect or unsuccessful, state actions

may still shape private actors' expectations and produce signi�cant consequences. In

fact, our method has the advantage of not selecting policies based on success along

any arbitrary dimension, allowing for a more balanced assessment of a wide range of

industrial policies.

Third, one may worry that even credible policies may obfuscate true, underlying

policy motivations. Although political incentives, such as geopolitical concerns, can
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drive obfuscation (see Kalouptsidi (2018) for discussion), there are also important

reasons for signaling industrial policy goals, particularly when the policy aims to elicit

private sector action, as is the case for nearly all industrial policy. Importantly, our

examples below show that policymakers�despite participating in multilateral and

common market agreements�are often very explicit in communicating industrial

policy goals.

2.C. Examples and Application

Let us illustrate our approach to measurement. We begin with import tari�s,

a domain in which measurement issues are well documented. Table 1 provides

examples of industrial policies implemented through import tari�s. A Brazilian

import tari� (example 1), levied on IT and telecommunication goods, aims to stimulate

innovation and strengthen the national IT sector. Likewise, a Nigerian import tari�

(example 8) levied on used automobiles aims to �strengthen the automotive sector.�

These examples demonstrate our de�nition of industrial policy in practice. The

explicit goal of these policies is to alter the composition of economic activity in favor

of speci�c sectors (here, IT or automobiles).

In contrast, Table 2 provides examples of import tari� policies with other, identi�-

able (non-industrial policy) goals. For instance, a policy from Pakistan raises import

tari�s to �increase the revenue of the government,� (example 2) while Ghana reintro-

duces tari�s on staple food items during a period of �rising food prices� (example 4).

Meanwhile, Turkey eliminates import tari�s on prefabricated buildings �to meet the

need for shelter caused by earthquakes� (example 6). These policies do not articulate

industrial policy goals (i.e., to alter the composition of economic activity), but express

other government objectives: increasing �scal revenue, stabilizing prices for essential

goods, or responding to major shocks like natural disasters.

The examples above illustrate that instruments like import tari�s can serve

purposes distinct from industrial policy (Harrison and Rodríguez-Clare, 2010).

Of course, some of these counterexamples are selective, targeting speci�c goods

such as food items or building materials, and thus in�uence the composition of

domestic economic activity. However, the key distinction is that these changes in the

composition of economic activity are not the objective of the policy for non-industrial

policies. Neither the selectivity of a policy nor the policy instrument itself is su�cient

to identify industrial policy.

The issue above goes well beyond tari�s. Tables 1�2 demonstrate that governments

use the same policy instruments to pursue both industrial policy and other objectives.

Consider subsidies, loans, and �nancial grants, which are frequently associated with

industrial policy in public discourse. Table 1 includes several examples of industrial
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policies employing these instruments: Chinese state loans for shipbuilding and

electric vehicle batteries, South African loans to �green the economy� (examples

2�3 and 9); an Egyptian production subsidy for tourism (example 5); German state

aid for arti�cial intelligence development (example 6); and U.S. �scal incentives for

semiconductor manufacturing (example 10).

However, Table 2 reveals that the same instruments can serve entirely di�erent

purposes. For instance, European Investment Bank loans were provided to Portuguese

�rms a�ected by forest �res (example 7), while Vietnamese electricity subsidies aimed

to mitigate COVID-19 hardships (example 9). Similarly, U.S. �nancial grants were

allocated �to speed up the United States' recovery from the economic and health

e�ects of the COVID-19 pandemic� (example 10), and Moroccan subsidies supported

livestock producers �to alleviate the repercussions of the dry winter season� (example

5).

Having demonstrated our text-based approach, we now introduce the input data

we use to classify industrial policy activity at scale.

3. Data

We apply our de�nition to policy text from the Global Trade Alert (GTA) project,

the most comprehensive global database on state commercial policy (Evenett, 2019).

GTA employs international experts and combines an automated search process with

manual expert veri�cation to identify and document new state actions. The database

is designed to capture policies that change the relative treatment of foreign versus domestic

interests(Evenett and Fritz, 2020).

The policy descriptions from GTA's inventory�examples of which are shown

in Tables 1 and 2�serve as the primary input for our supervised machine learning

work�ow. GTA provides standardized, English-language summaries for each policy

announcement, written by in-house experts. We use the April 2023 version of this

continuously updated dataset. 4

i. Inclusion and Credibility.To be included in the Global Trade Alert database, a

state act must satisfy two quality criteria: it must be (i) credible and (ii) materially

impactful (Evenett and Fritz, 2020). A credible act is one that has been implemented

or whose future implementation is guaranteed. This excludes statements of intent,

such as those made in speeches (Evenett and Fritz, 2020). While GTA refers to these

4. This version, provided by the GTA, supersedes the initial July 2020 extract used in earlier versions of
the paper.
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Table 2: Other (Non-Industrial Policy) Goals: Examples

Policy Description (from GTA) Targeted Activity Policy Instrument

1 [...] Austrian export agency [...] opened a
[...] credit line to support companies in need
of liquidity as a result of the economic
destabilisation caused by the Russian
invasion of Ukraine.

All exporters Trade �nance

2 [Pakistan] Economic Coordination
Committee approved several measures to
increase the revenue of the government. An
additional 1% duty has been imposed on
all imported products except certain
exempted items [...].

Imports Import tari�

3 [Finland] Temporary aid scheme [...] to
support primary agricultural production in
the current �nancial and economic crisis
('the Temporary Framework').

Agriculture Financial grant

4 [Ghana] [...] import duties on rice, wheat
and cooking oil which were removed during
the period of rising food pricesin 2008 will
be restored.

Staple food items Import tari�

5 [Morocco] [...] Ministry of Agriculture
provided 2.5 mil. quintals of barley to
livestock producers at a subsidized price.
[...] to alleviate the repercussions of the dry
winter season that led farmers to purchase
imported grains at high prices.

Livestock producers Production subsidy

6 Turkey temporarily terminated the
additional duties on prefabricated
buildings [...] to meet the need for shelter
caused by earthquakes.

Building materials Import tari�

7 [...] European Investment Bank (EIB) and
Banco Comercial Portugues SA signed
an agreement worth EUR 75 million [...]
for �nancing small and medium size
projects [...] impacted by forest �res in
Portugal.

SMEs State loan

8 [...] UK government prevented Russian
companies in aviation/space industry
from UK-based insurance services in
response to the invasion of Ukraine by
Russia.

Russian aviation/space
�rms

Export ban

9 Vietnam Ministry of Industry and Trade
reduced electricity price by 10%. to ease
business di�culties amid the COVID-19
pandemic.

All Production subsidy

10 [...] U.S. enacted American Rescue Plan
Act of 2021 to speed up recovery from
COVID-19 pandemic e�ects.

Various Financial grant

Notes: Policy descriptions (excerpts) and policy instruments from the Global Trade Alert. The text that refers to the goals
of the policy have been italicized by us.

entries as policy �announcements,� the term should not be con�ated with general

political declarations or rhetoric.

Thus, the source data focus on de jure state action. GTA veri�es measures

and documents them using o�cial statements issued by administrative institutions

(Evenett and Fritz, 2020, p. 1). A typical entry is based on formal declarations by the

�acting institution.� In rare instances, multiple media reports are used as sources. A
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meaningful policy change is de�ned as a state act that alters international commercial

�ows, whether in goods, services, investment, or labor.

ii. Scope and Coverage.GTA's coverage extends beyond the inventories maintained

by multilateral institutions such as the United Nations Conference on Trade and

Development (UNCTAD) and the World Trade Organization's (WTO) surveillance

projects. As an independent organization, GTA avoids reliance on a country's

self-reporting or compliance submissions.

To identify new policies that meet its criteria, GTA scans o�cial government

sources�including ministry websites, agency portals, and o�cial gazettes�using

automated web crawlers supplemented by expert human review. In most cases,

additional leads from media outlets or industry associations are traced back to original

o�cial documentation (Evenett, 2019).

This surveillance e�ort captures measures beyond traditional trade policy, includ-

ing both restrictive and liberalizing policies. Examples include FDI incentives, trade

�nancing, research and development policies, and tari� reductions, demonstrating

that the GTA records more than just classically protectionist measures or those

deemed discriminatory under WTO rules.

The GTA is not restricted to traded commodities. Tables 1�2 illustrate the

database's inclusion of policies targeting services such as tourism and insurance.

iii. Relationship to Industrial Policies.How well-suited is the GTA to capturing

industrial policies? Industrial policies aim to make particular activities more attractive

within an economy, often tilting the playing �eld in favor of domestic economic

activity. As such, the Global Trade Alert captures much�perhaps most�industrial

policy activity in its coverage.

Two examples illustrate the coverage of industrial policy by the GTA.

Consider consumer subsidies, such as those used to promote electric vehicle

adoption (see Barwick et al. (2024a)). The GTA includes these subsidies when they

incorporate local content requirements or other conditions explicitly discriminating

against foreign commercial interests. The US In�ation Reduction Act exempli�es

this through income tax credits for new electric vehicles meeting local content

requirements.5 In such cases, our de�nition of industrial policy aligns with GTA

boundaries. Our de�nition of industrial policy excludes consumer subsidies that

do not discriminate against foreign interests, as they aim to alter only consumption

rather than domestic production.

As a counterexample, consider education and workforce development policies

used as industrial policy instruments. The US CHIPS and Science Act uses such

5. For details, see Global Trade Alert intervention 113854.
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instruments to fund workforce development and STEM education. 6 While the GTA

records this act,7 it only includes the incentives directly targeting production. These

workforce development policies, though qualifying as industrial policy under our

de�nition, fall outside GTA surveillance because they do not directly discriminate

against foreign commercial interests.

iv. Quality of Coverage.The GTA seeks wide global coverage and relies on

publicly available information sources (i.e., the paper trail of policies). As such,

there is some concern that bigger countries, and countries with more transparent

governments, have better coverage in the dataset (Evenett, 2019). In Appendix D,

we compare GTA to an OECD dataset (OECD, 2024) constructed using a similar

methodology, but focused on a narrower subset of policies. We conclude that despite

the much broader scope of GTA, it has broadly similar coverage of policies covered

by both sources. Thus, we conclude that i) the GTA is state of the art relative

to what is feasible; ii) one needs to carefully examine the robustness of results to

systematic mismeasurement, as any data collection e�ort is constrained by what

policy information is available. We return to this issue in Section 6.

3.A. Units, Variables, and Summary Statistics

An observation in our data is a �measure� or �intervention.� For comparability,

we focus on national-level policy making. We exclude 1,371 subnational policies from

the analysis.8 We also drop data for two partial years, 2008 and 2023. We conduct

our analysis on the 47,283 observations that remain after these two �ltering steps.

We report summary statistics in Appendix Table H.2.

Beyond the descriptions of policies, we will also use additional policy variables,

or metadata provided in the source data. These variables include the announcement

date; the type of intervention (e.g., a tari�, state loans, etc.); level of implementation;

implementing jurisdiction; Harmonized System (HS) 6-digit code of a�ected sectors;

and whether there was �rm-level scope tied to the intervention. See Evenett and Fritz

(2020) for details.

We take our de�nition to the data using supervised learning, which we turn to

next.

6. For details, see White House Fact Sheet on the CHIPS and Science Act.
7. For details, see Global Trade Alert intervention 66540.
8. The GTA's reporting of subnational (regional) policies seems incomplete. Less than three percent of
the policies in the dataset are subnational, with only 30 countries reported as having any subnational
policies. In related work (Goldberg et al., 2024), we �nd that subnational, provincial policies are
typically absent for Chinese semiconductor industrial policy. Given these concerns, we exclude
subnational policies from the analysis. See Appendix Table H.1 for a complete distribution of the
implementation levels of the policies in the database.

13



4. Methodology

We construct measures of industrial policy using a three-stage supervised learning

process, described in this section. First, we manually label a subset of data according

to our formal de�nition of industrial policy (Section 2.A). Second, we use this labeled

data to train a classi�cation model. Third, we apply the trained classi�er to predict

instances of industrial policy across our database of approximately 47,000 policies.

We use these predictions to generate �ow-based measures of industrial policy at the

country-sector-year level. Technical documentation is provided in Appendix B.

4.A. Labeling: Annotating Subsamples

We begin by constructing training and testing data through hand-labeling a subset

of policies based on our formal de�nition. A team of annotators codes policies using

a standardized codebook that provides explicit criteria for determining whether

policies meet our de�nition. The codebook instructs annotators to identify policy

goals either through direct statements (e.g., �in order to boost domestic industry

by making Egyptian cars more competitive�) or implicit indicators (e.g., �China's

'Major Technical Equipment' policy grants tax-free imports to �rms in certain sectors

involved in the production of said equipment.�). See the codebook in Appendix I for

complete details.

Research assistants (RAs) from Columbia University, the University of Oxford,

and the University of British Columbia hand-label 2,932 policies�approximately 6%

of the dataset's 47,283 observations. These observations are randomly selected and

strati�ed by measure type. See Appendix A for details on the annotation process.

Four RAs independently evaluate each policy, assigning one of three labels:

�industrial policy,� �not industrial policy,� or �not enough information� (NEI).

Following machine learning conventions, the NEI category captures cases where

the text provides insu�cient content about the target class. This proves particularly

useful for sparse policy references (e.g., brief mentions of tari�-line changes), allowing

our classi�ers to focus more precisely on distinguishing between industrial policy

goals and other policy objectives in the main corpus.

Labels are assigned through majority voting. 36% of annotated descriptions

contain identi�able policy goals with industrial policies accounting for 21% of hand-

labeled cases. Although policy summaries are not explicitly designed to capture

policymakers' goals, such information frequently appears in the text. For the 101

ambiguous cases where annotators were evenly split, co-author Réka Juhász provided

expert adjudication.
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A critical step in developing our supervised learning algorithm involves establish-

ing that human coders can consistently identify industrial policy goals according to

our de�nition. We measure intercoder reliability using two standard metrics: Krip-

pendor�'s alpha and Conger's kappa. As detailed in Appendix A, our six rounds of

annotation yielded values between 0.6 and 0.8, demonstrating both initial agreement

and improved convergence over successive rounds as coders gained experience.

4.B. Training: Large Language Model and Logistic Regression Baseline

We next train classi�cation models using our annotated data to map policy docu-

ments into one of three predicted categories (classes): industrial policy, not industrial

policy, or not enough information. For our main model, we use a trained BERT

(Devlin, Chang, Lee and Toutanova, 2019) (Bidirectional Encoder Representations

from Transformers) large language model (LLM), which we compare against a logistic

regression classi�er. We use the latter as our transparent baseline benchmark. We

describe each model in detail in Appendix B.

Our BERT model and baseline logistic regression classi�er use fundamentally

di�erent methodologies to classify policy text. The logistic regression model em-

ploys a traditional bag-of-words approach, representing documents as sparse, high-

dimensional vectors of term frequencies. Speci�cally, we use TF-IDF (Term Fre-

quency�Inverse Document Frequency) features based on unigrams and bigrams

(see Appendix B.2). We then train a regularized logistic regression model on the

TF-IDF vectorized representations of the labeled policy text. While this approach is

transparent, it disregards potentially important contextual information, such as word

order and semantic meaning.

By contrast, BERT has the advantage of a pre-trained architecture. It processes

documents as sequences of tokens, explicitly modeling the contextual relationships

between words within the sequence. This allows BERT to capture complex semantic

meanings and syntactic dependencies. Because BERT is pre-trained on large corpora

of text, it acquires a general understanding of language structure and meaning before

being �ne-tuned for speci�c tasks. Training then involves �ne-tuning the pre-trained

model on our labeled data for the classi�cation task.

BERT is an early example of what are now broadly referred to as large language

models. Architecturally, it is an encoder-only model, unlike generative models such

as GPT or Claude.9 Instead, BERT is optimized for natural language understanding

tasks, including sentiment analysis and text classi�cation.

9. Encoders map raw inputs (e.g., tokenized text) to contextual representations; decoders
autoregressively generate new tokens.
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While newer LLMs and language representation models exist�including BERT

variants�we use the baseline BERT ( BERT-base) model for several reasons. First,

BERT remains a strong and widely adopted benchmark for evaluating novel architec-

tures and techniques. Second, whereas many common proprietary large language

models are challenging to interpret, BERT's encoder-only architecture (Appendix

Figure G.1) is comparatively well-studied and straightforward. This transparency

has spawned a dedicated literature, referred to as �BERTology,� which systematically

investigates BERT's internal mechanisms (see Rogers, Kovaleva and Rumshisky

(2020)). Thus, we adopt BERT as our baseline representation model and apply recent

interpretability techniques to analyze its decision-making process (Section 5.D).

The structural di�erences between LLMs like BERT and logistic regression create a

key trade-o�. BERT's sophisticated architecture typically achieves superior predictive

accuracy, particularly when prediction requires incorporating textual nuances (e.g.,

policy objectives), yet at the cost of reduced interpretability. Although generally less

accurate, logistic regression provides transparent coe�cient weights that directly

indicate which terms drive classi�cations.

For our main BERT classi�er, we employ a baseline, pre-trained BERT-based-

uncased model (Hugging Face, 2025), which we �ne-tune (train) for a three-class

classi�cation task. The computational environment, GPU, and libraries are de-

scribed in Appendix B.1. As a benchmark, we use a regularized variant of logistic

regression�logistic regression with ! 1 (Lasso) regularization�for the same classi-

�cation task. We describe the logistic pipeline, including tokenization and TF-IDF

vectorization, in Appendix B.2.

For model training, we randomly partition our labeled dataset into three strati�ed

subsets: D train (65%) for training, D val (20%) for validation, and D test (15%) for

held-out testing. We use D train to estimate model parameters and D val to tune

hyperparameters for both models. The test set D test is reserved for evaluating

out-of-sample performance of both the logistic regression and BERT classi�ers. To

address class imbalance, we apply standard oversampling during both training and

validation.

We follow best practice and select BERT and logistic models using hyperparameter

tuning. For BERT, we vary learning rate, batch size, number of training epochs, and

weight decay. 10 Given BERT's computational demands, we implement a Bayesian

sampling algorithm to identify optimal hyperparameters, running on an NVIDIA

GH200 GPU. Details of this procedure are provided in Appendix B.1. Speci�cally, we

use a Bayesian Tree-structured Parzen Estimator (TPE) algorithm, which explores

10. The optimal hyperparameters identi�ed for BERT model training are a learning rate of 6•0593� 10� 5,
a batch size of 32, 4 training epochs, and a weight decay of3•0229� 10� 6.
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the hyperparameter space by learning from prior evaluations (Bergstra, Bardenet,

Bengio and Kégl, 2011; Akiba, Sano, Yanase, Ohta and Koyama, 2019).11 For

logistic regression, we apply a conventional grid-search procedure with : -fold

cross-validation to select the regularization strength, as described in Appendix B.2.

Following convention, we train the �nal BERT model and benchmark logistic

classi�er on the combined training and validation sets, D train [ D val , and evaluate

the �nal performance using the held-out test set D test. Throughout the paper, we

use the F1-score as our primary evaluation metric for both training and performance

assessment. The F1-score is a standard measure in machine learning, providing a

single statistic for comparing models. It balances precision and recall equally and

remains robust in the presence of class imbalance. See Section 5.A for further details.

4.C. Prediction: Constructing Text-Based Indices

Finally, after training, we take our best-performing model (highest global F1

accuracy) and use it to construct indicators of industrial policy language. Speci�cally,

we take our preferred �ne-tuned large-language model, BERT, to predict instances of

industrial policy language throughout our entire policy dataset ( � 47–000policies).

For each observation in the dataset, our model gives an indicator denoting each policy's

class (industrial policy goal, no industrial policy goal, or not enough information).

Our text-based measures resemble non-tari� measures used in the trade policy

literature (see Goldberg and Pavcnik (2016)). In addition to denoting new industrial

policy (policy �ows) activity, these indicators serve as inputs for calculating coverage

ratios (e.g., Malouche, Reyes and Fouad (2013)), estimates of subsidies (e.g., Goldberg

et al. (2024)), trade restrictiveness indices (Looi Kee, Nicita and Olarreaga, 2009), and

ad valoremequivalencies (e.g., Cadot, Gourdon and van Tongeren (2018)). Before we

turn to our dataset, however, we explore how our BERT model performs in predicting

industrial policy activity and validate our text-based approach.

5. Model Results: Performance and Validation

This section establishes our model's predictive performance and presents vali-

dation evidence. We �rst show the strong predictive performance (accuracy and

F1-score of 94.1%) of our preferred Large Language Model (BERT). Next, we validate

our model through four complementary tests: i) We show that textual features

outperform standard policy-type heuristics in predictive power. ii) We establish face

validity by analyzing interpretable features from our logistic regression baseline. iii)

11. We use the PythonOptunaoptimization framework (version 4.2.1) to implement the TPE algorithm.

17



We apply TCAV analysis to demonstrate that BERT learns our concept of industrial

policy. iv) Finally, we use the 2022 Russian invasion of Ukraine to test both temporal

generalization and construct validity.

5.A. Performance: Large Language Model v. Logistic Baseline

We evaluate the performance of our best-performing Large Language Model

(BERT) and logistic regression model using a sample of labeled test data, unseen by

our models during training. We consider standard metrics of model performance:

precision, recall, accuracy, and F1 score, the latter of which equally weights precision

and recall.12 Recall, also known as the probability of detection, measures the model's

ability to correctly identify true policy instances. Precision measures the probability

that an instance identi�ed as policy is, in fact, industrial policy.

Table 3 shows that our �nal model reliably classi�es policy on unseen, labeled

test data. The BERT model achieves an average F1 score of 93.7% across classes and

an overall accuracy of 94.1%, outperforming the logistic regression model (90.9%

for F1 and 91.6% accuracy, respectively). Table 3 also provides a breakdown of

model performance across the three policy classes. For industrial policy, our target

class, the LLM, particularly outperforms logistic regression (91.3% versus 87.1% F1,

respectively).

Table 3: Predictive Performance of Three-Class Models on Test Data

Precision Recall F1 Score Support
Model Class/Metrics

Large Language Model (BERT) IP Goal 0.913 0.913 0.913 104
No IP Goal 0.959 0.934 0.947 76
Not Enough Information 0.947 0.954 0.950 260
Accuracy 0.941 440
Macro Avg 0.940 0.934 0.937 440
Weighted Avg 0.941 0.941 0.941 440

Logistic (Benchmark) IP Goal 0.867 0.875 0.871 104
No IP Goal 0.971 0.882 0.924 76
Not Enough Information 0.921 0.942 0.932 260
Accuracy 0.916 440
Macro Avg 0.920 0.900 0.909 440
Weighted Avg 0.917 0.916 0.916 440

Notes:This table reports the predictive performance of our main three-class model on a held-out test sample of annotated data.
We assess performance by comparing model predictions to human-coded labels using a labeled test setD test. We report results
from the �nal BERT classi�er alongside the benchmark logistic classi�er (with ! 1 regularization). Precision, Recall, and F1-score
are reported for each class. Macro Average refers to the unweighted mean of metrics across the three classes; Weighted Averages
are weighted by class size. Accuracy is calculated across all classes.

12. Formally, Recall = TP
TP+FN and Precision = TP

TP+FP. F1 is a weighted combination of each: � 1 =
2� Precision� Recall

PrecisionÏ Recall. Accuracy refers to the overall share of correct predictions: Accuracy = )%Ï )#
)%Ï )# Ï �%Ï �# .
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Figure 1: Most Predictive Coe�cients for Industrial Policy and Coe�cients Related
to Measure Type

Notes:The �gure displays the 200 most predictive coe�cients for classifying industrial policy,
consisting of the 100 most negative and 100 most positive values. Estimates are drawn from our
baseline three-class logistic regression classi�er (! 1 regularized). Coe�cients associated with
Measure Type are highlighted in red.

5.B. Validating Our Approach: The Predictive Power of Policy Text

We demonstrate that textual data are valuable for identifying whether a policy

re�ects industrial policy objectives, particularly when compared to common heuristics

such as policy type. The predictive value of textual features is evident in the

performance of unigrams and bigrams from our baseline logistic regression model,

as illustrated in Figure 1, which plots the 200 most predictive coe�cients. The

coe�cients highlighted in red correspond to unigrams or bigrams explicitly linked to

measure type categories (e.g., credit, trade �nance), as de�ned by the UN's policy

classi�cation system (MAST, or Multi-Agency Support Team, codes).
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Measure type alone is insu�cient to reliably identify policies with industrial

policy objectives. Figure 1 illustrates that while information about policy measure

type contributes to classi�cation, a broad array of textual features is also important,

even in the simplest classi�er. 13 Appendix Figure G.2 further shows that policies

classi�ed as industrial policy and those classi�ed as having other goals fall within the

same MAST categories. This suggests that categorical policy variables, by themselves,

may be inadequate for predicting industrial policy content accurately.

Table 4 formally evaluates the predictive power of textual information relative to

heuristic indicators such as policy categories. It compares the performance of textual

features and categorical policy variables using our baseline logistic classi�ers. Panel

(a) of Table 4 reports results from three logistic regression models predicting our

target class�industrial policy�on held-out test data.

The �rst model uses only measure type as a predictor. We employ the MAST

measure categories from the GTA dataset, applying one-hot encoding to convert

categorical variables into numerical values. This measure type-only model is tuned

using : -fold cross-validation and regularized with ! 2 (ridge) to retain all policy

features. We compare this model (measure type only) to the baseline text-only

classi�er (from Table 3), and to a third model (text and measure type) which augments

the text model with policy category. Both text-based models use ! 1 regularization.

The results in Table 4 show that policy category information alone performs poorly

relative to textual features. The measure type-only classi�er achieves an F1-score

of 71.4%, while the text-only model reaches an F1-score of 87.1%. A nonparametric

McNemar test comparing prediction di�erences on the test set con�rms that the

performance gap is highly signi�cant ( ? 5 •00001; " 2 = 34•2). Moreover, adding

policy type features to the text model does not improve predictive accuracy; the

combined model performs slightly worse (86.3% for F1), though this decline is not

statistically signi�cant ( ? 5 •48; " 2 = 0•5). These �ndings suggest that even relatively

simple text-based classi�ers outperform policy category indicators in identifying

industrial policy activity.

5.C. Validation: Face-Validity and Logistic Classi�er

We next assess the face validity of our text-based classi�cation approach, �rst using

our logistic regression model. While BERT and logistic regression have fundamentally

di�erent architectures, we �rst use the logistic model as an interpretable benchmark

to examine which textual features are most predictive of industrial policy. This

13. Note that the ranking of individual tokens is di�erent from their contribution, in practice, to actual
predictions. Individual tokens alone typically exert limited in�uence; predictions result from the
combined e�ect of many terms.
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Table 4: Predictive Performance of Text Versus Measure Type

(a) Predictive Performance for Industrial Policy Across Models

Precision Recall F1-score
Class Logistic Model

Industrial Policy Measure Type Only 0.747 0.683 0.714
Text Only 0.867 0.875 0.871
Text and Measure Type 0.850 0.875 0.863

(b) Testing For Model Di�erences (McNemar Test)

Comparison Statistic (Chi-Square) p-value

Text vs. Measure Type 34.22 0.0000
Text vs. Text and Measure Type 0.50 0.4795

Notes:Panel (a) reports the performance of three logistic regression models for the
target class, industrial policy. Each optimized model is evaluated using Precision,
Recall, and F1-score on the held-out test set. The comparison includes: (i) the text
only logistic classi�er (baseline), (ii) the measure type-only classi�er, and (iii) a
combined model that incorporates both textual features and measure type. All
text-based models are regularized with ! 1, while the measure type-only model is
regularized with ! 2. Panel (b) presents results from McNemar tests, which evaluate
di�erences in predictions between the text only model (i) and the models with
measure type (ii and iii).

interpretable baseline helps triangulate the behavior of our more complex large

language model, which we validate in Section 5.D.

Figure 2 presents the top twenty unigrams and twenty bigrams with the highest

estimated coe�cients for the target class, industrial policy, as identi�ed by the

logistic classi�er. These terms serve as the strongest predictors that a given text

will pertain to industrial policy. As recommended in the literature, examining the

largest coe�cients o�ers insight into model behavior, while smaller coe�cients

should be treated with caution (Gentzkow et al., 2019). Notably, the most in�uential

terms include intuitively relevant language such as �development,� �technology,�

�exporter,� �boost,� �promote,� �growth,� �increase competitiveness� and �long

term.� These results suggest that the model captures semantically meaningful content

closely aligned with industrial policy objectives.

5.D. Validation: BERT Learns Industrial Policy Objectives

We demonstrate that our �ne-tuned BERT model meaningfully incorporates

economic concepts��industrial policy goals��into its classi�cation decisions using

Concept Activation Vectors (CAVs) (Kim et al., 2018). While logistic regression allowed

direct evaluation of feature importance (Section 5.C), neural networks like BERT
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Figure 2: Top Predictive Coe�cients (Unigrams and Bigrams) of Industrial Policy for
Logistic Classi�er
Notes:This �gure displays the top 20 coe�cients most predictive of industrial policy from our
baseline logistic regression classi�er. Separate panels show the top 20 unigrams and top 20 bigrams.
The coe�cients are estimated using ! 1-regularized logistic regression, with the regularization
strength selected via grid search and : -fold cross-validation. Each plot reports the number of features
retained by the ! 1 penalty.

operate as �black boxes� where internal decision processes remain opaque. Testing

with Concept Activation Vectors (TCAV) addresses this challenge (Castelvecchi,

2016) by quantifying how abstract, human-interpretable concepts in�uence model

predictions. Our TCAV analysis reveals that the model internalizes domain knowledge

in deeper network layers where abstract representations are formed. Crucially, we

validate that this concept learning is semantic rather than super�cial by testing

robustness across di�erent data distributions and pooling methods.

1. Methodology . TCAV quanti�es how much a high-level concept in�uences a

model's classi�cation decisions by examining how the model internally represents

inputs. We �rst learn a direction in the model's activation space that corresponds

to a concept (�industrial policy goals�), then measure how sensitive the model's

output is to changes in that direction�that is, whether moving in the concept

direction increases the model's con�dence in a particular prediction. Full details are

in Appendix C.

A neural network processes input text x through a series of layers. At each layer

� , it creates an activation vector 5� ¹xº, a high-dimensional representation of the text.
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BERT consists of 12 transformer layers, where earlier layers capture syntax while later

ones capture abstract meaning.

A concept � (�industrial policy goals�) is de�ned as a curated set of example texts,

- � . These concept texts produce speci�c activation patterns, which we compare

against activations from random baseline texts (negative examples, - # ). We train a

linear classi�er to separate these two sets of activations 5� ¹xº. The normal vector to

the classi�er's decision boundary is our Concept Activation Vector (CAV), v�
� �the

direction in activation space pointing toward concept � .

The CAV measures a concept's in�uence on predictions, or conceptual sensitivity,

for a speci�c class : and input x:

( �–:–� ¹xº = r � :–�
�
5� ¹xº

�
� v�

�

where � :–� maps activations from layer � to a prediction score (logit) for class : , and the

gradient r � :–� indicates the direction that most increases the likelihood of predicting

class : . The dot product measures alignment between this prediction-enhancing

direction and our concept direction. When ( �–:–� ¹xº 7 0, moving the activation toward

the concept increases the likelihood of classifying as : .

The TCAV score quanti�es a concept's overall importance as the fraction of

examples from our dataset, X : , where the concept positively in�uenced the prediction:

TCAV �–:–� =
1

jX : j

Õ

G2X :

I
�
( �–:–� ¹Gº 7 0

�
– (1)

Scores range from 0 to 1, where 0.5 indicates random chance and scores above 0.7

suggest the concept systematically contributes to classifying inputs as class : . In

practice, we robustly calculate TCAV using multiple randomly generated negative

sets paired with concept � .

2. Implementation. We implement the TCAV analysis in four steps, calcu-

lating the TCAV scores for the deeper layers of BERT. We provide details of the

implementation in Appendix C.

i. Generate Concept Examples.The concept set is designed to be internally coherent,

semantically consistent, and distinguishable from unrelated concepts. We generated

300 examples for our target concept, � : industrial policy goals (e.g., �to promote the

growth of the manufacturing sector� and �boosting the horticulture export market�).

Concept set examples were generated using large language models (Claude 3.7 Sonnet

and ChatGPT 4o), seeded with prototype examples. To ensure conceptual breadth,

we deliberately spanned multiple sectors (services, agriculture, manufacturing) and

23



activities (R&D and innovation). Appendix Table H.3 presents 20 representative

examples, with details in Appendix C.1.

To estimate the concept activation vector, we curated diverse �negative examples�

that are clearly distinguishable from the target concept. These negative sets serve as a

baseline against which the unique activations associated with industrial policy goals

can be identi�ed. We constructed sixteen negative sets, N1– • • • –N16, each containing

300 strings of formal, declarative English sampled from our source corpus while

�ltering out industrial policy vocabulary. Although this in-distribution sampling

controls for stylistic similarity, it risks conceptual leakage where negative examples

are unintentionally contaminated with industrial policy semantics. We therefore

also constructed sixteen out-of-distribution negative sets sampled from open-source

corpora (Wikipedia, arXiv, PubMed), detailed in Appendix C.1.

ii. Extract Activations from Deep Layers.Next, we pass the concept examples

� and negative sets (N =
Ð 16

8=1 N8) through our �ne-tuned BERT model to extract

activation vectors 5� ¹xº. Speci�cally, we process examples through the upper layers

11 and 12, which are known to capture abstract semantic relationships prior to

classi�cation (Tenney, Das and Pavlick, 2019).14 Appendix C.2 provides further

details on the extraction of activations from deep layers.

iii. Train CAVs on Activations.Third, for each layer � , we use the activations

from Step ii) to train an ! 2-regularized logistic regression classi�er that distinguishes

between concept and non-concept activations. The normalized vector of coe�cients

from this classi�er de�nes the Concept Activation Vector, v�
� , which corresponds to

the normal vector of the decision boundary separating the two groups.

iv. Compute TCAV Scores.Finally, we use the learned CAVs from Step iii) to

assess their in�uence on real examples from the prediction dataset. For each class

: (industrial policy, not industrial policy, not enough information), we sample 300

high-con�dence predictions x 2 X : . To ensure high quality, we randomly draw

examples from the top 90th percentile of the model's class-speci�c logits. For each

such example, we compute its conceptual sensitivity ( �–:–� ¹xº and aggregate these

scores at the class�layer level to produce the �nal measure, TCAV �–:–� . We repeat

this calculation for each of the sixteen concept�negative pairs and report the mean

aggregated score for each layer.

3. Results: Concepts Impact Predictions. Our analysis demonstrates that the

�ne-tuned BERT model systematically associates the concept of �industrial policy

goals� with the correct class. Figure 3 reports average TCAV scores for layers 11 and

12, aggregated across 16 negative sets. Each panel shows the mean TCAV for all

14. Our index di�ers slightly from machine learning conventions that index from 0.
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Figure 3: Average TCAV Scores for `Industrial Policy Goals' for Deep Layers, by Class

Notes:This �gure presents TCAV results for our �ne-tuned BERT model, evaluating the importance of
the concept �industrial policy goals� in classifying policy text. The analysis focuses on BERT's �nal
encoder layers (11�12), which capture high-level semantic abstractions prior to classi�cation. Each
panel corresponds to one encoder layer. Bars represent TCAV scores for each class: industrial policy,
not industrial policy, and not enough information (NEI). Scores were computed by comparing the
concept � against 16 distinct negative concept sets (N1– • • • –N16). The y-axis reports the average TCAV
score, and error bars indicate the standard deviation across these 16 comparisons. High TCAV scores
for the industrial policy class suggest that the model consistently internalizes this concept as a key
feature for classi�cation. In contrast, the concept exhibits low predictive relevance for the
non-industrial policy classes.

three classes: `industrial policy' (dark gray), `not industrial policy,' and `not enough

information' (light gray). The line at 0.5 denotes scores that are as good as random.

Speci�cally, for the target 'industrial policy' class, the TCAV score in Figure 3 is nearly

perfect (0.99) at the �nal consequential transformer layer (12). In contrast, the TCAV

scores for the 'not industrial policy' and 'not enough information' classes remain at

approximately zero.

These �ndings indicate that BERT's �nal layer directly encodes the abstract concept

as a decisive feature for classi�cation. Layer 12 absorbs most task-speci�c information

for classi�cation. Since BERT's prediction head directly consumes layer 12 activations

(see Appendix Figure G.4), this alignment suggests the concept directly in�uences

classi�cation decisions.
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4. Robustness: Validating Genuine Concept Learning. To ensure our results

re�ect genuine concept representation rather than token-speci�c artifacts, we test

robustness to di�erent 'pooling' methods�how the model's activations are processed

for computing the CAV. We describe this in Appendix C.2. Our calculations use

the [CLS] token, BERT's special summary token, which is also directly used for

classi�cation. 15 However, our results are identical when using 'mean pooling,'

aggregating information across tokens. The TCAV score is � 1 for layer 12 in

Appendix Figure G.3. This consistency between the summary token and mean

pooling results suggests that �industrial policy goals� are broadly distributed across

text, rather than concentrated in individual tokens.

To validate genuine concept learning rather than spurious pattern matching, we

test our results with alternative negative sets drawn from out-of-distribution data.

If the model were relying on surface-level features of our source data, TCAVs may

change dramatically when using negatives with di�erent stylistic characteristics.

Appendix Figure G.4 shows near-perfect TCAV scores at layer 12 (both for mean

pooling and CLS). The fact that scores for layer 12 are identical suggests that the

model has learned to distinguish �industrial policy goals� based on genuine semantic

content rather than dataset artifacts.

5.E. Validation: Temporal Generalization and Russian Sanctions as an Out-of-

Sample Experiment

We next evaluate the model's ability to classify entirely new policy events, using

out-of-sample events not present in our training data. We use Russia's invasion of

Ukraine in February 2022 and the ensuing international sanctions as a validation test:

i) whether our model generalizes to novel, unseen events (temporal generalization),

and ii) whether it correctly distinguishes industrial policy from other interventions

based on underlying objectives versus surface features (construct validity).

The post-invasion sanctions episode provides a useful experiment. While sanctions

signi�cantly a�ect industries, trade, and factor �ows�features common to industrial

policies�they fundamentally di�er in their objectives, targeting geopolitical pressure

rather than shaping the composition of domestic production. Thus, sanctions o�er

ground truth for testing whether our model has learned the conceptual boundaries

of industrial policy.

Our codebook was developed in September 2021, prior to the invasion, and all

annotated policies used in model training were drawn from a random subset of

15. BERT attaches a �special� [CLS] token to tokenized text, which acts as a summary of textual input.
See Appendix C.2.
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policies implemented through 2020. The model therefore had no exposure to or

foreknowledge of the sanctions regime that would emerge.

Figure 4 plots the classi�cation of sanctions policies targeting Russia from 2018

through 2023. The dashed line marks the February 2022 invasion, after which sanctions

(grey) spike dramatically. Notably, our model classi�es 95% of these sanctions as

either having non-industrial policy objectives or lacking su�cient information for

classi�cation. Thus, our model avoids a false positive trap. This suggests the model

has successfully learned to identify industrial policy based on its objectives rather

than merely �agging targeted market interventions.

Figure 4: Russian Sanctions Labeled as Industrial Policy and Not Labeled as Industrial
Policy

Notes:The �gure reports how our model classi�es policies related to sanctions in the context of
Russia's invasion of Ukraine. We identify likely sanctions on Russia using two criteria: (1) the a�ected
countries include Russia, and (2) the policy description contains one or more of the following terms:
�sanction,� �invasion,� �frozen,� �aggression,� or �illegal.� As of April 2023, 374 such policies have
been published in the GTA. Of these, 95% are classi�ed by the model as either pursuing other policy
goals or lacking su�cient information (NEI class).

6. Stylized Facts

In this section, we use our measure of industrial policy activity to examine basic

patterns in real-world policy implementation. Although the theoretical literature

on industrial policy o�ers numerous predictions about both what industrial policy
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should target and howit should be conducted, there remains little systematic empirical

evidence on these questions. We structure our empirical analysis around four guiding

questions: 1. How much industrial policy activity is there? 2. How is industrial policy

deployed? 3. Do some types of economies use industrial policy more intensively

than others? 4. What types of sectors are most frequently targeted?

We present our empirical results using multiple strategies to address variations

in the way industrial policy activity is reported across countries and implementing

agencies. The GTA reports policies at varying levels of granularity: when �rm-level

data are available, each �rm's support is recorded as a separate policy; when such

detail is unavailable, a single aggregate policy is reported (see Appendix E for

examples). Additionally, there is concern that GTA may double-count some policies

by recording them at di�erent implementation stages. For example, in countries with

granular reporting, a policy may be counted once at the time of announcement and

again when support is disbursed to speci�c �rms.

We show: i) simple total counts; ii) �national� policy counts (excluding policies

implemented at the �rm level); and iii) counts of the �implementing agency� using

data on the institutions deploying industrial policies, from Juhász and Lane (2024);

Field (2024). The �rst, baseline, measure (i) shows all industrial policy activity. This

measure is di�cult to compare across countries if policies are reported at di�erent

levels of granularity. The second (ii) and third (iii) measures address these issues. The

second measure (ii) excludes any industrial policy reported as being implemented

at the �rm level (as provided in the GTA source data). 16 This approach mitigates

concerns about double-counting and inconsistent reporting standards across countries

or programs by completely discarding information reported at the the �rm level. For

this reason, we consider measure (ii) a particularly conservative approach that likely

excludes many legitimate policies we wish to include.

The third measure (iii) addresses the same concerns by using the implementing

agency as the unit of analysis (e.g., the ministry of �nance providing capital injections,

a publicly owned �nancial institution providing export credit, or a national rail

corporation o�ering subsidized rail freight for targeted domestic sectors). Speci�cally,

we use the policy-implementing agency-year as our unit of analysis, recording

policies implemented by an agency in the same year as a single policy. This method

accommodates varying reporting standards across policy programs and countries

without entirely discarding individual policies. For example, an export loan program

implemented by a public �nancial institution and disbursed to many �rms in the

16. We use the term �national� policy to refer to policies that do not only target a small set of �rms.
This is di�erent from the implementation level of policies reported in Appendix Table H.1. Recall that
subnational policies are excluded from the data.
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same year is counted once, regardless of whether individual loans are separately

enumerated in the data.

We construct the third measure (iii) by extracting implementing agencies from

the policy description text using implementing agency name recognition techniques

(Juhász and Lane, 2024; Field, 2024). Speci�cally, we use OpenAI's ChatGPT API

to identify the name of the implementing agency, followed by manual cleaning

to harmonize the names of implementing agencies and distinguish public from

private agencies. This procedure is detailed in Appendix F and Appendix Table H.4

contains examples. We extract the implementing agencies only for policies classi�ed

as industrial policy. 17

Each of the three measurement approaches has distinct strengths and limitations.

We present results using all three methods. We do this both to assess robustness

and to illustrate how di�erent data constructions in�uence empirical patterns. The

raw data may be a�ected by variation in national reporting practices. The second

approach likely omits too much information, potentially under-representing actual

policy activity. The third approach�based on the number of implementing agencies�

may re�ect di�erences in state administrative capacity rather than policy intensity.

For these reasons, comparing across approaches provides a more comprehensive

view of practice.

(a) Total Policies (b) National Policies

Figure 5: Model Classi�cation of Policies with Identi�able Goals

Notes:This �gure shows the results of the classi�cation from our BERT model. This exercise excludes
policies that did not have identi�able goals based on the preferred BERT model.

17. We limit this extraction to industrial policy because identifying implementing agencies is substan-
tially more complex for other types of policies, which may lack a lead agency or omit this information
from the description.
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6.A. Fact 1 - Industrial policy is important and on the rise

The �rst �nding is that industrial policy is a quantitatively important policy

tool. We gauge this by determining the fraction of commercial policies in the GTA

dataset that have industrial policy goals. Figure 5 shows that 44-62% of policies with

identi�able goals are industrial policy. 18

Industrial policy is also on the rise. In Figure 6, all evidence points to an expansion

of industrial policy activity over the past decade. Panel (a) shows that the raw count

of industrial policies has increased more than thirtyfold between 2010 and 2022.

National-level industrial policy activity (Panel b) increased �fteenfold, indicating that

the GTA is not merely capturing policies at a more granular level over time. Based

on (Panel c), in 2022, the number of public agencies announcing at least one new

industrial policy worldwide was close to an order of magnitude higher than in 2010. 19

In the appendix, we show further evidence that it is unlikely that our results are

driven by the GTA's increased ability to collect data, as the share of industrial policy

among all policies has also increased (Appendix Figure G.5). These results suggest

that industrial policy is a relatively common government intervention. We also �nd

evidence supporting the widely held view that industrial policy has been on the rise

in the 2010s (e.g., Stiglitz, Lin and Monga (2013); Cherif and Hasanov (2019)).

6.B. Fact 2 - Contemporary industrial policy favors export promotion and

subsidies, not import tari�s.

The second �nding relates to the policy instruments used to deploy contemporary

industrial policy. Figure 7 shows that subsidies and export-related measures (e.g.,

trade �nancing) dominate contemporary industrial policy activity, regardless of how

it is measured. Even based on our most conservative estimates, IP activity deployed

via subsidies and export-related measures is nearly an order of magnitude more

common than import tari�s. Panels (b) (national policies) and (c) (implementing

agencies) account for the concern that our count-based measure of IP activity may

overstate the importance of measures, such as subsidies, relative to tari�s, as the

former may be reported on a �rm-by-�rm basis in some countries.

Moreover, subsidies and export-related measures are the most common instru-

ments of industrial policy across the income distribution. Appendix Figure G.6

reports the top instruments of IP, splitting countries into groups by income quintile.

18. For this exercise, we exclude policies whose goals could not be identi�ed (i.e., the �not enough
information� group). Approximately 47% (national policies) - 54% (all policies) of the policies in the
GTA had identi�able goals based on our preferred BERT model.
19. To assess time trends, we count unique agencies implementing at least one industrial policy in each
year.
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(a) All Industrial Policies

(b) National Industrial Policies

(c) Agencies Implementing Industrial Policies

Figure 6: Time Trend of Industrial Policy Activity
Notes:This �gure shows the trend of industrial policy from 2010 to 2022. We follow GTA guidance
and use only policies recorded by the GTA in the same year that they were announced for this exercise.
This is due to the substantial back�lling of data that is a living dataset. By using only policies
recorded in the same years as they were announced, we ensure the comparability of data across both
more distant and recent years. The �gure is presented as an index with the year 2010 set as the base
year (indexed to 100). All subsequent values re�ect changes relative to this baseline.
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We split all countries in our data into income quintiles based on 2010 GDP per capita

data from the World Bank. These two instruments are the most common, regardless

of how we measure IP activity. While these instruments dominate in high-income

countries, low- and middle-income countries also use import tari�s, FDI measures,

and trade-related investment measures (e.g, local content requirements) relatively

more. This broader mix of policy instruments, particularly the relatively higher

share of import tari�s, would be consistent with the more constrained �scal capacity

faced by lower-income countries. The relatively larger use of FDI measures may also

signal that in lower-income countries, IP may be used to attract investment from the

technology frontier.

To understand the speci�c types of instruments used for IP, we report �ner

categories in Appendix Figure G.7. This �gure reveals that most export-related IP

measures are deployed via trade-�nancing, and, to a lesser extent, �nancial assistance

in foreign markets. Tax-based export incentives and export subsidies (which are,

in general, banned by the World Trade Organization) are much less common. Put

di�erently, export-related IP measures tend to operate by providing �nancing rather

than directly incentivizing exports. In the case of subsidies, industrial policy is most

often deployed via state loans, �nancial grants, and loan guarantees. Production

subsidies, capital injection and equity stakes, and tax or social insurance relief are

less common. Similar to export-related measures, subsidies are thus also typically

deployed by providing or supporting �nancing for �rms.

These �ndings challenge long-held assertions about industrial policy. First, import

tari�s give a misleading and incomplete picture of industrial policy. They mislead

because most tari�s do not seem to be used for industrial policy goals (Appendix

Figure G.2). Moreover, they are incomplete because the majority of industrial policies

are not deployed via tari�s (Figure 7). Second, industrial policy and protectionism

are often con�ated. While tari�s may have dominated industrial policy in earlier

periods, today's typical industrial policy is not protectionist. Instead, much of it aims

to boost export competitiveness, a point we explore further below. Finally, these

patterns highlight that modern industrial policy requires �scal resources and high

administrative capacity. Speci�cally, states need su�cient �scal revenue to subsidize

�rms and promote exports, plus the administrative capacity to identify which �rms

to support. These dimensions of state capacity provide context for interpreting our

next stylized fact.
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(a) All Policies

(b) National Policies

(c) Implementing Agency-Policy Instrument Pairs

Figure 7: The Instruments of Industrial Policy
Notes:The charts show the top eight most-used policy instruments by all the measures. Below eight,
IP activity is too small to display clearly. The most-used policy instruments by each measure of IP
activity are the same, and the excluded policy instruments are the same for each measure of IP
activity, too. The excluded MAST chapter codes are: Price-control measures, Migration measures,
Capital control measures, Finance measures, Intellectual property, Contingent trade-protective
measures. For Panel (c), Implementing Agency�Policy Instrument Pairs, we calculate the number of
agencies implementing at least one industrial policy via each policy instrument in each year, and then
sum these counts across years.
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6.C. Fact 3 - Industrial policy is heavily used by high-income economies

Our third �nding is that, although industrial policy is common, its use varies

across countries. This variability is seen in the raw data. Appendix Figure G.8 plots

the distribution of industrial policy by income quintile, and shows a strong positive

correlation between measures of industrial policy activity and income. The data

show that countries in the top income quintile deploy six to eighteen times as many

industrial policies as countries in the lowest income quintile.

To systematically examine whether industrial policy use is correlated with income,

we regress a country's (log) total number of industrial policies on a set of binary

indicator variables that denote the income quintile of each country in our dataset.

More formally, we estimate cross-sectional regressions of the form:

log¹1 Ï IP2º = 
 Ï
5Õ

6=2

� 61f 226g Ï � 0- 2 Ï &8 (2)

where 2 indexes country, 6 indexes income quintile 6 = 2– ••5, and - 2 are country-

level control variables. The coe�cients of interest are � 8, which measure the di�erence

in IP activity relative to the excluded (lowest) income quintile ( 6 = 1).

Figure 8 plots the estimated � 6 coe�cients for each quintile. The pattern is

consistent: regardless of how we measure IP activity, higher income quintiles are

associated with greater use of industrial policy. The coe�cient of interest is large,

and the di�erence is statistically signi�cant for the fourth and �fth income quintiles�

representing high-income countries. The baseline estimates (with no controls) suggest

that total IP activity in the fourth and �fth income quintile is 500-2000% greater

than in the poorest income quintile. In robustness checks, we control for the size of

the country, measured as the log of population, to account for the fact that larger

countries may have more policies (we use 2010 population data from the World Bank).

Additionally, the (log) count of exported products (at the HS6 level), controls for the

diversi�cation of the economy (data on the number of HS6 sector codes traded by

each country comes from UN COMTRADE).

One explanation for these results is that we may be systematically undercounting

industrial policy in lower-income countries. We investigate several ways in which

this type of measurement error could enter our industrial policy dataset.

First, the GTA may track policies less accurately in low-income countries, where

limited administrative capacity and government transparency create measurement

challenges (See Section 3). We evaluate the scope of this type of bias by comparing

the GTA to a benchmark dataset: the OECD's �Inventory of Export Restrictions on

Industrial Raw Materials� (OECD, 2024). This third-party inventory tracks export
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restrictions worldwide. We assess the GTA's policy coverage by hand-matching

policies to the OECD's 2022 dataset for a strati�ed random subset of countries (see

Appendix D). 20 Appendix Figure G.9 plots the share of OECD policies which are also

identi�ed in our input data: we �nd no evidence that lower-income countries are

systematically under-reported relative to the OECD benchmark (Appendix Figure

G.10 shows the correlation between match rate and income level). We note that this

exercise cannot account for the fact that the paper trails of policies may be di�erent in

low-income countries, which would a�ect both datasets. We deal with this type of

measurement challenge next.

Second, Figure 8 shows that the di�erence between industrial policy use at the

top and bottom of the income distribution persists even after controlling for the total

number of policies, although the point estimates decrease. If the GTA underreports

policies in low-income economies�where paper trails are harder to �nd for example,

this bias alone cannot fully explain the correlation between industrial policy and

income. If measurement error drives our results, it must be the case that the GTA

undercounts industrial policy in lower-income countries to a larger extent than other

policies.

Third, the regression results also suggest that di�erent reporting standards are

unlikely to account for the patterns, as they hold across all three di�erent measures

of IP activity: Panels (a)�(c), in Figure 8.

Fourth, our data captures industrial policy �ows versus stocks. This could bias

our understanding of industrial policy practice across countries if, for example,

low-income countries have a higher stock of policies but amend or introduce new

policies less frequently. We use the same OECD dataset (on export restrictions of raw

materials) to evaluate the potential scope of this bias, because the OECD data reports

both stocks and �ows. Appendix Figure G.11 shows that the average annual �ow of

policies is stable at around 20% relative to the stock across the income distribution.

20. The OECD data focuses on a subset of policies that disproportionately a�ect low-income countries,
making this comparison particularly well-suited for gauging potential under-reporting in these nations.
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(a) All Industrial Policies

(b) National Industrial Policies

(c) Agencies Implementing Industrial Policies

Figure 8: Regression of Industrial Policy Activity on Income Quintiles
Notes:This �gure plots the estimated � 6 coe�cients from equation 2 for each income quintile and
their corresponding 95% con�dence intervals. The speci�cations are as follows: �No controls� is the
baseline estimate with no control variables, �Control for Log 2010 Population� adds a control for the
log of a country's population (measured in 2010), �Control for log HS6 sectors� controls for the count
of traded HS6 sectors, and �Control for Log Total Policies� controls for the log total number of policies
enumerated by the GTA for the given country. Appendix Table H.5 contains the corresponding
regression table. 36



Fifth, if our model fails to generalize�for instance, by over-specializing to policy

language used by high-income countries�we may under-record industrial policies in

low-income countries. We show that our baseline model, trained on diverse policies

from all income levels, generalizes well across the income distribution. Appendix

Table H.6 compares our �Main Model� against a High-Income (HI) Model, which

is trained exclusively on data from high-income economies. The HI-Model misses

22% of industrial policy cases in low-income economies (recall = 0.78). In contrast,

our Main Model achieves an F1 of 0.9 on the same income group. Moreover, the HI

Model underperforms on its own turf, with an F1 score of 0.85 on high-income data

compared to our Main Model's 0.92 (see Appendix Table H.6). For the remaining

categories (�No IP Goal� and �Not Enough Information�), the di�erences between the

models are less pronounced, suggesting that these classi�cations are less dependent

on income levels. Our results are robust to restricting the test data to a common sample

of policies from low- and middle-income countries, allowing for a fair comparison of

model performance (see Appendix Table H.7). Together, these results indicate that

our full model successfully learns patterns associated with industrial policies across

the income distribution, performing well in both high- and low-income settings.

Finally, policy text from lower-income countries' policy text may simply contain

less information about their goals and thus are more often classi�ed as �not enough

information.� 21 Indeed, Appendix Figure G.12 shows evidence consistent with the

lower information content of policy in low-income countries. For low- and middle-

income countries (quintiles 1�3), over 60% of policies are classi�ed as �not enough

information�, while the share of not enough information policies is as low as 20%

for the highest income quintile. To understand whether we are missing industrial

policy in lower-income countries due to higher rates of missing information content

in these economies, we conduct a bounding exercise in which we reclassify all the

not-enough-information content policies in low- and middle-income countries which

might be industrial policy as industrial policy. Appendix Figure G.13 shows that the

highest income quintile continues to have more industrial policies than the poorest

countries.

In summary, the evidence presented in this section points to the fact that higher-

income countries are the heaviest users of industrial policies. More precisely,

high-income countries account for a disproportionate share of the typeof industrial

policy our approach is well-suited to capturing. This �nding is consistent with the

evidence from the previous fact, which suggests that all countries typically deploy

�scally and administratively intensive industrial policy. If contemporary industrial

21. Note that low-information content policies are distinct from the issue discussed above, which is
about di�erent ways of describing industrial policy goals.
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policy is disproportionately deployed via �scally and administratively costly policies

everywhere, it is perhaps unsurprising that advanced economies are the ones that

can a�ord these policies.

However, we caution that a more tailored approach to measurement in lower-

income countries may �nd a more important role for other, less �nancialized instru-

ments.22 This caveat aside, this result provides robust evidence that high-income

economies play an outsized role in actively shaping the composition of economic

activity with �nancialized instruments.

6.D. Fact 4 - Industrial policy is correlated with revealed comparative advantage

in high-income economies

Our fourth fact examines the types of industries targeted by new industrial policy

activity. We explore whether industrial policy systematically targets sectors that are

more or less established in international markets. Theories of industrial policy di�er

on which industries governments should target, but to date there is no empirical

evidence on what targeting looks like in practice.

To study patterns of targeting, we merge measures of industrial policy activity

with trade �ow data using the United Nations Commodity Trade Statistics Database

(UN COMTRADE). Trade values are reported in USD, and we consider trade �ows

at the Harmonized System (HS) aggregate 2-digit and 6-digit levels. We use these

data to construct revealed comparative advantage (RCA) (Balassa, 1965), which is a

widely used metric for measuring export specialization. It is de�ned as RCA :2 B�
- :2Í
2 - :2

� � � Í
: - :2Í

2–:- :2

�
, where - :2 denotes country 2's exports in industry : . When a

country has a revealed comparative advantage in sector : that is greater than one, it

means the country is more specialized in exporting that sector than other countries

on average.

We run linear probability model (LPM) regressions of the form

IP:2C= 
 Ï � RCA :2CÏ � 2CÏ &:2C–

where IP:2Cis a binary indicator variable that takes the value of one if HS sector :

in country 2 in year Chas at least one new industrial policy announcement, RCA :2Cis

revealed comparative advantage, and &:2Cis the error term. All speci�cations include

country-by-year e�ects � 2C. We estimate the speci�cation at the HS2 level for the

years 2010-2022, using a sample of 175 countries reported in COMTRADE. Standard

errors are clustered at the country level.

22. A good example of an industrial policy we would be unlikely to capture is the �Productivity
Roundtables� discussed in Juhász et al. (2024), which explicitly eschewed subsidies and deployed
industrial policy through government coordination with the private sector.
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Table 5 shows that sectors with higher RCA are more likely to receive new

industrial policy interventions. On average, a sector with an RCA above 1 has a 1.97

percentage point higher probability of receiving a new industrial policy intervention

based on the estimates from column 1. This is both a statistically signi�cant and

economically meaningful e�ect: on average 4.3% of sector-country pairs receive a

new industrial policy intervention in any given year. These results are qualitatively

similar when using the continuous (log) RCA measure (column 3). Although this is a

correlation, the fact that we capture the �ow of industrial policy aids interpretation.

Thus, reverse causality, namely that sectors have higher RCA because of the new

industrial policy announcement, is unlikely.

Table 5: Regression of Industrial Policy Activity on RCA

(1) (2) (3) (4)
Independent Variables IP = 1 IP = 1 IP = 1 IP = 1

RCA 7 1 0.01967*** 0.00590**
(0.00380) (0.00241)

GDPpc 7 Median � RCA 7 1 0.02692***
(0.00695)

ln(RCA) 0.00194*** 0.00073**
(0.00036) (0.00030)

GDPpc 7 Median � ln(RCA) 0.00259***
(0.00075)

Observations 199968 199968 180176 180176
R-squared 0.330 0.330 0.327 0.327
Mean 0.043 0.043 0.047 0.047
# of Countries 175 175 175 175

Notes:This table shows the relationship between industrial policy targeting and revealed comparative
advantage. We regress an indicator of industrial policy at the country-year-HS2 level on revealed
comparative advantage (RCA). IP takes the value of 1 if, for a given country-year pair, that sector
(2-digit HS) received at least one industrial policy. RCA measures are created with trade data from
COMTRADE. Standard errors are clustered by country. Asterisks denote statistical signi�cance at the
1% (***), 5% (**), and 10% (*) levels. All columns include country-by-year �xed e�ects. Mean refers to
the mean value of the dependent variable.

The results in Table 5 suggest potentially strong heterogeneity across the income

distribution. The e�ect is much stronger for higher-income countries, shown by the

interaction of RCA with an indicator variable for countries with above median income

(columns 2 and 4). To further explore this heterogeneity, we split the baseline sample

into di�erent income quintiles and estimate the following speci�cation:
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IP:2C= 
 Ï
5Õ

8=2

� 8 � 1f RCA :2C= 8g Ï � 2CÏ � :2C– (3)

Where IP:2Cis a binary indicator variable that takes the value of one if HS sector

: in country 2 in year Chas at least one new industrial policy announcement, � 8 is

the coe�cient on an indicator variable that takes the value of one if RCA :2C is in

quintile 8of country 2's distribution of revealed comparative advantage in year C, � 2C

are country-year �xed e�ects, and � :2C is the error term. The omitted category is

the lowest RCA quintile, which implies that � 8 captures the di�erence in probability

of industrial policy for RCA quintile 8 relative to the lowest quintile of the RCA

distribution.

We run this speci�cation separately for i) the two lowest income quintiles, ii) the

middle income quintile, and iii) the two highest income quintiles. Figure 9 plots the

coe�cients, and Appendix Table H.8 reports the corresponding regression tables.

For high-income countries (Panel a), we see a strong increasing monotonic

relationship between a sector's position in the RCA distribution and the probability

of receiving a new industrial policy. In high-income countries, the best-performing

sectors (quintile 5) are about 4 percentage points more likely to receive a new industrial

policy than the worst-performing sectors (quintile 1). The results are robust to using

only national policies, and to dropping all export-related policies. This latter result

shows that industrial policies that do not use export-oriented policy instruments also

disproportionately target a country's best-performing export sectors.

For high-income countries, we show that these results also hold when using

more disaggregated (HS6) product data, reported in Appendix Figure G.14. We

�nd an increasing, monotonic relationship even in speci�cations with country�year�

HS2 �xed e�ects, meaning that within broad sectors, rich countries target their

best-performing products with industrial policy.

Panels (b) and (c) of Figure 9 show there is no similar e�ect for low- and middle-

income countries. In middle-income countries, there is some evidence that better-

performing sectors receive more new industrial policy, but the e�ect is much smaller

in magnitude and does not display the same monotonic pattern as in high-income

countries. For the lowest-income countries, the e�ect is even weaker.
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