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Abstract

Using detailed data on the artificial intelligence (AI) content of all U.S. patents
granted between 1980 and 2019, we construct a novel measure of Al intensity in tech-
nological innovation, which we use to identify unanticipated shifts in AI technology.
AT technology shocks generate a delayed rise in productivity and economic activity,
alongside a decline in consumer prices, consistent with a positive supply shock. Em-
ployment, hours worked, and wages also increase, even in sectors most exposed to Al,
suggesting that general equilibrium effects dominate displacement. Yet, unlike general
technology shocks, Al tech shocks compress the labor share. The expansionary effects
of Al-intensive innovation are also accompanied by growing inequality, particularly
stark in the wealth distribution.
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1 Introduction

John McCarthy, a founding father of Artificial Intelligence (AI), defined it as “the science
and engineering of making intelligent machines, especially intelligent computer programs”
(McCarthy, 2007). Recent breakthroughs such as generative Al and large language models
have brought the economic implications of Al to the forefront of academic and policy debates.
Like the steam engine, electricity, and the internet before it, Al is increasingly seen as a
general-purpose technology (GPT; Bresnahan and Trajtenberg, 1995) with the potential to
catalyze a new era of innovation and economic growth given its widespread sectoral effects
(Cockburn et al., 2019; Goldfarb et al., 2023). While a nascent empirical literature has begun
to explore the firm-level and sectoral impacts of Al adoption, its full macroeconomic effects
remain largely uncharted.

In this paper, we assess the macroeconomic consequences of Al technology shocks in the
United States. Leveraging the granular data in Giczy et al. (2022) on the AI content of
every patent granted by the U.S. Patent and Trademark Office since 1980, we construct a
novel aggregate measure of Al intensity in U.S. innovation, reflecting the salience of artifi-
cial intelligence in patented technologies. We use this measure to identify Al technological
shocks orthogonal to fluctuations in the business cycle, changes in financing conditions, equity
prices, or expectations regarding key economic aggregates. Our primary identification strat-
egy constructs an instrument for Al technology following Miranda-Agrippino et al. (2025)
and estimates dynamic effects via local projection instrumental variables (LP-IV). We also
apply our measure within a local projection framework incorporating a comprehensive set of
macro-financial controls; both approaches yield consistent results.

Our analysis reveals that an increase in the Al intensity of innovation acts as a positive
supply shock, leading to a delayed but persistent surge in economic activity and total factor
productivity. These expansionary effects lead to a notable increase in total employment,
average hours worked, and wages. Importantly, these phenomena are broad-based, occurring
even in sectors where jobs are most exposed to Al, consistently with Aghion et al. (2025b).
This underscores the powerful role of productivity gains and general equilibrium forces, which
appear to outweigh displacement effects (the missing intercept problem; Wolf, 2023; Sarto,

2018; Matthes et al., 2024). This net positive outcome occurs even as the labor force un-
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dergoes a recomposition; an analysis of occupational flows shows that while layoffs increase,
they are more than offset by a surge in new job openings.

Al technology shocks compress overall consumer prices. A sectoral analysis reveals that
most components of the PCE price index decline. The fall is particularly stark in high-tech
goods such as computers, hardware and software, audio and video equipment. Energy prices
constitute a notable exception in line with the energy intensity of AI technology.

Contrasting Al technology shocks with general technological development (Miranda-
Agrippino et al., 2025), we find that, despite the positive effects on the labor market, Al
technology shocks compress the labor share. Conversely, general technological shocks are
labor-neutral (Fisher, 2006) and do not significantly affect the labor share.

We then examine the association of Al-intensive patents with automation and ICT patents.
We find that nearly 80% of Al-intensive patents are ICT patents, and half are classified as
automation patents Mann and Piittmann (2023). Conversely, Al-intensive patents consti-
tute only a modest share of the broader class of ICT and automation patents. Using leading
measures of patent quality such as forward citations, importance Kelly et al. (2021), and
value Kogan et al. (2017), we document that Al-intensive patents are higher-quality patents
within both the ICT and automation categories. This pattern squares with a comparison of
the macroeconomic effects of these innovations. Al technology shocks generate larger expan-
sionary effects on GDP, TFP, and employment, but also depress the labor share to a larger
extent.

Despite the aggregate benefits, the gains from Al innovation are not distributed equally
across the population. The expansionary shock leads to a rise in the wealth and labor-income
shares of the top 10%, while the wealth share of the bottom 50% declines persistently. These
distributional consequences can be linked to the asset returns channel (Moll et al., 2022)
but they are also apparent across different education levels. The employment gains are
widespread, except for workers with less than a high school education, consistent with the

concept of skill-biased technological change.

Related Literature. A growing body of research studies the implications of Al diffusion

at the firm level or occupation-level (Felten et al., 2018; Webb, 2019; Babina et al., 2024;



Brynjolfsson et al., 2025) or with a macroeconomic perspective (Aghion et al., 2018; Lu and
Zhou, 2021; Comunale and Manera, 2024). On the potential macroeconomic effects, views are
polarized (Acemoglu, 2024; Aghion et al., 2025b). We present a novel empirical investigation
on the aggregate effects of Al intensity in the innovation process. We emphasize the crucial
role played by general equilibrium effects (Wolf, 2023; Sarto, 2018; Matthes et al., 2024) and
find an overall positive response of employment as in Autor and Salomons (2018) and Mann
and Puttmann (2023) and expansionary effects on output and productivity as in the model
by Aldasoro et al. (2024).

A broad empirical literature, exemplified among many others by Gali (1999), Beaudry
and Portier (2006), Fernald (2012), Bloom et al. (2013), Aghion et al. (2025a) has studied
the relationship between technology shocks and total factor productivity. Our paper is par-
ticularly related to works that exploit patent data to study the aggregate implications of
innovation, such as Kogan et al. (2017), Kelly et al. (2021), Cascaldi-Garcia and Vukoti¢
(2022), Miranda-Agrippino et al. (2025), Ferriani et al. (2024), and Gazzani et al. (2025).
Our work examines the intensity of Al technology shocks as a distinct engine of technological
development. Unlike general technology shocks, which are labor-neutral and leave the labor
share unaffected (Fisher, 2006), Al technology shocks generate a persistent decline in the
labor share, highlighting their distinct transmission mechanism.

Finally, our work contributes to the literature on inequality, particularly regarding au-
tomation (Acemoglu and Restrepo, 2020a; Prettner and Strulik, 2020; Moll et al., 2022). We
show that Al intensity in innovation significantly increases the wealth share of the top 1%
while eroding that of the bottom 50%, providing empirical support for the asset valuation

channel proposed by Moll et al. (2022).

Structure of the paper. The remainder of the paper is organized as follows. Section 2
details the construction of our novel Al intensity measure and outlines the econometric frame-
work used for identification. Section 3 presents the main results on aggregate macroeconomic
dynamics, beginning with the LP-IV baseline, followed by OLS LP estimates and quantita-
tive implications. Section 4 dissects Al innovation by comparing it with general technology

shocks, decomposing it into extensive and intensive margins, and benchmarking it against



automation and ICT innovation. Section 5 investigates the transmission through the labor
market, analyzing occupational flows, sectoral heterogeneity, and the role of education. Sec-
tion 6 discusses the distributional consequences for income and wealth. Finally, Section 7

concludes.

2 Data and Econometric Framework

While Al advances are partly based on open-source platforms, Al patenting is considered a
valuable source of information on the development and diffusion of Al technology (Webb,
2019, Grimm and Gathmann, 2022, Chen et al., 2024). We here make use of the Artificial
Intelligence Patent Dataset (AIPD) from the United States Patent and Trademark Office
(USPTO), a database constructed for research purposes by Giczy et al. (2022)." This dataset
covers the whole patent database of the USPTO and analyzes it through machine learning
models — then validated using manual review by patent examiners — to identify the Al con-
tent in all patents granted between 1976 and 2020. The Al content of patents can stem from
innovations that either develop Al technologies or use Al and the application of Al technolo-
gies as a key instrument in other technological developments that firms wish to patent. The
dataset contains information on a broad spectrum of Al fields divided into eight categories:
machine learning, natural language processing, computer vision, speech technology, knowl-
edge processing, Al hardware, evolutionary computation, and planning and control systems.
To each patent, the AIPD assigns a score ranging from 0 to 1 for each Al category, where
the scores proxy the artificial intelligence content of each category in the patent, which we

average into a single Al score for each patent.

2.1 Al intensity in US innovation

We use this granular patent-level database to construct an aggregate index of Al intensity in
technological progress. Precisely, we measure the economy-wide Al intensity of innovation

as the average Al intensity of patents across the whole universe of filed patents each month

LA more synthetic description of the dataset and several example and interesting remarks are available at
https://www.uspto.gov/sites/default/files/documents/0CE-DH-AI.png.
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where Alint,; is the average Al score of patent 7 in month ¢ across the 8 categories m, and
N, is the total number of (granted) patents filed in month ¢. Crucially, we aggregate the Al
score of patents in the month each patent is filed (and not granted), consistently with the
empirical literature, which uses the dynamics of patent applications to proxy for innovation
shocks (Miranda-Agrippino et al., 2025; Cascaldi-Garcia and Vukoti¢, 2022; Ferriani et al.,
2024; Gazzani et al., 2025).

Although AI patenting has accelerated markedly since the 2000s (see Baruffaldi et al.,
2020, for a review), foundational advances in Al date back much earlier. Indeed, the diffusion
of AT in the United States had already begun in the late 1970s (USPTO, 2020). In particular,
Al-intensive patents filed in the 1980s contained the seeds of technologies that have become
popular today, such as large language models and speech recognition. Appendix A illustrates
notable examples of historically significant Al-intensive patents.

Figure 1 (upper panel) displays the dynamics of Alint in our sample. The series starts
from virtually 0 and exhibits an upward trend since 1980, which has intensified in the second
half of the 1990s and peaks at about 0.06. The lower panel exhibits the share of Al (intensive)
patents over total patents and Alint within this sub-group. These two variables represent,
respectively, the extensive and intensive margins of Al patent intensity. The share of Al-
intensive patents fluctuated between zero at the beginning of the sample and about 15% in
the latest years. Alint within Al-intensive patents evolved from about 0.18 to 0.3. Appendix
B discusses the decomposition of the overall Alint into the intensive and extensive margin
components. We also report how Alint has varied by sectoral breakdown — finding the
aggregate trend driven mainly by “computer software” and “communication” — and specific
Al fields. In Appendix F we describe exercises aimed at ruling out that our findings are

spuriously driven by Alint capturing general technological trends or automation.
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Figure 1: AI INTENSITY IN US PATENTING.

Note. The upper panel displays the average Al intensity in US patents (Alint). The lower panel reports the
decomposition of Alint into the contributions of the extensive (share of Al patents) and intensive margins
(average Al intensity in AI patents). Sample: 1980m1-2019m12. Source: authors’ calculation on the AIPD
dataset.

2.2 FEconometric Framework

Our aim is to assess the macroeconomic consequences of sudden surges in Al innovation. We
employ the local projections (LPs) introduced by Jorda (2005). We choose LPs over VAR
methods due to the long and variable lags that are likely to characterize the diffusion of Al
technology (Brynjolfsson et al., 2018), which tilt the bias-variance trade-off in favor of LPs
(Li et al., 2024). Our baseline identification relies on an instrumental variable (IV) strategy
following Miranda-Agrippino et al. (2025), which isolates exogenous variation in Alint or-
thogonal to macroeconomic expectations and monetary policy. We complement this with an
internal-instrument approach in which a rich set of controls addresses potential endogeneity
between patenting activity and economic conditions. Both strategies yield consistent results
throughout the paper.

Specifically, our LP specification estimates the following set of regressions for each forecast

horizon h:
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where v, represents the outcome variable in log-levels as (Montiel Olea et al., 2025),
a denotes the constant, and Alint, denotes Al patent intensity. The coefficient ) captures
the dynamic response at horizon h or Impulse Response Functions (IRFs); the inference
is based on Newey and West (1994) standard errors. The control vector w; includes 12
lags of y, and Alint;, as well as industrial production, the headline Personal Consumption
Expenditures (PCE) price index, employment, weekly hours worked, hourly earnings, the
1- and 10-year Treasury yields, and the S&P500. These controls capture variations due to
business cycles, expectations of future economic conditions, and monetary policy, among
other factors. Given the time lag inherent in innovation development, the comprehensive set

of lagged control variables allows us to isolate unexpected fluctuations in Alint;.

2.3 Instrumental variable construction

Following Miranda-Agrippino et al. (2025), we construct an external instrument for Al tech-
nology shocks by isolating unpredictable movements in Alint that are orthogonal to macroe-
conomic expectations and monetary policy. Specifically, we regress the change in Alint on

its own lags, Romer and Romer (2004) monetary policy shocks, and Blue Chip forecasts:

AATint, = c+y(L)AALint, + Y BuBa[win] + om0 + 2, (3)

h=3,12
where AAlint; denotes the monthly change in Alint, and (L) = 23111 VL. Bizign)
are the Blue Chip forecasts one quarter and one year ahead for real GDP, CPI, and the
unemployment rate. 7, is the monetary policy control. The residual z; serves as our external
instrument, available for the period 1982 to 2014 due to data limitations. Additional details
on the IV construction are reported in Appendix D.
Our analysis proceeds in five steps. First, we focus on the macroeconomic effects on
the US economy, presenting LP-IV baseline responses and confirming them with OLS LP

estimates. Second, we dissect Al innovation by comparing it with general technology shocks,



decomposing it into extensive and intensive margins, and benchmarking it against automation
and ICT innovation. Third, we delve into the labor market by studying occupational flows,
sectoral heterogeneity, and the role of education. Fourth, we investigate the consequences of

AT technology diffusion for inequality.

3 Main Results

This section presents the macroeconomic effects of Al technology shocks. We begin with the
LP-1V baseline, which provides a clean identification of the causal effects of Al innovation
by instrumenting Alint with the residual from equation (3). We then confirm the results
using OLS local projections with extensive macro-financial controls, assess the quantitative
importance of Al shocks via a forecast error variance decomposition, and discuss a battery

of robustness exercises.

3.1 LP-IV Baseline Effects

Figure 2 displays the aggregate responses to an Al technology shock identified via LP-IV,
normalized to generate a 1% peak effect on GDP. The instrument isolates exogenous variation
in Alint that is orthogonal to macroeconomic expectations and monetary policy (Section 2.3).
The dynamics are consistent with an expansionary technology shock with diffusion lags: (i)
all variables respond with delay and (ii) TFP and output increase while consumer prices fall
(Portier, 2014; Miranda-Agrippino et al., 2025). Stock prices rise significantly and earlier
than real variables, reflecting forward-looking expectations of future productivity gains.
Labor market quantities—employment, hours worked, and wages—increase, consistent
with the view that general equilibrium effects dominate displacement, as emphasized in
the automation literature (Autor and Salomons, 2018; Mann and Puttmann, 2023). This
pattern aligns with the “missing intercept” insight that partial-equilibrium displacement
estimates can understate aggregate gains (Wolf, 2023; Sarto, 2018; Matthes et al., 2024), and
with models in which Al raises productivity through task reallocation and complementarity
(Aghion and Bunel, 2024; Aghion et al., 2025b). Employment adjusts primarily through job

creation rather than hours worked, and effects remain significant at the 60-month horizon.



Regarding price effects, the mild and progressive decrease in the PCE price index masks
heterogeneous dynamics across consumption categories, which we document in detail in Ap-
pendix C. While most subcategories exhibit gradual and persistent price declines consistent
with standard technology-driven cost reductions, the strongest disinflationary effects are con-
centrated in durable goods, notably high-tech products. In contrast, energy prices increase on
impact, suggesting that Al-related innovations are energy-intensive in the short run despite
generating broader efficiency gains.

Finally, despite these positive labor market outcomes, Al technology shocks compress the

labor share, as we document in Section 4.1, consistent with a shift in income toward capital.
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Figure 2: LP-IV: IRFS TO AN Al TECHNOLOGY SHOCK.

Note. The figure displays the IRF's to an Alint shock estimated by LP-1V, where the instrument is constructed

following Miranda-Agrippino et al. (2025) as described in Section 2.3, and the LP specification follows eq.(2).

Sample 1982m1-2014m12. The estimates are based on local projections with Newey-West standard errors.
Point estimates and 68%-90% confidence bands.

3.2 OLS LP and Alternative Specifications

Given the consistency between the LP-IV results and an internal-instrument approach using

OLS local projections with extensive controls, in this section we present the OLS LP estimates
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and demonstrate the stability of our findings across a range of alternative specifications. The
OLS LP approach is particularly useful for the remainder of the paper, as it allows us to easily
compute the forecast error variance decomposition (Section 3.3) and compare Al shocks with

other technological developments (Section 4) over a longer sample.

3.2.1 OLS LP results

Figure 3 displays the OLS LP impulse responses estimated from equation (2) with the full
set of macro-financial controls. The results closely mirror the LP-IV estimates in Figure 2,
confirming that the controls in the LP specification successfully absorb potential endogeneity
in Alint. The same qualitative patterns emerge: a delayed but persistent rise in GDP
and TFP, a decline in consumer prices, increases in employment, hours worked, and hourly
earnings, and a significant early response of stock prices. The close alignment between the
two identification strategies reinforces confidence in a causal interpretation of the estimated
effects.

Table 1 provides further support for the validity of the internal-instrument approach.
Using the approach proposed by Forni and Gambetti (2014), we find that our set of controls
does not have explanatory power for Alint; in addition to Alint; own lags, suggesting that
Alint; can be considered as conditionally exogenous to business cycle fluctuations. Addi-
tionally, the implicit shocks of interest z; 1 w¢ do not exhibit any linear dependence on

macroeconomic shocks or projections from professional forecasters.
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Figure 3: OLS LP: IRFs TO AN Al TECHNOLOGY SHOCK.

Note. The figure displays the IRFs to an Alint shock estimated by OLS LP specified in eq.(2). Sample
1980m1-2019m12. The estimates are based on local projections with Newey-West standard errors. Point
estimates and 68%-90% confidence bands.

3.2.2 Alternative specifications

We also assess the sensitivity of our findings to several perturbations of the LP specification.
First, similar results hold if we include the number of Al-intensive patents rather than the
share Alint (see Section 4.3 for a discussion of the role of the intensive and extensive margin
in Alint). Second, we address low-frequency movements in the data by either detrending
Alint or by directly including a trend in our LP specification. Third, we include stock
prices as the ratio of high-tech to industrial stocks to capture sector expectations that may
drive Al technology. Fourth, we include patent counts to control for general technological
development (total) or for robotics automation. Section 4.2 explicitly compares Al technology
shocks with automation shocks. Fifth, we include additional controls, such as the Economic
Policy Uncertainty (EPU; Baker et al., 2016) and the Excess Bond Premium (EBP; Gilchrist
and Zakrajsek, 2012). The results are consistent across all these alternatives, suggesting that

specific identification or modeling choices are inconsequential for our economic conclusions.
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Table 1: Sufficient Information Test

Panel A: Summary

Test Description P-value (monthly)  P-value (quarterly)
Model Specification Tests

(i) LP Specification 0.255 -
Orthogonality Tests

(ii) All Shocks 0.422 0.662

(iii) SPF Forecasts 0.773 0.782

(iv) All Shocks + SPF 0.465 0.801

Panel B: Individual Shocks

Monthly Shocks

Quarterly Shocks

Shock Series p-value  Shock Series p-value
Kénzig (2021) oil supply news 0.611  Romer and Romer (2010) tax 0.257
Baumeister and Hamilton (2019) Ramey (2011) fiscal 0.132
oil supply 0.246  Mertens and Ravn (2013) priv. tax  0.337
Gilchrist and Zakrajsek (2012) credit  0.387 ~ Mertens and Ravn (2013) corp. tax  0.532
Gertler and Karadi (2015) mon pol. 0.927  Basu et al. (2006) TFP 0.567
Romer and Romer (2004) mon pol. 0.677  Barsky and Sims (2011) news 0.368
Miranda-Agrippino et al. (2025) Kurmann and Otrok (2013) news 0.273
tech. news 0.387  Beaudry and Portier (2014) news 0.757
Smets and Wouters (2007) TFP 0.192

Note. Panel A reports the summary results of the orthogonality test at the monthly and quarterly
frequency (based on averaged shocks). Column (i) reports p-values for the F-test of joint significance on
the coefficients associated with the set of controls from our baseline LP specification, excluding Alint own
lags and the constant. Rows (ii)-(v) report p-values from an orthogonality test where the implied shocks to
Aiint are regressed on external information. SPF stands for Survey of Professional Forecasters: one and
four-quarter-ahead forecasts for the unemployment rate, the GDP deflator, real non-residential investment,
and real corporate net profits, as in Miranda-Agrippino et al. (2025). Individual shocks are reported in Panel
B.

Appendix F shows that our results are not driven by spurious factors, such as controlling
for general technological advancements and robotics innovation, and by filtering out low-
frequency components in the data, such as detrending or transforming the variables into

growth rates.

3.3 Quantitative implications

The impulse responses provide insights into the qualitative implications of Alint shocks. To

gauge the quantitative consequences of Alint shocks for the macroeconomy, we estimate
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the forecast error variance decomposition using the OLS LP framework. We follow Gorod-
nichenko and Lee (2020) and apply their R? approach, which yields the best performance in
finite samples among other alternatives. The method amounts to extracting the shocks to
Alint, by regressing them on the information set at t — 1 and employing them in a regression

on the forecast error of the endogenous variable of interest. Formally,

12
A.[Z'I’Ltt = Z ¢] Yt—j —+ Et (4)

j=1

Given any variable of interest (¢ and forecast horizon h such that

Ay =yl =y (5)

We regress Ahyt(e) on lagged y; = [y¢e;] that contains the observables and the shock

themselves to construct the forecast error of the baseline model:

12
Ayl = a+ Z OV AN (6)

j=1
Then we regress the forecast error on the shocks realized between t and the forecast

horizon h*:
h

Crpns = > OnEesn + tpsn (7)
h=0

The R? of this regression for each horizon h is the average variance contribution of shocks
to Alint to the endogenous variable of interest. The inference is based on 10000 bootstrap
replications.

Results in Figure 4 highlight that overall, Al technology shocks have not been a major
driver of the US business cycle. Nonetheless, they possess non-negligible explanatory power
for key aggregates such as GDP and employment. These results contrast with the find-
ings in the literature on technology shocks that typically find large explanatory power for

macroeconomic variables (e.g., Miranda-Agrippino et al., 2025).
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Figure 4: VARIANCE CONTRIBUTION OF Al TECHNOLOGY SHOCKS.

Note. The figure displays the variance contribution of AZint shock. Sample 1980-2019. The estimates are
based on local projections with 12 lags using the R? of Gorodnichenko and Lee (2020). Point estimates and
90% confidence bands from 10000 bootstrap replications.

4 Dissecting Al Innovation

This section deepens the analysis of Al-driven technological change by unpacking its under-
lying dimensions and benchmarking it against other forms of innovation. We first compare
Al technology shocks with general technology shocks to highlight the distinct transmission
mechanism of Al innovation. We then decompose Al innovation into its extensive and inten-
sive margins to identify the sources of its aggregate effects. Finally, we compare Al shocks
with automation and ICT innovations, combining macroeconomic evidence with granular

patent characteristics.

4.1 Al innovation versus general technology shocks

How do the effects of unexpected increases in Al innovation compare with those of general
technology shocks? To address this question, we use the IV-based approach of Miranda-

Agrippino et al. (2025, hereafter MAHHB) as a benchmark. Specifically, we contrast shocks

15



identified using the original MAHHB monthly instrument—which captures general technol-
ogy news—with those obtained from our Al-specific IV constructed analogously (Section 2.3).

First, the correlation between our Al IV and the MAHHB IV is 0.08, which is low and
not statistically significant at any standard threshold (p-value = 0.104). This indicates
that the AT IV captures shocks specific to Al innovation while being orthogonal to general
technological advancements.

Second, we explicitly compare the aggregate effects of the two shocks. To maximize
comparability and avoid imposing arbitrary instrument choices within an LP-IV framework,
we use the IVs directly as shocks in an internal-instrument approach, setting them to zero
when unavailable (Plagborg-Moller and Wolf, 2021; Noh, 2018).

Figure 5 reports the impulse response functions, normalizing both shocks to generate
a 1% peak effect on TFP. We focus on four key variables: GDP, the PCE price index,
TFP, and the labor share. While GDP, prices, and TFP respond in a similar fashion to
AT and general technology shocks, their labor-share implications differ markedly. Consistent
with the interpretation of labor-neutral technology shocks (Fisher, 2006), general technology
shocks do not produce persistent movements in the labor share. In contrast, Al technology
shocks generate a sizable and persistent decline—lasting up to 40 quarters—consistent with
automation-driven dynamics (Autor and Salomons, 2018; Acemoglu and Restrepo, 2020b).
The effect gradually dissipates at longer horizons, potentially reflecting the reinstatement

mechanism emphasized in Acemoglu and Restrepo (2019).
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Figure 5: Al INNOVATION VERSUS GENERAL INNOVATION.

Note. The figure compares the IRFs to an Al technology shock (AI IV) with those from a general technology
innovation (MAHHB IV). Sample 1980-2019. The estimates are based on local projections with Newey- West
standard errors. Point estimates and 68%-90% confidence bands.

4.2 Relationship with Automation and ICT

Why is Al innovation particularly powerful? What distinguishes it from the broader pool of
technological innovation? Consistent with our patent-based approach to identifying Al tech-
nology, we also use patent classifications to proxy broader technological domains: automation
is defined using the taxonomy in Mann and Piittmann (2023), robotics using official USPTO
CPC robotics codes, and ICT using the CPC-based definition in Inaba and Squicciarini
(2017).2

Table 2 summarizes descriptive evidence on the overlap between Al-intensive patents and
these technology groups. Panel A reports the share of patents classified as Al-intensive within
each category. Al intensity is particularly concentrated in ICT and automation: 21.6% of ICT
patents and 16.1% of automation patents are Al-intensive, compared with 3.3% and 6.8%
among non-ICT and non-automation patents, respectively. For robotics, the Al-intensive
share is 13.4%, only modestly higher than the 10.0% observed outside robotics.

Panel B reverses the exercise and reports how frequently each patent type appears among

2Mann and Piittmann (2023) database has full coverage only through 2014.
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Al-intensive patents. Al-intensive patents strongly overlap with ICT (79.5%) and, within the
sample for which the automation taxonomy is available, with automation (55.7%), whereas
overlap with robotics is very small (0.5%). This indicates that patented AI innovation is
predominantly ICT-related rather than robotics-related. At the same time, the overlap is
asymmetric: while a majority of Al-intensive patents carry the automation tag, only a mi-
nority of automation patents (16.1%, Panel A) are classified as Al-intensive.

Panel C reports mean Al intensity scores by patent categories. ICT patents exhibit the
highest average Al intensity (0.065 versus 0.011 outside ICT), followed by automation (0.048)
and robotics (0.041). The substantial gap between ICT and non-ICT patents supports the
interpretation that Al innovation — at least as captured by these patent-based measures —
is concentrated in ICT-related technologies.

Finally, Panel D compares patent characteristics within ICT and automation, conditional
on Al-intensive status. We consider leading measures of patent quality proposed in the
literature as importance and forward citations (Kelly et al.,; 2021) and patent value (Kogan
et al., 2017). Forward citations count the number of times a patent is cited by subsequent
patents, providing a standard measure of technological impact. Importance is a text-based
similarity measure constructed by Kelly et al. (2021) that weights positively (negatively) how
closely a patent’s content resembles that of future (previous) patents, thereby identifying
patents that are different from past innovations while influencing subsequent innovations.
Patent value, from Kogan et al. (2017), estimates the private economic value of a patent
based on the stock market reaction to its grant announcement. The imputed patent value
refines this measure by addressing the attribution problem that arises when multiple patents
are granted to the same firm on the same day.

Al-intensive patents consistently display higher quality and value. Within ICT, Al-
intensive patents receive 57% more forward citations (18.73 vs. 11.93), exhibit higher impor-
tance scores (0.37 vs. 0.27), and have two to four times higher estimated patent value (15.35
vs. 8.33 raw; 1.21 vs. 0.33 imputed). Within automation, Al-intensive patents receive 62%
more forward citations (31.27 vs. 19.32), score higher on importance (0.35 vs. 0.24), and have
about 50% higher estimated patent value (14.96 vs. 9.98 raw) and nearly double the imputed

patent value (1.16 vs. 0.62). Across all quality metrics—forward citations, importance, and
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patent value—Al-intensive patents significantly outperform their non-Al counterparts within
both ICT and automation categories, suggesting that Al represents a high-impact frontier
within these broader technology classes. Overall, these patterns indicate that Al-intensive
patents possess unique features and constitute a high-impact, valuable subset of broader ICT
(and, to a lesser extent, automation) innovation. These granular patent characteristics align

well with their broader macroeconomic effects, which we document next.

Table 2: Al-intensive patents: overlap with ICT, robotics, and automation tags

Panel A: Share of Al-intensive patents by technology classification

Outside category Inside category

N AT share (%) N AT share (%)
ICT 4,420,459 3.3 2,693,595 21.6
Robotics 7,083,929 10.0 30,125 13.4
Automation 4,815,450 6.8 2,298,604 16.1

Panel B: Technology composition of patents by Al-intensive status

Not Al-intensive Al-intensive

N Share (%) N Share (%)
ICT 6,447,949 37.8 666,105 79.5
Robotics 6,447,949 0.4 666,105 0.5
Automation 6,447,949 32.3 666,105 55.7

Panel C: Mean Al intensity score by technology classification

Outside category Inside category

N Mean score N Mean score
ICT 4,420,459 0.011 2,693,595 0.065
Robotics 7,083,929 0.030 30,125 0.041
Automation 4,815,450 0.021 2,298,604 0.048
Panel D: Patent characteristics by Al-intensive status within technology

ICT patents Automation patents
Not Al Al Not Al Al

Importance 0.27 0.37* 0.24 0.35*
Forward citations 11.93 18.73* 19.32 31.27*
Value 8.33 15.35* 9.98 14.96*
Value (imputed) 0.33 1.21* 0.62 1.16*

Notes: “Al-intensive” is an indicator equal to one when Giczy et al. (2022) classifies the patent as Al-
intensive (above the 50% threshold in at least one domain). “Al share” denotes the percentage of patents
classified as Al-intensive. ICT patents are identified using CPC codes from Inaba and Squicciarini (2017).
Robotics patents are classified according to official USPTO CPC robotics codes. Automation patents follow
the Mann and Puttmann (2023) classification (with reliable coverage through 2014). Panel A reports the
share of Al-intensive patents inside and outside each technology category. Panel B reports the share of each
technology category within Al-intensive and non-Al-intensive patents. Panel C reports mean Al intensity
scores. Panel D reports mean patent characteristics; * indicates the difference between AI and non-Al patents
is statistically significant at the 1% level.
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Comparison of Aggregate Effects. We compare the aggregate effects of Al technology
shocks with those arising from automation and ICT innovation. We exclude robotics patents
from this analysis: as documented in Table 2, robotics patents are relatively few, making
them poorly suited for time-series estimation, and exhibit limited overlap with Al-intensive
patents. For this exercise, we estimate local projections for each patent category, expressed
as a share of total patents, as in our extensive-margin specification, to ensure maximum
comparability. Figure 6 contrasts the macroeconomic effects of Al, automation, and ICT
technology shocks. The IRFs depict the response of GDP and TFP (panel a) and employment
and the labor share (panel b) to an unanticipated 1 percentage point increase in each patent
share. The results reveal a clear ranking. AI technology shocks produce larger and more
persistent positive effects on GDP, TFP, and employment compared to both automation and
ICT shocks, with ICT dominating automation. This ranking is consistent with the patent
quality differentials documented in Table 2, where Al-intensive patents exhibit higher forward
citations, importance scores, and estimated patent values. At the same time, Al technology
shocks generate a more pronounced and persistent decline in the labor share relative to other
types of innovation. This pattern suggests that Al-driven productivity gains are sufficiently
large to increase labor demand in absolute terms, even as capital captures a growing share of
the expanding output. The decline in the labor share thus reflects a shift in the distribution

of income toward capital rather than an absolute deterioration in labor market outcomes.

4.3 Extensive and intensive margins

Alint captures both the intensive and extensive margins as an aggregate measure of Al
intensity in the innovation process (see Appendix B.1.1). In this section, we explore whether
fluctuations in the intensive or extensive margin drive the overall macroeconomic effects. We
repeat our baseline estimation strategy to estimate an unexpected increase in the average
score in the Al-intensive group (intensive-AIint') and in the share of Al-intensive patents
relative to total patents (extensive-s). Figure 7a compares the baseline impacts of Alint
with those stemming from the intensive or the extensive margin. The overall effect is very
sharply explained by the extensive margin, where the intensive margin is inconsequential.

These results strongly suggest that the increasing diffusion of AI in innovation generates
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Figure 6: The Dynamic Effects of Innovation in Al, Automation and ICT
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The figure compares the dynamic responses to innovation shocks in Al, automation, and ICT patents. Each shock is
defined as an unanticipated 1 percentage point increase in the corresponding patent share (relative to total patents), estimated
via local projections as in (2) with the baseline set of controls. Point estimatess are shown with 68% and 90% confidence bands



expansionary effects. Conversely, an increase in Al intensity among patents already in the Al
category is inconsequential at the aggregate level. To test this hypothesis in more detail, we
also consider the standard deviation of Al patent scores. We discuss analytically in Appendix
B.1.2 why, given the empirical distribution of Alint, fluctuations in the overall standard
deviation of Alint effectively reflect changes in the extensive margin. Conversely, we focus
on the standard deviation of Al scores within the Al-intensive category. Results in Figure 7b
show that the dispersion of Al scores within the Al-intensive category is also inconsequential
for macroeconomic outcomes. These findings support the mechanism proposed in Martinez
(2021). Automation by laggard firms raises wages and the labor share (extensive margin),
whereas additional automation by firms already at the frontier mainly boosts rents (intensive

margin).
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Figure 7: DECOMPOSITION OF AT MACROECONOMIC EFFECTS.
Note. The figure displays the IRFs to an Al technology shock. Panel (a) compares the effect of the

intensive margin (average score in the Al-intensive group) with the extensive margin (share of Al patents).
Panel (b) compares the effect of the dispersion of AI scores within the Al-intensive category with the extensive
margin. Sample 1980-2019. The estimates are based on local projections with Newey- West standard errors.
Point estimates and 68%-90% confidence bands.
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5 Zooming on the Labor Market

Shocks to Al-based technological diffusion are crucially transmitted through the labor market
via several direct and indirect mechanisms.

Among the direct mechanisms, technological advancements can lead to job losses by
automating certain tasks (displacement effect). Secondly, these technologies may enhance
human labor, allowing for a more adaptable distribution of tasks and boosting productivity
(productivity effect). According to Acemoglu and Restrepo (2020a) and Acemoglu (2024),
such productivity effects might come from different sources: Al systems can reduce the cost
of automated job tasks and enhance productivity in tasks that are not entirely automated
(for example enabling workers to specialize) thereby increasing the marginal product of la-
bor; Al adoption can raise the productivity of capital by improving services that have already
been automated. Moreover, new tasks may emerge from Al, which could also raise labor de-
mand in non-automated areas and influence the productivity of the entire production process.
Additionally, displacement and productivity effects may combine: while some roles are elim-
inated, new ones emerge, either due to innovation or because older technologies become so
affordable that their demand rises (reinstatement effect, see Acemoglu and Restrepo, 2019).

Various indirect channels can contribute to the aggregate effect of Al adoption. A clear
example is spillover effects, in which productivity gains are shared across sectors via inter-
mediate goods, or in which rising incomes lead to greater overall demand. Overall, Al is
expected to enhance productivity growth by automating not only the production of goods
and services but also the generation of ideas (Aghion et al., 2017).

We examine in further detail the consequences of Alint for occupational flows and sectoral
quantities. Figure 8 displays the aggregate responses of occupational flows. Despite improv-
ing employment, hours, and wages, Alint shocks transform the US labor market by altering
the composition of jobs and workers. Both job openings and separations surge after the shock
hits, but the former dominates the latter consistently with the response of employment in
Figure 2. By examining the dynamics of outflows in detail, we find that separations rise
with higher layoff rates, while the number of quits falls. This pattern is consistent with the

reinstatement effect, as firms shift their labor force composition toward workers who are more

24



complementary to Al-based progress, thereby exploiting new technological advancements.
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Figure 8: RESPONSE OF LABOR MARKET FLOWS TO AN Al TECHNOLOGY SHOCK.

Note. The figure displays the IRFs to a Alint shock. Sample 2006-2019. The estimates are based on local
projections with Newey- West standard errors. Point estimates and 68%-90% confidence bands.

5.1 Sectoral Heterogeneity and AI Exposure

To determine whether the aggregate expansion documented above masks significant reallo-
cation across industries, we disaggregate the labor market response by sector. We stratify
sectors based on their exposure to Al technologies, employing the metric constructed by Ace-
moglu et al. (2022). This measure aggregates occupation-level exposure scores from Felten
et al. (2018), weighted by the vacancy structure of each industry, to identify sectors where
the overlap between workforce skills and Al capabilities is most pronounced.®

Figure B1 presents the cumulative impulse responses of labor quantities and wages over
a 60-month horizon, with sectors ordered from lowest to highest Al exposure. Two key

patterns emerge. First, regarding labor quantities, we observe a remarkably homogeneous

3Specifically, Acemoglu et al. (2022) calculate sector-level exposure as the weighted average of occupation-
level scores, using the share of vacancies posted by each sector in each occupation as weights. Alternative
mappings of occupations to Al tasks include Webb (2019) and Eloundou et al. (2023).
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response. Contrary to the hypothesis that Al would trigger mass layoffs in highly exposed
industries, employment gains are broad-based, occurring even in sectors with the highest
AT exposure. This uniformity underscores the dominance of general equilibrium forces: the
aggregate demand and productivity spillovers generated by Al appear to overwhelm the direct
sectoral displacement effects. Second, distinct wage heterogeneity emerges in our estimates.
While real wages rise on average, the magnitude of this increase is inversely related to Al
exposure. Sectors with low exposure to Al experience significantly stronger wage growth
compared to their highly exposed counterparts. A similar pattern characterizes job openings.

We interpret these results as the manifestation of the displacement effect in partial equi-
librium. In highly exposed sectors, the threat of automation could exert downward pressure
on wage bargaining power, dampening the gains from the aggregate expansion. Conversely,
in low-exposure sectors, workers benefit from the surge in aggregate demand without facing

the direct substitution threat of the new technology.

5.2 The Role of Education

Education constitutes a critical source of heterogeneity in the transmission of Alint shocks.
To assess whether Al innovation favors specific skill groups, we disaggregate the labor mar-
ket response by educational attainment, ranging from workers with less than a high school
diploma to those with a bachelor’s degree or higher.

Figure 9 presents the impulse responses for employment. The results uncover a dis-
tinct non-monotonic pattern: employment gains are most pronounced for the intermediate
groups (High School and Some College), which exhibit a robust and persistent expansion. In
contrast, workers with the lowest level of education (Less than High School) appear to be
excluded from the expansion, with their employment response statistically indistinguishable
from zero. The most educated group (Bachelor’s and above) also benefits, though the mag-
nitude of the response is slightly smaller than in the "Some College” category. Consequently,
while Al stimulates labor demand for the majority of the workforce, it appears to reinforce
the secular decline in relative demand for low-skilled workers, consistent with the hypothesis
of skill-biased technological change (Berman et al., 1998).

The dynamics of earnings, displayed in Figure 10, paint a different picture. Unlike the em-
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ployment response, the positive impact on real wages is remarkably homogeneous across the
skill distribution. All education groups, including the lowest-skilled, experience a persistent
rise in earnings. This suggests that while Al shocks create barriers to entry for low-skilled
workers (the extensive margin), those who remain employed share in the aggregate produc-

tivity gains through higher wages (the intensive margin).
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Figure 9: RESPONSE OF EMPLOYMENT BY EDUCATIONAL ATTAINMENT TO Alint.

Note. The figure displays the IRFs to a Alint shock. Sample 2006-2019. The estimates are based on local
projections with Newey-West standard errors. Point estimates and 68%-90% confidence bands.
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Figure 10: RESPONSE OF EARNINGS BY EDUCATIONAL ATTAINMENT TO AN Al TECH-
NOLOGY SHOCK.

Note. The figure displays the IRFs to a Alint shock. Sample 2000-2019. The estimates are based on local
projections with Newey- West standard errors. Point estimates and 68%-90% confidence bands.

6 Implications for Inequality

We conclude our empirical analysis by examining the distributional consequences of Al inno-
vation. To explore this dimension, we leverage on the distributional accounts data compiled
by Blanchet et al. (2022).

Figure 11 reports the response of total income, wealth, and labor income shares to an
Alint shock. The impact on the total income distribution (top row) is relatively muted; while
the shares of the top 1% and 10% exhibit a mild upward drift, the response lacks statistical
precision. A far more striking divergence emerges in the wealth distribution (middle row).
An Al intensity shock triggers a significant and persistent rise in the wealth share held by the
top 1% and, most notably, the top 10%. In sharp contrast, the wealth share of the bottom

50% declines persistently. Crucially, this is not merely a relative decline: additional estimates

4The data is available at https://realtimeinequality.org/.
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on the level of real wealth, displayed in Figure C3, indicate that an increase in Al intensity
anticipates an absolute wealth loss for the bottom 50%. Conversely, Al innovation tends to
lift absolute real incomes for all groups.

These dynamics provide empirical support for the mechanism theorized by Moll et al.
(2022), who argue that automation increases inequality primarily through asset returns.
Since Al innovation boosts the productivity of capital and equity valuations (as shown in
Figure 2), it disproportionately benefits households at the top of the distribution who hold
high-return assets, while eroding the relative position of those relying on labor income or
low-return savings.

A similar polarization characterizes the labor income share (bottom row). The labor
share of the top 10% rises while that of the bottom 25% falls.” However, unlike the persistent
divergence in wealth, the effects on labor income shares appear to be transitory, reverting to

the baseline after approximately 40 months.
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Figure 11: RESPONSE OF INEQUALITY TO AN Al TECHNOLOGY SHOCK.

Note. The figure displays the IRF's to a Alint shock. Sample 1980-2019. The estimates are based on local
projections with Newey- West standard errors. Point estimates and 68%-90% confidence bands.

SNote that the demographic breakdown provided in https://realtimeinequality.org/ differs slightly
between total income/wealth and labor income.
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7 Conclusions

Al-based innovations such as ChatGPT have brought Al to the center of the academic and
policy debate. The future socio-economic implications span a broad spectrum, from idyllic to
apocalyptic scenarios. Although the future direction and pace of Al technology are difficult to
anticipate, in this paper we have exploited data on the Al intensity of US patents from 1980
to 2019 to examine the macroeconomic consequences of Al-based innovation. Our findings
can contribute to disciplining the theoretical modeling of Al's economic effects. The key
insight is that the general equilibrium effects of AI innovation can be substantial and should
be appropriately accounted for when drawing policy implications. In particular, partial
equilibrium analyses fail to capture AI’s contribution to aggregate TFP. In this paper, we
document a positive nexus: Al innovation is found to increase industrial production, compress
consumer prices, and boost the labor market, as reflected in employment, hours worked, and
salaries. However, the more intensive use of Al technology in innovation produces adverse
distributional effects. The share of wealth owned by the bottom 50% of the population falls,

potentially calling for a policy response that should be explored in future research.
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A Examples of Al-intensive patents

Early examples include IBM’s 1980 patent titled “Parallel pattern verifier with dynamic time
warping” (US4348553A), which consisted of a speech recognition system employing a network
of elementary local decision modules to match observed time-varying speech patterns against
stored prototypes. Shortly thereafter, in 1982, Analis SA filed “Standard hardware-software
interface for connecting any instrument which provides a digital output stream with any
digital host computer” (US4485439A), relating to the connection of automated laboratory
apparatus to clinical laboratory or hospital information systems. In 1984, a private individ-
ual affiliated with the University of Michigan filed “Adaptive computing system capable of
learning and discovery” (US4697242A), describing an algorithm that employed a language of
conditional statements, called “classifiers”, to operate on fixed-length binary words. This was
followed in 1985 by Standard Systems Corp.’s “Artificial intelligence system” (US4670848A)
for accepting, understanding, and responding to a statement. The decade closed with ad-
vancements in linguistics, such as Texas Instruments Inc’s 1989 patent “Chart parser for
stochastic unification grammar” (US4984178A), which focused on spoken language proces-
sors incorporating rule and observation probabilities.

As the field matured into the 1990s and 2000s, the focus shifted toward classification
and search. In 1995, Lucent Technologies Inc. filed “Method and apparatus for training a
text classifier” (US5675710A) to classify text by employing a supervised learning algorithm,
including applications for the Web. In 2003, IBM filed “Information search using knowledge”
(US6636848B1) for automatic sourcing within a corpus of documents. Audio processing also
saw refinement, as evidenced by 21CT Inc.s 2009 patent, “Hidden Markov model for speech
processing with training method” (US9020816B2), which describes a method for identifying
non-language speech sounds in an audio signal.

More recent patents reflect the era of big data and conversational AI. In 2013, Google
filed “Data driven word pronunciation learning and scoring with crowd sourcing based on the
word’s phonemes pronunciation scores” (US9741339B2) for determining pronunciations for
particular terms. Finally, illustrating the rise of modern language models, IBM filed a patent

in 2018 for “Training data expansion for natural language classification” (US10726204B2) for
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training a natural language classifier associated with a computer system chat interface.

B Data Definitions and Details

This Appendix provides a more detailed description of the Al measure employed in the paper.
Section B.1.1 describes analytically the decomposition of Alint into the extensive margin and
intensive margin components. Section B.1.3 contains further details on the sectoral and field

breakdown of Alint.

B.1 Artificial Intelligence Patent Dataset

The Artificial Intelligence Patent Dataset (AIPD) classifies U.S. patent documents as Al-
related and provides domain-specific Al scores using machine-learning methods documented
by Giczy et al. (2022). For each patent document, the dataset reports predicted Al content in
eight domains: machine learning, natural language processing, computer vision, speech tech-
nology, knowledge processing, Al hardware, evolutionary computation, and planning/control.
Scores lie in [0, 1] and can be interpreted as the predicted relevance of each domain to the
patent document.

In the main analysis, we (i) restrict attention to granted patents, (ii) time patents by
application filing date, and (iii) aggregate to the monthly frequency. Timing by filing date is
standard in the macro-patent literature because applications better align with the innovation
decision and mitigate grant/publication timing distortions (Miranda-Agrippino et al., 2025;
Cascaldi-Garcia and Vukoti¢, 2022; Ferriani et al., 2024). To limit end-of-sample biases
induced by publication lags, we end the sample in 2019.

B.1.1 Intensive and extensive margins

Denote patents by ¢ = 1,..., Ny, where NV; is the total number of patents filed in month t.
Let Afmtz(»?) € [0,1] be the AIPD score of patent i in Al subfield m = 1,...,8. We define
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the overall Al intensity score of patent i as the average across subfields,

8

Alint;, = Alint!? € [0,1]. (8)
1

1
8 =

Following Giczy et al. (2022), we classify a patent as Al-intensive if at least one subfield

score exceeds the threshold 7 = 0.5:

ai; = 1{ max AIintET) > T}. 9)
me{l,...,8} ’
Let N; = ﬁl a;; denote the number of Al-intensive patents in month ¢, and define the

extensive margin (the share of Al-intensive patents) as

N;
5t N, (10)

The aggregate Al intensity of innovation is the cross-sectional average of patent scores in

month ¢,

Ny
1
Alint, = WZA[inti,t. (11)
ti=1

Define the group-specific average Al intensity within the Al-intensive and non-Al-intensive

groups as
1 -
Alintfl = Ft* Zam Alint;, (12)
Afmt?‘m = m ;(1 — ai,t) AIZ?”LtLt. (13)

By construction, the aggregate Al intensity can be written as the mixture of the intensive

margins weighted by the extensive margin:

Alint, = s, AIintM + (1 — s;) Alint™". (14)
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Given that Al intensity among non-Al-intensive patents is empirically close to zero (Table

ATl), a useful approximation is
Alint, ~ s, AlintM. (15)

This decomposition motivates the empirical exercise in Section 4.3, where we assess whether

the aggregate macroeconomic effects are primarily driven by fluctuations in the extensive

margin s; or by changes in the intensive margin Alint{}.

B.1.2 Standard deviation

Within month ¢, let of, := Var(Alint;; | a;; = 1) and og, := Var(Alint;; | a;; = 0). Using
the notation in Section B.1.1, the cross-sectional variance of Alint;; satisfies the law of total

variance
Var(Alint;,) = sy01, + (1—s)og, + si(1—s) (Alint" — AIint?O”)2. (16)

Table Al shows that Alint}°" is close to zero and ag,t is negligible; under this empirically

valid approximation,
Var(Alint;;) =~ syoi; + si(1—sy) (A[inth)Q. (17)

Since Alint; = s; Alint{"! by Section B.1.1, substituting into (17) yields

1—St

(A[intt)2, sd(Alint; ;) =~ \/st oft + S—t (Afmtt)Z.
(18)

1—St

Var(Alint; ;) ~ s;o0, +
’ St

If the within—AT dispersion is modest relative to the squared mean (i.e., O'it is small compared

to (Alint;* )2), a convenient simplification is

sd(Alint;;) ~ Alint \/s,(1 —s;) = Alint, (19)

St
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Equations (16)—(19) make clear that, given the distributional features in Table A1, the cross-
sectional standard deviation of Alint,;; is primarily governed by the extensive margin s;
through the mixture term, rather than by polarization within the intensive margin of Al-
intensive patents.

Using Table A1, the share of Al-intensive patents in the pooled sample is

1,023,744

= 011
9,059,463 0.113,

the Al-group mean and variance are p; ~ 0.26 and o7 &~ (0.17)* ~ 0.03, and for non-AI

patents o ~ 0.01 and 02 ~ (0.01)? = 0.0001. Plugging these values into (16) gives
Var(Alint) = so? + (1—s)og + s(1—8)(u1 — po)*
Evaluating the three components,
soi ~ 0.00339, (1 — s) op = 0.00009, 5(1 —s)(p1 — po)? ~ 0.00627,

which sum to

Var(Alint) ~ 0.01, sd(Alint) ~ 0.10,

matching the unconditional variance and standard deviation reported in the table.

The mixture (between—group) term s(1 — s)(u; — po)? accounts for approximately

0.00627
0.00975

~ 64% of the total variance,

the within—ATI term so? for about 35%, and the within-non-AI term (1 — s) 62 is negligible.
These calculations corroborate the interpretation following (17)—(19): the cross—sectional
standard deviation of Alint is primarily driven by the extensive margin s; through the
mixture term, rather than by polarization within the intensive margin.

Indeed, we display in Figure A3 the effects of a shock to the overall standard deviation

of Alint that are nearly identical to a shock to Alint, and in particular s, itself.
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Table A1l: Al intensity distribution across groups

Statistic Al intensive group Unconditional Non Al intensive group
Percentiles
1% 0.07 0.00 0.00
5% 0.08 0.00 0.00
10% 0.10 0.00 0.00
25% 0.13 0.00 0.00
50% 0.22 0.00 0.00
75% 0.34 0.01 0.00
90% 0.51 0.11 0.01
95% 0.62 0.25 0.03
99% 0.80 0.53 0.07
Moments
Mean 0.26 0.03 0.01
Std. Dev. 0.17 0.10 0.01
Variance 0.03 0.01 0.00
Skewness 1.29 4.22 4.97
Kurtosis 4.39 23.57 34.62
Observations 1,023,744 9,059,463 8,035,719

B.1.3 Breakdown by sector and Al field

Figure Al reports the share of Al-intensive patents by sector. ”"Computer software” and
“communication” are by far the most Al-intensive sectors. "Communication” has steadily
risen during our sample, whereas "computer software” spiked since in the mid-’90s. Towards
the end of our sample, both sectors feature about 10% of Al-intensive patents out of total
patents. Figure A2 reports the average Al intensity value across Al fields instead. ”Plan-
ning/control” and "Knowledge processing” lie at the top of the distribution. ”Al hardware”
and "Vision” follow in a second cluster. Finally, "Machine learning” has spiked in recent

years, leaving behind the residual categories.
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Figure A1l: SHARE OF AI-INTENSIVE PATENTS BY SECTOR.

Note. The figure displays Alint by sector between 1980 and 2019. Source: authors’ calculation on the AIPD
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B.2 Other data sources and variable definitions

This section documents the auxiliary datasets used in the empirical analysis and provides

definitions consistent with the baseline information set in Section 2.

Macro aggregates. GDP and TFP are the monthly aggregate constructed by Miranda-
Agrippino et al. (2025). Industrial production is the Federal Reserve Board index for total
industrial production (FRED:INDPRO). Prices are measured using the headline Personal
Consumption Expenditures (PCE) price index (FRED:PCEPI) and its core counterpart ex-
cluding food and energy (FRED:PCEPILFE). Employment is total nonfarm payroll employ-
ment (FRED:PAYEMS). Average weekly hours are average weekly hours of production and
nonsupervisory employees, total private (FRED:AWHNONAG). Hourly earnings are average
hourly earnings of production and nonsupervisory employees, total private (FRED:AHETPI).
In robustness exercises, we also use CPI measures: headline CPI (FRED:CPIAUCSL) and
core CPI excluding food and energy (FRED:CPILFESL).

Financial variables. The short and long risk-free rates are measured using the 1-year and
10-year U.S (FRED:GS1 and FRED:GS10). Treasury yields. (FRED:SP500). In robustness
exercises, we also use the NASDAQ Composite (FRED:NASDAQCOM) and the Dow Jones
Industrial Average (FRED:DJIA).

Uncertainty and credit conditions (robustness controls). Economic policy uncer-
tainty is measured using the U.S. Economic Policy Uncertainty index (FRED:USEPUINDXM).
When we proxy credit conditions using corporate bond spreads, we use the ICE BofA U.S.
corporate option-adjusted spread (FRED:BAMLCOAOCM).

Labor market flows. Job openings, separations, layoffs and discharges, quits, and hires

are taken from the Job Openings and Labor Turnover Survey (JOLTS): job openings (FRED:JTSJOL),
total separations (FRED:JTSTSL), layoffs and discharges (FRED:JTSLDL), quits (FRED:JTSQUL),
and total hires (FRED:JTSHIL).
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Sectoral outcomes and AI exposure. Sectoral employment, hours, wages, and labor
market flows are mapped to a consistent industry classification. Sector-level exposure to
AT follows Acemoglu et al. (2022), who aggregate occupation-level AT exposure measures to
industries using vacancy-based weights. Sectors are ordered by this exposure measure in

Figure B1.

Patent classifications beyond AI. ICT patents are identified via CPC-based ICT def-
initions following Inaba and Squicciarini (2017). Robotics patents are identified using offi-
cial USPTO CPC robotics codes. Automation patents follow the taxonomy constructed by
Mann and Puttmann (2023) (available with reliable coverage through 2014). When compar-
ing across technology classes, we express each group as a share of total patents to maximize

comparability across time.

Patent quality measures. Forward citations are the count of subsequent patent citations
received by each patent. Importance is the text-based novelty /impact measure of Kelly et al.
(2021). Patent value follows Kogan et al. (2017) and is based on the stock market reaction
to patent grant events; when using the imputed value measure, we rely on the version that

addresses same-day multiple-grant attribution.

Distributional accounts. Income and wealth shares are taken from the distributional
national accounts compiled by Blanchet et al. (2022). We use the publicly available series for
top and bottom groups and study both shares and (when available) real levels to distinguish

redistribution from absolute gains.

C Heterogeneity in Consumer Prices

This appendix analyzes the heterogeneous effects of Al technology shocks on consumer prices

across expenditure categories, complementing the aggregate PCE results in Section 3.1.
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Figure A1l: CONSUMER PRICES RESPONSE TO AN Al TECHNOLOGY SHOCK.

Note. The figure displays the IRFs to a Alint shock. Sample 1980-2019. The estimates are based on local
projections with Newey- West standard errors. Point estimates. Colored lines and markers denote significance
at 68% confidence.

Figure A1 shows impulse responses of prices across consumption categories. For most
items, prices decline gradually and persistently, consistent with the typical effects of tech-
nology shocks. The strongest response is concentrated in durable “recreational goods and
services,” a category that includes many high-tech products such as information-processing
equipment (computers and software), video and audio equipment, and photographic equip-
ment, as well as “other durable goods.” A plausible mechanism is that Al-related innovations
improve the efficiency of software and information-processing technologies, reducing produc-
tion costs and lowering (quality-adjusted) prices for durables that rely on these inputs. Con-
sistent with this interpretation, many Al-intensive patents are filed by large technology firms
(e.g., IBM, Microsoft, Google), and efficiency gains may pass through relatively quickly to
affected hardware and software products.

Conversely, energy prices surge in response to an Al technology shock. This is consistent
with the energy intensity of digital technology and suggests that, at least in the short run, Al
technology shocks are energy-intensive rather than energy-saving (Kéanzig and Williamson,

2025).
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D Construction of the IV for AI Technology Shocks

This appendix provides additional details on the construction of the monthly external in-
strument introduced in Section 2.3. Following Miranda-Agrippino et al. (2025), we isolate
unexpected variation in our Al intensity measure by regressing AAlint; on its own lags,

monetary policy shocks, and survey expectations:

12
AAlint, = c+ Z v AALint,_; + Z By [z n] + onEE + 2, (20)
Jj=1 he{1Q,1Y}
where E;[x;, ] denotes Blue Chip forecasts for CPI, real GDP, and unemployment at horizons
of one quarter and one year, and 77 is the Romer and Romer (2004) monetary policy shock.
The residual z; serves as our external instrument, capturing unpredictable movements in Al
intensity that are orthogonal to macroeconomic expectations and monetary policy.

Table A2 reports the estimation results. The first 12 lags of AAlint, are jointly signifi-
cant, indicating substantial persistence in Al intensity changes. The coefficients on CPI and
GDP forecasts suggest some predictability from expectations, which the instrument purges.
The monetary policy shock (RRMP) is not statistically significant, indicating limited con-

tamination from monetary policy.

48



Note. Robust standard errors in parentheses.

1982m1-201/m12.

Table A2: Instrument construction (monthly)

Dependent variable: AAlint;

Constant -0.014
(0.06)
AAlint;_4 -0.668%**
(0.06)
AATint,_» -0.420%*
(0.07)
AAlint;_3 -0.2667%**
(0.08)
AAlint;_4 -0.169**
(0.07)
AAlint;_5 -0.075
(0.08)
AAlint;_g -0.006
(0.08)
AAlint;_~ -0.008
(0.08)
AAlint;_g 0.048
(0.08)
AAlint;_g 0.112
(0.08)
AAIintt_lo 0.137*
(0.08)
AAlint;_1, 0.154*
(0.08)
AA@int;_19 0.037
(0.07)
nFE (Romer-Romer) -0.059
(0.04)
E,[CPI;+10] 0.040%*
(0.02)
E{[CPI;11y] -0.045***
(0.02)
E,[GDP,+10] 0.020%**
(0.01)
E,[GDP;y1y] -0.005
(0.01)
E,[Unemp+10] -0.041
(0.04)
E:[Unemp;+1v] 0.045
(0.05)
F-statistic 8.20
p-value 0.000
Adjusted R? 0.290
Observations 387

*p < 0.1, **p < 0.05 **p < 0.01.
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Figure A1l: IRFs BY Al CATEGORIES

Note. The figure displays the IRFs to a Alint shock. Sample 1980-2019. The estimates are based on local
projections with Newey- West standard errors. Point estimates and 68%-90% confidence bands.
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Figure A2: TRFs BY Al CATEGORIES - SPECIFICATION WITH INDUSTRIAL PRODUCTION

Note. The figure displays the IRFs to a Alint shock. Sample 1980-2019. The estimates are based on local
projections with Newey- West standard errors. Point estimates and 68%-90% confidence bands.
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Figure A3: OVERALL STANDARD DEVIATION VERSUS EXTENSIVE MARGIN COMPARISON

Note. The figure displays the IRFs to a Alint shock. Sample 1980-2019. The estimates are based on local

projections with Newey-West standard errors. Point estimates and 68%-90% confidence bands.
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Figure B1: SECTORAL LABOR MARKET RESPONSES - AVERAGE

Note. The figure displays the cumulated IRFs over 60 months to a Alint shock. Sample 2006-2019. The
estimates are based on local projections with Newey- West standard errors. Point estimates and 90% confidence
bands.

F Robustness Exercises

This Appendix reports additional robustness checks aimed at ruling out spurious drivers of
our results, including controls for broader innovation trends, automation/robotics innovation,

and financial /uncertainty conditions.
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F.1 Robustness
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Figure C1: ROBUSTNESS ACROSS SPECIFICATIONS

Note. The figure displays the IRFs to a shock to Alint for high tech versus industrial stocks. Sample 1980-
2019. The estimates are based on local projections with Newey-West standard errors. Point estimates and
68%-90% confidence bands.
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Figure C2: IRFs wiTH MONTHLY OBSERVABLES ONLY

Note. The figure displays the IRFs to a shock to Alint including only observable variables at the monthly
frequency. Sample 1980-2019. The estimates are based on local projections with Newey- West standard errors.
Point estimates and 68%-90% confidence bands.

23



Real income top 1%

Real income top 10%

Real income bottom 50%

0 20 40
Real wealth top 1%

20 40
Real wealth top 10%

60 0 20 40 60
Real wealth bottom 50%

0 20 40
Real 1lab income top 1%

60

20 40

60 0 20 40 60
Real lab income bottom 25%

0

20 40 60 0 20 40 60 0 20 40 60

Figure C3: ABSOLUTE RESPONSE OF INCOME AND WEALTH

Note. The figure displays the IRFs to a Alint shock. Sample 1980-2019. The estimates are based on local
projections with Newey- West standard errors. Point estimates and 68%-90% confidence bands.
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