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Abstract

What is the effect of artificial intelligence (AI) on employment and wages? Using
administrative data on a comprehensive set of Al applications developed in Brazil, 1
show that Al is widely used not only in administrative tasks but also in the production
setting, where it primarily supports process optimization and quality control. Exploit-
ing exogenous variation in Al development costs, I find that Al affects administrative
and production workers differently. In office occupations, Al reduces employment,
especially among young workers performing data-processing tasks. In production oc-
cupations, it increases employment of young and low-skilled workers by helping them
perform decision-making tasks that previously required expertise. On net, Al increases
employment in Brazil because gains in production outweigh losses in office work.
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“I like to think (and

the sooner the better!)

of a cybernetic meadow

where mammals and computers
live together in mutually
programming harmony.”

—Richard Brautigan,
“All Watched Over by Machines of Loving Grace”

1 Introduction

Artificial intelligence (AI) refers to computer systems that learn from data to recognize
patterns, make predictions, or generate information, tasks that once required human labor.
AT is used in generative tools, predictive systems, recommendation algorithms, industrial
automation, autonomous vehicles, and many other applications (McElheran et al| 2023,
2025, Brynjolfsson et al| 2021). This broad use has raised concern about its effects on the
labor market. One view holds that Al automates tasks and displaces workers, especially
in routine cognitive jobs (Acemoglu and Restrepd 2018, Webh 2020, Acemoglu et al| 2022).
Another view argues that Al augments labor by simplifying tasks and improving decision-
making, ultimately creating jobs (Auton 2024, Agrawal et al, 2019H, Bresnahan 2021). There

is still no consensus on whether Al increases or reduces employment on net.

A possible reason for these contrasting views is that much of the evidence comes from
specific Al uses. Some studies focus on generative Al tools used by professionals (Humlum
and Vestergaard 2025b, Brynjolfsson et al| 2025); others study predictive Al developed in-
house (McElheran et al) 2023, Brynjolfsson and McElheran 2019, Hampole et al| 2025, Babina
et al, 2024, Adams et al{2024). Still others include adoption through third-party software and
off-the-shelf tools, including industrial applications that can raise machine productivity and
operational efficiency (McElheran et al) 2025, |Alam et al) 2024). Since Al’s effects depend on
how it is used (Aghion et al; 2025), understanding its overall labor-market impact requires

data that cover a broad set of Al applications.

I contribute to this debate by studying how AI affects the labor market using an admin-
istrative registry of commercial Al software developed in Brazil. Each registration contains
a rich software description provided by the firm and verified by an external examiner. The
registry covers a broad set of applications, from early predictive systems to generative Al
tools registered by 2024. This setting allows me to contribute by studying Al across many
real-world uses and in a middle-income country with a large I'T sector.

Using exogenous variation in Al development costs as an instrument, I find that Al



affects administrative and production workers in different ways. It reduces employment
in administrative occupations, especially among young workers performing data-processing
tasks. By contrast, it increases employment among young, inexperienced, and less-educated
workers in production occupations. I show that this contrast reflects how occupations use
information: Al complements workers who use predictions, recommendations, or guidance to
make decisions, such as production workers, but replaces workers whose tasks are to gather
and process information, such as administrative workers. Because production gains dominate

in Brazil, Al increases total employment and reduces inequality.

These findings help reconcile competing views on Al’s labor-market impact. In pro-
duction, the results align with the idea that Al increases machine productivity, simplifies
operation, and raises demand for low-skilled labor (Autor 2024, Bresnahan 2021, Agrawal
et al| 2019b). In the office, they are consistent with Al automating tasks and reducing em-
ployment (Acemoglu and Restrepo 2018, Webh 2020, Hui et al; 2024). I then test whether
this office-factory contrast helps explain why the literature reaches different conclusions.
When I repeat the analysis using standard off-the-shelf occupational Al exposure measures,
the estimates become negative because these measures overstate Al exposure in the office
and understate it in production. The aggregate effect of Al therefore depends on how and
where it is used, helping explain why studies focused on particular applications reach different

conclusions.

A case from the registry illustrates these findings. Techplus, a Brazilian firm, develops Al
systems for industrial operations. Its software analyzes sensor data from factory equipment
to predict failures, schedule maintenance, and assist machine operation. By providing real-
time guidance to supervisors and machine operators, such systems can reduce unplanned
downtime by up to 50% (Agorg 2025, Benhanifia et al, 2025), which raises the value of
keeping machines running and increases demand for workers who operate them (Schmitz
2005). At the same time, the software automates administrative tasks such as maintenance
planning and inventory control. This case reflects the broader pattern I identify in the data:
AT complements production workers by making expertise available, while reducing demand

for routine office work.

The analysis begins with the registry data that allow me to observe Al applications and
link them to labor-market outcomes. The registry exists because, since 1987, Brazilian firms
have been able to register software with the National Institute of Industrial Property (NIIP)
to establish legal proof of ownership. This legal protection made registration common: ap-

proximately 92% of software development firms in 2016 had at least one registered program.ﬂ

ITo assess the coverage of the registry, I also conducted a survey of industry specialists. Ninety-six percent
of respondents are aware of the NIIP registration process or have taken part in it directly. Seventy-one percent
report that most or all firms register at least one version of their software.



Each registration reports the program’s title, intended use, and technological features, in-
cluding whether it uses AI methods such as neural networks or deep learning.? An NIIP
examiner verifies this information before issuing the registration certificate. I collect all reg-
istrations that use Al technology, which I define as software that learns from data to generate
predictions, recommendations, guidance, or content (Agrawal et al, 2019b, Brynjolfsson and
McElheran 2019, McElheran et al, 2023, Eloundou et al| 2023, Brynjolfsson et al, 2025). Be-
cause these records contain verified technical and application details on deployed software,
they provide a more direct measure of Al development than patents or job advertisements,

the standard proxies in the existing literature.

The NIIP registry shows three facts about Al development in Brazil. First, Al develop-
ment accelerated sharply in the 2010s, mirroring the global trend: from 2013 to 2024, the
number of firms owning Al software increased by 409 percent.E Second, Al is often used
in production-related activities. While 48 percent of Al software targets clerical functions,
44 percent targets production activities in manufacturing, agriculture, construction, and re-
lated sectors. Third, production-oriented Al is concentrated in a few practical applications:
40 percent of production Al classifications are software to manage production, and 21 per-
cent handle automated quality inspection. Together, these facts challenge the view that
AT mainly affects white-collar work and point to important labor-market implications for

machine operators and other shop-floor workers, which I investigate next.

To estimate how Al affects different occupations, I calculate an occupation-level Al ex-
posure over time. The AI exposure is constructed using text similarity between the tasks
performed by each occupation and the descriptions of Al software in the NIIP database,
following standard approaches in the literature (Webb 2020, de Souza and Li 2023, Kogan
et al| 2023, Hampole et al| 2025). The intuition is simple: occupations whose tasks resem-
ble those performed by Al software are more exposed to Al development, which can either
complement or substitute their work. By conducting the analysis at the occupation level,
the Al exposure captures workers’ exposure to both in-house and vendor-supplied Al and

the resulting reallocation of workers across firms and sectors.

To identify the causal effect of this Al exposure, I instrument it with changes in Al
development costs due to advances in the US. Al software is cheaper to develop when more

AT programming resources, such as packages, documentation, and tutorials, are available

2A registration is a legal record rather than a technical unit: several software products may be bundled
in a single registration. For this paper, the relevant feature is that each registration contains detailed
descriptions of the bundled products and the firm’s software-development._activity.

3Acemoglu et all (2022), Babina et al| (2024), and Adams et al) (2024) also document a large increase
in AT development in the US. According to Kaplan et al| (2020), the AI boom of the 2010s was driven by
abundant data, more powerful computers, and advances in machine learning.

T conduct the analysis at the occupation level because 81% of software developed in Brazil is produced
by specialized IT firms and licensed to many clients; a firm-level analysis would therefore miss much Al
adoption through third-party vendors.



(Delorey et al| 2007, Krein et al| 2010, Tambad et al, 2020, Vijayaraghavan et al| 2022). I
construct an instrument that measures the availability of Al programming resources in the
United States, where changes in programming knowledge are plausibly unrelated to labor-

market conditions in Brazil.

I support the instrument with a battery of validation and placebo tests. The instrument
is not correlated with the adoption of other technologies in Brazil, equipment prices, import
prices, export prices, labor regulation enforcement, or labor market trends. Placebo tests
also show that the instrument is unlikely to capture correlated shocks across countries. It
does not predict Brazilian labor-market outcomes before the AI boom of the 2010s or during
the rise of computerization from 1995 to 2002. In addition, Al programming resources in
Russian or Japanese do not predict Al development in Brazil, consistent with the instrument

working through programming knowledge in a language accessible to Brazilian developers.

I find that AT increases employment while drawing in workers with lower observable and
unobservable skills. A one-standard-deviation increase in Al exposure raises occupational
employment by about 2%, with stronger gains among younger, less educated, less experi-
enced, and lower-ability workers. After conditioning on worker characteristics, Al increases
wages by 0.8%.B

AT also reduces wage inequality within and across occupations. Within occupations, a
one-standard-deviation increase in Al exposure lowers the 90-to-10 wage ratio by about 2%
by increasing employment of less skilled workers, consistent with experimental evidence that
AT tools raise productivity more for lower-skill workers than for experts (Brynjolfsson et al.
2025, Peng et al| 2023, Kanazawa et al| 2022). Across occupations, it reduces average earn-
ings and education more in initially high-wage jobs, compressing wage differences between
occupations. Together, these results suggest that Al lowers skill barriers and opens access

to roles previously held by more qualified workers (Autor 2024).

These average effects, however, mask important heterogeneity between office and produc-
tion workers. Al raises employment in production-related occupations, such as agriculture
and manufacturing, by about 5%. In contrast, it reduces employment in administrative oc-
cupations by the same amount. Employment among managers and high-skilled professionals

remains largely unchanged.

Why does Al automate the office but expand the factory? The evidence points to a
mechanism that depends on how occupations interact with information. Al reduces employ-
ment in occupations centered on data-processing tasks, such as data entry, tax compliance,

and form completion, but increases employment in occupations performing decision-making,

®According to the model by |Autor and Thompsor| (2025), these results are consistent with AT reducing

the expertise requirement of each occupation, bringing in more low-skilled workers and holding down average
wages.



production-management, or machine-operation tasks. More broadly, I show that Al raises
employment in occupations that use information to make decisions and reduces it in occupa-

tions centered on processing information. This pattern is consistent with Al as a prediction

technology (|Agrawal et alj l2019b|): it substitutes for workers who record and organize infor-

mation, but complements workers who use information to act.

By measuring Al applications in both the office and the factory, the NIIP registry also
helps explain why studies using different AI measures reach different conclusions. The office-
factory contrast implies that a measure that captures administrative Al better than produc-
tion AI will place more weight on the displacement margin. To show this, I repeat the
analysis using standard off-the-shelf occupational Al exposure measures, as is common in
the literature, interacting each measure with the aggregate stock of Al software registra-
tions in a year. These measures produce lower, generally negative employment effects. The
reason is that they overstate the Al exposure among administrative workers and understate
exposure among production workers. Consistent with this pattern, studies that capture pro-
duction uses of Al tend to find more positive effects (McElheran et al.| b023|, IBrynjolfsson|
|and McElheran| |2019|, [Brynjolfsson et a1.| |2021|, |Aghion et al/ 2025). The disagreement in the

literature therefore partly reflects differences in which Al applications each measure captures.

These results speak directly to the literature on the labor-market effects of Al, where
estimates differ widely across datasets, measures, and applications. Existing studies have
reached mixed conclusions: some show that Al can substitute for workers or reduce la-
bor demand (Acemoglu and Restrepo| bOlEﬁi |Acemoglu et al| }202ﬂ |Webb| l202d t[—losseinil
hnd Lichtinger 2025), while others find Al raises productivity, firm growth, or employment

(Agrawal et al| 2019b| HH |Aut0I| b024l lBresnahanI b021| lBablna et al| }2024] IAghlon et al]
@) One potential reason for these differences is that they measure Al adoption in different

ways, including job postings (Acemoglu et al| 2022), resumes (IBabina et al l2024, IHampoleI
Let al| 2025, Hosseini and Lichtingen 2025, Babina et al 2025|), patents (Webb 2020), surveys
(McElheran et al, 2023, 2025, Brynjolfsson and McElheran IZOld, tBrynjolfsson et al.| |2021),
software investment (Barth et al, 2023, |Aghion et al| 2025), or local exposure measures (M
Iﬁglioli et alJ fZOQﬂ, |Chanda,r et al 20234). Another is that much of the evidence comes from
particular AI applications, such as chatbots and generative Al tools (Humlum and Vester-

aard| 2025a|,, |202d), predictive analytics (lBrynjolfsson and McElheran 2019, Brynjolfsson
et al. b021), Al pricing (IAdams et al.| b024l), or industrial Al (McElheran et a1.| 2025).

This paper also contributes to the literature on technological progress and labor markets.

Existing work shows that automation can displace workers, especially when industrial robots,

machines, or software substitute for routine and low-skill tasks (Autor et a1.| fZOOSL |Graetzl
land Michaelé tZOlé, |Acemoglu and Restrepo| I‘ZOQd, |Goos et alJ t2014). At the same time,

adoption can raise productivity, expand scale, and increase employment at adopting firms or




in connected sectors (Autor and Salomonsi |2018|, baravel et a1.| |202d, lHumlumI |2019|, lHubmexi
land Restrep0| lZOQ]J, IMartinez 2021)). More recent work broadens the evidence beyond robots

to computerized machine tools, production equipment, patents, and new tasks, showing

that the labor-market effects of technology depend on what tasks are automated and what

complementary tasks are created

Finally, this paper also contributes to the literature on technology diffusion and adoption
in developing economies by being one of the first papers to study the effect of Al on the labor
market of a developing economy. Prior work shows that technology adoption, task content,

productivity gaps, and firm-size differences vary systematically across development levels, so

the effects of new technologies need not mirror those in frontier economies (|Caunedo et alJ
l2025|, tEden and Gagg]| l202d, |Gollin et alJ l2014l, [Poschkel l2018|). This literature also empha-
sizes that new technologies diffuse gradually across countries, regions, firms, and workers
(tBonﬁglioli and Gancial bOOSL tKalyani et a1.| b()25a|, tKalyaniI lZOQd). I contribute by showing
how Al affects labor markets in a large middle-income economy with a developed domestic

software sector, where Al is developed locally and applied across both office and production
tasks.

2 Theoretical Model

This section develops a simple task-based model to guide the empirical analysis. The
model serves two purposes: it clarifies how to interpret the empirical findings and motivates
an instrument based on shocks to Al development costs. Its central implication is that
cheaper AI can either raise or reduce employment. The sign depends on two forces: how
much lower Al prices expand task demand, and how easily firms substitute Al for workers

within tasks.

2.1 Production and Al

Output and occupations. The final good combines output from broad occupational
groups g € G using a CES aggregator with elasticity of substitution x > 0. Within each

broad group, a continuum of tasks produces output through another CES aggregator:
b
N
Yg:(/y(J)de) ,
5Se tan_et alJ. (.}2022!\ ,he_S_onztu_a.ud_le_L@j fm 0 |A1,1.tm‘_et_,alljl (.}202 ) IKalvan
, ﬂ%( §)7 lanas et al| ), 0 Danieli (2026), Gagel an
Wright (2017) and Gaggl (2018), Cortes et all (2020), Leduc and Liu (2024), Alvarez-Cuadrado et al

(2017), and [Poschke (2018).




where Y} is output of broad occupational group g, y(j) is output of task j, and ¢ > 0 is the
elasticity of substitution across tasks within group g. Each broad group contains a finite set

of occupations. The tasks in group g are partitioned across those occupations.

Worker heterogeneity. Within each occupation o, there are two types of workers: low-
skilled and high-skilled workers, with wages w,; and w, . These types capture within-
occupation heterogeneity in age, experience, education, or ability. For simplicity, both groups

supply labor with the same elasticity 7.

Task production. Consider a task j in the task set of occupation o. If that task is
produced by workers of skill s € {L, H}, output is

99,8
og,s—1 og,s—1 | og,s—1

yo,s(j) = AO,S(j> EO,S(j) 793 +Ko,8(j) 79

Here, A,s(j) is a productivity shifter, ¢, ;(j) is labor input, and K, ,(j) is Al input.

Elasticity of substitution between AI and labor. The elasticity of substitution be-
tween Al and labor, o, ,, varies by broad group g and skill group s. This flexibility cap-
tures two patterns in the data. First, Al may complement low-skilled workers more than
high-skilled workers, which corresponds to o4 5 > 0,4 1. Second, Al may have different labor-
market effects in different broad occupational groups, such as office work and production

work.

Al developers. Alsoftware K, 4(j) is supplied competitively by software developers. Each

AT developer combines services from different programmers to produce Al software:

Ko(j) = on,l(j)aj% Zaj,l = 17

lel lel

where z,,(j) is the quantity of programming services in language [ used for task j, and o
is the importance of language [ for that task. If ¢;; is the marginal cost of programming
services in language [, the developer’s cost-minimization problem implies the Al software

price

70(7) = H O‘j_,laj’lC?j’l

lel

Equilibrium. An equilibrium consists of wages, {w,, 1, o u }o, and task-specific Al prices,

{¢(j)};, such that firms optimize, Al developers price software at unit cost, and product



and occupation-level labor markets clear.

2.2 Effects of Cheaper AI on the Labor Market

Technological shock. Technological progress lowers Al prices heterogeneously across

tasks:

To(4) = —dIngo(j) (1)

where a larger 7,(j) denotes a larger decline in the AT price for task j in occupation o.

Many forces can lower Al costs. In the empirical analysis, I use variation from changes in
the productivity of software programmers. In the model, this variation appears as a decline

in ¢;. The language-level cost shock is

T = —dlIlCl, (2)
7o(j) = —dIngo(j) = > _ ajm. (3)

Heterogeneous exposure to technological shocks. Occupations differ in their expo-
sure to the technological shock because their tasks rely on different language bundles. I
define occupation o’s Al shock exposure as the employment-weighted average decline in Al

prices across its tasks:

Al Shock Ezxposure, = / Sao(J)Ae(J)T0(7) dj = ZQo,m (4)
o leL

where sp,(j) is the Al expenditure share in task j and A\,(j) = ¢,(j)/L, is the share of
occupation-o employment allocated to task j. The second equality uses the language-level
shocks in () occupation exposure depends on the size of each language shock, 7;;, and on
the occupation’s dependence on that language, €2,;. Proposition E] below explains how a

decline in the price of AT affects employment across different occupations.t

Proposition 1 (AI has an ambiguous effect on employment) Assume that the

initial Al expenditure share is small. Then Al exposure affects employment in occupation

"For tractability, I impose a balanced-exposure restriction: within each occupation, high- and low-skilled
workers are equally exposed to the AI price shock. This restriction simplifies the expressions derived from
the model while preserving the main economic mechanism.



o according to

dn L, ~ L:g +BL AI Shock Exposure,,
U

+ 1

———
Scale Effect

where =, is a function of parameters and

L i _ _
Bt = —— Y = ay , Oy = o0, + (1 — 7,)04H-
n+ ~— ~~
Demand Effect  Replacement Effect

Proposition m highlights that the coefficient 5% captures two opposing forces. The first
is a demand effect: when AI lowers task costs, demand for those tasks increases. This force
is governed by 1, the elasticity of substitution across tasks. The second is a replacement
effect: as Al becomes cheaper, firms substitute workers for AI within a task. The strength
of this effect is governed by the average elasticity of substitution between AI and workers,
4. The elasticity 8% is positive when the demand effect dominates the replacement effect,

and negative when the opposite is true.

AT can displace some occupations while expanding others. Proposition m implies
that the sign of X may differ across occupations. Al reduces employment where substitution
dominates and increases employment where demand expansion dominates. Therefore, the
average effect of Al depends on the composition of the labor force, the source of identifying
variation, and the AI applications measured. This logic helps explain why estimates can

differ across studies. This intuition is formalized in Proposition E

Proposition 2 (Average Treatment Effect Depends on Sample Composition)

The linear projection of occupation employment on Al exposure can be approximated by

n - L
dln L, ~ ——EZ, + B~ Al Shock Exposure, + €,,

where
ﬂL — Z Woﬁ§7

with ,,w, € (0,1), > w, =1, and €, orthogonal to AI Shock Exposure,,.

Al can increase the share of low-skilled workers within occupations. If Al com-

plements low-skilled workers more than high-skilled ones, i.e., o4 g > 0, 1, it should increase

10



employment of low-skilled workers by more, leading to a shift in employment toward the

low-skilled group. Proposition B formalizes this idea.

Proposition 3 (AI can change the composition of workers within occupations)
Assume that the initial Al expenditure share is small. Then, the effect of AI on the share

of low-skilled workers is given by:
dShr. Low-Skilled, =~ ©, (04,u — 04.1) Al Shock Ezposure,,

where ©, > 0 is a set of parameters.

Al affects average wages through both direct wage effects and worker composi-
tion. Because Al affects the composition of workers, average wages might go down even if
employment increases. To formalize that, let w, denote the average wage in occupation o.

A first-order decomposition gives

dn @, ~ 9ypdnwyy + OypdInwey + —22— M 4Gk Low-Skilled,,
Wo
where 9,, is the wage-bill share of skill group s in occupation o. The first two terms capture
the direct effect of Al on skill-specific wages. The last term captures the composition effect.
Because low-skilled workers typically earn less than high-skilled workers, a rise in the low-

skilled share can lower average wages even when Al raises productivity and employment.

3 Data

The model identifies four relevant objects to identify the effects of Al: a representa-
tive description of what Al software does, which occupations perform related tasks, which
programming languages are used to develop each application, and cost-shocks to Al devel-
opment. This section introduces the data used to observe these objects and explains why

Brazil offers an unusually clear setting for studying the labor-market effects of Al.

The primary data source is the software registry maintained by the National Institute
of Industrial Property (NIIP), which contains a broad sample of in-house, third-party, and
commercially marketed software developed in Brazil (Barbosa et al| 2022). The registry is
central to the empirical design because it reports each program’s intended use, technical
features, and programming languages. These fields allow me to identify Al software, link it

to occupational tasks, and construct the cost-shock instrument motivated by the model.

The registry is unusually comprehensive for two reasons. First, Brazil has a mature and

11



self-sufficient I'T sector: it is the 11th largest in the world and has the third-largest pool of
software developers (GitHub Staff 2024). Second, regulatory barriers limit the import share
of computer services to about 9%, meaning most software deployed by Brazilian firms is

locally developed and therefore captured in the NIIP database.

I use the NIIP registry to construct occupation-level measures of Al exposure and link
these measures to RAIS, an administrative dataset that tracks all formal jobs from 2003 to
2024 in narrowly defined 6-digit occupational codes, allowing precise measurement of em-
ployment and wage dynamics. Finally, I use Stack Overflow data to construct programming-
language-specific shocks to Al development costs: Stack Overflow posts measure growth in
the U.S. stock of Al programming knowledge that Brazilian developers can reuse, lowering
the cost of Al software development (Mamykina et al| 2011, Treude and Robillard 2016, Wu
et al, 2019, Ponzanelli et al) 2014).

3.1 Administrative Software Registry Data

3.1.1 Institutional Background

Brazilian software law provides special copyright protection for software. Since
1987, firms in Brazil have been able to register software with the National Institute of Indus-
trial Property (NIIP) under a special copyright system that grants 50 years of protection.
The registration process is inexpensive, keeps the source code confidential, and provides legal
protection against unauthorized copying, giving firms strong incentives to register commer-

cially relevant software.

A software registration contains examiner-verified information about the soft-
ware. To register software, firms must submit an electronic form with the firm’s name, the
programmers’ names, a descriptive title of the software, and the programming languages.
Importantly, firms also provide two classifications that describe the software’s purpose and

technical characteristics.

” identifies the sector or area where

The first classification, called “application domain,
the software will be used. There are 225 specific application domains grouped into 35 broad
categories. For example, MapForest, an Al program that forecasts weather and predicts
land productivity, is classified under Agriculture. Each software entry includes at least one

application domain, though most list multiple; on average, each program lists three.d

8T discuss in detail the import share of computer services in Appendix @

°In Portuguese, the NIIP is called Instituto Nacional de Propriedade Industrial. The first software law
was Law number 7,646/1987. It was later updated by Law 9,609/1998. The law defines software as a “set
of instructions or statements, written in proper language, to be used directly or indirectly by a computer to
obtain a certain result.”

%Each application domain is accompanied by a text description, which I use to calculate the text-similarity

12



The second classification, called “technical class,” organizes software by its technical
function. The system includes 97 specific technical classes divided into 18 broad groups,
ranging from fundamental systems like Operating Systems and Network Controllers to spe-
cialized tools like Encryption Software and Al. MapForest, for instance, is classified under
four technical classes: Artificial Intelligence, Simulation, Pattern Recognition, and Office

Automation .

Software registration provides proof of ownership. The information provided by the
firm is evaluated by an examiner at the NIIP and, if approved, the firm receives a registration
certificate that serves as official legal proof of ownership. Figure EI shows one such certificate.
These certificates are commonly used in cease-and-desist letters, piracy takedown requests,

and intellectual property lawsuits.2

Why are firms registering their software? Firms and developers both have concrete
reasons to register software. For firms, registration helps protect intellectual property, par-
ticipate in government procurement of software and IT services, document prior innovation
when applying for R&D credit, and signal the value of intangible assets to investors ([Torquato
2022, Associacao Brasileira das Empresas de Software (ABES) 2024). For developers, it pro-
vides verifiable proof of experience that can be used on resumes and professional profiles.
This credential carries substantial economic value: de Souza et al| (2024) documents that
programmers receive a 5% permanent wage increase after being listed on a registered software

project.

3.1.2 Administrative Software Registry Data

I extracted information from the universe of NIIP certificates of software registration
between 1987 and 2024. For each entry, I observe all the information in the certificate of
software registration (Figure m) In the empirical section, I focus on Al software, defined as
software with the technical class “Artificial Intelligence” (“IA”).

There are 47,427 registrations, which, importantly, does not reflect the number of dis-
tinct software products. Registration is a legal tool, not a technical unit. A comparison of
the software registrations with public online records reveals that firms usually bundle dif-
ferent software products in one registration. Legally, this approach offers the same level of

protection as if the firm were to register each program separately. For the purposes of this

between Al software and task descriptions.

HSimilarly, each technical class is accompanied by a textual description.

12In the registration process, firms also provide a hash summary: a unique, fixed-length string generated
by applying a cryptographic hash function to the source-code. Because any modification to the code would
alter the hash, this digital “fingerprint” serves as proof that the firm possessed that exact version of the code
on the filing date. The hash can later be compared to the confidential source code to establish authorship
in legal proceedings.
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Figure 1: Example of a Software Registration
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FEDERATIVE REPUBLIC OF BRAZIL
MINISTRY OF THE ECONOMY
NATIONAL INSTITUTE OF INDUSTRIAL
PROPERTY
DIRECTORATE OF PATENTS, COMPUTER PROGRAMS, AND
TOPOGRAPHIES OF INTEGRATED CIRCUITS

Certificate of Software Registration

Case N°: BR512021001026-4

The National Institute of Industrial Property issues this certificate of
registration of a computer program, valid for 50 years starting from January
1st following the date of May 3, 2021, in accordance with §2, Article 2 of Law
No. 9,609 of February 19, 1998.

Title: iMachine Al: Online Predictive Maintenance System for Electric
Machines Using Machine Learning Techniques

Publication Date: 05/03/2021

Creation Date: 04/28/2021

Owner(s): TECHPLUS AUTOMACAO

Author(s): SAMARONE RUAS

Programming Language: PYTHON

Application Domain: AD-06; FQ-04; IF-10; IN-02
Technical Class: AP-01; AT-05; IA-01; IT-01; TC-03
Hash Algorithm: SHA-512

Digital Hash Summary:
cec9fe6467e2da2a9cc51fad00cfaedf52adc26dd5f352d4f4ed7c8600e399415383cc
2d542eab52cf2a49bf66955b20317e

bf21bafa7273d7edcdb534767588

Issued on: 05/25/2021

Approved by:
Carlos Alexandre
Fernandes Silva Head
of DIPTO

Notes: This figure shows a translated certificate of software registration. The application domains correspond to “factory planning”, “metrol-

ogy”, “information management”, and “manufacturing technology”. The technical classes are “application”, “industrial automation”, “artificial

intelligence”, “instrumentation”, and “pattern recognition”.

paper, what matters is that commercially relevant software is typically registered at least
once with a description of its intended use, even when firms bundle multiple products within

a filing. I discuss the nuances of this database in further detail in the next section.

3.1.3 Coverage, strengths, and limitations

This subsection evaluates the NIIP registry as a measure of Al software development.
Registration is widespread among Brazilian software firms, and survey evidence supports its
broad coverage. The registry’s main advantage is that it captures actual software developed
for use by firms, including tools that lack patent-worthy novelty and third-party vendor
software missed by hiring data. I also discuss limitations related to scope and registration

practices and explain why they are unlikely to drive the results.

Registration is nearly universal among software developers. In 2016, 92% of soft-

ware development firms with more than two years of operation had registered at least one
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software program.E’E Weighted by employment, this figure rises to 99.4%, and among firms
with more than 20 employees it reaches 96%.5 These numbers suggest that the NIIP registry

captures a large share of commercially developed software created in Brazil.

Survey with private sector specialists. To validate the dataset and better understand
the degree of selection, I conducted a survey with IT firms and intellectual property lawyers,
described in more detail in Section . The survey provides three main findings. First,
software registration in the NIIP is widely known among both intellectual property lawyers
and IT professionals, with the vast majority of respondents having direct experience with the
registration process. Second, respondents confirm that most commercial software developed
in Brazil has at least one version registered, with firms primarily motivated by intellectual
property protection. Third, to the extent that selection exists, it is driven by small firms pro-
ducing consumer-facing applications such as video games and mobile apps. These categories

are unlikely to affect the labor market outcomes studied in this paper.

Registration titles validate the AI classification. Appendix Figure @, in the ap-
pendix, shows that common title terms include prediction tasks, such as forecast, recom-
mendation, classification, recognition, and detection, as well as AI methods such as machine
learning, neural networks, and deep learning. These patterns suggest that NIIP software clas-
sified as Al captures the predictive technologies emphasized in the AT literature (Agrawal
et al 2019h).

3.2 Other Datasets

RAIS. T use the publicly available version of “Rela¢io Anual de Informacoes Sociais”

(RAIS), a matched employer-employee dataset covering all formal workers in Brazil. It
reports each worker’s occupation, earnings, hours, and other job details. I rely on this
version because it extends coverage through 20241 For privacy reasons, the public version
excludes person identifiers, so I use a panel at the occupation—year level. Since 2003, RAIS
has used the occupational classification system Classificacdo Brasileira de Ocupacoes 2002

(CBO 2002), which includes detailed occupation descriptions. To avoid crosswalk issues

BT call a firm a software development firm if it has Classificacio Nacional de Atividades Econdémicas
(CNAE) 2002 codes 6201500 (custom software development) or 6202300 (development and licensing of cus-
tomizable software), and has hired a computer engineer at least once in its life-cycle.

1] restrict the sample to firms with more than two years of operation because, in this sample, software
development typically requires more than two years.

15This figure represents a conservative lower bound on overall coverage because not all of these firms have
developed their software: (i) some firms might only provide technical support and do not write proprietary
code, (ii) some firms are third-party developers whose software is registered by the client, and (iii) young
firms are still completing their first product.

The longitudinal version tracks workers over time but only runs through 2016, missing important years
of Al development.
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with older classifications, I restrict the analysis to 2003-2024. I exclude from the sample I'T

workers, government employees, and military personnel.

Description of Occupational Tasks. To measure workers’ exposure to Al, I use data
from the Ministry of Labor, which links each six-digit occupation in the CBO 2002 classifica-
tion to detailed descriptions of its tasks. Because the CBO is used in labor-court proceedings
to determine employment benefits and labor union association, these descriptions are long-
form, legally precise, and highly specific. The dataset covers 2,641 occupations, each with

an average of 64 task statements, for a total of 49,660 unique tasks.

Stack Overflow. To build the instrument, I use data from Stack Overflow and program-
ming mailing lists. Stack Overflow is a widely used question-and-answer platform for pro-
grammers. On this platform, programmers post questions seeking help from the community
on specific technical problems. Each post includes standardized tags indicating the program-
ming language and type of application involved, selected from a community-maintained list.
I collect data on all Stack Overflow posts created between 2008 and 2024.H

Programming Mailing Lists. I complement the Stack Overflow data with public pro-
gramming mailing-list archives from Gmane. These mailing lists are maintained by software
projects and technical communities to discuss specific technical problems. For each message,
I observe the mailing-list group, date, and subject. The data cover 1995-2024.

4 Statistics of AI Software

The software registry data present three facts about Al software development in Brazil. B
First, following global trends, Al development accelerated sharply in the 2010s. Second,
Al is used across a wide range of application domains: while administrative uses such as
report generation remain common, 40% of application-domain classifications target produc-
tion settings, including manufacturing, agriculture, and logistics. Third, two applications
dominate production use: manufacturing execution systems that coordinate workflow and

quality-control tools that perform real-time visual inspections.

"For instance, in the states of Rio de Janeiro and Parand minimum wages depend on the worker’s CBO
occupation.

18 Appendix @ provides a series of summary statistics for Stack Overflow posts.
9 Additional statistics are reported in Appendix [B.9.
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Figure 2: Number of Firms Owning Al Software
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Notes: This figure shows the number of unique firms in Brazil with at least one AI software registration from 2003 to 2024. Because many of
these firms provide services to others, the number of firms using AI is likely much higher th hose directly owning the software. The dashed red
line plots the number of Stack Overflow posts with Al tags. AI tags are defined in Section .

Brazilian AI development follows the global trend. Figure @ plots the number of
unique firms with at least one Al software registration. From 2013 to 2024, the number of
firms owning Al technologies increased 409%. This period, known as the Al boom ([Toosi
et al] 2021, Chauvet] 2018, Sevilla et al) 2022), was marked by a surge in Al development
worldwide, fueled by scientific breakthroughs in neural networks and GPU computing (Metz
2021). Figure E also shows, for comparison, that the number of Stack Overflow posts men-

tioning Al tags increased by a similar magnitude.E

Al is used in management and production. When firms register software, they report
its application domains, that is, the areas where the software is intended to be used. Figure

presents the ten most common broad application domains for Al software. Managerial
domains such as information management and administration are the most common, but
they account for only 27% of application-domain classifications. Al is also widely used in

healthcare, manufacturing, and agriculture, which together account for 16.7% of the total.

Figure @ groups all application domains into three categories: management, produc-
tion, and academic. Management includes back-office functions such as human resources,
accounting, and administration. Production includes non-management applied domains such
as manufacturing, agriculture, and construction. Academic includes research-oriented appli-

cations in fields such as mathematics and the social sciences.

20Similar trends in AI development. haye been documented in job postings for Al scientists (Acemoglu
et al] 2022), AI patent applications (Webh 2020), and academic publications in Al (Maslej et al| 2025).
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Figure 3: AI Software Registrations by Intended Use
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Notes: These figures present the distribution of Al software across different application domains, as defined by the NIIP. Because one registration
may list multiple domains, Figuregreports each domain’s share of all domain classifications. Figure assigns each registration to the broad group
containing most of its domains. Management includes domains related to business administration, law, economics, finance, information storage,
telecommunications, and human resources. Production includes agriculture, civil construction, ecology, education, energy, physics, chemistry,
geography, geology, housing policy, hydrology, engineering, meteorology, soil studies, sanitation services, public infrastructure, transportation,
biology, botany, and health. Academic includes mathematics, cultural studies, politics, public policy, psychology, environmental policy, social
studies, city planning, and social welfare.

Figure @ shows that Al is split almost evenly between management and production
applications, each accounting for about 40% of application domains. This balance challenges
the prevailing view that AI primarily targets high-skill, white-collar occupations (

bsbornel l2017|, |Webb| b()?d, tFelten et a1.| lZOQ]J). Because a comparable share of Al tools
is used in production, blue-collar workers may be just as exposed to Al as administrative

workers.

Figure 4: Specific Use of AI Software in Production
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Notes: This figure shows the distribution of AI production software across application categories. Each software entry was classified into one of
the groups based on its title, technological class, and application domain by an LLM.
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Production AI coordinates workflow, controls quality, and automates tasks. To
better understand how Al is used in production, I classify each registration with a production-
related application domain into one of seven mutually exclusive categories, based on the
engineering literature and a manual review of program descriptions. Figure H plots the

distribution of production Al software across the different ca‘cegories.E

The most common production use of Al software is in Manufacturing Execution Systems
(MES), which coordinate and control production processes. MES applications account for
nearly 40% of all Al production applications in the database (Figure H) One example is
an Al system developed by Copel, a large electricity distribution company. Copel’s system
monitors household-level energy use and uses Al to predict power omtages.E When the
system detects risk, it automatically dispatches maintenance and inspection teams with
the location, diagnosis, and suggested repairs, increasing the productivity of field workers.
According to (), the software has prevented 1,700 outages. More broadly, Al-
enabled MES has been shown to reduce production time, increase yields (bhen et al.| tZOOd),

and improve machine utilization rates (|Capgemini| l202d), which could raise productivity and
labor demand .2

Figure 5: Example of AI Software Used in Quality Control
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Notes: Example of Al software from Tbit. Image from [Tbif ()

The second most common use of Al is in quality control (Figure H), where computer-

21To classify Al production software, I reviewed the engineering and operations literature and defined
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Liu et al] 2022). I then used Gemini to assign each Al software registration to one category using category
definitions, hand-coded examples, decision rules, and the full registration information.

22The use of Al in electricity distribution is w1despread Elght other utility companies in il have
Mped their own Al tools. For a review of how Al is used in electricity distribution, see | orootan et al
2022).

#See IShojaeinasab et alj (lZO2Q|) for a review of Al in MES.
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vision software detects defects in real time. A notable example in the database is Thit’s
image-recognition system, which identifies visual impurities in products such as seeds, flour,
and animal feed. In one deployment at a dog food factory, the software flagged defective units
for removal from the production line, as illustrated in Figure B It also relayed defect rates
and quality metrics to the Manufacturing Execution System (MES), which used the data to
recalibrate machines, adjust input mixes, and guide operator decisions. As documented in the
engineering literature, integrating Al into quality control improves precision and productivity
by reducing inspection time, minimizing human error, and lowering defect rates (Ghelani
et al, 2024, Tariq et al, 2024, Shi et al| 2023).

5 Empirics

This section describes the empirical strategy to estimate the effect of Al on the labor
market. I first construct an occupation-level measure of Al exposure by computing the cosine
similarity between task descriptions and Al software descriptions. To address differences in
terminology, I apply latent semantic analysis, which maps synonyms and technical jargon
onto shared semantic dimensions. I then use an instrumental variable strategy that exploits
heterogeneous exposure to the growth of Al programming knowledge across programming
languages in the United States. These knowledge shocks change the cost of developing
AT software in Brazil and generate variation in Al exposure that is plausibly unrelated to

Brazilian labor-market conditions.

5.1 AI Exposure

Text similarity between occupations and Al software: p, . To measure Al exposure,
I link the tasks performed by workers to those carried out by Al software. This measure
captures the overlap between Al software and workers’ tasks, which could arise from either
potential substitution or complementarity between them. I construct this measure in three
steps. First, I collect detailed task descriptions for each occupation from the Brazilian
Ministry of Labor. Occupations are defined narrowly at the six-digit level, giving 2,641
distinct occupations in total.d On average, each occupation has 64 tasks, for a total of 49,660
unique tasks. Second, I construct descriptions for each Al software record by combining
its title, the description of the listed application domains, and description of technological
classes. Third, I use latent semantic analysis to calculate the cosine text similarity, p, s,
between the tasks of occupation o and the description of Al software s. Appendix

provides further details.

24As an example of the narrowness of the occupational classification, economists in agriculture, finance,
manufacturing, public finance, environmental, and regional economics each have their own entry.
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Software valuation: v,. To construct the exposure, I weight each software by an estimate
of its importance. Following Kogan et al| (2017) closely, I estimate software values from the
stock market response to news of their registration. Then, I use credibility-weighted mean
imputation to extrapolate software values to software of firms not in the stock market.2 I
explain the procedure in detail in Appendix @

Exposure to AI. I define the exposure of occupation o to Al software available by year ¢

as

Al Ezposure,, = Zpo,s x vg x I {t(s) < t}, (5)

where p, s is the text similarity between occupation o and software s, v, is the software
valuation, and I {¢(s) <t} equals one if software s was created in or before year t. Because
firms register software shortly before commercialization, ¢(s) also marks the year the software

reaches the market. Thus, Al Exposure,, measures occupation o’s cumulative exposure to

o,t
Al software commercialized by year t. Appendix @ report summary statistics for this

measure.

Alternative AI exposure measures. The baseline measure uses stock-market responses
as a measure of software importance. To test whether this choice matters, I construct two
alternative measures. The first gives equal weights to all software. The second weights
software by its breakthrough importance, measured by whether it is novel relative to earlier
AT registrations but close to later ones following Kelly et al) (2021). The main results are

unchanged under any of these alternative Al exposure measures.

5.2 Empirical Model

Main empirical model. I use the following empirical model:
Yo = BAI Exposure,; + o + pir + X3,0 + €, (6)

where ¥, is a labor-market outcome, such as employment or wages, for occupation o in year
t. Al Exposure,, is defined in equation (B) and normalized to have mean zero and standard
deviation one. Therefore, 3 is the effect of a one-standard-deviation increase in Al exposure.

The terms p, and p; denote occupation and year fixed effects. Standard errors are clustered

2This method extrapolates values from subgroup-, group-, and broader-group averages. It gives less weight
to group levels with more uncertainty in their values. This method has been shown to be better snited to
settings with many categorical groups and few observations per group (Micci-Barreca 2001, Bithlmann 1967).
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at the occupation level B

Controls for omitted-variable bias. The control vector X,; includes four variables
addressing potential confounders. First, one-digit occupation-by-year fixed effects absorb
shocks common to broad occupational groups. In the model derived in Section E, they
also capture the scale effect. Second, a U.S. patent-based Al exposure measure controls for
exposure to foreign-developed Al, even though imported software accounts for less than 10%
of the Brazilian market, as discussed in Section @.E Third, the lagged outcome, y,;1,
controls for differential trends. Fourth, a non-Al software exposure measure controls for the
adoption of other software. The robustness checks show that the results do not depend on

these controls.

5.3 Instrument

Exogenous variation: programming knowledge in the US. Building on Equa-
tion (@), I instrument AI exposure with changes in the availability of Al programming
knowledge across languages. I measure this availability using Al-related discussions in Stack
Overflow and programming mailing lists, where programmers post questions, answers, ex-
amples, and reusable code. The availability of such resources has been shown to lower the
cost of developing software (Delorey et al) 2007, Krein et al, 2010, Tambad et al, 2020, Vi
jayaraghavan et al, 2022, Mamykina et al| 2011, [Ireude and Robillard 2016, Wu et al, 2019,
Ponzanelli et al, 2014). Because this programming knowledge is produced outside Brazil, its
growth is plausibly unrelated to Brazilian labor-market conditions, except through its effect

on Al development costs.

These cost shocks affect occupations differently because programming languages special-
ize in different applications (Nanz and Furia 2015, Rabah et al, 2010, Meyerovich and Rabkin
2013). For instance, COBOL is the dominant language in banking and government systems,
but its declining community, scarce documentation, and limited Al resources make Al tools
for financial systems relatively costly to build (Ovidg 2022, Hartman 2015, Navot 2024).
By contrast, R has a large community and abundant Al resources for statistical analysis,
making Al tools in that domain cheaper to develop. As a result, occupations linked to the
banking system, such as bank tellers, are relatively less exposed to AI than archivists, who

perform tasks that overlap with statistical analysis.

26Each occupation o is a narrow six-digit occupational code that often embeds sectqral requirements. For
this reason, the baseline model does not use the sector—occupation specification in Webb (2020). In the
robustness checks, I show that a specification closer to Webhh (2020) delivers qualitatively similar results.
*"To comnstruct exposure to U.S. patents, I follow Webh (2020).
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Instrument. Using these insights and following the model-derived counterpart in Equa-

tion (@), the instrument is given by

> Al Exposure; ,,_q x Al Posts;,
Al Fase-of-D == — ’ 7
ase-of-Devy, > Al Postsy, (M)

where [ indexes programming languages. Wposur@ho,tzo is the average value-weighted text
similarity between occupation o and software written in language [ before 2003. This base-
line similarity captures programming-language specialization: some occupations are more ex-
posed to tasks commonly performed by software written in particular languages. Al Posts;,
is the number of Stack Overflow posts and mailing-list messages in language [ that mention
Al terms.® This variable proxies for the availability of Al programming knowledge in that
language, including access to a broader expert community, reusable packages, examples,
tutorials, and troubleshooting material. These resources lower the cost of developing Al

software in language /.

Because the endogenous regressor is cumulative Al software exposure, I use the cumula-

tive ease-of-development measure as the instrument:

¢
Al Ease-of-Dev IV, , = Z Al Ease-of-Dev, .. (8)

k=2003

Identifying Assumption. The instrument exploits differential exposure across occupa-
tions to an exogenous decline in the cost of developing Al software. The identifying assump-
tion is a parallel-trends condition: in the absence of these cost shocks, the labor market
outcomes of high- and low-exposure occupations would have followed similar trajectories
(Goldsmith-Pinkham et al) 2020). To support this identifying assumption, in the next sec-
tion I show that the instrument does not correlate with other technologies developed in
Brazil, is not associated with international technological progress in machines or equipment,
does not correlate with trade shocks or labor market regulation changes in Brazil, and is not

correlated with labor market trends in Brazil.

Alternative instruments. I also use three alternative instruments. First, building on
instrument H, I construct a version that uses the number of Al packages released in the
United States for each programming language instead of mailing lists or Stack Overflow
posts. Second, I exclude programming mailing-list data and use only Stack Overflow posts,
a source shown to increase programmer productivity (Mamykina et al| 2011, Treude and
Robillard 2016, Wu et al| 2019, Ponzanelli et al, 2014). Third, I use a standard Bartik

2In Appendix @, I present the list of keywords and how Al posts are calculated.
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instrument based on heterogeneous occupational exposure to Al adoption. The results lead

to the same conclusion across all three instruments.

5.4 Instrument Validation

To validate the identifying assumption, I show that the instrument is uncorrelated with
other technological shocks, technological progress in tools and equipment, trade shocks, pre-

existing labor-market trends, and other labor-market policies.

The instrument is uncorrelated with other technology shocks. Table @ tests
whether the instrument is related to occupation-level exposure to patents, industrial de-
signs, or technologies transferred to Brazil (de Souza 2022), constructed with the same
text-similarity approach used for Al exposure. The estimates are close to zero and statis-
tically insignificant. Therefore, the instrument does not capture other forms of technology

adopted or developed in Brazil.

The instrument is not correlated with technological progress in tools. A re-
lated concern is that programming-language knowledge may be correlated with technological
progress in the tools or equipment used by the same occupations. To test this channel, I
link product categories to occupations using the text similarity between product descriptions
and occupational tasks. Table @ shows no systematic relationship between the instrument
and import or export price for capital or high-tech equipment. This result suggests that the

instrument is not capturing falling prices of occupation-specific tools or equipment.

The instrument is not correlated with trade shocks. Another concern is that U.S.
programming-language shocks may be correlated with sectoral shocks that affect Brazil
through international trade. I evaluate this concern by assigning trade exposure to occupa-
tions using their sectoral employment distribution. Table @ shows no systematic correlation
between the instrument and import input prices, total imports, import prices, and export

prices. This result suggests that the instrument is not capturing sectoral trade shocks.

The instrument is not correlated with informality or the enforcement of other
labor regulations. I also test whether the instrument is correlated with changes in labor-
market enforcement. If occupations more exposed to lower Al development costs were also
differentially exposed to changes in regulation or enforcement, the instrument should predict
more labor infractions in those occupations. Table @ shows no such relationship. The
instrument is not correlated with inspection activity or infractions related to informality,
safety and health, hours and rest, or wage payment. This result also indicates that Al is not

affecting the share of informal workers across occupations.
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The instrument is not driven by pre-existing labor-market trends. Finally, I test
whether the instrument predicts labor-market outcomes before the relevant exposure period.
Table @ shows no systematic relationship between the instrument and lagged employment,
education, years of education, age, or wages. This evidence suggests that the instrument is

not driven by pre-existing labor-market trends.

5.5 Placebo Tests

A key identifying assumption is that U.S. shocks that affect Al programming knowledge
do not directly affect occupations more exposed to Al in Brazil. The validation tests above
support this assumption as there is no correlation between the instrument and trade shocks.
Three additional placebo exercises further assess this concern. First, the instrument does not
predict Brazilian labor-market outcomes before the AT boom of the 2010s, which addresses
concerns about correlated labor-market shocks across countries and earlier computerization
trends. Second, Al-related Stack Overflow posts in Russian and Japanese, languages not
spoken by most Brazilians, do not predict Al development in Brazil. This result suggests
that the instrument works through the availability of programming knowledge, rather than
through labor shocks hitting these economies. Third, in a more direct test, U.S. labor-
market outcomes do not explain Brazilian Al software development after controlling for the

Al ease-of-development instrument.

The instrument does not predict labor-market outcomes before the AI boom. If
the instrument isolates variation in Al exposure, it should not predict labor-market outcomes
before the AI boom of the 2010s, when most Al applications entered the market. Table
reports placebo estimates for 2003-2010 in Panel A and 1995-2002 in Panel B.E The esti-
mates show no systematic relationship between instrumented Al exposure and employment,
education, age, experience, or wages, with a weakly significant and likely spurious correlation
with age. Figure extends this test by estimating the effect of Al on employment across
alternative sample cutoff years. The effect becomes statistically significant only when the
sample includes years after 2017, consistent with the sharp increase in Al development shown
in Figure @ Together, these results suggest that the instrument is not capturing correlated
labor-market shocks across countries, which should also appear before the AI boom, or the

effects of computerization.

Other-language Stack Overflow posts do not predict AI development in Brazil.
If the instrument works through access to programming knowledge, then Al-related posts in

languages rarely used by Brazilian programmers should not predict Al development in Brazil.

29T split the analysis before and after 2003 because the occupational classification changed in 2003.
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I test this implication using Russian- and Japanese-language Stack Overflow sites, which
launched in 2015. Table [AE shows that instruments built from these posts do not predict
Brazilian Al exposure. At the same time, the coefficient on the main Al ease-of-development
instrument remains stable across specifications. This pattern supports the interpretation that
the instrument works through programming knowledge available to Brazilian programmers,

not through labor-market shocks common to other countries.

Table 1: First Stage: AI Ease-of-Development and AI Exposure

1) (2) (3) (4) ()
Al Al Al Al Al
Ezposure FExposure Ezposure Ezposure FExposure

Al Ease-of-Dev IV 0.402* 0.390~ 0.396"* 0.386™* 0.385"~
(0.0157) (0.0159) (0.0171) (0.0172) (0.0177)

N 96,568 96,568 56,040 56,480 95,952
R? 0.639 0.615 0.626 0.614 0.611
F 1034.5 889.5 881.9 826.7 813.3

Notes: This table presents the estimates of the first-stage. The ingtrument is given by Equation (§) and
the endogenous variable is the exposure to Al, defined in Equation ‘ZE) All columns include occupation and
year fixed effects. Column 2 adds year-by-1-digit-occupation fixed effects. Column 3 adds year-by-sector
fixed effects to Column 2. Column 4 adds year-by-2-digit-occupation fixed effects. Column 5 combines
year-by-sector and year-by-2-digit-occupation fixed effects. Standard errors, clustered at the occupation
level, appear in parentheses. *p < 0.10,** p < 0.05,*** p < 0.01.

U.S. labor-market conditions do not explain Brazilian AI development. If the
instrument captured U.S. labor-market shocks correlated across countries, controlling for
U.S. labor-market outcomes should weaken its relationship with AI development in Brazil.
Table tests this concern by mapping Brazilian occupations to U.S. occupations and
adding controls for U.S. employment, wages, and education. The coefficient on the Al ease-
of-development instrument remains stable at 0.379. These results support the interpretation
that the first stage reflects changes in Al programming knowledge, not U.S. labor-market

shocks.

6 Results

In this section, I show that Al increases employment, especially among young, less edu-
cated, less experienced, and lower-ability workers. This compositional shift lowers average
wages and compresses wage inequality. These average effects, however, mask substantial
heterogeneity across occupations. Employment expands in production roles related to de-
cision making, team management, and machine operation, but contracts in administrative
occupations centered on data processing. Together, the results point to a mechanism in
which AI substitutes for work that processes information, while lowering skill barriers in

work that uses information to make decisions and act.
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6.1 Al increases employment of low-skilled workers

Al ease-of-development instrument predicts AI exposure. Table m shows that the
Al ease-of-development instrument strongly predicts Al exposure. In the baseline specifica-
tion in Column 2, a one-standard-deviation increase in the instrument raises Al exposure by
about 0.39 standard deviations. The F-statistic far exceeds 10, so the instrument comfortably

passes the weak-instrument test.

Table 2: Effect of AI on Employment

(1) (2) (3) (4) (5)
log(Employment) log(Employment) log(Employment) log(Employment) log(Employment)
Panel A: 2SLS

AT Exposure 0.0344 0.0217 0.0245 0.0190™ 0.0195™
(0.00671) (0.00708) (0.00797) (0.00772) (0.00816)

Panel B: OLS

Al Ezxposure 0.00425 0.00256 0.00238 0.000730 .000862
(0.00270) (0.00294) (0.00305) (0.00304) (0.00316)

N 50,441 50,441 50,217 50,364 50,140

Fixed Effects Interacted with Year:

1-Digit Ocec. - v v - -

Main Sector - - N - v

2-Digits Occ. - - - v v

Notes: This table reports the effect of Al exposure on log employment. Panel eports 2SLS estimates using the instrument
in Equation (f); Panel B reports OLS estimates. Specifications follow Section f; additional year-interacted fixed effects are
listed at the bottom of the table. Standard errors, clustered at the occupation level, appear in parentheses. *p < 0.10,** p <
0.05,*** p < 0.01.

Appendix Tables |A1j, |Alj, and |A14| show where this identifying variation comes from.
Table shows that when a programming language receives more posts, Brazilian devel-

opers write more software in that language. Table shows that these effects are larger
for technical classes that a programming language is more specialized in. Table further
shows that languages with more Al-related posts also have more AI packages. Together,
these patterns support the interpretation that programming-language resources produced in
the US reduce the cost of developing specific Al applications in Brazil, shifting both the

composition of software built and the occupations exposed to Al
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Table 3: AI Increases Employment of Younger and Less Skilled Workers
(1) (2) (3)

log(Age) log(Yrs. log(Tenure)
Education)
2SLS
Al Exposure —0.00316"*" —0.00216™ —0.0130™
(0.00105) (0.000852) (0.00571)
N 50,341 50,341 50,341

Notes: This table reports 2SLS estimates of the effect of Al exposure on worker
composition: log average age, log average years of education, and log tenure.
Specifications follow Section% and use the instrument in Equation (). Standard
errors, clustered at the occupation level, appear in parentheses. *p < 0.10,** p <
0.05,*** p < 0.01.

Al leads to net employment gains. Table @ reports the effect of Al on employment un-
der different controls. Al exposure raises employment in every specification. In the baseline
specification in Column 2, a one-standard-deviation increase in Al exposure raises employ-
ment by 2.2%. Table in the Appendix decomposes this net gain: Al increases both

hiring and separations, but hiring rises more, leading to a positive net job growth.

This net employment gain is not driven by a particular choice of controls. Relative to
the baseline in Column 2, Column 1 removes the year-by-one-digit-occupation fixed effect.
Column 3 adds year-by-sector fixed effects, where sector is the primary two-digit industry for
each occupation.@ Column 4 includes year-by-two-digit-occupation fixed effects, and Column
5 combines year-by-sector and year-by-two-digit-occupation fixed effects. The estimated
coefficients remain positive and similar in magnitude throughout. The robustness of the
estimates to sector-by-year and narrow-occupation-by-year fixed effects further suggests that

the results are not driven by labor-market shocks correlated across countries, reinforcing the
evidence in Sections @ and @

The OLS estimate in Table E is small and not statistically different from zero. This
pattern suggests that Al development in Brazil may target occupations already on declining
employment trends, making the 2SLS strategy important for isolating supply-driven variation

in Al exposure.

30T construct the year-by-sector fixed effect by first calculating, for each six-digit occupation, employment
shares across two-digit National Classification of FEconomic Activities sectors. I then assign each occupation
to the sector with the highest share and use this dominant sector to define the sector-by-year fixed effect.

Because the occupational classification is narrow, the dominant sector accounts for 63 percent of employment
on average.
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Figure 6: Effect of Al on Employment by Age and Education
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Notes: This figure reports the effect of AT on employment by worker age and education group. The left panel plots the estimated
effect of Al on the log number of workers of a given age, and the right panel plots the corresponding effect by education group.
Specifications follow Sectioncg and use the instrument in Equation (f). Vertical bars report 90% confidence intervals.

AT shifts employment toward younger, less educated, and inexperienced work-
ers. Table a shows that Al reallocates employment toward younger, less educated, and
less experienced workers. Column 1 shows a decline in average age, Column 2 a decline in
average years of education, and Column 3 a decline in average firm tenure. Figure B shows
that employment gains from Al are concentrated among workers aged 20 to 39, with no
statistically significant effects for other age groups. By education, Al increases employment
for workers with less than a high-school diploma, while the estimates for other education

groups are not statistically significant.

Table 4: Effect of AI on Wages and Inequality

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

log(Wage) Ability Wage log(P90/P10
Residual Wage)
2SLS
Al Ezposure 0.00164 —0.0177 0.0409*** —0.0176**
(0.00336) (0.00658) (0.0158) (0.00851)
N 50,341 19,816 19,868 49,592
Notes: This table reports 2SLS estimates for log wages, average ability, wage residuals, and within-
occupation wage inequality. Ability and wage residuals are constructed from Mincer regressions;
Section explains in detail how these variables were calculated. Specifications follow SectionE
and use the instrument in Equation (§). Standard errors, clustered at the occupation level, appear

in parentheses. *p < 0.10,** p < 0.05,*** p < 0.01.

Al has no effect on average wages due to the entry of lower-ability workers.
Column 1 of Table @ shows that AI exposure has no significant effect on wages. To test
whether this effect reflects composition rather than lower pay for existing workers, I de-

compose the effect into composition and price components. I estimate a Mincer regression
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relating individual wages to observable characteristics and worker fixed effects, then aggre-
gate the worker fixed effects (which I call ability) and wage residuals to the occupation
level® Because ability is fixed at the individual level, changes in average ability capture
shifts in workforce composition, while changes in the average wage residual capture wage
changes unexplained by individual characteristics. To facilitate interpretation, I normalize

both variables to have standard deviation of one.

This decomposition confirms the composition mechanism. Column 2 of Table @ shows
that Al lowers average ability, while Column 3 shows that Al raises wages conditional on
worker characteristics, likely reflecting higher labor demand. The null effect on average
wages therefore comes from compositional change: Al draws in workers who earn less based
on both observable and unobservable characteristics. In the model presented in Section E,
this pattern is consistent with AI complementing low-ability workers.E2

This increased demand for low-ability workers also compresses wage distributions within
occupations. Column 4 of Table @ shows that a one-standard-deviation increase in Al ex-
posure lowers the ratio of the 90th decile to the 10th decile of wages by 1.8%. As Al raises
relative demand for workers at the bottom of the wage distribution, it narrows wage gaps

within occupations.

Table 5: AI Reduces Inequality Across Occupations

(1) (2) (3) (4)
log(Yrs. log(Yrs. log(Wage) log(Wage)
Educ.) Educ.)
Al FExposure 0.0283 0.0634 0.124* 0.114*
(0.00348) (0.00603) (0.0169) (0.0220)
Al Exp. x log(Wage,—g3)  —0.00392 —0.0159"**
(0.000406) (0.00203)
Al Exp. x log(Educ.1—o3) —0.0258"** —0.0445"*
(0.00234) (0.00816)
N 46,679 46,679 46,679 46,679

Notes: This table reports 2SLS estimates allowing AI’s effect to vary with occupation characteristics mea-
sured in 2003. Columns 1-2 use log average years of education; Columns 3-4 use log average monthly
earnings. Al exposure and each interaction are instrumented wjth the AI ease-of-development instrument
and the corresponding interaction. Specifications follow Section f|. Standard errors, clustered at the occupa-
tion level, appear in parentheses. *p < 0.10,** p < 0.05,*** p < 0.01.

Al decreases inequality across occupations. Table B allows the effect of Al on ed-
ucation and wages to vary with two occupation characteristics: initial wages and initial

education. The estimates show that AI reduces education and wages more in occupations

31The ability measure uses the linked RAIS panel. Administrative lags in this dataset limit c age to the
period through 2016, so these results capture only the beginning of the Al boom. Appendix describes
the Mincer regression and estimation procedure.

32This conclusion is also supported by experimental evidence showing that AT leads to larger productivity
gains for lower-skill workers than for experts (Kanazawa et al| 2029, Brynjolfsson et _al] 2025, Gruber et al.

2020, Choi et al) 2023, Dell’Acqua et al| 2023, Noy and Zhang 2023, Peng et al) 2023).
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with higher initial wages and higher initial education. This pattern is consistent with Al

lowering barriers to entry into more skilled occupations (Autor and Thompson 2025, Autor
2024).

6.2 Al in the Office and the Factory

To understand the mechanism behind these results, I study heterogeneity in the effect
of Al across occupations. I find that AI reduces employment in administrative and data-
processing tasks, but increases employment in production tasks that use information to guide
decisions. This pattern supports a mechanism in which AI replaces information processing

while complementing workers who use information to act.

Al replaces workers in the office but increases employment in the factory. Figure
H estimates the effect of Al separately for each one-digit CBO occupational group.E It shows
that Al increases employment by about 3.4% in production-related occupations, including
agriculture, extraction, manufacturing, maintenance, and technical occupations. In contrast,
it reduces employment in administrative occupations by 2.6%. Employment changes little

among managers and high-skilled professionals, such as engineers and chemists.

Figure 7: Differential Effect of Al on Employment Across Occupations
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Notes: This figure reports estimates of the effect of AI on employment for each one-digit occupational group. The model is:
Yo,t = Bo(o)Al Exposure, y + po + pt + X,;’te + €o,¢, where O(o) denotes the broad occupational category of occupation o.
All specifications use the Al ease-of-development instrument defined in Equation (E) In the first stage, the instrument is also
interacted with a broad occupational group dummy. Standard errors are clustered at the occupation level. Bands represent
95% confidence intervals.

33To construct the figure, I allow the coefficient of interest to vary by one-digit CBO occupational group:
Yot = Bo(oyAl Exposure, , + po + pie + X, ,0 + €,1, where O(0) denotes the broad occupational group of
occupation o.
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AT decreases employment of workers doing data-processing tasks. The contrast
between administrative and production occupations raises a more granular question: which
tasks account for these employment effects? To answer this, I group the 49,660 task descrip-
tions in the Brazilian occupational classification into 700 semantically similar task groups,
as described in Appendix @ I then estimate whether the effect of AI differs between
occupations that do and do not perform tasks in each group. For each task group g, I

estimate
Your = BAI Exposure,, + Bl.{ 0 performs task g} x AI Exposure,; + o + e + X, ,0 4 €0y,

where 1,{0 performs task g} equals one if occupation o contains at least one task in group
g. T instrument AI exposure and its interaction with the task-group dummy using the Al

ease-of-development instrument and its interaction with the same dummy.

Figure 8: AI Replaces Data Processing and Expands Decision Making Tasks
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Notes: This figure reports task-group heterogeneity in AI’s effect on log employment. Each point is an instrumented interaction
between Al exposure a n indicator that the occupation performs the task group. Task groups are constructed using the
procedure in Appendix . Horizontal bars report 95 percent confidence intervals.

The task-level heterogeneity identifies the tasks behind the employment losses in admin-
istrative occupations. Figure @ plots the differential effect of Al, 3,, for the task groups with
the largest negative effects: system administration, credit-line management, administrative
tasks, data processing, data entry, form completion, tax compliance, and data collection.
In occupations that perform these tasks, a one-standard-deviation increase in Al exposure

reduces employment by 3 to 8 percentage points more than in occupations that do not.
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These results show that Al reduces employment most strongly in occupations centered on

recording, processing, and organizing information.

Al increases employment in decision-making, production-supervision, and ma-
chine-operation tasks. In contrast, the positive employment effects are concentrated
in tasks that use information to act. Figure @ shows that the largest gains occur in task
groups related to decision making, production supervision, and machine operation. These are
tasks in which better information helps workers respond to changing conditions, coordinate

production, and operate equipment.

Figure 9: AT Automates Information Processing but Expands Information Use
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Notes: The figure plots the estimated effect of Al exposure on employment at the broad occupational level against
an occupation’s relative information use intensity. Each point corresponds to one of 20 broad occupational groups,
narrower than the 1-digit level. The estimated effects are obtained from yo: = Bo(o) Al Ezposure,, + po + pt +

X’7t9 + €o0,¢, where O(0) denotes the broad occupational group containing occupation o, using the instrument in Equation
(E; The relative information use intensity for broad occupation O is defined as Relative Information Use Intensity, =
shr. of tasks that use information/shr. of tasks that use or process information.

Al complements decision making and replaces data processing. These patterns
are consistent with the view of Al as a prediction technology (Agrawal et al| 2019h). Better
prediction complements workers who use operational information to decide what to do next,
such as supervisors, maintenance technicians, and machine operators, but substitutes for la-
bor in tasks that process, organize, or generate information. To test this mechanism directly,
I follow de Souza and Li (2023) and classify tasks according to whether they primarily pro-
cess data or use information to make decisions. I then define each occupation’s information
use intensity as the share of its tasks classified as information use. Higher values identify

occupations that use operational information intensively; lower values identify occupations
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specialized in information processing and recordkeeping.E

Figure @ provides the first test of this mechanism. It plots the estimated effect of Al
on employment against average information use intensity for each two-digit occupational
group. The relationship is strongly positive: Al increases employment where workers use

information to guide action, but reduces employment where tasks center on processing data.

Table 6: AI Has Larger Employment Effects in Information-Use Occupations

o) ) ©) )
log(Employment)  log(Age) log(Yrs. log(Wage)
Education)
Al FExposure —0.0463" 0.00143 0.00238* 0.00974*
(0.0104) (0.00160) (0.00136) (0.00507)
Al Ezposure x Inf. Use 0.0921 —0.00622"~ —0.00610"~ —0.0109"
(0.0131) (0.00186) (0.00150) (0.00600)
N 50,364 50,364 50,364 50,364

Notes: This table reports 2SLS estimates allowing AD’s effect to vary with information use intensity, defined as
the share of tasks classified as information use rather than information processing. Al exposure and its interaction
with information use are instrumented with the corresponding ease-of-development measures. Specifications follow
Section f{j. Standard errors, clustered at the occupation level, appear in parentheses. *p < 0.10,** p < 0.05,*** p <
0.01.

AT allows low-skilled workers to perform decision-making tasks. Table B estimates
how the effects of Al on employment and worker composition vary with information use
intensity. Al reduces employment in occupations intensive in data processing, but raises
employment where workers use information intensively. These gains come from the entry
of younger and lower-paid workers, reducing average age, education, and wages in those
occupations. This pattern is consistent with Al raising the productivity of less-experienced

workers by providing operational guidance in tasks that require decision making.

Figure @ allows us to visualize the effect of Al on the composition of young workers
in each occupation. It plots the effect of AI on age for each two-digit occupational group
against the group’s average information use intensity. Al leads to the entry of young workers
among occupations intensive in data use for decision making but replaces them in occupations

intensive in data processing.

Standard AI measures understate Al use in production. The contrast between of-
fice and production work shows why different measures of Al exposure can lead to different
conclusions. Table H repeats the employment analysis using standard off-the-shelf AI expo-
sure measures from the literature. For each measure, I follow the standard approach and
interact occupation-level Al exposure with the aggregate stock of Al software registrations.
These measures deliver lower, generally negative employment estimates. The correlation

columns show why: the standard exposure measures are only weakly correlated with the

31 Appendix @ describes in detail the classification process.
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instrument, and this correlation is larger for administrative occupations than for production
occupations. Since Al reduces employment in administrative tasks but raises employment
in production tasks, standard exposure measures place more weight on the displacement
margin and understate the production gains. This pattern helps explain why studies based

on different Al measures reach different conclusions about Al’s labor-market effects.

Table 7: Effect of Alternative AI Exposure Measures on Employment

Correlation with Instrument

(1) (2) 3) (4)

FExposure Measure Effect on log Total Adm. Production
Employment
Baseline ((0 9(21(7?)* 0.40 0.28 0.34
1 (
Al-impaect-soere —0.0216""" 0.02 0.02 0.00
(Tolan ot al 2021) (0.0056)
Suitability-for-machinelearning —0.0023 0.01 0.12 0.02
(Bryn]olfsson et all 2018) 0.0057)
LEM-basleexpogue —0.0230""" —0.02 0.04 0.03
(Eloundou et al! 2023) (0.0084)
)

Alcapability eepesure —0.0301™*" 0.01 0.14 0.05
(Felten et af 2051) (0.(

Notes: This table reports estimates of the effect of alternative AI exposure measures on
log employment. The employment-effect column uses the matched-control _specifications, ex-
cept for the baseline row, which reports the baseline estimate from Table PJ. The correlation
columns report correlations with the Al ease-of-development instrument after residualizing by
the baseline controls. Standard errors, clustered at the occupation level, appear in parenthe-
ses. *p < 0.10,** p < 0.05,*** p < 0.01.

Is generative Al different? Table , in the Appendix, separates the effects of gener-
ative and predictive Al exposure. Predictive AI, which corresponds to 99% of Al software
registrations, closely matches the average effects: it increases employment and reduces av-
erage age and experience. However, due to the high correlation between the two metrics,
standard errors are larger and most of these effects are not significant. Generative Al has
a negative effect on employment and increases average age and experience. Because 81%
of generative Al software is used in management applications, generative Al has a stronger

effect on replacing workers who perform data-processing tasks.

7 Robustness

In Section B, I showed that Al increases employment while shifting employment toward
younger, less-educated, and less-experienced workers. I now show that these results are

robust to alternative specifications, exposure measures, and instruments.

7.1 Alternative Specifications

Control for U.S. labor-market outcomes. One concern is that U.S. programming-
language trends may capture global labor-market shocks that also affect Brazil. Panel A
of Table addresses this concern by controlling for the same outcome measured in the
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United States. The results are still the same.

Occupation-industry regressions controlling for sectoral shocks. Panel B of Ta-
ble re-estimates the baseline specification at the occupation-industry level, following
Webb (2020). I include occupation-industry fixed effects and industry-year fixed effects to

absorb sector-specific shocks. The estimates remain close to the baseline results.

Additional outcome lags. Panel C of Table adds two lags of the dependent variable
to absorb differential outcome dynamics across occupations. The estimates remain similar

to the baseline.

Regression without controls. Panel D of Table removes all controls except for
occupation fixed effects and one-digit-occupation-by-year fixed effects. The estimates remain

close to the baseline, showing that the main results are not driven by these controls.

7.2 Alternative AI Exposure Measures

The baseline exposure measure weights software registrations by software value. I test
whether this choice matters using two alternative exposure measures: one that weights all
registrations equally and one that weights registrations by breakthrough importance. Table
shows that the main results are unchanged under both alternatives.

Equally Weighted AI Exposure. [ first set v, = 1 for every software registration in
Equation a and apply the same equal weights to the instrument in Equation B Panel A
shows that Al still increases employment, shifts employment toward lower-skilled workers,

and reduces within-occupation wage inequality.

Breakthrough AI Exposure. I next weight software by its importance for later Al de-
velopment. Following Kelly et al| (2021)), I construct a breakthrough score that is higher for
software that is novel relative to prior Al software but similar to later Al software; Appendix
describes its construction. Panel B shows that the results are robust to this alternative
weighting.

7.3 Alternative Instruments

Shift-share instrument. I first use a standard shift-share instrument that interacts each
occupation’s baseline similarity to Al software developed in 2000-2003 with the total num-
ber of Al software applications developed each year. Panel 1 of Table shows that the
estimates point in the same direction as the baseline: Al increases employment, shifts em-

ployment toward younger and less-educated workers, and has no systematic effect on average
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wages.

Number of packages. I next instrument Al exposure using Al package availability. Using
the ecosyste.ms package-registry data, I count newly released packages whose package or
repository metadata contain Al terms by programming language and year, then aggregate
these counts to occupations using the baseline occupation-language exposure weights. This
instrument captures the idea that AI packages lower development costs in the languages
where they are available.® Panel 2 of Table shows the same qualitative pattern as the
baseline.

Stack Overflow AI instrument. The third alternative uses only Al-related Stack Over-
flow posts, excluding the mailing-list component of the baseline instrument. This instrument
exploits the fact that Stack Overflow reduced search, debugging, and implementation costs
for programmers (Mamykina et al| 2011|, Treude and Robillard 2016, Wu et al| 2019, Pon-
zanelli et al] 2014). Panel 3 of Table shows that the conclusions remain unchanged.
Together, the three alternative instruments show that the main results do not depend on

the specific construction of the Al ease-of-development instrument.

8 Conclusion

Using an administrative dataset with representative coverage of Al software in Brazil,
I found that, on average, Al increases employment without any effect on wages, driven by
rising employment among younger, less-educated, and less-experienced workers. Within oc-
cupations, Al reduces wage inequality by benefiting less skilled workers. Across occupations,
however, the effects diverge: Al displaces administrative workers while expanding employ-
ment in production roles. These findings help reconcile competing views in the literature—
confirming displacement effects in some settings while also presenting evidence that Al can

complement labor and increase employment.

This paper leaves several open questions for future research. Where do the low-skilled
workers who gain employment through Al adoption come from? Given their age, Al may
draw high-school-age workers into the labor market. Earlier entry could affect human capital
accumulation and long-run growth. Another open question concerns administrative workers
displaced by AI. What becomes of these workers, and how likely are they to transition into
jobs that use AI? Answering these questions is essential for policy design and for under-
standing the long-run effects of Al.

35This instrument exploits narrower variation than the baseline instrument because package data can be
matched to only 12 programming languages, while the baseline mailing-list and Stack Overflow instrument
covers 595 programming languages.
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A.L in the Office and the Factory: Evidence from Administrative Software
Registry Data

by Gustavo de Souza

A Theoretical Model

A.1 Equilibrium Definition

This appendix provides the formal details for the model in Section 2 of the main text. There is one
final good, used as the numeraire. The wage and employment of skill group s in occupation o are w, s and

L.

A.2 Agents

The final-good producer chooses broad-group outputs to solve

max PY — P,Y,,
{Yg}geg 9eG

where .

=
Y=<ZSO§/XY9X) a0 Yet
g

geg

The broad-group producer chooses task quantities to solve

max %n—/prﬁ@
Jg

{w@)}ies,

n=(l

g

where
Y
Pp—1

PN il S
y(j) @ dj)
Workers in occupation-skill cell (o, s) supply labor according to

S _7 n
Lo,s - LO,Swo,s'



To supply K,(j), a developer solves

min Zcz%,l(j) sit. Ko(y) < Ha:o’l(j)aj»l.
{0, (MN}hiec oL er

Task j € J, may be produced by either skill group. Conditional on skill s, task output is

og,s—1 Ug,51:| og,s—1

yO,S(j) = Ao,S(j) [go,S(j) 798+ KO,S(j> 798

For a required output level y(j), the task producer solves

min wosgos . + o .Kos ]
lo,s(7) Ko s ()20 s(7) + 4o(4) Ko s (4)

subject to y(j) < yo.s(7). The producer assigns the task to the least-cost skill group.

A.3 Equilibrium

Definition A.1 (Competitive equilibrium). A competitive equilibrium is given by prices

{P7 {Pg}geg, {p(])}ﬁ {qo(j)}oyj’ {wo,s}o,s} )

allocations

{Y> {Yg}m {y(])}37 {go,s (])7 Ko,s(j)}o,s,j’ {Ko(j)}o,j7 {xo,l(j)}oa'l? {Lo,s}qs} )

and a task assignment s*(o, j) such that:

1. the final-good producer solves its problem, taking {P,}, and P as given;
2. each broad-group producer solves its problem, taking {p(j)};cs, and P, as given;

3. labor supply satisfies

S T n .
Ly s = Loswy for all o, s;

4. Al developers solve their cost-minimization problems and price Al at unit cost:

ajyl
0%(J) = H (i) for all o, j;

a .
lel ol

5. task producers solve their cost-minimization problems, task prices equal minimized unit costs, and



tasks are assigned to least-cost skill groups:

3*(Oaj) S argmiHPO,S(j)a p(]) = min pO,S(j)a
SE{L,H} SG{L7H}

where p, s(7) is the minimized unit cost for task j with skill group s. Inputs of non-assigned skill

groups are zero:

los(J) = Kos(3) =0 if 5 # s7(0,j);

6. labor markets clear:

Lis = / 1{s = s"(0,))}os(j) dj for all o, s;
Jo

7. Al markets clear task by task:

K,(j) = Z 1{s = 5"(0,J) } K, s(j) for all o, 7;

se{L,H}
8. the final-good market clears and the numeraire normalization is

P=1

A.4 Equilibrium Characterization

From the first order conditions of developers, the price of Al is

%(7) = H (i) : = K; HC?]"Z’ Kj = Haj_,lajJ'

Oéjl
lel ’ lel lel

From firm’s maximization, the unit cost of producing task j € J, with skill group s is

_ 1
Pos(f) = g7y (w077 + qolj) o] e
Ao,s(J)[ ’ )

If task j is produced with skill group s, labor and Al demand are given by

Cos(7) = y(1) Aos(5)7 p(5) 77w, 77 (9)
Kos(j) = y(j)Ao,s(j)gg’s_lp(j)gg’sqO(j)_Ug’s- (10)



The corresponding labor and Al cost shares are

( ) wégagﬁ ( ) qo(j>1—0'g,s (11)
SLos\J) = a0 s } y SM,,s\])) = P ) .
Wors " 4 qo(j)1 0 W™ + go(5) 10
The equilibrium wage is given by
Loswy, = / s = 5(0,1)}y(5) Aos ()7~ p(j) 7 w5 o dj. (12)
Jo

A.5 Al Price Shocks and Exposure

Assume an Al price shock as in Equation (E) Also assume that the price change is small enough not

to change the allocation of skill groups across tasks and to fall equally across skill groups. Let

L, = Z Los, )\o(]) _ Zs 1{8 = 52i07j>}€o,s(j).

Write sj/,(j) for the AI cost share of the skill group assigned to task j. Occupation-level Al shock exposure

1s
Al Shock Ezxposure, :/ $um.0(3)No(J)70(4) dj. (13)
Equivalently,
Al Shock Ezxposure, = Z Qo1 Q= / smo(3)No(f) s dj. (14)
leL o

Let J, s be the tasks assigned to skill group s and occupation o. Define

. o los(U
Lo,s - / go,s(]) dj, Ao,s(]) - L< >> (15)
Jo,s 0,S
S0s = [ Moslssnas i G = [ Asidsuas i) di (16)
Jo,s Jo,s
For tractability, I assume that the Al shock is balanced across skill groups:
EN = &M = Al Shock Exposure, = &, (17)
Under the assumption of a small price shock, the change in labor is given by
dnL,, = d 2, + (6 — 040)E2] . (18)

n + ¢ + (Ug,s - w)gM,o,s



where

E,=dlnY, +¢dnP,. (19)

Under the small-Al-share approximation, (@) becomes

n - W —0g4s) s
din L, , ~ =, + 2L gAl 20
R 1 N+ , (20)

A.6 Proofs

Let
LO,L Lo,H

l—m, =

E, = Al Shock FE: , o = ; .
ock Ezxposure, iy I I

Proof of Proposition @: AT has an ambiguous effect on employment. Under the local small-shock

assumptions,

dinL, ~ ——3, + BLE,,
0

+ 1

where

n B _
By = H—@DW’_UQL Oy = To0gr + (1 = 7o) 0gH-

Proof. For each skill group,

—

=, + .
+p 7 n+

dhl LO,S ~ 77 —_ n(¢ - 0-9,5)5

Since L, = Lo, + Lo.m,
dinL,=m,dIn L, + (1 —7m,)dIn L, .

Substitution gives

Using 7, + (1 — 7,) = 1,

7 _n [ — (o0, + (1 — 7o) um)] Eo.

dinL,~ ——Z, +
n+y 7 4+

The coefficient on exposure is positive if ¢ > 7,4, negative if ¢ < 7,, and zero if ¢ = g,. O

Proof of Proposition : Average Treatment Effect Depends on Sample Composition. The

linear projection of occupation employment on Al exposure can be approximated by

N = L
dIn L, ~ ——Z=, + 8~ AI Shock Ezxposure, + €,,
m— B P €



where
5L = Z woﬁOLa
with 7,,w, € (0,1), >, w, = 1, and ¢, orthogonal to AI Shock Exposure,,.

Proof. Let

~ TI _
Y,=dnL,— ——=,, X, =¢&,.
n+y?

Proposition El gives

i}o = ﬁfXa

The simple projection coefficient of Y, on X, is

o ZoXOi}O _ Zngﬁtf

B = =
IS S

Thus
X;

Zo’ Xg’ '

If there is positive exposure variation, the weights are nonnegative and sum to one. The residual

BL = Zwoﬁga Wo =
0

€0 = 1A}o - 6LX0
is orthogonal to X, by the definition of the projection. ]

Proof of Proposition E: Al can change the composition of workers within occupations. As-
sume that the initial Al expenditure share is small. Then, the effect of Al on the share of low-skilled

workers is given by:
dShr. Low-Skilled, = ©, (04,u — 04,1) Al Shock Ezposure,,

where ©, > 0 is a set of parameters.

Proof. The low-skill share is m, = L, 1,/ L,. A first-order change is
dr, = (1 —m,) (dIn Loy —dIn L, ) .
Using the skill-specific employment responses,

n
dinL,; —dIn L,y =~ s (b —041) — (W —04m)] &



The 9 terms cancel, so

dln Loy, —dIn Loy ~ —— (0,41 — 04.1) Es.
1

+ 1
Substituting into the share identity gives

Ui
dm, ~ o(1 —m, — E,.
w1 ) (s = 04
The stated expression follows with
n
0, = (1 — m,
m— ( )

Since n > 0, ¢ > 0, and 7, € (0,1), ©, > 0. O

B Data

B.1 Most Software Used in Brazil Is Developed Locally

The NIIP registry covers only software developed in Brazil, so it is important to assess the role of
foreign software. Figure @ shows that imported computer services accounted for only 9.3% of domestic
computer-service value added in Brazil in 2015, less than half the OECD average of roughly 19%.8 Since
imported software is typically paid through licensing fees and does not appear in Brazil’s copyright registry,
this low import share suggests that most software used by Brazilian firms is developed locally and therefore

can be captured by NIIP.

36Computer services include software publishing, programming, data processing, and cross-border licensing fees for pack-
aged software. Because the data do not separate software from data-processing_ and data-center services, this measure likely
overstates software imports. Consistent with this, Junqueira Botelho et al) (2005) reports that domestic firms supplied 98%
of Brazil’s software market.



Figure A1l: Import Share of Computer Services Across the Globe in 2015

In Brazil, Most Software is Locally Developed
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Notes: The figure reports imports of computer services divided by computer-services value added in 2015. Import data come from the WTO-OECD
Balanced Trade in Services dataset; value added comes from PREDICT.

Foreign software vendors could also operate through Brazilian subsidiaries and bypass local registration.
This channel appears small. Table [A:l] shows that foreign-controlled firms account for fewer than 0.04% of
firms and 0.08% of employment in Brazil’s IT sectors. Thus, nearly all software produced and sold through

the domestic IT sector is produced by domestically owned firms.

Table Al: Share of Multinational Firms in IT Sectors

Share of Multinationals Employment- Weighted
Share
Information Technology Services 0.020% 0.025%
Information Service Provision Activities 0.038% 0.078%
Total 0.025% 0.035%

Notes: The table reports the share of foreign companies in Brazil’s I'T sector in 2016. Information Technology Services
corresponds to CNAE 2.0 code 62; Information Service Provision Activities corresponds to code 63.

Three forces explain the small role of imported software. First, digital services exhibit strong home bias:
even in the United States, only the largest firms export online services, and domestic providers are especially
important in digital services (Alaveras and Martens 2015). Trade costs in services are also two to three times
higher than in goods, partly because of cultural and regulatory frictions (Miroudot et al, 2010, Harms and
Shuvalova 2020). Second, Brazil raises these barriers further through local-infrastructure mandates, data-
localization requirements, and domestic-content rules in public procurement, which increase the effective

trade cost of imported IT services to the equivalent of an 87 percent tariff (Ezell et al| 2013, Benz and Jaax
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2022). Third, Brazil has a large domestic software industry: in 2015, it ranked as the 11th largest I'T sector
globally, and domestic firms supplied 98 percent of software services as early as 2001 (Junqueira Botelho
et al| 2005, Arora and Gambardella 2005). Together, these facts indicate that imported software plays a

minor role and that the NIIP registry provides broad coverage of software used in Brazil.

Figure A2: Value Added of Computer Services Across the Globe in 2015
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B.1.1 Survey with Industry Specialists

In this section I describe the results of a survey with industry specialists who have expert knowledge
of the NIIP registration process. The survey delivers three main findings. First, software registration in
the NIIP is widely recognized among both intellectual property lawyers and IT professionals, with the
vast majority having direct experience with the registration process. Second, respondents confirm that
most commercial software developed in Brazil is registered, with firms primarily motivated by intellectual
property protection. Third, to the extent that selection exists, it is driven by small firms producing
consumer-facing applications such as video games and mobile apps, categories that are unlikely to affect
the labor market outcomes studied in this paper. These findings support the validity of using NIIP data

to measure Al exposure in Brazilian workers.

Survey design. I conducted the survey with two groups that have detailed knowledge of the NIIP
registration process: intellectual property lawyers and IT professionals. I identified potential respondents

through an online search, constructing a database of 342 intellectual property law offices and 276 software



development companies. I contacted these firms and offices through email or LinkedIn between September

and December of 2025. Fach respondent was compensated for their participation.

In total, 68 people completed the survey: 41 intellectual property lawyers and 27 I'T professionals. This
gives a response rate of 11%. This small response rate comes from the fact that I contacted firms through
publicly available email addresses, which often serve only customer inquiries rather than research requests.
Individual lawyers, who typically manage their own correspondence, showed higher response rates than

firms.

Survey respondents are experienced in their field. Table presents summary statistics for the
sample of respondents. Respondents average more than 10 years of experience in either IT or intellectual
property law, with 86% holding at least a bachelor’s degree. Among IT professionals, 81% work full-time
in the IT sector, and 62% identify as programmers. Therefore, this is an experienced sample of respondents

that are well-suited to assess the prevalence and patterns of software registration in Brazil.

Table A2: Survey Summary Statistics

Programmers Lawyers All

Average age 36.2 43.8 40.7
Average experience 12.9 18.9 16.6
Bachelor degree or more (%) 70.4 97.6  86.8

NIIP registration is recognized among specialists. The NIIP software registration process is widely
known among industry specialists. Among IT professionals, 96% report being familiar with the registry.
Among intellectual property lawyers, 90% have actively participated in at least one software registration,
with the average lawyer having registered 37 distinct software programs. Among IT professionals, 77%
report either having participated in a registration themselves or working at a firm that has registered
software. This high level of familiarity indicates that the NIIP registry is a salient feature of Brazil’s

software industry, consistent with the institutional background described in Section El!

Figure shows IT professionals’ responses to the question: "How many commercial software pro-
grams do you believe have at least one version registered in the NIIP?” Seventy percent of respondents
believe that firms register all or most of their commercial software, though 11% believe that only a few
software programs are registered. This distribution suggests that while registration is the norm, some

selection may exist.

Figure displays the percentage of respondents who agree with various motivations for registering
software in the NIIP. The dominant reasons are protecting intellectual property rights and preventing

piracy, consistent with the main objectives of the NIIP.
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Figure A3: Experience of Respondents with a Software Registration
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Figure A4: Dataset Coverage

(a) How many commercial software do you be-
lieve have at least one version registered in the
NIIP? (b) Why are firms registering software?
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Selection is driven by small firms producing video games or cellphone apps. To understand
which types of software might be underrepresented in the NIIP registry, I asked respondents about non-
registration patterns. Figure shows the reasons respondents cite for why some software remains
unregistered. The two most common explanations are that a previous version of the software has already
been registered or that the firm is unaware of the NIIP. Notably, only 4% of IT professionals in the survey
report being unfamiliar with the registry, suggesting that, although the lack of awareness explains why

firms do not register, it is quantitatively a small factor.

Figure identifies which types of software are least likely to be registered. Respondents most fre-

quently cite video games and mobile apps. Follow-up interviews with respondents reveal that developers

11



of these consumer-facing applications perceive limited benefits from NIIP registration because distribution
platforms (such as app stores) already provide intellectual property protections. Moreover, 83% of respon-
dents agree that large companies are more likely to be aware of the NIIP and register their software than

small firms.

Taken together, these findings indicate that any possible selection in the NIIP registry would be against
small firms producing consumer-oriented applications. These categories represent a small share of enterprise
software and are unlikely to significantly affect the labor market outcomes examined in this paper. The
software that is used by firms, such as enterprise resource planning systems, manufacturing execution

systems, and business intelligence tools, is comprehensively covered in the NIIP data.

Figure A5: Dataset Selection
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B.2 Summary Statistics of the Software Dataset

This section presents summary statistics for the software dataset. Figure @ compares the distribution
of application domains between AI and non-Al software. As shown in Figure @, non-Al software is
more heavily concentrated in administrative and information management domains, whereas Al software

is more broadly distributed across different areas.
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Figure A8: Fraction of Different Programming Languages Among AI and Non-AI Software
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Figure A9: Word Cloud from AI Software Titles
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C Empirics

C.1 Text Similarity

In this section, I describe in detail how I calculate the text similarity between software descriptions

and occupational tasks.
Parsing. I transform documents into vectors using words as tokens, i.e., unigrams.

Selection. To avoid counting frequent and uninformative words, such as the Portuguese equivalent for

“the” and “and”, I drop terms that appear in more than 80% of documents.

Vectorization. Following the previous steps, I characterize each document with a vector of dummies
for words it contains. Let m € {1,..., M} index the set of words in the documents, M. Let ¢, be a
dummy variable taking the value of 1 if the document k£ contains word m. Therefore, document k can be

represented by vector ¢, with entries cg,.

14



Normalization. Rare words are more important for characterizing differences across documents than
common words. To take that into account, I weight each word using term-frequency-inverse-document-

frequency (tf-idf). Each term m of the dataset is weighted by:

K+1
wmzlog(d —:_1)+1Wheredm:Z]I{ckm>O}.
m k

After weighting, each document is represented by word frequency vector fj, with entries:

Wm Ck
fkm: =

Zm/ (WmCkm)? .

Singular Value Decomposition. Let F' represent the entire corpus. Latent semantic analysis decom-

poses the matrix F' as
F=UxV'

where U is the term-factor matrix, ¥ the diagonal matrix of singular values, and V' the factor-document

matrix.

Rank-k approximation. I set to zero all the singular values outside the top 300, following Schwarz

(2019). Using the decomposition, I recover the matrix F given by
F=Uxv'
where ¥ has only the first 300 singular values different from zero.

Similarity Scores. The similarity between software s and tasks of occupation o is given by:

Sso = Z fsm X fom‘ (21)

meM

C.2 Summary Statistics of Al Exposure

Figure shows average Al exposure in 2022 across 1-digit occupation groups. Brackets indicate
the range from the bottom to the top decile within each category. Exposure varies widely both across
and within groups: managers, science professionals, and administrative workers are the most exposed,

while agricultural workers are the least exposed B Within-group variation is particularly notable: the

3Prytkova et all (2024), Gmyrek et al) (2023), Felten et al| (2018), and Webh (2020) also find the same general patterns.
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most exposed manufacturing worker, for example, faces greater Al exposure than the average administra-
tive worker. This wide distribution of Al exposure across occupations likely reflects its diverse range of

applications, as discussed in Section @

Figure A10: Large Variance within and Across Broad Occupations in AT Exposure
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Notes: This figure plots the average AI exposure in 2022 at a one-digit CBO occupational classification. The bars plot the average AI exposure and the lines the top
and bottom decile.

Table @, in the Appendix, shows the correlation between each occupation’s 2003 characteristics and
its exposure to Al software in 2022. Occupations more exposed to Al tend to have higher hourly wages,
greater education, and larger workforces. They are also more likely to involve tasks related to planning,
management, and interpersonal activities, which is consistent with the finding that 40% of AI software

targets administrative tasks.

C.3 Counting AI Posts in Stack Overflow and Mailing Lists

I measure Al-related knowledge at the programming-language-by-year level using Stack Overflow and
mailing-list posts. The construction has three steps. First, I define Al keywords from Stack Overflow’s
community-created tag dictionary. Second, I use Stack Overflow tags to identify posts that refer to both a
programming language and Al. Third, I apply the same Al keyword dictionary to programming-language
mailing lists and count new Al-related discussion threads. This procedure produces a programming-

language-by-year panel of Al-related posts.

AT keywords. Stack Overflow tags organize questions by programming language, technology, method,
package, and application. Users choose tags when asking questions; users with sufficient reputation can

create new tags; and other community members can edit tags when they are missing or inappropriate.
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Table A3: Correlation Between AI Exposure and Characteristics of the Occupation

(1) (2) (3)
Al Al Al
Exposure, 0022  Erposure, 2020  Exposure, 2020
log(hour wage),, 2003 0.6517 0.556™ 0.483™
(0.0555) (0.0599) (0.0627)
log(yrs. educ.), 2008 1.130"" 1.345" 1.091**
(0.164) (0.205) (0.214)
log(n. workers), 2003 0.0531"" 0.0629"** 0.0735"*
(0.0125) (0.0130) (0.0136)
I{use computer}, 0.162™" 0.241™" 0.222™
(0.0630) (0.0650) (0.0665)
I{operate machine}, —0.0601 —0.0291 —0.0116
(0.0626) (0.0675) (0.0676)
I{Planning or Ezecution} 0.295"~ 0.207"" —0.00117
(0.0757) (0.0753) (0.0762)
I{ Creation and Innovation}, —0.255™ —0.249™ —0.176™"
(0.0837) (0.0831) (0.0823)
I{Management} 0.333""" 0.282" 0.217"
(0.0599) (0.0600) (0.0619)
I {Interpersonal} 0.381""" 0.435" 0.432"""
(0.0635) (0.0688) (0.0726)
Controls 1-digit Occ. 2-digit Occ.
FE FE
Observations 2,148 2,148 2,148
R? 0.3809 0.4100 0.4731

Notes: This table reports regression results where the dependent variable is the stock cosine similarity

in 2022. Each regressor is defined at the occupational level in 2003: log(hour wage) is the log of

average hourly wage; log(yrs. educ.) is the log of average years of schooling; log(n. workers) is

the log of the number of workers; I{use computer} is a dummy if among the tools used by the

occupation is a computer; I {operate machine} is a dummy taking one if among the tasks performed

by the occupation there is machine operation; I { Planning or Ezecution} is a dummy taking one if the

occupation performs tasks related to planning or execution, I{Creation and Innovation} is a dummy

taking one if the occupation performs tasks related to creation or innovation, I{Management} is a

dummy if the occupation performs tasks related to management, and I{Interpersonal} is a dummy

taking one if the occupation performs tasks related to interpersonal relationships. Standard errors in

parentheses. * p < 0.10, ** p < 0.05, *** p < 0.01.
These tags are therefore a useful vocabulary for measuring programming knowledge because they reflect
how programmers classify questions. I define Al-related posts using tags in five groups: core AI and
machine learning, model architectures, natural language and speech, computer vision, and Al tools and

applications. The empirical measure uses the union of all tags listed below.

o Core AI and machine-learning tags: ai, artificial-intelligence, machine-learning, ml, deep-learning,

supervised-learning, unsupervised-learning, reinforcement-learning, and transfer-learning.

e Model and architecture tags: neural-networks, rnn, recurrent-neural-network, lstm, long-short-term-

memory, cnn, transformer, bert, gpt, gan, and generative-adversarial-network.

o Natural-language, text, and speech tags: natural-language-processing, nlp, text-classification, question-
answering, tokenization, sentiment-analysis, text-generation, speech-recognition, voice-processing,

and chatbot.
o Computer-vision tags: computer-vision, image-processing, object-detection, and image-recognition.
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o Al tool and application tags: tensorflow, pytorch, keras, scikit-learn, xgboost, lightgbm, openai-api,
huggingface, data-preprocessing, feature-selection, dimensionality-reduction, robotics, recommendation-

engine, anomaly-detection, autonomous-vehicles, and predictive-modeling.

Stack Overflow posts. I use Stack Overflow tags in two ways. Language tags assign each post to one or
more programming languages. Al tags identify whether the post discusses Al. A post belongs to language
[ in year t if it was posted in year ¢t and contains a tag mapped to language [. I classify that post as

Al-related if it also contains at least one of the Al tags listed above.

Mailing-list posts. Mailing-list posts do not have community-created tags, so I apply the same Al
dictionary as a keyword list. For each programming-language mailing list, I count thread-starting posts
whose subject line contains one of the Al keywords. I focus on thread starts to measure new discussions
rather than replies within the same discussion. I then aggregate these counts to the programming-language-

by-year level and combine them with the Stack Overflow counts.

C.4 Software Registration Value

Calculating software valuation from stock-market responses. 1 estimate the value of software
registrations from stock-market responses, following Kogan et al| (2017). The idea is that when a software
registration becomes public, investors update their expectations about the firm’s future profits, and this
update is reflected in the firm’s stock-market value. A larger stock-market response therefore implies that
the software is expected to generate greater private value for the firm. This value can reflect both the
software’s direct effect on productivity or revenue and the extent to which it is adopted by other firms. To
construct this stock market valuation of software, I match NIIP software registrations to publicly traded
firms using tax identifiers and securities identifiers. I then merge these registrations with daily stock prices
and the market index. For each software registration, I identify the date its registration was announced by
the NIIP and the date that the software was filed. Then, I compute the firm’s abnormal return between
these two dates. I convert this return into a monetary value using the firm’s market capitalization. I express
the resulting values in real 1982 U.S. dollars using current exchange rates and the CPI index. Unlike Kogan
et al| (2017), I do not adjust the event response for the ex ante probability that a registration occurs, so
the measure treats each software publication as a surprise to the market. This assumption affects the level
of the estimated values but not their ranking across software registrations. Therefore, since the exposure
measure is normalized, this assumption has no effect on the results. All equations follow the stock-market
valuation framework in Kogan et al, (2017). Figure plots the distribution of software registration

values. I calculate the valuation for 546 software registrations.
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Extrapolating software values. [ extrapolate software values to registrations owned by firms outside
the stock market using smoothed group-mean extrapolation. This procedure uses the subset of software
with stock-market-implied values to predict the value of other software with similar observable character-
istics. The intuition is that if software in a given application domain, technical class, or programming-
language group tends to be more valuable among publicly traded firms, then software with the same
characteristics is assigned a higher predicted value. Because many characteristics appear only a few times
in the valued sample, I shrink each characteristic-specific mean toward a broader group mean. This pre-

vents small cells from receiving extreme predicted values based on only a few observations.

Let C, denote the set of characteristics listed by software s, including its application domains, technical
classes, and programming-language groups. For each characteristic ¢ € Cs, let p(c) denote its broader
group. For example, an exact technical class is mapped to its broader technical-class prefix. I estimate the

predicted log value associated with characteristic ¢ as

Ne _ K .
Ac: e o) 22
Y nc+r<cv+nc+mvp() (22)

Here, n. is the number of valued software registrations with characteristic ¢, v, is their average log value,
Up(c) is the predicted log value of the broader group, and s controls the amount of shrinkage. When
many valued registrations have characteristic ¢, the prediction puts more weight on v.. When few valued
registrations have characteristic ¢, the prediction puts more weight on the broader group mean. I use

k = 10.

Because each software registration can list multiple application domains, technical classes, and pro-
gramming languages, I calculate a prediction for every listed characteristic and then average them. The

predicted log value of software s is

Vg = — Ve, (23)

where N, is the number of characteristics listed for software s. I then convert this predicted log value into a
level value using the empirical distribution of observed software values. Figure plots the distribution

of estimated software valuations.
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Figure A11: Observed and Extrapolated Software Valuations
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Notes: This figure compares the distribution of observed and extrapolated software valuations. Panel A plots stock-market-implied values for

software registrations matched to publicly traded firms. Panel B plots extrapolated values for software registrations without observed stock-market
valuations, constructed using the smoothed group-mean extrapolation procedure described in Appendix .

C.5 Instrument Validation

Table A4: Instrument and Exposure to Other Technologies

) 2) (3)

Ezxposure to FExposure to FExposure to

Patents Industrial Technology
Design Transfer
Al Ease-of-Dev IV 0.0000872 0.0000324 0.00117
(0.000106) (0.000190) (0.000970)
N 41,136 38,565 41,136

Notes: This table reports estimates from regressions of exposure to other technologies on
the Al ease-of-development instrument defined in Equation (E) The dependent variables are
occupation-year exposure to patents, industrial designs, and technology transfer, constructed

from their titles using the same text-similarity approach as the AI exposure measure. The
sample covers 2003-2018. Data come from () Standard errors, clustered at the
occupation level, appear in parentheses. *p < 0.10,** p < 0.05,*** p < 0.01.

Table A5: Instrument and Equipment/Tool Import and Export Prices

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

Log Avg. Log Log Log Log
Import Capital High-Tech Capital High-Tech
Prices Import Import Ezxport Ezxport
Prices Prices Prices Prices
Al Ease-of-Dev IV~ —0.0000313  0.000155 0.000110 0.000182 0.000325*
(0.0000436) (0.000126) (0.0000845) (0.000190) (0.000186)
N 51,420 51,420 51,420 51,420 51,420

Notes: This table reports estimates from regressions of occupation-level equipment price measures on the
Al ease-of-development instrument defined in Equation ?g) To construct prices at the occupation level, 1
calculate the text similarity between occupational tasks and NCM (Nomenclatura Comum do Mercosul)
product descriptions. For each occupation, I keep only products with positive text similarity and average
prices using the text similarity as weights. Trade data come from official sources. The sample covers
2003—2023. Columns 1-3 use import prices. Columns 4-5 use export prices. Controls include the lagged
dependent variable, exposure to non-Al software, exposure to U.S. Al patents, occupation fixed effects, year
fixed effects, and one-digit-occupation-by-year fixed effects. Standard errors, clustered at the occupation
level, appear in parentheses. *p < 0.10,** p < 0.05,*** p < 0.01.
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Table A6: Instrument and Trade Shocks
(1) (2) (3) (4)

Log Import Log Input Log Imports Log Export

Prices on Import on Same Prices on
Same Sector Prices Sector Same Sector
Al Fase-of-Dev IV 0.0179 0.00239 —0.000116 —0.00819
(0.0126) (0.00253) (0.0107) (0.0124)
N 42,199 45,273 42,205 42,188

Notes: This table reports estimates from regressions of occupatjon-level trade exposure measures
on the AI ease-of-development instrument defined in Equation (f). The trade-shock measures are
constructed from official trade statistics at the product-level mapping products to sectors, then ag-
gregated to occupations using sectoral employment shares. The sample covers 2003-2022. Column
1 uses import prices for goods produced by sectors associated with the occupation. Column 2 uses
import prices for input goods. Column 3 uses imports of goods produced by sectors associated with
the occupation. Column 4 uses export prices for produced goods. Controls include the lagged de-
pendent variable, exposure to non-Al software, exposure to U.S. Al patents, occupation fixed effects,
year fixed effects, and one-digit-occupation-by-year fixed effects. Standard errors, clustered at the
occupation level, appear in parentheses. *p < 0.10,** p < 0.05,*** p < 0.01.

Table A7: Instrument and Lagged Labor-Market Outcomes
1) 2) 3) 4) (5)

Log Em- Log Avg. Log N. Log N. Log Wage  Log Age
ployment Years of HS HS or t-2 t-2
t-2 Educ. t-2  Dropouts More t-2
t-2

Al Ease-of-Dev IV —0.000276 —0.000375 —0.000278 0.000250 0.00179  —0.000580
(0.00277 (0.000332) (0.00361) (0.00387) (0.00154) (0.000463)

N 47,802 47,802 38,995 45,385 47,802 47,802

Notes: This table reports estimates from regressions of lagged labor-market outcomes on the Al ease-of-development

instrument defined in Equation (f§). The dependent variables come from the RAIS occupation-year panel and are
measured two years before the current observation. The regression sample covers 2005-2024. Columns 1-6 report
lagged log employment, log average years of education, log employment of high-school dropouts, log employment of
workers with high school or more, log average monthly earnings, and log age. Controls include the lagged dependent
variable, exposure to non-Al software, exposure to U.S. Al patents, occupation fixed effects, year fixed effects, and
one-digit-occupation-by-year fixed effects. Standard errors, clustered at the occupation level, appear in parentheses.
*p < 0.10,"* p < 0.05,*** p < 0.01.

Table A8: Instrument and Labor-Inspection Outcomes

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

Labor Informality — Safety/Health Hours/Rest Wage
Infraction Infraction Infraction Infraction Payment
Infraction
Al Ease-of-Dev IV 0.00155 0.00123 0.000219 0.00191 0.00117
(0.00195) (0.00133) (0.00165) (0.00172) (0.00160)
N 23,797 23,797 23,797 23,797 23,797

Notes: This table reports estimates from regressions of labor-inspection outcomes on the Al ease-of-development
instrument defined in Equation (E) The dependent variables are the share of occupations in firms found with labor
infractions, infractions related to informality, safety and health, hours and rest, and wage payment, constructed
from Brazilian labor-inspection records. The sample covers 2004-2016. Controls include the lagged dependent
variable, exposure to non-Al software, exposure to U.S. Al patents, occupation fixed effects, year fixed effects, and
one-digit-occupation-by-year fixed effects. Standard errors, clustered at the occupation level, appear in parentheses.
*p < 0.10,"* p < 0.05,*** p < 0.01.
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C.6 Placebo Tests

(1) (2) (3) (4) (5)
Al Al Al Al Al
FExposure FExposure FExposure FExposure FExposure

Al Ease-of-Dev IV 0.866™" 0.886™"" 1.125" 0.889* 1.134*

(0.0239) (0.0274) (0.202) (0.0405) (0.198)
Japanese Stack —0.0323 —0.0304
Overflow IV
(0.0232) (0.0232)
Russian Stack —0.262 —0.251
Overflow IV
(0.200) (0.198)
Principal —0.0269
Component
(0.0421)
N 18,032 18,032 18,032 18,032 18,032
R? 0.589 0.589 0.590 0.589 0.590

Notes: This table reports first-stage estimates of the relationship between the Al ease-of-development

instrument and Al exposure. The dependent variable is Al exposure from Brazilian software registra-
tions from NIIP, defined in Equation (ff). The AI ease-of-development instrument combines mailing-
list and Stack Overflow AI knowledge by programming language. The other-language instruments are
built from local-language Stack Overflow sites using local-language tags. The sample covers 2016—
2022. Column 1 includes no other-language instrument controls. Columns 2 and 3 add the Japan and
Russia instruments one at a time. Column 4 adds the first principal component of language-specific
instruments. Column 5 includes the Japan and Russia instruments jointly. Each instrument is con-
structed following Equation (g) All columns include occupation fixed effects, year fixed effects, and
one-digit-occupation-by-year fixed effects. Standard errors, clustered at the occupation level, appear
in parentheses. *p < 0.10,** p < 0.05,*** p < 0.01.

Table A10: Pre-Boom Placebo Estimates

Table A9: First Stage Using Stack Overflow Posts in Other Languages

1) (2) 3 (4) (5)
log(Employment)  log(Years of log(Age) log(Ezperience) log(Wage)
Education)
Panel A: 2003-2010
Al Exposure —0.169 —0.0160 0.000296 0.159 —0.0195
(0.209) (0.0175) (0.0203) (0.0990) (0.0835)
N 17,079 17,079 17,079 17,079 17,079
Panel B: Pre-2003
Al Exposure —0.325 —0.000800 0.0636" 0.165 —0.0912
(0.254) (0.0437) (0.0384) (0.222) (0.187)
N 9,576 9,576 9,576 9,576 9,576

Notes: This table reports 2SLS estimates of tge effect of AI exposure on RAIS labor-market outcomes, using th

development instrument defined in Equation (

). Al exposure is constructed from Brazilian software registration

e Al ease-of-
s from NIIP.

Panel A uses the 2003-2010 sample. Panel B uses the pre-2003 sample, 1995-2002. Controls include the lagged dependent
variable, exposure to non-Al software, exposure to U.S. Al patents, occupation fixed effects, year fixed effects, and one-digit-
occupation-by-year fixed effects. Standard errors, clustered at the occupation level, appear in parentheses. *p < 0.10,** p <
0.05,"** p < 0.01.
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Table A11: First Stage with U.S. Labor-Market Controls
) ®) 3) (4) ()

Al Al Al Al Al

FExposure FExposure FExposure FExposure FExposure

Al FEase-of-Dev 1V 0.379*** 0.379** 0.379* 0.379** 0.379**
(0.0170) (0.0170) (0.0169) (0.0170) (0.0169)

Log U.S. Employment, , 0.0100 0.00427
(0.0116) (0.0114)

Log U.S. Wage, , 0.0699* 0.0648"*
(0.0328) (0.0320)

Log U.S. Education, , 0.0625 0.0173
’ (0.0644) (0.0576)
N 56,568 56,568 56,568 56,568 56,568
R? 0.597 0.597 0.597 0.597 0.597
F 898.3 681.1 677.0 686.3 459.6

Notes: This table reports first-stage estimates of the relationship between the Al ease-of-development instrument

and Al exposuyre. The dependent variable is Al exposure from Brazilian software registrations from NIIP, defined
in Equation (f). The AI ease-of-development instrument combines Gmane mailing-list and Stack Overflow AI
knowledge by programming language. U.S. labor-market controls come from the Current Population Survey
and are mapped to Brazilian occupations. The sample covers 2003-2024. Column 1 reports the baseline first
stage. Columns 2—4 add U.S. employment, wage, and education controls one at a time. Column 5 includes all
three U.S. labor-market controls jointly. All columns control for exposure to non-Al software, exposure to U.S.
Al patents, occupation fixed effects, year fixed effects, and one-digit-occupation-by-year fixed effects. Standard
errors, clustered at the occupation level, appear in parentheses. *p < 0.10,** p < 0.05,*** p < 0.01.

Figure A12: Effect of AT on Employment by Sample Cutoff Year
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Notes: This figure reports 2SLS estimates of the effect of Al on log employment using samples that begin in 2003 and end in the year shown
on the x-axis. Each point is the coefficient on Al exposure, instrumented with the Al ease-of-development instrument defined in Equation (E,)
Controls include lagged log employment, exposure to non-Al software, exposure to U.S. Al patents, occupation fixed effects, year fixed effects, and
one-digit-occupation-by-year fixed effects. Standard errors are clustered at the occupation level. Vertical bars report 95% confidence intervals.
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C.7 Mincer Regression to Identify Abilities

To estimate individual ability, I run a Mincer regression using the version of RAIS with individual and
firm identifiers. The dataset runs from 2003 to 2016, capturing only the initial years of the Al boom. The

specification is given by
log(Wages; ;) = p; + Xiy + €54

where Wages;; is monthly wages and y; is a worker fixed effect. X, is a set of controls including a 6-digit
occupation fixed effect, an education-year fixed effect, an age fixed effect, a gender fixed effect, a 4-digit

sector-year fixed effect, and a city-year fixed effect.

To calculate the average ability in occupation o in year ¢, used in Table @, I average the fixed effect p;
for workers in occupation o in year t. The wage residual in occupation o and year t is given by the average

of ¢, for workers in that occupation in that year.

C.8 Task Group Construction

I construct task groups from the CBO 2002 task descriptions using the BERTopic pipeline (Grooten-
dorst| 2022). The starting point is the universe of 49,660 task descriptions. First, I represent each task as a
sentence embedding using paraphrase-multilingual-MiniLM-L12-v2, a multilingual Sentence-BERT model
(Reimers and Gurevych 2019). Sentence embeddings map each task into a vector space in which tasks
with similar meanings are close to one another, even if they use different words. Second, I reduce these
high-dimensional embeddings to five dimensions using UMAP, a nonlinear dimension-reduction method
designed to preserve local neighborhoods in the data (McInnes et al| 2018). This step makes the clustering
problem tractable while keeping nearby tasks close together. Third, I cluster the reduced embeddings
using HDBSCAN, a density-based clustering algorithm (Campello et al, 2013, 2015). Unlike k-means,
HDBSCAN does not require me to choose the number of clusters in advance and does not force every task
into a group. Instead, it forms a group only when there is a sufficiently dense set of similar tasks; tasks in

sparse regions are labeled as unassigned.

In the baseline classification, I require each HDBSCAN cluster to contain at least 30 tasks. This
procedure yields 700 task groups and leaves 8,019 highly idiosyncratic tasks unassigned rather than forcing
them into weakly related groups. I then name each task group using BERTopic’s class-based TF-IDF
procedure, or ¢-TF-IDF (Grootendorst] 2022), which builds on the standard TF-IDF logic of giving high
weight to words that are common in one document but rare in the broader corpus (Salton and Buckley
1988). In this setting, each task group is treated as a document. A word receives a high score if it appears

frequently in that group but rarely in other groups. The resulting names are descriptive labels used to
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interpret the groups; they are not regression inputs. Finally, I map the task groups back to occupations
and construct two occupation-level variables for each group: an indicator equal to one if the occupation

contains at least one task in the group, and the share of the occupation’s tasks that belong to the group.

C.9 Construction of the Information Use Measure

I construct an occupation-level measure of information use from the CBO task descriptions. The goal
is to distinguish tasks in which workers use information to guide actions or decisions from tasks in which
workers mainly process, record, classify, or organize information. The classification follows the same logic
as the text-similarity approach in de Souza and Li (2023): I define reference texts for two conceptual
categories, represent both tasks and reference texts in a common semantic space, and classify each task

according to which reference category it is closer to.

First, I collect a set of benchmark activities describing tasks intensive in data use or intensive in data
processing. The information-use benchmark uses the Wikipedia pages Instrumentacgao industrial, Controle
estatistico de processos, Metrologia, Controle de qualidade, Telemetria, Manutencao preditiva, Agricultura
de precisdo, Monitoramento ambiental, Sensoriamento remoto, Sistema de posicionamento global, and
Inteligéncia empresarial. The information-processing benchmark uses the Wikipedia pages Tratamento
de dados, Processamento eletronico de dados, Gerenciamento eletronico de documentos, Banco de dados,
Sistema de gerenciamento de banco de dados, Arquivistica, Arquivo, Documento, Sistema de ficheiros, and

Gestao de contetdo empresarial.

I convert both the CBO task descriptions and the Wikipedia benchmark texts into sentence embeddings
using the multilingual Sentence-BERT model (Reimers and Gurevych 2019, 2020). A sentence embedding
maps each text into a numerical vector, with texts that have similar meanings located closer to one another.
For each Wikipedia page, I split the page into text chunks, compute embeddings for the chunks, and average
them to form one vector for the page. I then average the page vectors within each benchmark set to obtain

two centroids: one for information use and one for information processing.

For each CBO task 7, I compute two cosine similarities: one between the task embedding and the
information-use centroid, and one between the task embedding and the information-processing centroid. I

define the task-level score as

Score, = Sim(7,Use) — Sim(T, Processing).

A task is classified as information use if Score, > 0, and as information processing otherwise.

I aggregate the task classifications to the occupation level. Let N, be the number of distinct tasks in
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occupation o. The information use intensity of occupation o is

1
Information Use Intensity, = N Z 1{Score, > 0}.

% reo

C.10 Other Results

Table A12: AT Programming Posts and Al Software Development

(1) (2) 3) (4)
log(N. log(N. log(N. log(N.
Software + 1) Software + 1)  Software + 1)  Software + 1)

log(N. AI Posts + 0.289~ 0.0829 0.289~ 0.0667
1
/ (0.00482) (0.00682) (0.00483) (0.00698)
N 10,115 10,115 10,115 10,115
R? 0.263 0.742 0.268 0.750
F 3,611.4 147.5 3,681.6 91.42
Fixed Effects:
Language - v - v
Year - - v v

Notes: This table reports language-year regressions relating Al software development to Al programming posts.
The dependent variable is the log number of Al software registrations plus one by programming language and
year. The regressor is the log number of Al-related mailing-list and Stack Overflow posts plus one. The sample
covers 2008-2024. Standard errors appear in parentheses. *p < 0.10,** p < 0.05,*** p < 0.01.

Table A13: AI Programming Posts and Al Software Development by Application Domain

(1) (2) (3) (4)
log(N. log(N. log(N. log(N.
Software + 1)  Software + 1)  Software + 1)  Software + 1)

log(N. AI Posts + 1) X

AI Software Share 1.001*** 1.295 1.046* 1.650"**
(0.00681) (0.0165) (0.0150) (0.0226)
N 191,709 191,709 191,709 191,709
R? 0.101 0.273 0.424 0.518
F 21,608.6 6,153.6 4,875.5 5,345.1
Fixed Effects:
Language - v v -
Field - v v -
Year - - v v
Language-Field - - - v

Notes: This table reports estimates of the relationship between Stack Overflow exposure and Al software de-
velopment at the language-domain-year level. The dependent variable is log number of Al software registrations
plus one. The Stack Overflow exposure variable is the log number of Al Stack Overflow posts for a programming
language interacted with the language’s Al software share within an application domain. Standard errors appear
in parentheses. *p < 0.10,** p < 0.05,*** p < 0.01.
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Table A14: AI Packages and AI Programming Posts

(1) (2) 3) (4)

log(N. Al log(N. AT log(N. AI log(N. AI

Posts + 1) Posts + 1) Posts + 1) Posts + 1)
log(N. AI Packages 0.219** 0.0799*** 0.216**" 0.0444*
+1)

(0.00546) (0.00807) (0.00545) (0.00799)

N 10,115 10,115 10,115 10,115
R? 0.137 0.817 0.146 0.828
F 1,607.8 98.17 1,571.4 30.96
Fixed Effects:
Language - v - v
Year - - v v

Notes: This table reports estimates of the relationship between Al packages and Al programming posts at the

language-year level. The dependent variable is the log number of Al-related mailing-list and Stack Overflow
posts plus one. The main regressor is the log number of Al packages in each programming language plus one.
Package counts are constructed from the Ecosyste.ms Packages open-data dump, 2026-02-05 release, which
aggregates package, version, dependency, and metadata information from major open-source package registries
such as PyPI, npm, Maven, CRAN, RubyGems, NuGet, Packagist, Go proxy, and related ecosystems. I classify
packages as Al-related using package names, descriptions, keywords, repository metadata, and dependency
names. Standard errors appear in parentheses. *p < 0.10,** p < 0.05,** p < 0.01.

Table A15: AI Increases Hiring and Firing
(1) (2) (3) (4)

log(Hiring log(Firing log(Hiring) log(Firing)
Rate) Rate)
Al Ezposure 0.0561*** 0.0341~ 0.0754™ 0.0652™*
(0.0184) (0.0187) (0.0167) (0.0174)
N 47274 46,973 49.864 49,463

Notes: This table reports 2SLS estimates of the effect of Al on hiring and firing, following the gpecification
in Equation (ff). Each column uses the AI ease-of-development instrument defined in Equation (E) Columns
1 and 2 use the log hiring and firing rates, defined as hires and firings divided by lagged employment.
Columns 3 and 4 use the log number of hires and firings. Controls include occupation fixed effects, year
fixed effects, one-digit-occupation-by-year fixed effects, the lagged outcome, non-Al software exposure, and
exposure to U.S. Al patents. Standard errors, clustered at the occupation level, appear in parentheses.
*p < 0.10,** p < 0.05,*** p < 0.01.

Table A16: Effects of Generative and Predictive AI on Worker Outcomes

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

log(Employment) log(Age) log(Yrs. log(Ezperience) log(Wage)
Education)
Gen. Al Ezxposure —0.0161* 0.00216*** 0.000905 0.0113* 0.00305
(0.00782) (0.000829) (0.000863) (0.00426) (0.00298)
Pred. AI Exposure 0.0348 —0.00465 —0.00319 —0.0320" —0.00539
(0.0239) (0.00334) (0.00285) (0.0175) (0.0109)
N 50,190 50,190 50,190 50,190 50,190

Notes: This table reports 2SLS estimates of the effects of generative and predictive Al exposure on worker outcomes.
Column 1 reports log employment; Column 2 log average age; Column 3 log average years of education; Column 4
log average experience; and Column 5 log average wage. The two Al exposure measures are instrumented with the
corresponding ease-of-development instruments for generative and predictive Al software. Controls include occupation
fixed effects, year fixed effects, one-digit-occupation-by-year fixed effects, exposure to U.S. Al patents, exposure to non-
Al software, the non-Al component of the ease-of-development instrument, and the lagged outcome variable. Standard
errors, clustered at the occupation level, appear in parentheses. *p < 0.10,** p < 0.05,*** p < 0.01.
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Table A17: Robustness: Al Increases Employment of Low-Skilled Workers

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

log(Employment) log(Age) log(Yrs. log(Tenure) log(Wage) log(P90/P10
Education) Wage)
Panel A: Control for U.S. Labor Market Outcomes
Al Exposure 0.0217** —0.00316™* —0.00215* —0.0130* 0.00158 —0.0174*
(0.00707) (0.00105) (0.000851) (0.00571) (0.00336) (0.00851)

Panel B: Occupation-Industry Level

Al Exposure 0.0371 —0.00219** —0.00424* —0.00222 —0.00479** 0.00619**
(0.00261) (0.000492) (0.000441) (0.00231) (0.00124) (0.00228)

Panel C: Additional Outcome Lags

Al Exposure 0.0189** —0.00241** —0.00202*** —0.0100" 0.00139 —0.0118
(0.00668) (0.000916) (0.000745) (0.00526) (0.00304) (0.00734)

Panel D: No Controls

Al Ezposure 0.0448~ —0.00390"~ —0.00240"~ —0.0241 —0.00855" —0.0310"
(0.00983) (0.000978) (0.000704) (0.00468) (0.00325) (0.00460)

Notes: This table reports robustness checks of the effect of AI exposure on labor-market outcomes. Each coefficient comes from a
separate 2SLS regression using the Al ease-of-development instrument. Column 1 reports log employment; Column 2 log average age;
Column 3 log average years of education; Column 4 log average tenure; Column 5 log average wage; and Column 6 the log p90-to-p10
wage ratio. Panel A controls for the U.S. version of each outcome; because the source output does not report tenure, Column 4 uses
the baseline tenure estimate. Panel B estimates the model at the occupation-industry level and combines the occupation-industry
outcome table with the corresponding p90-to-pl0 wage-ratio table. Panel C includes an additional lag of the dependent variable.
Panel D excludes the lagged dependent variable, exposure to non-Al software, and exposure to U.S. Al patents. Unless otherwise
noted, controls include occupation fixed effects, year fixed effects, one-digit-occupation-by-year fixed effects, exposure to U.S. Al
patents, exposure to non-Al software, and the lagged outcome variable. Standard errors, clustered at the occupation level, appear in
parentheses. *p < 0.10, **p < 0.05, ***p < 0.01.

Table A18: Alternative Al Software Exposure Measures

(1) (2) 3) (4) () (6)
log(Employment) log(Age) log(Yrs. log(Tenure) log(Wage) log(P90/P10
Education) Wage)

Panel A: Unweighted AI Exposure

Al Ezposure 0.0208™~ —0.00344"~ —0.00188" —0.0140™ 0.00139 —0.0192"
(0.00690) (0.00103) (0.000853) (0.00561) (0.00335) (0.00842)

Panel B: Breakthrough AI Exposure

Al Exposure 0.0174 —0.00254*~ —0.00161** —0.0110" —0.00125 —0.0155"
(0.00543) (0.000812) (0.000677) (0.00426) (0.00248) (0.00654)
Notes: This table reports 2SLS estimates of the effect of Al exposure on labor-market outcomes using alternative measures of Al
software exposure. Each coefficient comes from a separate regression using the corresponding Al ease-of-development instrument.
Column 1 reports log employment; Column 2 log average age; Column 3 log average years of education; Column 4 log average tenure;
Column 5 log average wage; and Column 6 the log p90-to-pl0 wage ratio. Panel A uses an exposure measure with equal weights
to each software, i.e.,_wns = 1 in Equation (é) Panel B follows Kelly et al! (2021) and weights Al software registrations by their
importance. Section describes the construction of this measure in detail. Controls include occupation fixed effects, year fixed
effects, one-digit-occupation-by-year fixed effects, exposure to U.S. Al patents, exposure to non-Al software, and the lagged outcome
variable. Standard errors, clustered at the occupation level, appear in parentheses. *p < 0.10, **p < 0.05, ***p < 0.01.
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Table A19: Main Results Under Alternative Instruments

(1) (2) (3) (4) (5) (6)
log(Employment) log(Age) log(Yrs. log(Tenure) log(Wage) log(P90/P10
Education) Wage)
Panel 1: Bartik Instrument
Al Exposure 0.00842* —0.00178*** —0.00248*** —0.00925*** —0.00320 —0.00421
(0.00432) (0.000610) (0.000490) (0.00344) (0.00196) (0.00442)

Panel 2: Number of Packages

AI Exposure 0.0199 —0.00480""~ —0.00299"~ —0.0160™ 0.00357 —0.0175"
(0.00822) (0.00135) (0.000969) (0.00717) (0.00420) (0.0102)

Panel 3: Stack Overflow

Al Ezposure 0.0203~ —0.00287~ —0.00227~ —0.0127 0.000898 —0.0127"
(0.00672) (0.000996) (0.000794) (0.00542) (0.00315) (0.00773)

Notes: This table reports 2SLS estimates of the effect of Al exposure on labor-market outcomes using alternative instruments. Each

coefficient comes from a separate regression. Column 1 reports log employment; Column 2 log average age; Column 3 log average
years of education; Column 4 log average tenure; Column 5 log average wage; and Column 6 the log p90-to-pl0 wage ratio. Panel
1 instruments Al exposure with the Bartik instrument. Panel 2 instruments Al exposure with the number of packages. Panel 3
instruments AI exposure with Stack Overflow posts. Controls include occupation fixed effects, one-digit-occupation-by-year fixed
effects, exposure to U.S. Al patents, exposure to non-Al software, and the lagged outcome variable. Standard errors, clustered at the
occupation level, appear in parentheses. *p < 0.10, **p < 0.05, ***p < 0.01.

C.11 Software Importance

Following Kelly et al| (2021)), I construct a measure of Al software exposure that gives more weight to
software registrations that are more important for later Al development. The measure follows the logic
of the patent breakthrough measure in Kelly et al] (2021): important innovations are those that differ
from prior work but are close to later work. I adapt this idea to software by comparing each Al software

registration to earlier and later Al software registrations using text similarity.

For each Al software registration, I construct a description by concatenating the software title, technical-
class description, and application-domain description. I then apply the same text-similarity procedure used
to construct the baseline Al exposure measure and calculate the cosine similarity between each pair of Al

software registrations.

Let s denote an Al software registration published in year ¢, and let p,; denote the cosine similarity
between software s and another Al software registration j. I define backward similarity, B, and forward

similarity, Fj, as

Bs - Z max{ps,j’ 0}7 (24)

Jrmax(tmin,t—5)<t;<t—1
F, = Z max{p; ;,0}. (25)

J:t+1<t; <min(tmax,t+20)

The software importance measure is the ratio of forward to backward similarity:

F
Software Importance, = B (26)
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The measure is high when a software registration is relatively different from prior Al software but close to
future AI software. It therefore captures the idea of a breakthrough software registration: a program that
departs from the existing stock of Al software and is followed by similar later registrations. To calculate
the measure for all software in the data, I use the years available in the sample rather than requiring the

full five-year backward and twenty-year forward windows.
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