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Abstract

The transformations undergone by the international economy since the 2008 Great Financial Crisis, the escalating US-
China rivalry, and the instability of global value chains exposed by crises such as Covid-19 have renewed academic
debate on the relationship between industrial policy and development. In response, the U.S. adopted a broad set of
recent industrial policies aimed at revitalizing its productive structure after decades of deindustrialization. This paper
examines how U.S. deindustrialization evolved across regional, sectoral, and technological dimensions between 2000
and 2024, and whether the industrial policy revival has influenced a potential reindustrialization trajectory, also
investigating whether knowledge-intensive services have replaced manufacturing as the main driver of productivity
growth. Following Tregenna and Andreoni (2020) and Dosi et al (2021; 2022), we use panel-data models to estimate
how industrialization and manufacturing's contribution to productivity growth are associated with per capita income
and with a post-2015 industrial policy revival dummy. Key findings show: (i) a predominantly positive relationship
between income and manufacturing share, reversing only modestly at very high per capita income levels (US$93,000
to US$103,000); (ii) a negative association confined to low-technology industries; (iii) strong regional heterogeneity;
(iv) manufacturing remains the leading contributor to productivity growth, despite accounting for a smaller share of
employment than knowledge-intensive services. As its main contribution to the literature, the paper suggests that the
traditional natural deindustrialization process may have been exhausted during this period, with the post-2015 industrial
policy revival associated with rising manufacturing shares, particularly at the 25% poorest and at the 25% richest states.

Keywords: Industrial policy and development; Structural change; Natural deindustrialization; U.S. economy;
Manufacturing—income relationship.
JEL code: 025; 014; L16; O47.

Resumo

Make America Great Again? Heterogeneidades tecnolégicas e setoriais da desindustrializacao dos EUA e os limites da
transicao para servigos intensivos em conhecimento, 2000-2024

As transformac6es pelas quais passou a economia internacional desde a Grande Crise Financeira de 2008, a escalada
da rivalidade entre Estados Unidos e China e a instabilidade das cadeias globais de valor evidenciada por crises como
a da Covid-19 renovaram o debate académico sobre a relagdo entre politica industrial e desenvolvimento. Em resposta,
os Estados Unidos adotaram recentemente um amplo conjunto de politicas industriais destinadas a revitalizar sua
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estrutura produtiva ap6s décadas de desindustrializagdo. Este artigo examina como a desindustrializacdo estadunidense
evoluiu nas dimensdes regional, setorial e tecnoldgica entre 2000 e 2024 e se a retomada da politica industrial
influenciou uma possivel trajetéria de reindustrializagdo, investigando também se 0s servi¢os intensivos em
conhecimento substituiram a manufatura como principal motor do crescimento da produtividade. Tal qual Tregenna e
Andreoni (2020) e Dosi et al. (2021; 2022), utilizam-se modelos de dados em painel para estimar como a
industrializaco e a contribuicdo da manufatura para o crescimento da produtividade estdo associadas a renda per capita
e a uma variavel dummy representativa da retomada da politica industrial no periodo posterior a 2015. Os principais
resultados mostram: (i) uma relagdo predominantemente positiva entre a renda e a participacdo da manufatura no PIB,
que se reverte apenas modestamente em niveis muito elevados de renda per capita (entre US$ 93 mil e US$ 103 mil);
(if) uma associagéo negativa restrita as inddstrias de baixa intensidade tecnoldgica; (iii) forte heterogeneidade regional;
e (iv) que a manufatura permanece como a principal responsavel pelo crescimento da produtividade, apesar de
representar uma parcela menor do emprego do que 0s servigos intensivos em conhecimento. Como principal
contribuicdo a literatura, o artigo sugere que o processo tradicional de desindustrializacdo natural pode ter se esgotado
durante esse periodo, e que a retomada da politica industrial apos 2015 esta associada ao aumento da participacéo da
manufatura no PIB, particularmente entre os 25% de estados mais pobres e 0s 25% de estados mais ricos.

Palavras-chave: Politica industrial e desenvolvimento; Mudanca estrutural; Desindustrializagdo natural; Economia
Estadunidense; Relagéo entre indUstria e renda.

Introduction

Since the Great Financial Crisis of 2008, a sequence of shocks and structural
transformations has increasingly challenged the development model consolidated since the 1980s
(Rodrik; Stiglitz 2025). In the productive dimension, this model relied on the expansion of global
value chains (GVCs). As a result, manufacturing production was increasingly relocated beyond
high-income economies, becoming largely concentrated in “Factory Asia” (Gereffi, 1994;
Baldwin, 2013; Baldwin; Forslid, 2014).

Alongside this reorganization of global industry, political and academic debates since the
early 2010s have increasingly questioned the limits of development strategies in high-income
countries. These limits have become visible in the difficulty of sustaining growth cycles that
combine income growth, rising real wages, productivity gains, and innovative performance, while
also reducing inequalities (Lee; Kim, 2024; Lazonick, 2014; 2017). In this context, a central
dimension of the debate about development strategies concerns the need to reassess the
relationship between productive structure and development (Chang; Andreoni, 2020; Aiginger;
Rodrik, 2024).

Additionally, recent geopolitical events also have further reinforced the renewed
centrality of manufacturing in development debates. The techno-nationalist rivalry between the
U.S. and China and the exposure of global value chain vulnerabilities during crises such as the
pandemic have all contributed to the return of industrial policy as a key component of long-term
development strategies, particularly in the U.S. (Fernandes; Reed, 2026; Aiginger; Ketels, 2024;
Diegues; Roselino, 2024).

Against this backdrop, this paper examines the relationship between manufacturing and
development in the U.S., with a particular focus on the regional and technological heterogeneity
of deindustrialization since the 2000s and manufacturing’s contribution to productivity growth.
Building on the literature that emphasizes the centrality of manufacturing for development, as
well as the link between per capita income growth and “natural” deindustrialization (Tregenna;
Andreoni, 2020; Dosi; Riccio; Virgillito, 2021; 2022), the paper pursues the following objectives:
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(i) First, to assess whether it is possible to identify a pattern of deindustrialization across
U.S. states over the period of 2000 to 2024 that still replicates the logic of “natural”
deindustrialization typically observed in high-income economies, even decades after the
consolidation of GVCs that partly arose from this process. More specifically, the paper tests
the hypothesis of an inverted-U relationship between per capita income and the manufacturing
share of GDP across the U.S. states and sectors. The aim is to determine whether
deindustrialization is predominantly concentrated in low-tech sectors and high-income states
that have reoriented their economies toward knowledge-intensive services, as suggested by the
inverted-U curve, or whether this phenomenon is widespread across all sectors and U.S. states,
including those with lower income levels and a lower prevalence of knowledge-intensive
sectors.

(ii) Second, the paper investigates whether the possible exhaustion of the traditional
process of natural deindustrialization across U.S. states has been accompanied by a decline in
manufacturing’s contribution to productivity growth. In other words, if the income-driven shift
from manufacturing toward services has already largely occurred, has manufacturing also
ceased to operate as a central engine of productivity growth? This question is particularly
relevant to assessing whether knowledge-intensive services have replaced manufacturing as
the main drivers of productivity growth in the U.S. economy.

Thus, the paper investigates whether manufacturing’s contribution to aggregate
productivity growth in the U.S. also follows an inverted-U trajectory as per capita income rises.
By doing so, the article addresses a question that remains central to the international literature on
structural change: whether, in a high-income economy such as the United States, knowledge-
intensive services — including information, finance and insurance, and professional and business
services — have gradually replaced manufacturing as the leading sources of productivity growth,
as suggested by interpretations of natural deindustrialization and the growing servicification of
economic activity (Rodrik, 2026; Di Meglio; Gallego, 2022; Di Meglio et al., 2018; Nayyar; Cruz;
Zhu, 2021; Nayyar; Hallward-Driemeier; Davies, 2021; Gallouj; Savona, 2009).

Thus, as a complement to the preceding analyses, we examine whether, after the
resumption of explicit and techno-nationalist industrial policy initiatives in 2015 — following the
Revitalize American Manufacturing and Innovation Act of 2014 — it is possible to observe an
inflection in the curve relating industrialization and income. That is, whether there is an increase
both in manufacturing’s share of GDP and in its contribution to productivity growth that could
signal a renewed orientation of the development strategy. It is worth emphasizing that the paper
does not seek to measure the impact of specific industrial policy programs. Rather, it examines
whether the new cycle of industrial and technological policy after 2015 is associated with a
renewed relevance of manufacturing, measured by changes in its share of GDP and in its
contribution to productivity growth.

Methodologically, the analysis is grounded in interpretations that empirically examine
whether the relationship between the evolution of manufacturing’s share in GDP and per capita
income growth follows an inverted-U pattern — as originally proposed in the seminal contributions
of Rowthorn and Wells (1987), Rowthorn and Ramaswamy (1997; 1999) and Palma (2005) — as
well as in the more recent developments advanced by Rodrik (2016), and especially Dosi, Riccio
and Virgillito (2021; 2022).
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The paper estimates panel data models relating the share of manufacturing in states’s
GDP to per capita income, its squared term, and population size, controlling for sectoral, state,
and sectoral-state fixed effects, and includes a post-2015 dummy. The dependent variable is the
share of GDP for manufacturing sectors across the fifty U.S. states over the period 2000-2024.
With the aim of mitigating the effect of price variation on the composition of sectoral industrial
GDP, these data were deflated using two manufacturing-specific price indices (one for durable
goods and the other for non-durable goods, provided by BEA — Bureau of Economic Analysis).
Thus, the article engages with the recent debate revival on United States deindustrialization (Fort
et al, 2018; Charles et al., 2019 Berger, 2013; Yazgan; Marangoz; Bulut, 2022) and extends their
contribution along three main dimensions.

First, the paper seeks to extend the analysis of the centrality of manufacturing to
development beyond its relevance for GDP. In line with the arguments advanced by Hauge and
Chang (2019), Tregenna and Andreoni (2020), and Chang and Andreoni (2020), we examine
whether, despite its declining statistical weight in the national economy, manufacturing remains
the largest contributor to productivity growth in the U.S. economy, despite the increasing weight
of knowledge-intensive services in GDP over the last decades.

Additionally, it shifts the analytical focus to the sectoral composition of manufacturing,
thereby moving beyond aggregate measures of industrial participation. By disaggregating
manufacturing according to technological intensity, the paper examines how different sectoral
profiles relate to the evolution of per capita income across U.S. states. This allows for a more
granular assessment of whether structural change is driven by the contraction of specific
manufacturing segments or by a generalized decline in industrial activity.

Second, we use the share of manufacturing value added in GDP, rather than employment,
as the main indicator of deindustrialization. Since our objective is to examine the relationship
between deindustrialization and per capita income, value added provides a more direct measure
of the manufacturing sector's contribution to national income than employment-based indicators,
which may decline even when manufacturing output remains robust due to productivity gains.
Additionally, sectoral value added are measured in real terms, through deflation procedures
applied at the level of industry groups (durable and non-durable goods). This methodological
choice enables the isolation of price effects from volume dynamics and permits a more precise
evaluation of the income—industrialization nexus. In particular, it controls for the long-term
relative price decline of manufactured goods vis-a-vis services observed over the past two
decades—whether attributable to the deflationary pressures associated with the consolidation of
the “Asian factory” or to the comparatively faster productivity growth in manufacturing. By
relying on deflated series, the analysis mitigates compositional distortions arising from relative
price movements.

Third, by introducing a post-2015 time dummy, the paper tests for a potential structural
break in the trajectory of deindustrialization following the renewed and explicit re-centralization
of industrial policy within the U.S. development strategy. This specification allows us to assess
whether recent policy reorientation has been associated with a measurable shift in the long-
standing downward trend of manufacturing participation.
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The remainder of the article is organized as follows. Section 1 provides a review of the
relevant literature, outlining the theoretical foundations linking productive structure,
deindustrialization and development, and briefly discussing the resurgence of U.S. industrial
policy during the 2010s. Section 2 presents the empirical strategy and methodological framework.
Section 3 discusses the descriptive statistics and econometric results. The final section concludes
with a synthesis of the main findings and their implications for the broader debate on structural
change and development.

1 Bringing production back: productive structure and development
1.1 Structural change and development

The productive structure of an economy is an important key determinant of long-run
economic development. As early as the late eighteenth century, Alexander Hamilton (1791), in
his Report on Manufactures, argued for the establishment of a robust domestic manufacturing
base, in order to foster not just technological progress, but also economic independence and
national prosperity. In a similar vein, List (1841) further developed this perspective by
emphasizing that the composition of production matters for long-run development, as different
economic activities embody distinct opportunities for learning and capability accumulation.

Particularly, the manufacturing sector’s growth-enhancing nature makes it a distinctive
key engine of long-run economic growth. By cumulatively generating dynamic increasing returns
to scale, the sector raises labor productivity and strengthens productive competitiveness (Kaldor,
1966). At the same time, manufacturing expansion generates economy-wide spillover effects
through backward and forward production linkages, reinforcing aggregate economic performance
(Hirschman, 1958). Additionally, the tradable nature of manufacturing industries and their strong
participation in international markets enable them to generate foreign exchange earnings, thereby
alleviating balance-of-payments constraints on growth (Thirlwall, 1979).

For this reason, a robust manufacturing sector has long been considered a fundamental
condition for successful innovation-driven catch-up (Abramovitz, 1986). As countries develop,
this process is generally accompanied by structural upgrading, characterized by a progressive
transition from low-technology industries, such as textiles, to more knowledge and technology
intensive activities, such as ICT (Dosi et al., 2021).

Given the distinctive role traditionally attributed to manufacturing, its relative decline has
also become a central topic in the development literature. Rowthorn (1994) defines
deindustrialisation as the long-term decline in the share of manufacturing employment relative to
total employment. In the conventional account of “natural” deindustrialisation, this decline may
result from rapid productivity growth in manufacturing, which raises real incomes and gradually
shifts the composition of demand toward services, thereby reducing manufacturing’s share of
employment without necessarily implying an absolute contraction of industrial production.

Within this framework, industrialisation and deindustrialisation follow an inverted U-
shaped relationship with economic development (Rowthon; Ramaswamy, 1997; 1999). During
the early stages of development, rising per capita income is accompanied by the expansion of
manufacturing employment and a corresponding reduction in agricultural employment. As
income continues to increase, however, manufacturing employment eventually reaches a turning
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point, after which its share in total employment begins to decline while the service sector absorbs
an increasing share of the labor force.

Beyond the traditional case for deindustrialization as a natural development outcome
(Rowthorn; Ramaswamy, 1997), the dynamics of industrialization are strongly influenced by
demand patterns and productivity dynamics (Dosi et al., 2021). In particular, the fragmentation
of global value chains and the relocation of manufacturing activities toward emerging Asian
economies have profoundly reshaped the geography of industrial production (Andreoni;
Tregenna, 2019; Chang; Andreoni, 2020). As a result, what appears as industrial decline at the
national level often reflects the increasing spatial concentration of manufacturing activities in a
relatively small group of countries, most notably China, rather than a generalized reduction in the
importance of manufacturing worldwide, especially in developed countries (Felipe; Mehta, 2016;
Haraguchi et al., 2017; Berardino; Onesti, 2021).

These developments have also reopened the debate on whether manufacturing remains
the primary engine of economic growth. As rapid technology transformations have increased
inter-industry linkages, a relevant body of literature argues that certain knowledge-intensive
service activities, such as finance, information technologies and business services, may exhibit
characteristics traditionally associated with manufacturing including high tradability and
productivity-enhancing spillovers (Baumol, 2002; Di Meglio et al., 2018; Owusu; Szirmai;
Foster-McGregor, 2020).

The diffusion of digital technologies and the growing integration between manufacturing
and advanced services have therefore blurred the conventional distinction between the two
sectors, suggesting a “servitization” of the economy, where productivity gains may increasingly
emerge from their complementarities rather than from manufacturing alone (Andreoni, 2020). In
this context, this gives rise to a hybrid organizational model, where manufacturing firms have
retained complex activities while externalizing or relocating production systems (Bernard et al.,
2016).

The emergence of global value chains has intensified the integration of goods and services
in production, increasing the incorporation of high-value intermediate services into
manufacturing exports (Berardino; Onesti, 2021). Antonelli and Fassio (2014) argue that the
deindustrialisation observed in advanced economies is consistent with the emergence of “light
economies,” characterized by a growing reliance on knowledge-intensive and capital-saving
technologies.

This transformation, in turn, suggests that a significant share of employment growth in
the service sector reflects the increasing outsourcing of activities previously performed within
manufacturing firms (Francois; Manchin; Tomberger, 2015). As a result, many outsourced
services are now recorded as independent service activities, which inflates the relative size of the
tertiary sector without a parallel reduction in industrial production. Moreover, the declining share
of manufacturing also reflects the sector’s relatively faster productivity growth, which lowers the
relative prices of manufactured goods over time (Hauge; Chang, 2019). Consequently, part of the
observed decline in manufacturing employment may represent a reorganization of production
across sectoral boundaries, rather than a genuine contraction of industrial activity or its productive
capabilities (Andreoni, 2020).
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Despite the growing integration between both sectors, its relationship is asymmetric.
Evidence suggests that while modern manufacturing increasingly relies on specialized service
inputs, the expansion of many service activities continues to depend on the demand generated by
manufacturing production (Bernardino; Onesti, 2020). Using causality tests and cross-country
regressions, Su and Yao (2016) show that manufacturing growth stimulates the expansion of the
service sector, whereas the reverse relationship is considerably weaker. Likewise, Owusu,
Szirmai and Foster-McGregor (2020) argue that many service industries rely heavily on forward
linkages with manufacturing, while the latter continues to exhibit stronger production multipliers,
generating broader demand for intermediate services and reinforcing productivity gains.

Taken together, these contributions suggest that the growing importance of services
should not be interpreted as evidence that manufacturing has lost its relevance. Rather,
technological change has made the relationship between the two sectors increasingly
complementary. This paper builds on this perspective by examining the regional (Yazgan et al.,
2022) and technological heterogeneity of deindustrialization (Rodrik, 2016; Tregenna; Andreoni,
2020) and whether it still operates as a central engine of productivity growth in the U.S.. After
all, as Dosi et al. (2021) argue, manufacturing development is still a necessary condition for
catching up, and its role as an engine of growth is certified by its ability to generate positive
economy-wide spillover effects.

1.2 Make in America and the revival of U.S.’s industrial policy

The economic development of the United States has been grounded, from its
independence to the present day, in the decisive participation of the State, particularly through its
industrial policies. These policies enabled the emergence, expansion, and diversification of U.S.
industry in the nineteenth century, as well as the achievement of technological leadership
throughout the twentieth century. In the 1980s and 1990s, the advance of globalization —
centered on new information and communication technologies (ICTs) and neoliberal policies —
together with the collapse of the Soviet Union, placed the United States in a position of political
and economic hegemony. This new context enabled large U.S. conglomerates to restructure their
business strategies, transferring increasingly significant portions of their manufacturing activities
to other firms and other countries, in what became known as outsourcing and offshoring
strategies. Although embedded in the short-term logic of financialization, these new strategies
initially contributed to consolidating the technological leadership of large U.S. conglomerates in
the most dynamic sectors (Andreoni; Gregory, 2013; Bailey; De Propris, 2020; Best, 2019;
Chang; Andreoni, 2020). During this period, the adoption of “non-industrial policies,” centered
on economic deregulation, corroborated the strategic reorientation of these large firms. According
to Chang (2004), the promotion of neoliberal economic policies at the international level would
also constitute a way of preventing the adoption of industrial policies capable of fostering the
productive and technological rise of emerging countries.

However, the growing fragmentation and internationalization of production chains
resulted, over time, in the loss of essential capabilities within the U.S. productive structure,
reducing technological dynamism and business competitiveness, while also increasing trade
deficits and limiting job creation in the industrial sector. The 2008 global financial crisis
demonstrated the failure of economic deregulation policies not only in the financial sphere, but
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also in the productive sphere, exposing the fragility of the productive structure of developed
countries, particularly the United States (Rodrik; Stiglitz, 2025; Tregenna; Andreoni, 2020;
Wade, 2012). Thus, the first discussions began regarding the adoption of industrial policies aimed
at reversing this process of deindustrialization.

Nevertheless, the main factor behind the renewed debate on industrial policy in the United
States was the rise of the Chinese economy. China emerged as the other side of the global value
chains process by becoming the main recipient of the manufacturing activities of large U.S.
conglomerates. As a result, beginning in the 1990s, a high degree of complementarity and
dependence developed between the two productive structures. However, China, which already
had a strong and active state presence in the economy through its five-year plans, implemented
active industrial policies that gradually enabled it to overcome its dependence on foreign firms
established in the country. Industrial policy promoted a catching-up process in China’s productive
structure by endogenizing technological development and ensuring enormous production scales
(Chang; Andreoni, 2020; Diegues; Roselino, 2023). The growing volume of Chinese industrial
production is directed not only toward exports, but also toward a robust domestic market. In recent
decades, the Chinese economy has surpassed other Asian nations, particularly South Korea and
Japan, and has advanced in the economic, technological, and geopolitical competition with the
United States. According to Hauge et al. (2025), China accounted for 6% of global manufacturing
in 2000 and 31% in 2022. This growing threat to the U.S. hegemonic position was decisive for
the resumption of industrial policies by the United States.

In turn, recent climate changes resulting from global warming have imposed a series of
challenges on global leaders, particularly those of the most polluting countries, such as the United
States. Sustainability policies aimed at reducing carbon emissions are centered on energy and
industrial policies that promote the replacement of fossil fuels with renewable energy sources.

The Covid-19 pandemic and the recent war between Russia and Ukraine exposed the
vulnerability of U.S. industry. Essential products, such as active pharmaceutical ingredients and
semiconductors, are produced either wholly or partially abroad and therefore need to be imported.
Even products with very low technological content, such as protective masks, were also produced
in other countries (Aiginger; Ketels, 2024; Diegues; Roselino, 2023). In turn, long-range missiles
and ammunition are manufactured in production plants in the United States, but at scales far below
the needs imposed by recent conflicts (Laufer et al., 2025). These deficiencies demonstrated the
need for the United States to adopt industrial policies in strategic sectors in order to ensure
national sovereignty.

The set of elements presented above—the financial crisis, the pandemic, armed conflicts,
climate change, and the rise of a new power—Ied to the resumption of industrial policies by the
United States beginning in the 2010s. Industrial policy became increasingly important for
ensuring technological dynamism, economic growth, and sovereignty itself. The following
section presents the resumption of industrial policies in the United States and their evolution
across the most recent administrations.

The main challenge at the beginning of the Obama administration (2009-2016) was to
confront the global financial crisis. In this context, one of the main measures was the approval, in
2009, of the American Recovery and Reinvestment Act (ARRA), a comprehensive economic
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recovery policy with a strong industrial dimension, aimed primarily at restoring productive
activity and employment. Horizontal instruments were adopted, particularly tax incentives, to
foster the recovery of investment across U.S. industry as a whole, in addition to channeling a
significant volume of public resources toward infrastructure recovery. Public investments and
incentives for private capital directed toward the clean energy sector stand out, with this initiative
marking the beginning of a long-term policy aimed at adapting the U.S. energy matrix to the
challenges of sustainability (Block et al., 2024; Di Tommaso, 2020). In parallel, it is important to
underscore the adoption of a specific recovery policy for the automobile industry—involving
public loans and even temporary equity participation—since it was one of the sectors most
affected by the global financial crisis. Finally, SelectUSA deserves mention, a program created
in 2011 to attract foreign direct investment to the United States within the broader agenda of
recovering U.S. industry through a reshoring policy.

After contributing to the response to the global financial crisis, the industrial policy of the
Obama administration shifted its focus to the loss of competitiveness of U.S. industry, especially
in high-technology sectors affected by competition from more industrialized countries such as
Japan, South Korea, and Germany. In this regard, in 2011, the Advanced Manufacturing
Partnership (AMP) was launched, an initiative focused on advanced manufacturing that sought to
coordinate the actions of the federal government, universities, and firms in the development of
emerging technologies for the productive sector, thereby constituting the so-called triple helix of
innovation. Over the years, this initiative became increasingly necessary, given the need to
confront the growing competitiveness of the Chinese economy, which was advancing into sectors
with higher technological content and increasing scale (Reynolds, 2024).

In 2014, the Obama administration approved the Revitalize American Manufacturing and
Innovation Act (RAMI), the legal milestone of the new U.S. industrial policy, which enabled the
establishment of the National Network for Manufacturing Innovation (NNMI), renamed
Manufacturing USA in 2016. This new industrial policy brought together previous efforts with a
set of new initiatives, creating a network of public-private research institutes aimed at building
capabilities in advanced manufacturing technologies and diffusing these innovations throughout
the productive sector. It was coordinated by an institutional structure organized within the NNMI
and supported by a significant volume of public resources, directed both to state investments and
to incentives for the private sector. This new industrial policy aimed to maintain leadership in the
technological race by pushing forward the technological frontier (Reynolds, 2024; Rodrik, 2022).
RAMI constitutes the turning point in the resumption of U.S. industrial policy, which ceased to
assume a reactive stance and began to adopt an active and strategic position. In sum, it laid the
legal and institutional foundations of the new U.S. techno-nationalist industrial policy.

The guiding principle of the Trump administration (2017-2020) was the nationalist
agenda of America First, with industrial policy as one of its key elements. The argument was
based on protecting U.S. industry and jobs, while also ensuring national security, particularly in
the face of China’s economic, technological, and geopolitical expansion (Rikap, 2021). Along
these lines, Buy American, a program establishing preferences in public procurement, was
instituted in 2017. Also in 2017, a program aimed at strengthening the local supply chain of the
U.S. defense industrial base was launched. It can be observed that the Trump administration
adopted a more confrontational industrial policy toward China, introducing a series of
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protectionist measures. The process began with higher import tariffs on Chinese products,
justified on the grounds of unfair trade practices. In 2018, the Export Control Reform Act was
approved, restricting exports of strategic products and critical technologies. Also in 2018, the
scope and authority of the Committee on Foreign Investment in the United States (CFIUS) were
expanded to monitor and control foreign investment in the United States, particularly Chinese
investment (Da Silva, 2025; Di Tommaso, 2020).

However, the Trump administration continued the main industrial policy initiative of the
previous administration — the NNMI, focused on advanced manufacturing — and further
deepened this policy in 2018 with the publication of the Strategy for American Leadership in
Advanced Manufacturing. This new version reinforced the need for the United States to defend
its leadership in the most advanced industrial sectors through the interaction between research,
development, and production (Di Tommaso, 2020). The difference lies in the fact that the Trump
administration framed this policy in the language of economic and national security associated
with America First, and even invoked the Defense Production Act, dating back to the 1950s, to
support sectors considered strategic for national defense and security. The only significant change
in the Trump administration’s industrial policy, compared with the previous administration,
occurred in the energy sector, with the abandonment of clean energy policies and the favoring of
fossil energy sectors through the reduction of regulatory constraints.

The Covid-19 pandemic exposed vulnerability resulting from the high degree of
fragmentation and internationalization of global value chains. Initially, in 2020, the Trump
administration approved Operation Warp Speed (OWS), an emergency industrial policy
coordinated and financed by the State and implemented through public-private partnerships, with
the objective of developing, producing, and distributing vaccines against Covid-19 (D’Souza,
2025). Subsequently, in 2021, the Biden administration introduced the American Rescue Plan, a
robust package aimed at recovering from the economic crisis caused by the pandemic through
income transfers, support for local governments, and assistance to small businesses (Artecona;
Velloso, 2022).

At a broader level, the Biden administration (2021-2024) maintained and deepened the
industrial policies of previous administrations. In 2021, it approved the Infrastructure Investment
and Jobs Act (I1JA), allocating significant volumes of resources to the recovery and
modernization of infrastructure, particularly in the transportation and energy segments. Within
the framework of the I1IJA, the Build America, Buy America Act (BABA) was approved,
becoming the core of a broad and coordinated industrial policy, managed by the Made in America
Office (MIAO), which established local content requirements for participation in all state-funded
programs (Reynolds, 2024).

In 2022, the Biden administration approved the CHIPS and Science Act, an explicit and
robust sectoral industrial policy aimed at rebuilding the competitive capacity for semiconductor
production in the United States. To this end, incentives and subsidies for local production were
used, along with agreements with leading global and domestic firms to establish production
facilities in the country. This policy also sought to slow China’s advances in this sector by
deepening export controls on critical technologies, including measures affecting allied countries
with active participation in the global semiconductor chain (Arcuri, 2022; Avellar, 2023).
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The major difference in relation to the previous administration was the resumption of
industrial policies aimed at energy sustainability. In 2022, the Inflation Reduction Act (IRA) was
approved, a comprehensive “green industrial policy” that sought to create and develop production
chains for sustainable technologies, using the energy transition as an opportunity for industrial
development on new technological foundations. Among the selected sectors, electric vehicles,
batteries, rare earths, and solar and wind components stand out (Reynolds, 2024).

The second Trump administration, which began in 2025, gives continuity to the industrial
policy of previous administrations while strengthening its nationalist bias. In this regard, it
deepens technological restrictions on China. The novelty lies in the generalized use of tariff
barriers as an instrument of pressure on its trading partners (Nasser; Takitani, 2025). The new
industrial policy also aims to secure leadership in artificial intelligence (Al), particularly in data
center infrastructure, through incentives and the deregulation of licensing procedures. The major
change in industrial policy lies in the reversal of much of the IRA, the previous administration’s
green policy. Incentives and subsidies have been redirected toward the fossil fuel and nuclear
energy sectors, based on the argument of prioritizing energy security and reducing energy costs.

Concluding, since the Obama administration, it is possible to observe the construction of
an industrial policy that has become increasingly robust, comprehensive, coordinated, and
institutionalized in the United States. It is an industrial policy used to “shape markets” rather than
to “correct failures.” Industrial policy has gradually been repositioned as a central and intrinsic
element of U.S. development strategies, regardless of the specific emphases attributed by each
administration.

Thus, this historical reconstruction provides the rationale for the post-2015 dummy used
in the empirical analysis. The dummy is not intended to identify the causal effect of specific
industrial-policy instruments, but to capture whether the period following the institutional
consolidation of the new U.S. industrial-policy regime is associated with a measurable shift in
manufacturing’s relevance, measured both by its share of GDP and by its contribution to
productivity growth.

2 Data and methods
2.1 Modeling the relationship between manufacturing and per capita income

The first block of estimations uses a state-sector-year panel covering the 50 U.S. states,
with the District of Columbia excluded, over the period 2000-2024. The unit of observation is
manufacturing sectors in state i and year t. The dependent variable is the real share of each
manufacturing industry in state GDP (2024 base year). Value-added data are obtained from the
Bureau of Economic Analysis (BEA), while population and GDP per capita are also drawn from
BEA state-level series. Manufacturing value added is deflated before the shares are calculated:
sectors classified as durable goods are deflated using the BEA durable-goods price index, and
sectors classified as non-durable goods are deflated using the BEA non-durable-goods price
index. Aggregate GDP is deflated using the implicit GDP price deflator. The resulting income
variable is real GDP per capita.

The 19 manufacturing industries are classified by technological intensity using an
adaptation of the OECD taxonomy proposed by Galindo-Rueda and Verger (2016). Four groups
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are used: high technology, medium-high technology, medium-low technology, and low
technology (Box 1). In addition, states are divided into three income strata according to their
average real GDP per capita over 2000-2024: the top 25 percent, the middle 50 percent, and the
bottom 25 percent (Figure A1l — Appendix). These classifications allow the empirical strategy to
examine whether the income-manufacturing relationship differs across technological and regional
structures.

Box 1
Sub-sectoral technological classification

High technology Computer and electronic products

Electrical equipment, appliances, and components

Machinery

Medium-high technology Other transportation equipment

Chemical products

Motor vehicles, bodies and trailers, and parts

Petroleum and coal products

Primary metals

Fabricated metal products

Medium-low technology
Plastics and rubber products

Nonmetallic mineral products

Miscellaneous manufacturing

Wood product manufacturing

Food and beverage and tobacco products

Textile mills and textile product mills

Low technology Apparel and leather and allied products

Paper products

Printing and related support activities

Furniture and related products

Source: Authors according to OECD (2024).

The baseline econometric specification follows the quadratic income model used in the
literature on deindustrialization and manufacturing shares.

share;s, - BiIn(gdp_pcit) 4 BoIn(gdp_peir)* , Bsln(popi:) .
6 Dyo15-2024¢ + @ + Eist
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where:

shareist. the share of sector s in state i’s GDP in year t (in real terms, 2024 base
year);

In(gdp_pcie): the natural logarithm of real GDP per capita in state i;
ln(gdp_pcit)z: the quadratic term capturing non-linear effects;
In(popie). the natural logarithm of the population of state i;
D2015-2024: post-2015 dummy

@i: state fixed effects;

€ist: the idiosyncratic error term.

2.2 Measuring manufacturing’s contribution to productivity growth

In addition to the econometric simulations designed to examine the relationship between
per capita income and the share of manufacturing in GDP, this section extends the empirical
strategy by assessing the relevance of manufacturing to the U.S. economy through the
measurement of its contribution to aggregate productivity growth.

More specifically, and as a complement to the preceding analysis, we investigate whether
the relationship between per capita income and manufacturing’s contribution to aggregate
productivity growth also follows an inverted-U pattern. Rather than focusing on productivity
performance within manufacturing alone, these empirical simulations assess the extent to which
manufacturing contributes to overall productivity growth through its productivity dynamics and
its weight in the economy. We further compare this contribution with that of knowledge-intensive
service activities — such as information, finance, and professional and business services — to
evaluate whether these sectors have increasingly replaced manufacturing as the main drivers of
aggregate productivity growth in the U.S. economy.

The data used to construct these models are drawn from two main sources: the Bureau of
Economic Analysis (BEA), for value added, and the Bureau of Labor Statistics (BLS), for
employment. Accordingly, we construct a variable that comparatively assesses the contribution
of manufacturing and knowledge-intensive services to productivity growth across U.S. states. We
initially identify knowledge-intensive services as the activities classified under sectors 1022 —
information, 1023 — finance and insurance, and 1024 — professional and business services,
according to the 2017 North American Industry Classification System. These three sectors are
aggregated to form the knowledge-intensive services category.

Productivity is defined as the ratio between value added and annual average employment,
by sector. After productivity is calculated, the values are deflated using the implicit GDP deflators
for Goods, in the case of manufacturing, and Services, in the case of services. We then calculate
productivity for the private sector of the U.S. economy in the same way, deflating it by the implicit
deflator for Gross Domestic Product. In other words, based on BEA and BLS sector classification,
the aggregate corresponds to “All industry total — Private industries.” Activities classified as
“Government and government enterprises” are therefore excluded, to measure the relative
contribution of manufacturing only to private-sector productivity growth.
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After estimating labour productivity for manufacturing, knowledge-intensive services,
and the total private economy, we proceed to quantify the sectoral contribution to aggregate
productivity growth. To this end, we employ a standard growth decomposition approach,
implemented in two steps.

In the first step, sectoral productivity growth is weighted by the sector’s employment
share in the economy:

PCs,t =JdLpst Qs,t
where:
LPs,t - LPs,t—l Es,t

dipst = yUst =
LPg; 4 Er:

Here, LPg, denotes labour productivity in sector s at time t, E  is sectoral employment,
and Er ; is total employment in the private economy. The term PC;.captures the employment-
weighted contribution of sector s to aggregate productivity growth, 6 ;.

In the second step, this component is normalized by aggregate productivity growth in the
private economy:

or, equivalently:

(LPs,t — LPs,t—l) (Es,t>
LPs,t—l ET,t
(LPT,t — LPT,t—l)

LPp;_q

RCS,t =

The resulting measure RC; . represents the relative contribution of sector s to aggregate
productivity growth. Values above zero indicate a positive contribution, while negative values
indicate a drag on aggregate productivity growth.

To provide an illustrative example, suppose that manufacturing labour productivity grew
by 8% in 2024 (relative to 2023), while productivity in services grew by 4%. Assume further that
manufacturing accounts for 10% of total employment and services for 25%, and that aggregate
labour productivity in the private economy grew by 4%. The corresponding contributions to
aggregate productivity growth are then given by:

0.08 x 0.10 0.04 x 0.25
RCmanuf = W = 0.20 RCsm, = W = 0.25

That is, manufacturing accounts for 20% and services for 25% of total productivity
growth in this example.

The final step consists in constructing the dependent variable of the model, defined as the
difference between the contribution of manufacturing and that of services. Formally:

Y. = RCmanuf,t - RCserv,t
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Substituting from the expressions above:
(LPmanuf,t - LPmanuf,t—l) (Emanuf,t) (LPsery,t - LPserv,t—l) (Eserv,t)

Y, = LPmanuf,t—l ET,t _ LPserv,t—l ET,t
t (LPT,t — LPT,t—l) (LPT,t — LPT,t—l)
LPT,t—l LPT,(I—l

This variable captures the relative contribution of manufacturing vis-a-vis services to
aggregate productivity growth. Positive values indicate that manufacturing contributes more than
services to overall productivity growth, whereas negative values indicate the opposite.

As a further step to improve data quality and mitigate the influence of extreme
observations, we exclude outliers using the interquartile range (IQR) method. Specifically,

observations below@1 — L5+ IQR or above @3 L5 *IQR are removed from the sample,
where @1 and @3 denote the first and third quartiles, respectively, and IQR = Q3 — Qs

The productivity-growth models use this relative contribution measure as the dependent
variable and estimate the same quadratic income structure at the state-year level. Models 12 to 14
are estimated for the full sample, with progressively richer controls and fixed effects. Models 15
to 17 repeat the exercise for the three state-income strata without state fixed effects, while Models
18 to 20 add state fixed effects within each stratum. Since the dependent variable is observed at
the state-year level, standard errors are clustered by state. The estimated turning points identify
the level of income at which manufacturing's relative contribution reaches its maximum, while
the zero-crossing points indicate the income level at which knowledge-intensive services would
overtake manufacturing in predicted contribution to productivity growth.

3 Results
3.1 Descriptive statistics

Table 1 presents the descriptive statistics for manufacturing participation in U.S. GDP
between 2000 and 2024, both in aggregate terms and according to technological intensity. Over
the period, manufacturing accounted for an average of 9.37% of GDP, varying within a relatively
narrow range between 9.03% and 9.97%. Despite the widespread perception that advanced
economies have undergone a continuous decline in industrial activity, the aggregate evidence for
the United States suggests a more nuanced trajectory. Measured at constant prices, the
manufacturing share of GDP increased by an average of 0.75 percentage points over the period,
while real income per capita rose substantially, reaching an average level above USD 68,000.
These figures indicate that rising income levels have not been accompanied by a generalized
contraction of manufacturing activity.

A more detailed picture emerges when manufacturing is disaggregated by technological
intensity. High- and medium-high-technology industries recorded the largest increase in their
share of GDP, expanding by 0.90 percentage points between 2000 and 2024. Medium-low
technology industries also increased their participation, while low-technology industries
experienced a decline over the same period. These results suggest that the evolution of U.S.
manufacturing has been characterized less by an overall reduction in industrial activity but by a
process of industrial upgrading within manufacturing itself, involving a gradual shift toward more
technology-intensive activities.
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Table 1
Evolution of U.S.’s manufacturing share in GDP and by sectoral technological intensity (2000 to 2024 average)
Std. Coefficient Change |r.1 Avg. income
L Mean L . Max. manufacturing .
Manufacturing indicators Dev. of variation per capita
O o o O 0 shaeEp) T o
PP ° (2000 to 2024)
Aggregate manufacturing share
Manufacturing share in total GDP (%) 9,37 4,14 44,21 9,03 9,97 0,75 68.707,73
Sectoral manufacturing share
High and medium-high technology (%) 4,21 2,31 55,0 0,66 0,87 0,90
Medium-low technology (%) 2,56 1,60 62,2 0,34 0,46 0,65
Low-technology (%) 2,60 1,56 60,3 0,28 0,44 -0,80

Source: Author’s according to the Bureau of Economic Analysis (BEA).

In this context, the coexistence of rising income levels and relatively stable manufacturing

shares, combined with an internal shift toward more technology-intensive activities, is consistent

with the hypothesis that structural transformation in the U.S. along this century did not imply a

decline of manufacturing.

This pattern is further reinforced when manufacturing shares are examined across states
grouped by income levels. As shown in Table 2, manufacturing activity continues to occupy an
important position in middle-income states, accounting on average for 10.57% of GDP, compared
t0 9.19% in low-income states and 7.35% among high-income states. While this distribution is
broadly consistent with conventional structural transformation patterns, when considering
changes over time, in spite of their income level, all groups registered a positive net variation in

manufacturing.

Table 2
Evolution of U.S. states’ manufacturing share in GDP and by sectoral technological intensity (2000 to 2024 average)
. . Mean Std. Coeffi_cignt Min. Max. m;r:ﬁzgfulr?ng Avg. income
Manufacturing share in GDP (%) (%) Dev. of Variation %) (%) share (pp) pc (US$)
(Pp) (Pp) (2000 to 2024)
High-income states (top 25%0) 735 2,64 36,0 6,84 7,97 0,81 84.742,57
High and medium-high technology (%) 3,76 2,0 53,0 0,55 0,72 0,96
Medium-low technology (%) 195 1,00 51,3 0,26 0,38 0,40
Low-technology (%) 1,62 0,70 429 0,19 0,30 -0,55
Middle-income states (middle 50%) 10,57 4,61 43,6 9,93 11,27 0,91 67.482,98
High and medium-high technology (%) 4,74 2,63 55,6 0,69 0,89 1,08
Medium-low technology (%) 2,86 1,89 66,0 0,39 0,53 0,65
Low-technology (%) 2,96 1,58 53,5 0,36 0,52 -0,82
Low-income states (bottom 25%c) 9,19 3,62 39,4 8,39 10,05 0,38 54.933,96
High and medium-high technology (%) 3,68 1,70 46,2 0,53 0,17 0,51
Medium-low technology (%) 261 1,28 49,2 0,35 0,52 0,88
Low-technology (%) 288 1,73 60,2 0,34 0,54 -1,02

Source: Author’s, according to the Bureau of Economic Analysis (BEA).
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It is important to note, however, that this trend does not imply a uniform increase at the
state level within each group; rather, it reflects an average growth driven by specific dynamic
states — as seen in Figure 1.

In terms of the internal composition of manufacturing, this overall growth was mostly
driven by high and medium-high and medium-low sectors that had their participation in GDP
increased. In contrast, low-technology industries experienced declines irrespective of states’
income levels.

At the industry level, even though most manufacturing sectors increased their
contribution to GDP, growth was concentrated in a relatively small set of activities. Chemical
manufacturing recorded the largest expansion (1.73 percentage points), followed by food,
beverage and tobacco products (1.30), computer and electronic products (0.98), petroleum and
coal products (0.70), machinery (0.58), fabricated metal products (0.57), and motor vehicles and
parts (0.56). By contrast, apparel, leather and allied products (0.07), furniture (0.12), and wood
products (0.14) exhibited only modest growth.

Figure 1 complements this evidence by illustrating the relationship between changes in
manufacturing participation and real income growth across U.S. states between 2000 and 2024.
The first stand out is that income growth was positive in all states, regardless of whether
manufacturing expanded or contracted relative to GDP per capita. Second, variations in
manufacturing shares were generally modest, indicating that the manufacturing base remained
broadly stable throughout the period.

Figure 1
U.S. states according to changes in total manufacturing share and in real In GDP per capita between 2000 and 2024
®
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Source: Author’s, according to the Bureau of Economic Analysis (BEA).

The general dispersion suggests that rising income levels were compatible with the
preservation of manufacturing participation. Indeed, several states combining above-average
income growth with expanding manufacturing shares are located in the upper-right quadrant. This
includes specific dynamic poles driving the aggregate growth, such as Kansas (+1.85 pp) among
Middle-Income states and Idaho (+0.83 pp) in the Low-Income group, alongside North Dakota
(+0.35 pp) within the High-Income bracket.
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Conversely, the internal divergence hidden beneath the group averages becomes evident
as many states experienced localized contractions in industrial shares while still recording
substantial gains in real income per capita, clustering in the upper-left quadrant. This encompasses
major economies like California (-0.81 pp) and New York (-0.87 pp), as well as traditional
manufacturing hubs like North Carolina (-5.85 pp), Georgia (-2.93 pp), and South Carolina (-3.47

pp).

Taken together, the descriptive evidence suggests that U.S. manufacturing has not only
retained, but in several cases strengthened, its aggregate contribution to economic activity. More
importantly, this is marked by a gradual reallocation of productive activity toward segments with
greater technological content. Even though the process of industrial upgrading transcends regional
income differences, it does not appear to be the case of an uniform nationwide expansion, but a
structural shift driven by dynamic regional poles that characterize contemporary structural change
in the country.

3.2 Econometric Results and Discussion
3.2.1 Baseline income-manufacturing relationship

The econometric results are reported in Figure 2 and illustrated in Figure 3. Models 1 to
4 constitute the baseline specifications, with minor differences depending on the set of fixed
effects employed and on whether the temporal dummy is included. Models 5 to 7 are designed to
analyze regional heterogeneities of deindustrialization and are estimated respectively for the 25%
of states with the highest per capita GDP, the middle 50% of states, and the 25% of states with
the lowest per capita income. The models estimating the sectoral and technological heterogeneity
of deindustrialization are reported in Figure 4.

As a first conclusion, the results provide consistent evidence of a statistically significant
relationship between the share of manufacturing in U.S. states' GDP and per capita income across
all baseline specifications (Models 1 to 4). The significance of this relationship appears to be
highly robust, as it persists even when progressively adding fixed effects by state (Models 1 and
2), by state and sector (Model 3), and by state, sector, and year (Model 4).

In all specifications, the signs of the income coefficients are consistent with the pattern
expected under an inverted-U relationship. The estimated turning points are located at relatively
high levels of per capita income, ranging from approximately US$93,000 to US$103,000 in the
core specifications. However, the formal U-test results vary across specifications and are sensitive
to the inclusion of sector and year fixed effects, as well as to the associated covariance structure.

Thus, based on these initial findings, while a quadratic specification yields statistically
significant coefficients, the strict inverted-U pattern is not universally supported by formal Lind-
Mehlum tests across all specifications (Figure 2). Rather than a definitive turning point leading
to a structural decline, the data more robustly support a non-linear flattening of the relationship at
higher income levels. Even in the specifications where this pattern is statistically observed
(Models 1 and 2), for the majority of the observed income support, the association between
income growth and the manufacturing share of GDP remains positive, experiencing only a
marginal decrease at the uppermost percentiles of per capita income.
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Figure 2
Panel estimates of the income-manufacturing share relationship

Model 5 Model 6  Model 7

Model 1 Model 2 Model 3 Model 4 (25%1) (504) 252

In(gdp_pc) 0.0619%*F  0.0398**  0.0562**  0.0633**  0.0732* 01291  -0.0058
(0.0260)  (0.0183)  (0.0263)  (0.0260)  (0.0419)  (0.0998)  (0.0754)

In(gdp_pcy? -0.0027** —0.0017*F —0.0024** —0.0028%*  —0.0032*  -0.0057 00003
(0.0012)  (0.0008)  (0.0012)  (0.0011)  (0.0018)  (0.0044)  (0.0034)

In(pop) ~0.0008  —0.0016*  —0.0017*  —0.0014  —0.0010  —0.0020 —0.0022%*
(0.0009)  (0.0010)  (0.0010)  (0.0012)  (0.0010)  (0.0019)  (0.0009)

Dummy (2015-24) — 0.0003%FF  0.0003%%* 000000004 0.00026™F  0.00015 0.00048*
(0.0001)  (0.0001)  (0.0002)  (0.00011)  (0.00018) (0.00012)

Turning point

11.54 11.54 11.47 11.44 11.36 11.38 8.73
{In(edp pc)
Tuming point 103,048.07 1034807 9538749 93.175.67 86, 135 87,321 6,201
{gdp pc)
Support of [10.60 ; [10.60 ; [10.60 ; [10.60 ; [10.79; [10.84; [10.60 ;
In(gdp pc) 11.67] 11.67] 11.67] 11.67] 11.67] 11.46] 11.23]
Tl.ll'l‘!]l‘lg point Yes Yes Yes Yes Yes Yes No
within support
Lind-Mehlum U-  Inverted-U (p Inverted-U (p = Not confimed Not confirmed Inverted-U(p= Not confirmed firm ?E]:
test <0.09) 0.06) (=017  (p=0.1234) 0m)  @=036) g )
Observations (N) 23,747 23,747 23,747 23,747 6.172 11,400 6.175
State fixed effects Yes Yes Yes Yes Yes Yes Yes
Sector fixed effects - - Yes Yes - - -
Year fixed effects - - - Yes - - -
Number of States 50 50 50 50 13 24 13

Robust standard errors: Clustered by state (in parentheses)
e 1,01, 10,05, * p<0.10

In other words, the econometric results indicate that up to the threshold range of
approximately USD 93,000 to USD 103,000 in per capita income, U.S. states exhibit a positive
correlation between a higher manufacturing GDP share and higher income levels. Given that in
2024 only four U.S. states (New York, Washington, Massachusetts, and Delaware) displayed per
capita income above this threshold, it can be argued that, for U.S. states in general, higher per
capita income has been associated with a larger manufacturing contribution to development over
the 20002024 period.

One possible implication of these findings is that the dynamics linking manufacturing and
per capita income across U.S. states may have exhausted the traditional process of natural
deindustrialization. That is, the process whereby rising per capita income leads to an increased
relative importance of services at the expense of manufacturing appears to have already taken
place. Consistent with this interpretation, between 2000 and 2024 the manufacturing share of
GDP, measured at constant prices, increased from 9.46% to 10.18%.
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Figure 3
Predicted Manufacturing Share across Income Levels: Models 1-7
Model 1 Mode| 2 Model 3
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Source: Authors’ elaboration. Predicted manufacturing share as a function of income, holding population at its sample
mean.

Beyond the exhaustion of the natural process of deindustrialization, additional factors
may partially account for the observed increase in the relative share of manufacturing in the GDP
of U.S. states. Consistent with this interpretation, numerous simulations conducted in this study
reveal an upward shift, after 2015, in the curve linking industrialization to per capita income. In
other words, the dummy variable for the post-2015 period is positive and statistically significant
across a wide range of model specifications. This pattern may be interpreted as suggestive
evidence of favorable impacts on manufacturing at a time when, as argued in this article, the U.S.
development strategy appears to have undergone a reorientation following the Revitalize
American Manufacturing and Innovation Act of 2014 (Rodrik, 2022; Reynolds, 2024). It is crucial
to note that within specifications incorporating full year fixed effects, this post-2015 indicator
cannot be perfectly disentangled from broader macroeconomic time trends. Therefore, the dummy
serves to capture a structural period effect characterizing the post-2014 industrial policy revival,
rather than providing a narrowly identified causal evaluation of specific policy instruments.

Nevertheless, it is important to emphasize that the purpose of this dummy is not to assess
specific policies per se, but rather to capture whether a positive contribution to the relationship
between industrialization and per capita income can be detected after the consolidation of an
explicit revival of industrial policy.
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It is also noteworthy that the magnitude of the dummy’s effect increases substantially
when states are segmented by income quartiles — relative to the aggregate effect —and is strongest
among the top 25 percent of states by income, followed by the bottom 25 percent. At the sectoral
level, the temporal dummy is positive and statistically significant in nine industries. The sectors
exhibiting the greatest intensity of this effect are, in descending order, Food and beverage and
tobacco product manufacturing, Motor vehicles, bodies and trailers, and parts manufacturing, and
Other transportation equipment manufacturing, the latter two of which have consistently occupied
central positions within U.S. industrial policy initiatives.

3.2.2 Technological heterogeneity

When the aggregation of sectors by technological intensity is examined, further evidence
emerges that is consistent with the interpretation that the process of natural deindustrialization
may have reached its limits (Figures 4 and 5). In particular, the negative relationship between per
capita income and the manufacturing share of GDP is observed only for the group of low-
technology industries. For sectors of medium-low technological intensity, this relationship
reverses. That is, one tends to observe an increase — characterized by a relatively steep trajectory
—in the share of these sectors in state GDPs up to a per capita income level of approximately USD
97,000.

For sectors of high and medium-high technological intensity, the pattern becomes less
clear. Although the slope of the curve is positive and the estimated turning point lies above USD
105,000, the coefficients are not statistically significant. This result may be partially explained by
the fact that this group encompasses manufacturing activities whose competitive dynamics are
organized primarily around globally fragmented and modular production networks, of which the
electronics complex constitutes the paradigmatic case. Thus, even though a substantial portion of
value creation and appropriation stems from R&D activities conducted within the United States,
manufacturing value added does not necessarily follow the same territorial pattern (Dedrick,
Linden & Kraemer, 2011). Notwithstanding this ambiguity, it is noteworthy that the post-2015
dummy is both large in magnitude and statistically significant for this group of sectors, suggesting
that the renewed centrality of industry in the U.S. development strategy — expressed through a
robust set of industrial policies — has shifted the curve upward.

A robustness exercise was also conducted to isolate the effect of the electronics complex
within this group. Accordingly, a new simulation (Model 11) was performed in which the sectors
included were Chemical manufacturing, Motor vehicles, bodies and trailers, and parts
manufacturing, Electrical equipment, appliance, and component manufacturing, and Other
transportation equipment manufacturing — that is, essentially high- and medium-high-technology
industries excluding the electronics complex. In this case, a clear positive relationship emerges
between income growth and the share of these sectors in state GDPs, with statistically significant
coefficients, a positive effect of the post-2015 dummy, and a turning point above USD 92,000.
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Figure 4

Panel Estimates of the income—manufacturing share relationship according to tech-intensities
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Figure 5
Predicted manufacturing share across income levels: Models 8-11
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Source: Authors’ elaboration. Predicted manufacturing share as a function of income, holding
population at its sample mean.

Complementing the analysis of sectors grouped by technological intensity, we also
conducted disaggregated estimations at the individual industry level (Figure A2 — Appendix).
Among the 19 manufacturing sectors considered, three exhibit a negative and statistically
significant relationship between income (coefficient i) and their share of GDP: Paper
manufacturing; Plastics and rubber products manufacturing; and Apparel, leather, and allied
product manufacturing. Of these, the first and third belong to low-technology industries, while
the second is of medium-low technological intensity. In such sectors, competitive advantages are
largely rooted in cost minimization, and they have experienced a substantial relocation of
production over recent decades toward “Factory Asia” (Gereffi, 1994; Baldwin, 2013).

By contrast, Petroleum and coal products manufacturing; Motor vehicles, bodies and
trailers, and parts manufacturing; and Machinery manufacturing are among the sectors displaying
the strongest positive association between per capita income and an increase in their share of
GDP. The latter two belong to high- and medium-high-technology categories. The petroleum
sector, in particular, exhibits the most pronounced relationship among all estimations conducted
in this study, likely reflecting the rapid expansion of U.S. oil output following the consolidation
of shale oil and gas extraction.

Machinery manufacturing, in turn, shows a relationship that is nearly linear in its positive
slope. In this case, the implied turning point would occur only at very high income levels — above
approximately USD 110,000 — suggesting that, within the observed range, the sector continues to
expand its relative contribution to states GDP as income rises.
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3.2.3 Regional heterogeneity

At the regional level, the initial set of estimates grouped states according to quartiles of
the per capita income distribution (Models 5 to 7). As in the sectoral and technological
dimensions, a high degree of heterogeneity emerges. The coefficients linking income to the
manufacturing share of GDP are statistically significant only for states in the top income quartile
(the richest 25 percent). For this group, although an inverted-U relationship is expected, the
turning point would occur at relatively high income levels (USD 86,135). In addition, the post-
2015 temporal dummy is positive, statistically significant, and displays the largest magnitude
among the models reported in Figure 2.

Beyond this aggregated dimension, we also performed individual estimations for each of
the 50 states (Figure A3 — Appendix). In our state-by-state estimations, we cluster standard errors
at the year level to allow for arbitrary contemporaneous correlation across sectors within each
year. This choice is motivated by the fact that the main covariates — log income per capita (and
its square), log population, and the post-2015 dummy — vary at the state—year level and are
common to all sectors in a given year. Year clustering therefore delivers robust inferences to
common macro shocks affecting sectoral shares simultaneously.

A first noteworthy result concerns the shape of the curves linking income to the level of
industrialization. We find that 60% of states exhibit an inverted-U relationship, while the
remaining 40% display a U-shaped pattern. Among states in the top 25% of the income
distribution and those in the middle 50%, the split between inverted-U and U-shaped curves is
close to uniform, at roughly 50% in each group. By contrast, the distribution is markedly skewed
among the bottom 25%: 11 out of 13 of these states exhibit a conventional U-shaped curve.

A second relevant result concerns the position of states along the estimated curve within
the subset for which both income coefficients are statistically significant. Among the 12 states
that display a U-shaped relationship and have both income terms significant (Florida, Georgia,
lllinois, Kansas, Maryland, Missouri, Nebraska, New Jersey, Pennsylvania, South Carolina,
Virginia, and Wyoming), all twelve have already moved beyond the turning point. This indicates
that, for this restricted group, states are located on the segment of the curve in which the
association between per capita income and industrialization is positive. In terms of the income
stratification, this set is largely composed of states in the intermediate 50% (Georgia, Kansas,
Maryland, Missouri, Nebraska, Pennsylvania, and Virginia), while it also includes three states
among the top 25% (Illinois, New Jersey, and Wyoming) and two among the bottom 25% (Florida
and South Carolina).

Turning to the inverted-U group and again restricting attention to the states for which
both income coefficients are statistically significant (Alaska, California, Colorado, Indiana,
Michigan, Minnesota, New Mexico, Ohio, Oregon, Tennessee, Texas, and Washington), 10 of 12
have already surpassed the turning point and therefore lie on the downward-sloping segment of
the curve, where higher per capita income is negatively associated with the industrial share
(Alaska, California, Colorado, Indiana, Michigan, Minnesota, New Mexico, Oregon, Tennessee,
and Washington). The remaining two states — Ohio and Texas — have not yet surpassed the turning
point and thus remain on the upward-sloping segment, where the association between per capita
income and industrialization is still positive. With respect to the income distribution, this inverted-
U subset includes five states among the top 25% (Alaska, California, Colorado, Minnesota, and
Washington), six in the intermediate 50% (Indiana, Michigan, Ohio, Oregon, Tennessee, and
Texas), and only one among the bottom 25% (New Mexico).
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It is also noteworthy that, for twenty-five states, the post-2015 dummy is positive and
statistically significant, suggesting that the association between industry and per capita income
became even stronger following the renewed explicit centrality of industrial policy in the United
States. Among the bottom 25%, the dummy is positive for 11 out of 13 states, which suggests that
after 2015 the relationship between industrialization and per capita income growth became more
intense. By contrast, among the top 25%, only 4 out of 13 states display a positive and significant
dummy. Finally, within the intermediate 50%, 10 states also show a positive and significant
coefficient. An additional point is that most of these ten states are concentrated among the lower-
income group within the intermediate segment. Taken together, these findings suggest that the
positive association with the renewed industrial policy agenda and the re-centering of
manufacturing since the Manufacturing and Innovation Act of 2014 have been stronger in states
with lower levels of per capita income.

3.2.4 Manufacturing versus knowledge-intensive services in productivity growth

In addition to the econometric simulations designed to examine the relationship between
per capita income and the share of manufacturing in GDP, we seek to contribute to the literature
by assessing the relevance of manufacturing to the U.S. economy through the measurement of its
contribution to productivity growth (Figures 6 and 7).

Thus, as a complement to the preceding analyses, we examine whether the relationship
between per capita income and manufacturing’s contribution to aggregate productivity growth
displays an inverted-U pattern. In other words, based on these empirical simulations, the article
sought to answer the following question: is it possible to observe a reduction in the relevance of
manufacturing to the U.S. economy? a reduction that would materialize in the replacement of
manufacturing by knowledge-intensive services — such as information, finance, and professional
and business services — as the main drivers of productivity growth?

The answer to this question engages with two strands of the international literature on
structural change. The first suggests that, in economies characterized by high levels of per capita
income, such as the United States, a transition from manufacturing to services would be expected,
especially toward knowledge-intensive services with high income elasticity of demand (Dasgupta
and Singh, 2007; Owusu, Szirmai and Foster-McGregor, 2021; Gallouj and Savona, 2009;
Inklaar, Timmer and Van Ark, 2008). The second strand seeks to demonstrate that these services
may also display characteristics previously associated primarily with manufacturing, as suggested
by Kaldor’s laws: the capacity to benefit from increasing returns to scale, to operate as a key locus
of technical progress, and to diffuse productivity gains pervasively across the economy (Di
Meglio and Gallego, 2022; Meglio et al, 2018; Nayyar, Cruz and Zhu, 2021; Nayyar, Hallward-
Driemeier and Davies, 2021)

These properties would stem from the fact that such services, particularly after the
consolidation of the information and communication technologies (ICT) paradigm, tend to be
highly technology-intensive and to exhibit characteristics close to those of general-purpose
technologies.
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Figure 6
Panel estimates of manufacturing relative contribution to productivity growth
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Figure 7
Predicted manufacturing relative contribution to productivity growth across per capita income, U.S. States,
2000 to 2024
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Source: Authors’ elaboration. Predicted manufacturing share as a function of income, holding population at its
sample mean.

In this context, based on the simulations reported in Figures 6 and 7, it is possible to
observe that:

i) Most specifications reported in Figure 6 are consistent with an inverted-U relationship between
per capita income and manufacturing's relative contribution to productivity growth, although this pattern
should be interpreted with some caution. Model 16 is estimated as U-shaped, and the formal Lind-
Mehlum tests do not uniformly confirm a statistically strict inverted-U once the finite sample and
clustered inference are taken into account. The more robust interpretation is therefore that
manufacturing's relative contribution tends to peak and then decline at higher income levels, rather than
that every specification identifies a sharply estimated inverted-U.

ii) In the four specifications in which both the income term and its squared term are statistically
significant at conventional levels, the turning point associated with the maximum contribution of
manufacturing to productivity growth ranges from approximately US$44,500 to US$59,100. These
estimates indicate that, beyond these income levels, manufacturing begins to lose relative importance
compared to knowledge-intensive services as a source of productivity growth in the U.S. economy.

iii) However, the central contribution of the paper is that this decline does not imply a
replacement of manufacturing by services within the observed income range. Across the model
specifications, the estimated zero-crossing points lie far outside the empirical support of U.S. state per
capita income between 2000 and 2024. In other words, knowledge-intensive services do not overtake
manufacturing as the main source of contribution to productivity growth in the estimated curves. This
occurs despite the fact that manufacturing accounted for 9.61% of total employment across U.S. states
in 2024, whereas knowledge-intensive services accounted for 25.74%.

iv) When the estimates are analysed by state-income strata, the evidence is strongest in the richest
and poorest groups in specifications without state fixed effects, and becomes less precise once state
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fixed effects are included. The signs of the coefficients nevertheless point in the same broad direction;
manufacturing's relative contribution weakens after a certain income level, but remains above that of
knowledge-intensive services throughout the observed support.

v) Finally, in none of the specifications is the post-2015 dummy statistically significant. This
suggests that, although the post-2015 period is associated with an increase in manufacturing's share of
GDP in several of the previous specifications, it is not yet associated with a statistically detectable
increase in manufacturing's relative contribution to productivity growth.

3.2.5 Robustness checks: Nonparametric LOWESS Analysis

To complement the parametric panel estimates and visually assess whether the main
results are driven by the imposed quadratic specification, we conduct a nonparametric Locally
Weighted Scatterplot Smoothing (LOWESS) analysis. This approach allows the conditional
relationship between per capita income and manufacturing-related outcomes to be explored
without imposing an a priori functional form. The LOWESS analysis is therefore used as a visual
robustness check for the nonlinear patterns identified in the econometric models.

Figure 8 reports the LOWESS fitted relationships between real GDP per capita and the
manufacturing share of state GDP, distinguishing manufacturing sectors by technological
intensity. Four panels are presented: all manufacturing sectors, high- and medium-high-
technology sectors, medium-low-technology sectors, and low-technology sectors. The aggregate
manufacturing curve indicates a broadly positive association over much of the observed income
range, followed by a mild flattening and limited decline at the upper end of the distribution. This
pattern is consistent with the baseline regressions, which suggest that the income—-manufacturing
relationship is positive for most U.S. states and weakens only at relatively high levels of per capita
income.

Figure 8
LOWESS fitted curves for manufacturing share and income by technology intensity
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Source: Authors’ calculations based on BEA state-industry value-added data.

Notes: State-year shares are aggregated from sector-level manufacturing shares; LOWESS bandwidth =
0.50.
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Figure 9 extends the LOWESS analysis to the productivity-growth models by plotting the
relative contribution of manufacturing vis-a-vis knowledge-intensive services against real GDP
per capita. The figure presents the full sample and the three state-income strata used in Models
15-20. The fitted curves are generally weakly declining or relatively flat over much of the
observed income range. This visual evidence is consistent with a cautious interpretation of the
parametric results: manufacturing’s relative contribution to aggregate productivity growth tends
to weaken as income rises, but the nonparametric patterns do not provide strong visual support
for a sharply defined inverted-U relationship. In the richest and poorest state groups, the LOWESS
curves suggest some convergence between manufacturing and knowledge-intensive services at
the upper end of the income distribution, although this pattern should be interpreted cautiously
because the nonparametric estimates are unconditional and do not control for state fixed effects.

Figure 9
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Source: Authors' calculations based on BEA and BLS data.
Notes: Dependent variable is manufacturing contribution minus knowledge-intensive
services contribution to aggregate productivity growth; LOWESS bandwidth = 0.60.

Taken together, the LOWESS results provide supportive but nuanced evidence for the
nonlinear patterns identified in the parametric specifications. They indicate that the relationship
between per capita income and manufacturing-related outcomes varies across technological
groups and state-income strata, suggesting that the income-manufacturing nexus is both nonlinear
and heterogeneous. At the same time, the nonparametric curves show that these nonlinearities are
not uniformly pronounced across all samples. This finding calls for a cautious interpretation of
the inverted-U evidence. Rather than pointing to a stable and generalized inverted-U relationship
across specifications, the robustness analysis suggests that the income-manufacturing relationship
tends to weaken, flatten, or partially reverse only at relatively high levels of income, with this
pattern being more visible in low-technology industries and in selected income strata. These
results are consistent with the broader conclusion that U.S. deindustrialization since 2000 has
been shaped by substantial technological and regional heterogeneity, rather than by a
homogeneous process affecting all manufacturing sectors and states in the same manner.
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4 Concluding remarks

The set of transformations that the international economy has undergone since the Great
Financial Crisis of 2008 has fostered a renewed debate within the economic literature on the
relationship between industrial policy and development. This resurgence stems from the
combination of shocks — such as the intensification of techno-nationalist strategies, the escalating
technological and trade rivalry between the United States and China, and the instability of global
value chains during crises such as the Covid-19 pandemic — which have increasingly underscored
the centrality of maintaining a diversified and complex domestic productive structure for the
medium-term sustainability of autonomous development trajectories.

In response to these transformations in the international economy, the United States
adopted a broad set of industrial policies, at least since the Revitalize American Manufacturing
and Innovation Act of 2014 and, most notably, the Inflation Reduction Act (IRA) of 2022, with
the aim of revitalizing the domestic productive structure after decades of deindustrialization. In
this context, this article sought to analyze how this process of deindustrialization manifested itself
heterogeneously across regional, sectoral, and technological dimensions during the 2000s, and
whether the recent revival of industrial policies may have influenced a potential trajectory of
reindustrialization. Additionally, we seek to contribute to the literature by assessing whether, over
the course of this process, it is possible to identify a decline in manufacturing’s contribution to
productivity growth and its replacement by knowledge-intensive services as the main source of
such growth.

At the aggregate U.S. level, the various econometric specifications—including those
estimated as robustness checks—suggest that, although an inverted-U pattern can be identified in
the relationship between per capita income and the manufacturing share of GDP, this pattern is
not strongly pronounced. Accordingly, as shown in Models 1 to 4, along most of the estimated
curve, the relationship between income growth and the manufacturing share of GDP is positive,
reversing only— and very modestly—at extremely high levels of per capita income.

Complementing the conclusion in the previous paragraph, the estimates for the period
2000-2024 consistently place the turning point —i.e. the level of income at which
manufacturing’s contribution to development would be expected to start declining— at a very
high level, between around USD 93,000 and USD 103,000. In other words, until this threshold in
per capita income, the data show that higher income levels are associated with a greater
contribution of manufacturing to GDP. Given that in 2024 only four U.S. states (New York,
Washington, Massachusetts, and Delaware) exhibit per capita income above this threshold, it can
be stated that, for U.S. states in general, higher per capita income is associated with a larger
manufacturing contribution to development over the 2000-2024 period.

With regard to the analysis of manufacturing’s contribution to productivity growth, in the
specifications in which both income terms are statistically significant, the estimated turning points
suggest that manufacturing’s relative contribution to productivity growth reaches its maximum
between US$47,200 and US$63,500 in per capita income. Beyond these thresholds,
manufacturing begins to lose relative importance vis-a-vis knowledge-intensive services. Most
importantly, the results show that knowledge-intensive services never overtake manufacturing as
the leading source of productivity growth. Manufacturing therefore remains the main contributor
to productivity growth in the U.S. economy, despite accounting for a substantially smaller share
of employment than knowledge-intensive services (9.61% versus 25.74% in 2024).
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Taken together, the econometric results suggest that, over the period 2000-2024, the
dynamics of the relationship between manufacturing and per capita income across U.S. states may
have exhausted the traditional process of natural deindustrialization. In other words, during the
period under analysis there is no longer an observable association between industrial productivity
growth, rising per capita income, and the relative reallocation of demand toward services at the
expense of manufacturing. This interpretation is also partly supported by the fact that, between
2000 and 2024, the manufacturing share of GDP measured at constant prices increased from
9.46% to 10.18%.

This fact, in turn, may lend support to the article’s interpretation that the past decade has
witnessed a reinterpretation of the centrality of manufacturing and industrial policy within the
U.S. development strategy. As additional evidence in the same direction, most econometric
specifications indicate that the post-2015 period — identified as a turning point in the revival of
industrial policies following the Revitalize American Manufacturing and Innovation Act of 2014
— is associated with an increase in the manufacturing share of GDP, particularly among states in
the highest and lowest quartiles of per capita income.

At the regional level, a high degree of heterogeneity in deindustrialization patterns is
observed. Only for the top 25% of U.S. states by income is it possible to identify an inverted-U
pattern. Thus, even among the richest states, over the 2000-2024 period, the income level at which
manufacturing loses relevance in GDP is quite high (USD 86,135). When states are analyzed
individually, none of the ten with the highest turning points belongs to the top income quartile,
and several are among the poorest. Since these states did not reach the inflection point between
2000 and 2024, they remain on the ascending segment of the curve. In addition, in most of the 50
states the post-2015 dummy is positive and statistically significant, indicating a strengthening of
the relationship between per capita income and the manufacturing share of GDP following the
renewed centrality of industrial policy in the United States.

Finally, when sectors are grouped by technological intensity, additional evidence emerges
that aligns with the view that the process of natural deindustrialization may have approached its
limits. Specifically, the negative association between per capita income and the manufacturing
share of GDP appears only among low-technology industries. For sectors of medium-low and
medium-high technological intensity, however, this relationship reverses, with their share in state
GDPs rising— along a relatively steep trajectory—up to per capita income levels of roughly USD
97,000 and USD 92,000, respectively. These sectors, taken together, accounted in 2024 for
slightly more than 80% of U.S. manufacturing value added. In other words, this finding suggests
that, for the core of industrial sectors — understood roughly as capital goods, machinery and
equipment, and heavy industry — the relationship between per capita income and the industrial
share of GDP over 2000-2024 is positive along most of the curve.

Additionally, results for selected sectors deserve particular attention. The machinery and
equipment sectors exhibit a relationship that is close to linear with respect to income growth and
the increase in its share of GDP. That is, the implied turning point lies at relatively high-income
levels — above approximately USD 110,000. Moreover, petroleum and motor vehicle
manufacturing belong to the group of sectors with the largest coefficients capturing the positive
association between per capita income and their contribution to GDP.

Taken together, the set of results synthesized throughout the article suggests a renewed
centrality of manufacturing in the U.S. development strategy. Although it is not possible to
associate the broad set of recent industrial policies with a new process of reindustrialization, nor
with an increasing contribution of manufacturing to productivity growth, clear signs of exhaustion
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of the process of natural deindustrialization can be observed. Fundamentally driven by the
escalation of techno-nationalism on a global scale, the return of industrial policy to the center of
the debate may represent an inflection point in mainstream interpretations of the determinants of
economic development. In other words, for the U.S. economy, this movement may represent a
return to Hamiltonian interpretations of the nation. In more contemporary terms, it would
correspond to what Chang (2010), in his famous essay Hamlet without the Prince of Denmark,
calls “bringing production back” to the center of the development debate.
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Appendix
Figure Al
U.S. states by per capita income group, 2000-2024 average
High-income (Top 25%)
States Avg. income per capita States Avg. income per capita
Delaware 95.150,54 California 80.941,11
Alaska 93.799,48 North Dakota 80.119,90
New York 92.765,59 New Jersey 79.918,25
Connecticut 91.369,16 Colorado 77.058,72
Massachusetts 90.703,59 Ilinois 76.871,91
Wyoming 84.490,43 Minnesota 76.064,83
Washington 82.399,91
Middle-income (Middle 50%)
States Avg. income per capita States Avg. income per capita
Maryland 75.883,62 Wisconsin 66.029,28
Virginia 74.625,27 Ohio 66.021,93
Nebraska 74.504,74 Utah 65.738,69
Texas 73.224,37 Rhode Island 65.539,44
New Hampshire 71.983,51 North Carolina 65.132,28
Hawaii 70.139,27 Louisiana 64.727,16
Nevada 69.583,05 Oregon 64.527,13
South Dakota 69.126,44 Indiana 64.141,76
lowa 68.979,98 Tennessee 62.696,51
Pennsylvania 68.071,87 Missouri 62.629,51
Georgia 67.177,20 Vermont 61.633,27
Kansas 66.248,52 Michigan 61.226,76
Low-income (Bottom 25%)

States Avg. income per capita States Avg. income per capita
Arizona 60.561,46 South Carolina 54.554,02
Florida 60.340,69 Alabama 53.708,40
Oklahoma 58.642,60 Idaho 53.136,08
New Mexico 58.063,07 Arkansas 51.356,97
Maine 57.629,01 West Virginia 49.874,47
Kentucky 55.391,76 Mississippi 45.823,23
Montana 55.059,75
Texto para Discussdo. Unicamp. IE, Campinas, n. 500, agosto 2026. 37



Antonio Carlos Diegues / Qiuyi Yang / Marcos José Barbieri Ferreira / Flavio Vinicius Ferreira

Figure A2
Econometric estimates by sector.
) M
Turning Turning point|  Support | TP within| Lind-Me | inverted-
R '
Tech Sector B In(gdp_pc) B In(gdp_pc)"2 B In(pop) B Dummy 2015-2024 In(p(cj)lnt ) gdp_pc In(gdp_pc) support | hlump U N |# States|FE state | FE sector|FE year|Cluster
gdp_pc (0<0.05)
ML |Petroleum and coal products manufacturing  |0.5184% (0.3044)  |-0.0223* (0.0134) |-0.0063 (0.0050) |-0.00305332* (0.00167919)  |11,65  |114,139.00 |[10.60 ; 11.67]|Yes 0464  [No 1250 50 | Yes No No | State
MH n“f;;ﬁ;a‘s:r'ﬁ:ss bodies and trailers, and parts | 4 a0. (0 1058) |-0.0138** (0.0056) |-0.0052 (0.0032) |0.00175611%* (0.00051004)  |11.22 7481875  |[10.60; 11.67] | ves 0011 |Yes  |1250| 50 | ‘Yes No No | State
L |Paper manufacturing -0.22827 0.0109%+ (0.0042) |-0.0023 (0.0027) |-0.00026811 (0.00020727) 1136 8580135  |[10.60;11.67]|Yes 0997  |No 1247] 50 | Yes No No | State
(0 NAANY
ML |Primary metal manufacturing 0.2466** (0.1065) |-0.0109** (0.0047) [0.0004 (0.0011) |0.00018188 (0.00017613) 1128 [78831.60  |[10.60; 11.67]|Yes 0018 |Yes  |1250| 50 | Yes No No | State
MH |Other transportation equipment manufacturing |0.2371 (0.1480)  |-0.0106 (0.0066)  |0.0070 (0.0043) |0.00134652* (0.00072944) 1115  |69,896.81  |[10.60; 11.67]|Yes 0067 |No 1250] 50 | Yes No No | State
MH |Machinery manufacturing 0.2007** (0.0899) |-0.0086** (0.0040) |-0.0001 (0.0023) |0.00052849* (0.00027959) 1161 |110198.79  |[10.60; 11.67]|Yes 039  [No 1250 50 | Yes No No | State
H [Computer and electronic product manufacturing (-0.1607 (0.1453) |0.0073 (0.0066) -0.0066 (0.0082) (-0.00029663 (0.00059115) 11,02 60,926.96 [10.60 ; 11.67] | Yes 0,858 No 1250( 50 Yes No No State
MH |Chemical manufacturing -0.1459 (0.1970) |0.0068 (0.0089)  |-0.0076 (0.0068) |0.00036069 (0.00122789) 1071 |45012.00  |[10.60; 11.67]|Yes 0874  |No 1250] 50 | Yes No No | State
L [Wood product manufacturing 0.1425%* (0.0604) |-0.0063** (0.0027) |-0.0007 (0.0014) |0.00069800%** (0.00013822) 11,20  |79,698.07  |[10.60 ;11.67] |Yes 0019 |Yes  |1250| 50 | Yes No No | State
] ] ~0.0059% 0.0028"
ML |Fabricated metal product manufacturing 0.1334*** (0.0409) (0.0018) (0.0012) 0.00071234*** (0.00016652) 11,33 82,919.82 [10.60 ; 11.67] | Yes 0,015 Yes 1250( 50 Yes No No State
- .
ML |Plastics and rubber products manufacturin -0.1135% (0.0519) [0.0080** (0.0023) | 20044 0.00037950** (0.00015383)  |1146  |94,45658  |[10.60;11.67]|Yes 099  [No 1250 50 | Yes No No | State
P 9 (0.0024)
- .
L [Textile mills and textile product mills -0.0818 (0.0603) |0.0037 (0.0027) (g'ggzg) 0.00008695 (0.00013200) 111 6591522  |[10.60 ; 11.67]|Yes 0904  [No 1250 50 | Yes No No | State
A ~ *
L |Apparel, leather, and allied product -0.0729* (0.0382) [0.0032* (0.0017) | 20022 0.00000625 (0.00006211) 11,35 [84799.79  |[10.60;11.67]|Yes 0,99 No 125 50 | Yes No No | State
manufacturing (0.0013)
- —
ML |Nonmetallic mineral product manufacturing 0.0716*** (0.0190) (gggg;) 0.0001 (0.0004) |0.00054554*** (0.00008141) 11,38 87,607.49 [10.60 ; 11.67] | Yes 0,018 Yes 1250( 50 Yes No No State
L E;?}:fzr;?u:’ien‘éeragea”dmbam product 0.0404 (0.0904)  |-0.0020 (0.0040) |-0.0084 (0.0073) [0.00220091*** (0.00037760)  |10,02  |22,446.89  |[10.60;11.67]|No 0669 |No 1250| 50 | Yes No No | State
M |Etectrical equipment, appliance, and component|, o, ;5 o n316)  [.0.0008 (0.0014) |°-0047 0.00012050 (0.00014083) 1056  [38,691.29  |[10.60 ; 11.67]|No 0513 [No 1250 50 | Yes No No | State
manufacturing (0.0015)
. —
L |Printing and related support activities -0.0140 (0.0302) |0.0005 (0.0014) (ggggg) -0.00027913*** (0.00007918) 14,21 1,486,499.32 |[10.60 ; 11.67] |No 0,978 No 1250( 50 Yes No No State
- .
L |Furniture and related product manufacturing -0.0110 (0.0165) |0.0005 (0.0007) (88882) 0.00021363*** (0.00004845) 11,59 108,479.85  |[10.60 ; 11.67] |Yes 0,833 No 1250( 50 Yes No No State
-
ML |Miscellaneous manufacturing -0.0026 (0.0271)  (0.0001 (0.0012) ?60(?;;9) 0.00015615 (0.00021817) 19,04 286’153'893‘8 [10.60 ; 11.67] |No 0736  [No 1250 50 | Yes No No | State

Source: Authors. State fixed effects (within transformation), cluster-robust standard errors clustered at the state level (50 clusters), with a small-sample correction for clustering and p-values
computed using Arellano-type degrees of freedom (df = G — 1 = 49).
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Figure A3
Econometric Estimates by State

‘ Estado | In(gdp_pc) [ [In(gdp_pc)1® ‘ In(pop) ‘ Dummy 2015-2024 |Turning point (In) |rnir|g point (gdp_#pport In(gdp_pklithin supi Lind hl U-test ‘ Sector FE [ Year FE ‘ Cluster ‘ Clusters (years) k:lusters (sectorsf DF (Arellano) ‘
Alabama -0.019319(0.095888) 0.000989(0.004382) 0.006443*(0.003151) 0.000506**(0.000213)  9.764783 17410 [10.751378; 11.No U-shape (0.830) 475 Yes No year 25 19 24
Aaska 0.201028***(0.061555) ~ -0.008795***(0.002702) -0.004481***(0.001378) 0.000266* (0.000148) 11.428100 91867 [11.213120; 11. Yes Inverted-U (0.007) 475 Yes No year 25 19 24
Arizona -0.217695(0.131748) 0.009944(0.005948) -0.001295**(0.000608)  0.000685***(0.000168)  10.946036 56729 [10.910206 ; 11. Yes U-shape (0.368) 475 Yes No year 25 19 24
Arkansas -0.092643(0.097894) 0.004550(0.004492) -0.019065***(0.001836)  0.000839***(0.000148)  10.179452 26356 [10.705674 ; 11. No U-shape (0.990) 475 Yes No year 25 19 24
California 0.291926***(0.094100)  -0.012729***(0.004123) -0.003599(0.002422) 0.000002(0.000150) 11.467008 95512 [11.116304; 11. Yes Inverted-U (0.071) 475 Yes No year 25 19 24
Colorado 0.128386* (0.072041) -0.005741*(0.003178) 0.002368***(0.000464)  -0.000143(0.000089) 11.180777 71738 [11.159826 ; 11. Yes Inverted-U (0.420) 475 Yes No year 25 19 24
Connecticut -1.760417(1.320834) 0.077855(0.057849) -0.016112* (0.009180) -0.000588* (0.000321) 11.305688 81283 [11.328807 ; 11.No U-shape (0.634) 475 Yes No year 25 19 24
Delaware -0.581003(0.969151) 0.025590(0.042214) -0.002602(0.002334) 0.000162(0.000401) 11.352118 85146 [11.393770; 11.No U-shape (0.613) 475 Yes No year 25 19 24
Rorida -0.093495***(0.032588)  0.004240***(0.001471)  0.000419(0.000349) 0.000372***(0.000054)  11.025374 61413 [10.873500; 11. Yes U-shape (0.028) 475 Yes No year 25 19 24
Georgia -0.465649***(0.165395)  0.020968***(0.007421)  -0.005819***(0.000983) 0.000674***(0.000212)  11.103623 66411 [11.008809; 11. Yes U-shape (0.034) 475 Yes No year 25 19 24
Hawaii -0.002012(0.034875) 0.000087(0.001564) -0.000233(0.000506) 0.000009(0.000054) 11.534370 102168 [10.976682; 11.No U-shape (0.528) 475 Yes No year 25 19 24
Idaho 0.192626(0.246838) -0.008877(0.011236) -0.000804(0.002136) 0.000427(0.000285) 10.849375 51502 [10.784858; 11. Yes Inverted-U (0.407) 475 Yes No year 25 19 24
lllinois -0.399498**(0.192542) 0.017872**(0.008544) 0.009038* (0.005056) 0.000098(0.000170) 11.176902 71461 [11.120402; 11. Yes U-shape (0.226) 475 Yes No year 25 19 24
Indiana 0.430682***(0.136868)  -0.019269***(0.006125) 0.022125***(0.003529)  -0.000250(0.000150) 11.175726 71377 [10.943482; 11. Yes Inverted-U (0.098) 475 Yes No year 25 19 24
lowa -0.129377(0.099593) 0.005778(0.004524) 0.009443(0.006166) 0.000292(0.000284) 11.195569 72807 [10.909095; 11. Yes U-shape (0.328) 475 Yes No year 25 19 24
Kansas -0.421718**(0.150821)  0.019415***(0.006722)  -0.004373(0.009159) -0.000036(0.000243) 10.860548 52081 [10.917785; 11.No U-shape (0.693) 475 Yes No year 25 19 24
Kentucky -0.053880(0.232478) 0.002616(0.010528) 0.000489(0.006582) 0.000692***(0.000246)  10.300126 29736 [10.796989; 11.No U-shape (0.682) 475 Yes No year 25 19 24
Louisiana 0.584224(0.457085) -0.025929(0.020740) -0.012320(0.012883) -0.000512(0.000607) 11.266006 78120 [10.842291 ; 11.No Inverted-U (0.725) 475 Yes No year 25 19 24
Maine -0.152016(0.244849) 0.007172(0.011045) -0.019292* (0.010110) 0.000121(0.000252) 10.597333 40028 [10.826786 ; 11.No U-shape (0.695) 475 Yes No year 25 19 24
Maryland -0.245914***(0.082244)  0.010927***(0.003689)  0.001523(0.002341) 0.000100(0.000121) 11.252576 77078 [11.039193; 11. Yes U-shape (0.116) 475 Yes No year 25 19 24
Massachusetts 0.099004(0.065580) -0.004327(0.002844) 0.000568(0.002942) 0.000048(0.000107) 11.440495 93013 [11.261347 ; 11. Yes Inverted-U (0.186) 475 Yes No year 25 19 24
Michigan 0.717729**(0.267553) -0.032255**(0.012116)  -0.031915(0.022201) 0.001212***(0.000216)  11.125698 67894 [10.882297; 11. Yes Inverted-U (0.364) 475 Yes No year 25 19 24
Minnesota 0.223861**(0.097976) -0.009874**(0.004350)  0.003861**(0.001461)  0.000110(0.000127) 11.336029 83787 [11.108266 ; 11. Yes Inverted-U (0.252) 475 Yes No year 25 19 24
Mississippi -0.076093(0.183355) 0.003879(0.008506) -0.004111(0.006168) 0.000432***(0.000106)  9.809295 18202 [10.598150; 10.No U-shape (0.970) 475 Yes No year 25 19 24
Missouri -0.464258* (0.251636) 0.021091*(0.011293) -0.006642(0.003895) 0.000445***(0.000136) ~ 11.005989 60234 [10.950698 ; 11. Yes U-shape (0.302) 475 Yes No year 25 19 24
Montana -0.045463(0.067844) 0.002467(0.003160) -0.015981***(0.004185)  0.000902***(0.000308)  9.215784 10055 [10.643735; 11.No U-shape (1.000) 475 Yes No year 25 19 24
Nebraska -0.213622***(0.043817)  0.009352***(0.001940)  0.024780***(0.005601)  -0.000742***(0.000228) 11.420742 91194 [10.951435; 11. Yes U-shape (0.336) 475 Yes No year 25 19 24
Nevada -0.043545(0.042438) 0.001957(0.001896) 0.002063***(0.000203)  0.000066(0.000070) "11.128275 "68069 [11.058274; 11. Yes U-shape (0.320) 475 Yes No year 25 19 24
New Hampshire 0.070994(0.145026) -0.003047(0.006360) -0.009977(0.008933) 0.000662***(0.000168)  "11.648636 "114535 [11.055110; 11.No Inverted-U (0.754) 475 Yes No year 25 19 24
New Jersey -1.711016***(0.293239)  0.075909***(0.013000)  -0.022737***(0.003025) 0.000715***(0.000222) '"11.270244 778452 [11.210162; 11. Yes U-shape (<0.001) 475 Yes No year 25 19 24
New Mexico 0.730099***(0.240647)  -0.033112***(0.010914) -0.016878***(0.002076) 0.000425***(0.000118) "11.024814 61378 [10.845743; 11. Yes Inverted-U (0.004) 475 Yes No year 25 19 24
New York -0.029685(0.027621) 0.001254(0.001202) -0.010946***(0.001637)  0.000270***(0.000066) "11.839515 "138623 [11.243151; 11.No U-shape (0.821) 475 Yes No year 25 19 24
North Carolina  0.268282(0.308314) -0.012481(0.013799) -0.005067**(0.001936)  0.000369(0.000237) "10.747423 46510 [10.986936 ; 11.No Inverted-U (0.855) 475 Yes No year 25 19 24
NorthDakota  0.067038(0.045526) -0.003059(0.002050) 0.005748(0.007669) 0.000156(0.000720) "10.957769 57398 [10.794333; 11. Yes Inverted-U (0.301) 475 Yes No year 25 19 24
Ohio 0.318275**(0.114786) -0.014078**(0.005128)  -0.018424**(0.008105)  0.000156(0.000178) "11.304338 81173 [10.980280; 11.No Inverted-U (0.823) 475 Yes No year 25 19 24
Oklahoma -0.111141(0.113550) 0.005127(0.005206) -0.003952(0.003672) 0.000410**(0.000198)  "10.838615 50951 [10.732748 ; 11. Yes U-shape (0.312) 475 Yes No year 25 19 24
Oregon 0.625168***(0.099647)  -0.028140***(0.004469) 0.004061***(0.000838)  -0.000237*(0.000117)  '11.108233 66718 [10.950352; 11. Yes Inverted-U (<0.001) 475 Yes No year 25 19 24
Pennsylvania ~ -0.843985***(0.162849)  0.037856***(0.007317)  -0.010881(0.011001) 0.000486**(0.000223)  "11.147222 69371 [10.960667 ; 11. Yes U-shape (0.013) 475 Yes No year 25 19 24
Rhodelsland ~ 0.015361(0.122255) -0.000907(0.005560) 0.007214**(0.003406)  0.000472***(0.000099) '8.468540 4763 [10.949510; 11.No Inverted-U (1.000) 475 Yes No year 25 19 24
SouthCarolina  -0.714821**(0.269707)  0.032590**(0.012247)  -0.004679**(0.001731)  0.001400***(0.000350) 10.966853 57922 [10.809946 ; 11. Yes U-shape (0.028) 475 Yes No year 25 19 24
SouthDakota  0.030447(0.070472) -0.001415(0.003239) 0.001082(0.005066) 0.000458***(0.000161)  "10.759359 "47068 [10.864058 ; 11. No Inverted-U (0.591) 475 Yes No year 25 19 24
Tennessee 0.457723***(0.096226)  -0.020618***(0.004319) -0.003561***(0.001077) 0.000728***(0.000190) "11.100222 66186 [10.907681 ; 11. Yes Inverted-U (<0.001) 475 Yes No year 25 19 24
Texas 0.221139+%(0.101464)  -0.009621%*(0.004469)  -0.002094(0.002461) -0.000121(0.000312) "11.492935 "98021 [11.020010; 11.No Inverted-U (0.911) 475 Yes No year 25 19 24
Utah -0.018537(0.055302) 0.000708(0.002461) 0.007649***(0.001676)  -0.000603**(0.000271) ~ "13.090968 484546 [10.895272; 11.No U-shape (0.975) 475 Yes No year 25 19 24
Vermont -0.068470(0.105816) 0.003005(0.004772) -0.005444(0.013189) 0.000345(0.000254) "11.394471 "88829 [10.866766 ; 11.No U-shape (0.701) 475 Yes No year 25 19 24
Virginia -0.720203***(0.143170)  0.031711***(0.006333)  0.001622(0.001200) 0.000415***(0.000106)  "11.355849 "85464 [11.086798; 11. Yes U-shape (0.246) 475 Yes No year 25 19 24
Washington 0.652066***(0.117813)  -0.028924***(0.005158)  0.006218**(0.003008)  -0.000059(0.000327) "11.271903 778582 [11.114519; 11. Yes Inverted-U (0.012) 475 Yes No year 25 19 24
West Virginia  -0.008504(0.102038) 0.000320(0.004710) -0.004328(0.005663) 0.000420**(0.000182) ~ "13.296306 594994 [10.615117; 11.No U-shape (0.806) 475 Yes No year 25 19 24
Wisconsin -0.150812(0.218049) 0.006913(0.009715) -0.002843(0.006473) 0.000429*(0.000214)  "10.907326 54575 [10.970735; 11. No U-shape (0.565) 475 Yes No year 25 19 24
Wyoming -0.173970%**(0.060217)  0.007852***(0.002665)  -0.008333***(0.002737) 0.001713***(0.000331) '"11.078305 64751 [11.001283; 11. Yes U-shape (0.253) 472 Yes No year 25 19 24

Source: Authors. Sector fixed effects (within transformation), cluster-robust standard errors clustered at the year level (25 clusters), with a small-sample correction for clustering and p-values
computed using Arellano-type degrees of freedom (df = G — 1 = 24).
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