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The Global Race to Harness AI

AI and Machine Learning can transform manufacturing and service industries
I applications: predictive maintenance, quality control, customization, supply
chain management, inventory optimization, pricing algorithms, customer
services...

research on AI-ML started in the 1950s
I business applications since late 1990s thanks to computing power and big data

global race to harness AI is still underway
I yet AI adoption varies dramatically across sectors and countries

beg the question:
I what are the sources of Comparative Advantage (CA) in AI-intensive
industries?
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This Paper

following Romalis (2004) and Chor (2010), we test:
I which country-level factors raise exports to the US in AI-intensive industries
I focus on exports to the US in 1999-2019

F variation in AI intensity across 79 industries (4-digit NAICS)
F variation in sources of CA across (up to) 68 origin countries

measure AI intensity as share of "AI workers" in employment

we identify 4 sources of CA
I endowments: STEM graduates (or ICT capital)
I digital infrastructure
I economies of scale
I (less) regulation on digital trade

extensive robustness checks, including (historical) IV for STEM graduates
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Model

generalized version of Eaton-Kortum (2002)
I N countries, F factors, I industries with varieties j ∈ [1, 0]

value of industry-i US imports from country c

lnM i
c = θ ∑Ff =1

(
ln
Vcf
Vc0

)
s if︸ ︷︷ ︸

H−O

+ θ lnAic︸ ︷︷ ︸
Ricardian

+ θ ln τic + δc + δi

I Vcf = factor f endowment of country c
I s if = factor f intensity of industry i
I Aic = average productivity of country c in industry i

further assumption on Aic in AI-intensive industries:
I Aic increasing in digital infrastructure (Ic ) and scale (Xc = total export)

Aic = α · s iAI · Ic + β · s iAI · Xc
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The Data

US imports
I manufacturing (Feenstra, Romalis & Schott, 2002)

F product-level data → 66 industries (NAICS 4-digit)

I services (BEA) → 13 industries

sources of comparative advantage
I digital skills → 45 countries

F population share of STEM graduates (OECD)

I digitial infrastructure → 68 countries
F share of population with Internet access (WDI)

I economies of scale → 68 countries
F total export volume (WDI)

I regulation (later)
F Digital Services Trade Restrictiveness Index - DSTRI (OECD)
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AI Intensity

employment share of AI-related occupations in each industry in the US
I from Bonfiglioli et al. (2025)

industry employment
I US Census (2000) and ACS (2010, 2020)

AI-related occupations
I based on software and skill requirements in US job posting (O*NET)
I 19 occupations for which:

F at least two ML or data analysis software are "in demand"
F require skills in ICT, maths or statistics

use industry ranking in 2020
I top: advanced services including public sector
I bottom: traditional manufacturing
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Revealed CA in AI-Intensive Industries

Figure 1: Revealed Comparative Advantage in AI-Intensive Industries

Notes: The map reports the average values of the revealed comparative advantage index in (14). Averages are computed over all sample years.

countries’ exports increase sharply with each of the three sources of CA, while in other industries,
they slightly decrease. Hence, countries with greater availability of scientific skills, more advanced
digital infrastructure and stronger economies of scale export relatively more to the US in industries
with a higher AI intensity, consistent with these countries enjoying a CA in these industries.

Finally, panel (d) presents similar evidence for a policy-based measure of restrictions on digitally-
enabled trade: the Digital Services Trade Restrictiveness Index (DSTRI) from the OECD. This com-
posite index measures the restrictiveness of regulations in five areas: (1) infrastructure and connec-
tivity, (2) electronic transactions, (3) e-payment systems, (4) intellectual property rights and (5) other
barriers to trade in digitally-enabled services. The index ranges from 0 to 1, where 0 indicates a fully
open regulatory environment and 1 represents a completely closed regime. The index is available for
the period 2014–2019 and covers 53 of the 71 countries with export data.

The figure indicates that exports decrease across the deciles of DSTRI for AI-intensive industries,
while this is not the case for other industries. Thus, countries with a more liberal environment for
digitally-enabled trade (lower deciles of DSTRI) export relatively more to the US in AI-intensive
industries. This finding suggests that specific aspects of regulation may serve as additional sources of
CA beyond those stemming from country characteristics. In the following sections, we systematically
analyze the roles of scientific skills, digital infrastructure and economies of scale. We return to the
role of regulation in Section 8.

15

RCAAIc = (MAI
c /Mtotal

c )/(MAI
world/Mtotal

world )

M i
c = US imports in industry i from country c
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Preliminary Evidence

Exports to US and country characteristics by AI intensityFigure 2: Exports, AI Intensity and Country Characteristics

Notes: The figure shows the average residuals obtained by regressing the log of exports to the US from country c in industry i and year t on
country fixed effects. Averages are computed separately for AI-intensive and non-AI-intensive industries across ten deciles of the distribution of
the country characteristic indicated on the horizontal axis of each graph. AI-intensive industries are those with AIinti above the sample median.
Linear regression lines are shown as solid lines (AI-intensive industries) or dashed lines (non-AI-intensive industries). DSTRI is an index of the
restrictiveness of regulations on digitally-enabled trade. Higher values correspond to a more regulated environment.

4 Empirical Specification and Identification Strategy

Following the theoretical model (eq. 10 and 11), we estimate variants of the following specification:

lnMcit = αct + αit + β (Zct × AIintri ) + Γcitγ + εcit, (15)

where Mcit denotes US imports from country c in industry i and year t; Zct is one (or a combination)
of the sources of CA for country c in year t; AIintri is the ranking of industries by AI intensity;
Γcit is a vector of control variables specific to each country c, industry i and year t; and εcit is an
error term. We account for two sets of fixed effects. First, αit are industry-year fixed effects, which
capture heterogeneous trends across industries and industry-specific shocks that affect exports to the
US from all origin countries; these include both demand and technology shocks. Second, αct are
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The Empirical Strategy: Specification

estimation equation:

lnMcit = αct + αit + β · (Zct × AIintri ) + Γcitγ+ εcit ,

I Mcit = US imports, origin c , industry i , year t
I Zct = source of CA in AI
I AIint ri = industry ranking by AI intensity (in 2020)
I Γcit = controls
I αct = country × year FE
I αit = industry × year FE

coeffi cient of interest:
β (CA if β > 0)

two-way clustering at country-year and industry-year level
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Results: Baseline Regressions
Table 5: Baseline Estimates

(1) (2) (3) (4) (5) (6) (7)

Sct × AIintri 0.073*** 0.094*** 0.057** 0.051**
(0.014) (0.022) (0.022) (0.022)

Ict × AIintri 0.063*** 0.040*** 0.027***
(0.005) (0.008) (0.009)

Xct × AIintri 0.008*** 0.004*** 0.004***
(0.001) (0.001) (0.001)

Gct × AIintri 0.012*** -0.006 -0.004 -0.004
(0.003) (0.005) (0.005) (0.005)

Controls No No No No No No Yes
Country-Year FE Yes Yes Yes Yes Yes Yes Yes
Industry-Year FE Yes Yes Yes Yes Yes Yes Yes
Observations 49,812 49,887 49,742 93,531 93,458 49,535 49,535
Adj. R2 0.658 0.657 0.658 0.629 0.625 0.662 0.663

Notes: The dependent variable is the log of exports to the US from country c in industry i and year t. Sct is the number of new
STEM graduates per 100 inhabitants aged 15-64. Ict is the share of the population with Internet access. Xct is the log of total
exports. Gct is the share of new graduates from all fields over the total population. AIintri is the ranking of industries by AI
intensity in 2020. Controls include the interactions of skill and capital endowment of each country c in year t with the ranking
of industries in terms of skill and capital intensity in 2020. Standard errors, reported in parenthesis, are corrected for two-way
clustering by country-industry and industry-year. * Significant at 10%; ** significant at 5%; *** significant at 1%.

estimated, implying that countries with a larger share of new STEM graduates in their population
export relatively more to the US in industries with higher AI intensity.

This result suggests that the availability of advanced scientific skills is a source of CA in AI-
intensive industries. An alternative interpretation, however, is that CA in these industries depends
on the availability of general skills, with Sct simply serving as a proxy for them. To investigate
this possibility, in column (2), we replace the interaction between Sct and AIintri with an analogous
interaction using the share of total new graduates in the population (Gct) instead of the share of new
STEM graduates. In column (3), we include this new variable alongside the primary interaction
between Sct and AIintri .

The coefficient of the interaction term between total graduates and AI intensity is positive and
highly significant when this variable is included on its own (column 2). However, it turns negative
and imprecisely estimated when included together with the STEM graduates-AI intensity interaction
(column 3). At the same time, the coefficient on the latter interaction remains positive, highly precise
and comparable in magnitude to the estimate reported in column (1). These findings are inconsistent
with the view that CA in AI-intensive industries relies on advanced skills in general. Instead, they
support the view that CA in these industries is specifically driven by the availability of advanced
scientific skills. Going forward, we will always control for the total graduates-AI intensity interaction
whenever we include the STEM graduates-AI intensity interaction to disentangle the role of scientific
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Sct= STEM graduates

Ict= digital infrastructure

Xct= total export

Gct= total graduates
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Robustness and Threats to Identification

robustness:
I alternative measures of AIint ri (Webb, Hansen) or endowments (ICT)
I excluding extreme obs.
I excluding AI producing industries
I alternative specifications (zeros, lnAIinti , non-parametric)
I alternative clustering

threats to identifications:
I additional interactions (more CA, other controls × AIintri )
I additional FEs (country-industry trends, bins-year FEs)

BCFG () CA in AI EEA Congress 2025 11 / 26



Reverse Causality

can changes in exports to US → changes in CA?
I AIint measured for US + stable ranking over time
I but endowments are endogenous

initial CA:
I interact AIint ri ,2000 with Zc ,1999 (both predetermined)
I cross-sectional estimates for period-average of lnMcit

IV for digital skills endowment:
I education in STEM result of culture/attitudes toward science
I instrument = # famous scientists born in c over the period 1780-1880

F from De la Croix and Licando (2015)
F interacted with AIint ri ,2000
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Reverse Causality: Results

Table 12: Cross-Sectional Estimates

OLS 2SLS

(1) (2) (3) (4) (5) (6) (7) (8)

Sc × AIintri 0.097*** 0.061* 0.639*** 0.700** 0.820*** 1.565**
(0.028) (0.031) (0.121) (0.345) (0.167) (0.690)

Ic × AIintri 0.069*** 0.024* 0.064** 0.118**
(0.015) (0.013) (0.029) (0.052)

Xc × AIintri 0.006*** 0.005*** -0.001 -0.009
(0.002) (0.001) (0.004) (0.007)

Gc × AIintri -0.023*** -0.008 -0.131*** -0.142* -0.169*** -0.323**
(0.008) (0.008) (0.027) (0.073) (0.036) (0.144)

First-Stage Regression

Tc × AIintri 0.009*** 0.003*** 0.007*** 0.002***
(0.000) (0.001) (0.001) (0.000)

Kleibergen-Paap
F−Statistic 651.84 26.65 169.31 20.02

Controls Yes Yes Yes Yes Yes Yes Yes Yes
Country FE Yes Yes Yes Yes Yes Yes Yes Yes
Industry FE Yes Yes Yes Yes Yes Yes Yes Yes
Observations 3,499 5,070 5,070 3,499 2,263 2,263 2,263 2,263
Adj. R2 0.689 0.688 0.689 0.692 0.700 0.697 0.675 0.516

Notes: The dependent variable is the log of average exports to the US from country c in industry i over the sample period. Sc is
the number of new STEM graduates per 100 inhabitants aged 15-64 in the first sample year. Ic is the share of the population with
Internet access in the first sample year. Xc is the log of total exports in the first sample year. Gc is the share of new graduates from
all fields over the total population in the first sample year. AIintri is the ranking of industries by AI intensity in 2000. Controls
include the interactions of skill and capital endowment of each country c in the first sample year with the ranking of industries in
terms of skill and capital intensity in 2000. In columns (5)-(6) and (7)-(8), Sc × AIintri is instrumented using the interaction
between the total number of famous scientists (in thousands) born in each country c over the period 1780-1880 (Tc) and the value
of AIintri in 2000 and 1980, respectively. Standard errors, reported in parenthesis, are corrected for clustering at the industry
level. * Significant at 10%; ** significant at 5%; *** significant at 1%.

(1)–(4) of Table 12, we present cross-sectional results by regressing the log of average exports to the
US in each country and industry over the sample period on the interactions of the initial values of
Sct, Ict and Xct with the first-year (2000) value of AIintri . For consistency with (15), we control for
country and industry fixed effects. The standard errors are corrected for clustering within industries.
Because the explosion of AI technologies was largely unexpected at the beginning of the new millen-
nium, the cross-sectional variation in the regressors in the initial year is likely to be predetermined to
the evolution of exports in the two subsequent decades. Despite a significant loss of observations, the
coefficients are similar to the baseline estimates.

In the second exercise, we leverage the fact that, for one of the three determinants of CA, it is
possible to identify long-term historical differences across countries that predict its variation even
in contemporary times. We exploit this variation for identification. This exercise will also provide

29
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Role of Regulation
Table 13: The Role of Regulation

Regulation Areas

All All Infrastructure & Electronic E-Payment Intellectual Other
Connectivity Transactions Systems Property Rights Barriers

(1) (2) (3) (4) (5) (6) (7)

Dct × AIintri -0.040** -0.049** -0.044* 0.133 -0.128 -0.492 -0.177*
(0.016) (0.023) (0.024) (0.112) (0.165) (0.318) (0.098)

Sct × AIintri 0.039 0.037 0.040 0.043* 0.025 0.048**
(0.025) (0.025) (0.025) (0.025) (0.025) (0.024)

Ict × AIintri 0.038** 0.041** 0.048*** 0.047*** 0.049*** 0.042***
(0.016) (0.016) (0.015) (0.015) (0.015) (0.015)

Xct × AIintri 0.003** 0.003** 0.003** 0.004** 0.003** 0.004**
(0.001) (0.001) (0.001) (0.001) (0.001) (0.001)

Gct × AIintri -0.003 -0.002 -0.002 -0.003 -0.000 -0.005
(0.007) (0.007) (0.007) (0.007) (0.007) (0.006)

Controls Yes Yes Yes Yes Yes Yes Yes
Country-Year FE Yes Yes Yes Yes Yes Yes Yes
Industry-Year FE Yes Yes Yes Yes Yes Yes Yes
Observations 23,076 16,366 16,366 16,366 16,366 16,366 16,366
Adj. R2 0.631 0.671 0.671 0.670 0.670 0.671 0.670

Notes: The dependent variable is the log of exports to the US from country c in industry i and year t. Sct is the number of
new STEM graduates per 100 inhabitants aged 15-64. Ict is the share of the population with Internet access. Xct is the log of
total exports. Gct is the share of new graduates from all fields over the total population. AIintri is the ranking of industries
by AI intensity in 2020. Dct is an index of the restrictiveness of regulations on digitally-enabled trade. Columns (1)-(2) use
the composite index, while columns (3)-(7) use the sub-indices corresponding to regulation in five areas, as indicated in each
column’s heading. Controls include the interactions of skill and capital endowment of each country c in year t with the ranking
of industries in terms of skill and capital intensity in 2020. Standard errors, reported in parentheses, are corrected for two-way
clustering by country-industry and industry-year. * Significant at 10%; ** significant at 5%; *** significant at 1%.

role played by scientific skills, digital infrastructure and economies of scale.
Quantitatively, a less restrictive regulation, equivalent to the average difference in Dct between

Finland (25th percentile) and Singapore (75th percentile), is associated with 0.21 log points larger
exports to the US in the industry at the 75th percentile of the AI intensity distribution relative to
the industry at the 25th percentile. In addition to being statistically significant, therefore, the role of
regulation is also quantitatively sizable and roughly comparable with that of the other sources of CA.

Along with the composite index, the OECD provides information on five sub-indices correspond-
ing to the five areas of regulation encompassed by DSTRI: 1) infrastructure and connectivity; 2)
electronic transactions; 3) e-payment systems; 4) intellectual property rights; and 5) other barriers
to trade in digitally-enabled services. In the remaining columns of Table 13, we study the role of
regulation in each of these areas. To this end, we replace the interaction between Dct and AIintri with

32

additional CA source: Dct × AIintri
I Dct ∈ [0, 1] = Digital Services Trade Restrictiveness Index (OECD)
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Conclusions

what determines CA in AI-intensive industries?

we identify 4 sources of CA
I digital skills (STEM graduates and ICT capital)
I digital infrastructure (internet access)
I economies of scale
I (less restrictive) regulation of digital services

more questions ahead
I is gen-AI different?
I redistributive effects of AI trade towards STEM workers?
I beyond trade: AI effects on aggregate performance
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Quantification: Baseline Regressions

cross-country variation in CA sources:
I S75pc (France) → S25pc (Mexico) =⇒ ln (M75/M25) = 0.27

F M75 = Other General Purpose Machinery Manufacturing
F M25 = Metal Forging and Stamping

I I75pc → I25pc =⇒ ln (M75/M25) = 0.32
I lnX75pc → lnX25pc =⇒ ln (M75/M25) = 0.26

average time variation (1999-2019) in CA sources:
I ∆S = 0.12 → ln (M75/M25) = 0.23
I ∆I = 0.69 → ln (M75/M25) = 0.71
I ∆ lnX = 0.81 → ln (M75/M25) = 0.12
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Alternative Measures

Table 7: Alternative Measures

AI Intensity STEM Fields Digital Skills

AIinti STEM Occupations STEM Occupations Webb’s Occupational Natutal Mathematics Engineering ICT ICT Share of
(All) (No Life/Medical/Other) AI Exposure Sciences & Statistics Capital Stock

(1) (2) (3) (4) (5) (6) (7) (8) (9)

Sct × AIintri 1.1050* 0.044** 0.047** 0.081*** -0.036 0.205* 0.046* 0.188*** 0.254**
(0.537) (0.022) (0.022) (0.022) (0.039) (0.118) (0.028) (0.056) (0.124)

Ict × AIintri 0.687*** 0.039*** 0.038*** 0.016* 0.031*** 0.029*** 0.027*** 0.030*** 0.046***
(0.203) (0.008) (0.008) (0.008) (0.009) (0.009) (0.009) (0.009) (0.011)

Xct × AIintri 0.068** 0.007*** 0.007*** 0.004*** 0.005*** 0.004*** 0.004*** 0.004*** 0.004***
(0.029) (0.001) (0.001) (0.001) (0.001) (0.001) (0.001) (0.001) (0.001)

Gct × AIintri -0.039 -0.008 -0.008 -0.019*** 0.004 0.003 0.001 -0.004
(0.126) (0.005) (0.005) (0.005) (0.003) (0.003) (0.004) (0.004)

Controls Yes Yes Yes Yes Yes Yes Yes Yes Yes
Industry-Year FE Yes Yes Yes Yes Yes Yes Yes Yes Yes
Country-Year FE Yes Yes Yes Yes Yes Yes Yes Yes Yes
Observations 49,535 49,535 49,535 49,535 40,706 46,487 43,946 47,114 39,964
Adj. R2 0.663 0.667 0.667 0.663 0.655 0.655 0.662 0.656 0.691

Notes: The dependent variable is the log of exports to the US from country c in industry i and year t. Sct is the number of new STEM graduates per 100 inhabitants aged 15-64. Ict
is the share of the population with Internet access. Xct is the log of total exports. Gct is the share of new graduates from all fields over the total population. AIintri is the ranking of
industries by AI intensity in 2020. In column (1), AIintri is replaced by AIinti, the log ratio of employment in AI-related occupations to employment in non-AI-related occupations
in each industry i. AI-related occupations are defined as in Table 1 in column (1) and in columns (5)-(9); as STEM occupations (Hanson and Slaughter, 2018) in column (2); as STEM
occupations excluding life and medical scientists and other STEM occupations in column (3); and as occupations in the top quartile of the AI exposure index proposed by Webb (2020)
in column (4). Columns (5)-(8) replace the number of new STEM graduates (Sct) with the number of new graduates in each STEM field, as indicated in each column’s heading. The
ICT share of capital stock used in place of Sct in column (9) is the share of communication and computer equipment relative to total assets. Controls include the interactions of skill and
capital endowment of each country c in year t with the skill and capital intensity of industry i in 2020; skill and capital intensities are the logs of the corresponding proxies in column
(1) and the rankings in the other columns. Standard errors, reported in parenthesis, are corrected for two-way clustering by country-industry and industry-year. * Significant at 10%; **
significant at 5%; *** significant at 1%.

teraction between AIintri and the population share of new STEM graduates with the corresponding
interactions using the population share of new graduates in each STEM field.

These specifications allow us to examine the distinct roles played by different types of scientific
skills. At the same time, the coefficients are likely to be noisier than the baseline estimates, as the
number of new graduates by field are more susceptible to transitory fluctuations compared to the total
number of new STEM graduates. Nevertheless, consistent with the view that AI-intensive industries
are particularly sensitive to scientific skills of a digital nature, the interaction coefficient is large for
Mathematics and ICT graduates, while it is much smaller and not always significant for the other
categories.

Finally, in column (9), we use the ICT share of capital stock as an alternative proxy for scientific
skills. The ICT share of capital stock is highly correlated with the share of new STEM graduates in
the population, reflecting the strong complementarity between scientific skills and advanced types of
capital.16 At the same time, this variable provides a stock-based measure of CA. Information on the
share of ICT capital is available from the EU KLEMS database for 27 European countries and Japan.

Reassuringly, the main results are unchanged. Quantitatively, a higher ICT share of capital stock,
equivalent to the average difference between Sweden (75th percentile) and Malta (25th percentile), is

16A regression of Sct on the ICT share of capital stock, controlling for country and year fixed effects, yields a coefficient
of 0.026 (s.e. 0.008), with an R2 of 0.8.

22
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Sources of CA: Descriptives

Table 3: Sources of Comparative Advantage: Descriptive Statistics

New STEM Graduates per Population Share with Total
100 Inhabitants (Sct) Internet Access (Ict) Exports (Xct)

Mean SD ∆ Mean Mean SD ∆ Mean Mean SD ∆ Mean

Total 0.237 0.101 0.120 0.491 0.295 0.676 210,049.1 320,351.7 160,966.1
Europe and Central Asia 0.244 0.102 0.138 0.589 0.264 0.703 222,774.2 282,176.5 153,351.0
East Asia and Pacific 0.286 0.082 0.082 0.464 0.304 0.610 374,806.2 488,004.6 357,710.8
America and Caribbean 0.154 0.058 0.058 0.348 0.269 0.617 90,850.1 140,504.6 48,876.3
Africa and Middle East 0.232 0.083 0.083 0.399 0.299 0.812 68,869.8 73,649.8 42,480.8

Notes: The subscripts c and t denote countries and years, respectively. Sct is the number of new STEM graduates per 100
inhabitants aged 15–64. Ict is the share of the population with Internet access. Xct is total exports in millions of US dollars. The
means and standard deviations are computed across all countries within a given geographical area and across all years. Average
changes are calculated as the average difference in a given variable between the first and the last sample year across all countries
within a given region.

intensive industries. First, we account for cross-country heterogeneity in digital infrastructure by
using the share of the population with Internet access in each country and year (Ict), as reported in the
World Bank World Development Indicators (WDI) database. While this variable may not fully capture
the most advanced forms of digital investment, its overall variation likely reflects key differences in
digital infrastructure across countries. Additionally, this variable has broad coverage, being available
for nearly all countries in our sample—68 out of the 71 countries with export data. As shown in Table
3, Ict averages 49% but varies significantly across regions, ranging from 35% in “America and the
Caribbean” to 59% in “Europe and Central Asia”. Internet coverage has also grown substantially over
time, both on average and in each region.

Finally, we examine the role of economies of scale, which can influence the competitiveness of
AI-intensive industries for two main reasons. On the one hand, AI-driven processes can be scaled up
more rapidly than traditional processes. On the other hand, a larger number of consumers generate
more data, which enhances the performance of AI systems. To capture this source of CA, we use data
on each country’s total exports (Xct), sourced from the WDI and available for the same 68 countries
with data on Internet access. Intuitively, countries with higher export volumes should be able to collect
data from more customers, a particularly valuable asset for AI-intensive industries.8 As with the other
proxies, Table 3 shows that Xct varies significantly across regions and has increased substantially over
the sample period.

8Our main results remain robust when using exports to the US instead of total exports, although the former is more
likely to be mechanically related to our dependent variable.

12
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AI-Related Occupations

Computer and Information Research Scientists Mathematicians
Computer Network Architects Network and Computer Systems Administrators
Computer Network Support Specialists Operations Research Analysts
Computer Occupations, All Other Software Developers
Computer Programmers Software Quality Assurance Analysts and Testers
Computer Systems Analysts Statistical Assistants
Computer User Support Specialists Statisticians
Data Scientists Web and Digital Interface Designers
Database Administrators Web Developers
Database Architects
Occupations are classified according to the 6-digit level of the 2018 Standard Occupational Classification.
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AI Intensity Across Industries

Top Ten Industries AIinti Bottom Ten Industries AIinti

Information and Data Processing Services 0.2633 Dairy Products 0.0089
Computer Equipment Manufacturing 0.2190 Seafood and Other Miscellaneous Foods, nec 0.0088
Communications, Audio and Video Equipment 0.1415 Sawmills and Wood Preservation 0.0087
Other Business Services 0.1363 Miscellaneous Nonmetallic Mineral Products 0.0086
Telecommunication Services 0.1305 Other Woods Products 0.0085
Electronic Components and Products 0.1015 Cement, Concrete, Lime, and Gypsum Products 0.0074
Navigational Electronic and Control Instruments Manufacturing 0.1000 Animal Slaughtering and Processing 0.0070
Financial Services 0.0953 Bakeries 0.0031
Audiovisual Services 0.0915 Construction 0.0030
Aerospace Products Manufacturing 0.0871 Fiber, Yarn, and Thread Mills 0.0028

AIinti is equal to 0.034 on average and exhibits significant variation across industries, with a
standard deviation of 0.046. Table 2 reports the value of AIinti in the top and bottom 10 indus-
tries in our sample. In line with Bonfiglioli et al. (2025), the top 10 industries consist of advanced
services such as information and data processing services, other business services, telecommunica-
tion services, financial services and audiovisual services. They also include advanced branches of
the manufacturing sector producing computer equipment, communication, audio and video equip-
ment, electronic components and control instruments, and aerospace products. On the contrary, the
bottom 10 industries largely consist of traditional manufacturing activities, such as bakeries, animal
processing, construction, wood products and nonmetallic mineral products.6

Over time, the ranking of industries in terms of AI intensity has remained largely stable: the
correlation between the 2000 and 2020 rankings exceeds 0.88.7 This high stability reflects the fact
that the ranking captures technological differences across industries that persist over time, rather than
transitory fluctuations or time-varying shocks to the values of AIinti. By construction, moreover, the
ranking cannot expand or shrink over time. For these reasons, and because our primary interest lies in
the relative position of industries rather than the actual values of their AI intensity, we use the ranking
of industries by AIinti as our baseline measure. We rank industries in ascending order of AIinti, so
higher positions in the ranking correspond to higher levels of AI intensity. In Section 6.2, we show
that our main conclusions are robust across alternative measures of AI intensity, including the direct
use of AIinti.

6The full list of industries with their AI intensity levels is presented in Appendix Table B.1.
7We measure AI intensity in 2000 as in (12), using micro-level employment data from the US Census of Population.

To track AI-related occupations back in time across the revisions of the SOC that occurred between 2000 and 2020, we
use correspondence tables from the US Bureau of Labor Statistics.
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Imports Trends: AI-intensive Industries

Table 4: Export Growth: AI-Intensive vs. Other Industries

Above vs. Below Median Top vs. Bottom Terciles Top vs. Bottom Quintiles
(1) (2) (3)

AI-Intensive (Ii) 0.235*** 0.409*** 0.528***
(0.048) (0.070) (0.090)

Country FE Yes Yes Yes
Observations 5,203 3,466 2,061
Adj. R2 0.157 0.149 0.167

Notes: The table reports the estimates of (13). The dependent variable is the log change in exports to the US from country c
in industry i between the first and the last sample year. Ii is a dummy equal to 1 for AI-intensive industries and 0 otherwise.
AI-intensive (non-AI-intensive) industries are those with AIinti above (below) the sample median in column (1), in the top
(bottom) tercile of the distribution in column (2) and in the top (bottom) quintile of the distribution in column (3). Standard
errors, reported in parentheses, are corrected for clustering within countries. * Significant at 10%; ** significant at 5%; ***
significant at 1%.

relative to all other countries in the sample, within the US market rather than the world as a whole.9

A value of RCAct above 1 indicates that country c has a revealed CA in AI-intensive industries in the
US market.

Figure 1 plots the average values of RCAct over the sample period. AI-intensive industries are
defined as those with AIinti above the sample median. The figure unveils significant variation in re-
vealed CA across countries. The most technologically advanced economies, such as Ireland, Switzer-
land, Japan, the UK and Northern European countries stand out for their high values of RCAct. The
index also exceeds 1 in countries like Mexico, Saudi Arabia and Malaysia, reflecting their special-
ization in industries such as automotive, chemicals, petroleum refining, insurance and other business
services, which exhibit relatively high levels of AI intensity. In contrast, the lowest values of RCAct

are observed in Latin America and Southeast Asia.
We conclude this section with preliminary evidence on the relationship between countries’ exports

and the sources of CA. To this end, we first compute total exports to the US from each country c and
year t, separately in two groups of industries with AIinti above the median (AI intensive) and below
the median (non AI intensive). Then, we regress the log of these exports on a full set of country
fixed effects to neutralize differences in geographical distance and other country-level determinants
of trade. Finally, we compute the average residuals from these regressions for ten groups of countries,
corresponding to the deciles of the average value of a given determinant of CA over the sample period.

Figure 2, panels (a)-(c), plot these quantities against the ten deciles of Sct, Ict and Xct, separately
for AI-intensive and non-AI-intensive industries. The plots reveal that in AI-intensive industries,

9Country-level exports to the world are unavailable for the service industries included in our sample.
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Robustness: Outliers

Table 6: Outliers

AI Intensity Country Characteristics Balanced Samples

Top & Bottom AI STEM Internet Total Real Real Per Import US Countries with Industries with
Five industries Producers Graduates Coverage Exports GDP Capita GDP Penetration FDI all Industries all Countries

(1) (2) (3) (4) (5) (6) (7) (8) (9) (10) (11)

Sct × AIintri 0.052** 0.053** 0.043* 0.056** 0.063** 0.057** 0.057** 0.047** 0.047* 0.064** 0.052*
(0.026) (0.024) (0.025) (0.025) (0.026) (0.024) (0.022) (0.023) (0.026) (0.026) (0.028)

Ict × AIintri 0.030*** 0.029*** 0.021** 0.031*** 0.023** 0.021** 0.025*** 0.034*** 0.023** 0.025** 0.053**
(0.011) (0.010) (0.009) (0.011) (0.009) (0.009) (0.009) (0.009) (0.010) (0.010) (0.020)

Xct × AIintri 0.006*** 0.005*** 0.004*** 0.004*** 0.005*** 0.004** 0.004*** 0.005*** 0.005*** 0.003* 0.002
(0.002) (0.001) (0.001) (0.001) (0.001) (0.001) (0.001) (0.001) (0.002) (0.002) (0.002)

Gct × AIintri -0.002 -0.005 0.002 -0.003 -0.007 -0.003 -0.004 -0.011** -0.001 -0.005 -0.001
(0.006) (0.006) (0.007) (0.006) (0.006) (0.006) (0.005) (0.005) (0.006) (0.006) (0.007)

Controls Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes
Country-Year FE Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes
Industry-Year FE Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes
Observations 44,035 47,319 45,076 42,945 43,250 44,119 44,983 43,984 40,253 20,145 6,840
Adj. R2 0.666 0.664 0.668 0.654 0.634 0.642 0.671 0.673 0.658 0.696 0.725

Notes: The dependent variable is the log of exports to the US from country c in industry i and year t. Sct is the number of new STEM graduates per 100 inhabitants aged 15-64. Ict
is the share of the population with Internet access. Xct is the log of total exports. Gct is the share of new graduates from all fields over the total population. AIintri is the ranking of
industries by AI intensity in 2020. Columns (1) and (2) exclude, respectively, the top and bottom five industries by AI intensity, and industries likely involved in the development of
AI applications (i.e., “Computer Equipment Manufacturing”, “Information and Data Processing Services”, “Communications, Audio, and Video Equipment” and “Telecommunication
Services). Columns (3)-(9) exclude countries in the top or bottom 5% of the distribution of the characteristic indicated in each column’s heading. Column (10) restricts the sample to
countries that have non-missing data on exports to the US in all industries at least once over the sample period. Column (11) restricts the sample to industries for which US imports
are recorded from all countries at least once over the sample period. Controls include the interactions of skill and capital endowment of each country c in year t with the ranking
of industries in terms of skill and capital intensity in 2020. Standard errors, reported in parenthesis, are corrected for two-way clustering by country-industry and industry-year. *
Significant at 10%; ** significant at 5%; *** significant at 1%.

the industry at the 25th percentile, by 0.13, 0.50 and 0.06 log points, respectively, in line with the
baseline results.

Next, we use three different classifications of AI-related occupations to reconstruct AIintri . In
column (2), we define as AI-related all STEM occupations, using the STEM occupational classifi-
cation of Hanson and Slaughter (2018). In column (3), we narrow down the list by excluding life
sciences, medical sciences and other STEM occupations (e.g., surveyors, cartographers and mapping
scientists), whose tasks are arguably less AI-intensive than the rest of STEM occupations. Finally, in
column (4), we define as AI-related those occupations that fall in the top quartile of the AI-exposure
measure proposed by Webb (2020).15 The coefficients are similar to the baseline estimates, suggest-
ing that our evidence is not an artifact of the definition of AI-related occupations and the resulting
measure of industry AI intensity.

Next, we delve deeper into the role of scientific skills. In addition to the total number of new
STEM graduates, the OECD provides separate information for four main STEM fields: Informa-
tion and Communication Technology (ICT); Engineering, Manufacturing and Construction; Natural
Sciences; and Mathematics and Statistics. In columns (5)–(8), we estimate (15) by replacing the in-

15Webb (2020) identifies patents related to AI and develops an algorithm to count occurrences of similar verb-noun pairs
in the patents’ titles and in the task descriptions of each occupation. The indicator of AI exposure for each occupation is
the average of these common occurrences across the occupation’s tasks, weighted by the importance of each task for the
occupation.
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Robustness: Sample Selection

Table 8: Sample Selection

Inverse Hyperbolic Sine Transformation Heckman Correction Poisson Pseudo-Maximum Likelihood
(1) (2) (3)

Sct × AIintri 0.045** 0.053** 0.144***
(0.019) (0.022) (0.037)

Ict × AIintri 0.023*** 0.028*** -0.016
(0.008) (0.009) (0.021)

Xct × AIintri 0.007*** 0.003** 0.006**
(0.001) (0.001) (0.003)

Gct × AIintri -0.003 -0.005 -0.003
(0.004) (0.005) (0.011)

Controls Yes Yes Yes
Country-Year FE Yes Yes Yes
Industry-Year FE Yes Yes Yes
Observations 51,184 49,535 51,184
Adj. R2 0.696 0.663 0.793

Notes: In column (1), the dependent variable is the inverse hyperbolic sine transformation of exports to the US from country c
in industry i and year t. In column (2), the dependent variable is the log of exports to the US from country c in industry i and
year t. In column (3), the dependent variable is exports to the US from country c in industry i and year t, including observations
with zero exports. Sct is the number of new STEM graduates per 100 inhabitants aged 15-64. Ict is the share of the population
with Internet access. Xct is the log of total exports. Gct is the share of new graduates from all fields over the total population.
AIintri is the ranking of industries by AI intensity in 2020. The specification in column (3) is estimated using the Poisson
pseudo-maximum likelihood estimator developed by Santos Silva and Tenreyro (2006). Controls include the interactions of skill
and capital endowment of each country c in year t with the ranking of industries in terms of skill and capital intensity in 2020.
Column (2) also includes the inverse Mills ratio, obtained using predicted values from a probit regression of a dummy equal to 1
for observations with non-zero exports on the set of regressors included in column (2). Standard errors, reported in parentheses,
are corrected for two-way clustering by country-industry and industry-year. * Significant at 10%; ** significant at 5%; ***
significant at 1%.

that includes the skill endowment, the capital endowment and the share of total new graduates in
the population of each country c and year t, as in our preferred specification (column 7 of Table
5). The coefficients βZ

i , identified from within-country variation over time, measure the relationship
between a given source of CA, Z = {S, I,X}, and exports to the US in each industry i. With these
coefficients in hand, we examine how they vary across industries with different levels of AI intensity.
This approach allows us to study how AI intensity mediates the relation between a given country
characteristic and exports, while remaining agnostic about the precise form of this relation.

The results are summarized in Table 9. The first three columns focus on the coefficients for the
share of new STEM graduates in the population (βS

i ). The reported statistics are the mean and median
values of these coefficients across all industries within a given tercile of the AI intensity distribution,
along with the share of industries with βS

i > 0 in each tercile. Interestingly, all these statistics increase
steadily from the first to the third tercile of AI intensity, with an acceleration observed at the top of
the distribution. The remaining columns of Table 9 show that similar patterns hold for the coefficients
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Observable Confounders

Table 10: Observable Confounders

Other Determinants of CA Additional Controls × AIintri Additional Controls × Industry FE

(1) (2) (3) (4) (5) (6) (7) (8) (9) (10) (11)

Sct × AIintri 0.073*** 0.051** 0.057*** 0.045** 0.050** 0.050** 0.051** 0.062*** 0.045** 0.050** 0.050**
(0.026) (0.022) (0.022) (0.022) (0.022) (0.023) (0.022) (0.021) (0.022) (0.022) (0.023)

Ict × AIintri 0.027** 0.026*** 0.009 0.026*** 0.026*** 0.023** 0.025*** 0.015 0.026*** 0.027*** 0.023**
(0.011) (0.010) (0.010) (0.009) (0.009) (0.009) (0.009) (0.010) (0.009) (0.009) (0.009)

Xct × AIintri 0.005*** 0.004** 0.003** 0.004*** 0.004*** 0.005*** 0.005*** 0.003*** 0.004*** 0.004*** 0.005***
(0.001) (0.002) (0.001) (0.001) (0.001) (0.002) (0.002) (0.001) (0.001) (0.001) (0.002)

Gct × AIintri -0.010 -0.005 -0.005 -0.003 -0.004 -0.002 -0.004 -0.005 -0.004 -0.005 -0.002
(0.006) (0.005) (0.005) (0.005) (0.005) (0.005) (0.005) (0.005) (0.005) (0.005) (0.005)

Controls Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes
Country-Year FE Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes
Industry-Year FE Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes
Observations 36,991 49,535 49,535 49,535 49,313 44,236 49,535 49,535 49,535 49,313 44,236
Adj. R2 0.653 0.663 0.664 0.664 0.664 0.651 0.674 0.683 0.691 0.664 0.659

Notes: The dependent variable is the log of exports to the US from country c in industry i and year t. Sct is the number of new STEM graduates per 100 inhabitants aged 15-64.
Ict is the share of the population with Internet access. Xct is the log of total exports. Gct is the share of new graduates from all fields over the total population. AIintri is the
ranking of industries by AI intensity in 2020. Controls include the interactions of skill and capital endowment of each country c in year t with the ranking of industries in terms of
skill and capital intensity in 2020. In column (1), controls also include additional determinants of comparative advantage. These consist of: (i) the interactions of a proxy for the
financial development of each country c in year t with two proxies for external finance dependence and asset tangibility of each industry i; and (ii) the interaction of a proxy for
the institutional quality of each country c in year t with a proxy for contract intensity in each industry i. Columns (2)-(6) include, instead, the interactions between AIintri and
the following characteristics of each country c in year t: real GDP, real per-capita GDP, growth in import penetration, the consumer price index, and the stock of US foreign direct
investment over GDP. In columns (7)-(11), the same country characteristics are interacted with a full set of industry dummies rather than with AIintri . Standard errors, reported in
parentheses, are corrected for two-way clustering by country-industry and industry-year. * Significant at 10%; ** significant at 5%; *** significant at 1%.

we extend (15) by adding controls for other determinants of CA considered in the literature. Fol-
lowing, among others, Rajan and Zingales (1998), Manova (2013) and Bonfiglioli et al. (2019), we
include interactions between a proxy for countries’ financial development and proxies for industries’
external financial dependence and asset tangibility. Following Nunn (2007) and Levchenko (2007),
we also add the interaction between an index of countries’ institutional quality and a proxy for the
contract intensity of industries.18 Although these variables are available only for manufacturing in-
dustries, controlling for them leaves the main results unchanged. This suggests that our evidence is
not confounded by CA stemming from financial development or institutional quality.

In columns (2)–(6), we account for other country characteristics that may affect exports asym-
metrically across industries. To this end, we extend the specification by adding interactions between
AIintri and the following variables: real GDP, real per-capita GDP, growth in import penetration, the
consumer price index and the stock of US foreign direct investment over GDP. The main evidence
is preserved, suggesting that the results are not driven by the fact that larger, richer, more trade-
exposed and higher-inflation economies—or countries with a greater presence of US multinational

18Financial development is proxied by the GDP share of private credit. External financial dependence and asset tangi-
bility are industry i’s rankings in terms of, respectively, the share of capital expenditure not financed by cash flow from
operations and the share of net property, plant and equipment in total assets, both computed using firm-level data for the
US. Institutional quality is proxied for using the rule of law, while contract intensity is industry i’s ranking in terms of the
indicator for the importance of relationship-specific investments constructed by Nunn (2007) for US industries.
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Threats: Trends and Contemporaneous Shocks

Table 11: Underlying Trends and Contemporaneous Shocks

Underlying Trends Contemporaneous Shocks

(1) (2) (3) (4) (5)

Sct × AIintri 0.047** 0.049** 0.054** 0.051** 0.051**
(0.022) (0.023) (0.021) (0.022) (0.022)

Ict × AIintri 0.027*** 0.025*** 0.025*** 0.028*** 0.027***
(0.009) (0.009) (0.009) (0.009) (0.009)

Xct × AIintri 0.003** 0.003** 0.004*** 0.004*** 0.004***
(0.001) (0.001) (0.001) (0.001) (0.001)

Gct × AIintri -0.003 -0.002 -0.003 -0.003 -0.004
(0.005) (0.005) (0.005) (0.005) (0.005)

Controls Yes Yes Yes Yes Yes
Country-Year FE Yes Yes Yes Yes Yes
Industry-Year FE Yes Yes Yes Yes Yes
Observations 49,535 48,386 49,535 49,535 49,535
Adj. R2 0.668 0.659 0.685 0.665 0.663

Notes: The dependent variable is the log of exports to the US from country c in industry i and year t. Sct is the number of
new STEM graduates per 100 inhabitants aged 15-64. Ict is the share of the population with Internet access. Xct is the log of
total exports. Gct is the share of new graduates from all fields over the total population. AIintri is the ranking of industries
by AI intensity in 2020. Controls include the interactions of skill and capital endowment of each country c in year t with the
ranking of industries in terms of skill and capital intensity in 2020. Columns (1)-(2) also control for the interaction between year
dummies and the initial value of exports to (imports from) the US in each country c and industry i. Columns (3)-(4) also control
for the interactions between year dummies and ten dummies for deciles of country-industry pairs, based on the growth in exports
to (imports from) the US over the sample period. Column (5) also controls for interactions between dummies for years, four
broad geographical areas (Europe and Central Asia, East Asia and Pacific, America and the Caribbean, Middle East and South
Africa), and sectors (manufacturing and services). Standard errors, reported in parentheses, are corrected for two-way clustering
by country-industry and industry-year. * Significant at 10%; ** significant at 5%; *** significant at 1%.

firms—might tend to export relatively more in AI-intensive industries. In columns (7)–(11), we in-
teract the same country characteristics with a full set of industry dummies to more flexibly account
for cross-industry differences in the effects of these variables. These interactions also absorb various
determinants of country-industry-specific trade costs. The results are confirmed, even in these highly
demanding specifications.

The large set of controls considered thus far may not completely eliminate concerns about con-
founding factors. On the one hand, it is possible that the results are driven by differential trends
across country-industry pairs. To address this issue, in columns (1) and (2) of Table 11, we control
for underlying trends based on pre-existing characteristics of each country-industry pair. To this end,
in column (1), we interact the initial value of exports to the US from country c in industry i with a full
set of year dummies. In column (2), we do the same using the initial value of US exports to country c

in industry i. Reassuringly, the coefficients remain essentially unchanged.
On the other hand, the results may reflect unobserved time-varying shocks affecting specific
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