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Abstract

Technological change can transform economies, generating both opportunities and
disruptions that carry important political and policy consequences. Yet little is known
about how people respond politically to new technologies at an early stage, when
their eventual impacts remain uncertain. We study this question in the context of
generative artificial intelligence (GenAl) through randomized online experiments in
five Latin American countries with a total of 12,000 participants. Participants are
asked to perform a series of office-related tasks with or without access to a GenAl-
powered assistant and then complete a survey on their beliefs about GenAl’s potential
influence and their preferences across a range of policy areas. To identify how
these policy preferences are shaped by the beliefs individuals form, we implement
an additional information treatment that experimentally manipulates perceptions of
GenAl'’s potential impacts. Overall, the project seeks to shed light on how people
respond to novel technologies whose effects are uncertain and for which they have no
prior experience—particularly in developing countries that may be more vulnerable
to such disruptions.
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1 Introduction

Recent developments in Generative Al (GenAl) have sparked widespread discussion
about its potential to transform the economy and society. Existing studies have provided
early evidence on how GenAl may influence productivity and reshape job opportunities
across a broad set of tasks, occupations, and worker groups (Acemoglu, 2024; Felten,
Raj and Seamans, 2021). These possibilities carry important implications for policy, yet
we know little about what kind of policy citizens are likely to demand in response.
This matters because the appropriate policy response depends not only on what may
be economically optimal given the technology’s actual impact — which itself remains
uncertain — but also on how individuals perceive that impact and the demands they
express.! More broadly, this raises the question of how people respond when confronted
with novel technological shocks whose consequences are unknown and for which they
have no prior experience.?

In this study, we examine how exposure to GenAl shapes individuals” perceptions
of its capabilities — both with respect to potential productivity effects and possible
implications for labor market outcomes — and how these perceptions translate into
the policies they demand in response. We focus specifically on five Latin American
countries — Argentina, Brazil, Chile, Colombia, and Mexico. As in many other regions,
these countries are largely passive recipients rather than active developers of frontier Al
technologies, and they often lack the institutional resources and state capacity needed to
cushion the shocks that such technologies may generate.’> Examining how GenAl shapes
political preferences in this context is therefore particularly relevant, yet systematic
evidence on its effects in such settings remains scarce.

We conduct large-scale online experiments with 12,000 participants. In the main
experiment, we randomize exposure to GenAl tools through simulated office tasks and

'Demands may diverge from the economically optimal policy because individuals may not fully
recognize the potential impact of the technology, or, even if they do, they may attribute labor market
outcomes to other forces such as trade or immigration (Card, 2009; Rodrik, 2021; Wu, 2022).

2This is a fundamental issue because early reactions can shape policy responses that, in turn, influence
technological trajectories. Yet such moments are rarely studied, largely because suitable settings are difficult
to find: most evidence on the link between technology and politics comes from retrospective studies of
shocks whose outcomes were already realized, and systematic data on how citizens respond under genuine
uncertainty are seldom available (e.g. Caprettini and Voth, 2020; Molinder, Karlsson and Enflo, 2021).

3There are multiple reasons why Latin America is unprepared to deal with the effects of Al, including
weak institutions (Acemoglu and Robinson, 2012), fragmented labor markets (Heckman and Pagés, 2000;
Gong, Van Soest and Villagomez, 2004), ideological polarization (Campello and Urdinez, 2021), and limited
redistributive capacity (Holland, 2018). Less than one-third (28%) of Latin Americans believe their countries
are prepared to deal with Al (IPSOS, 2024), and governments in the region continue to lag behind other
parts of the world in Al readiness (Nettel et al., 2024).



then measure subsequent changes in respondents’ perceptions and policy preferences.*
All participants are asked to complete a set of office-related tasks, including text
comprehension, numerical calculation, and business writing. In the treatment group,
individuals are given access to an Al assistant powered by the most advanced large
language model (LLM) available at the time of the experiment. In the control group,
by contrast, individuals receive tutorial-style hints on how to perform the tasks, along
with access to standard tools such as a calculator. To ensure comparability, both groups
interact with their resources through an identical chatbox interface embedded in the task
page — the only distinction being whether the assistance is AI-powered or not.

We use a follow-up online survey to measure participants’ beliefs about GenAl’s
influence — both its potential productivity benefits and the risks it poses for job
displacement — as well as the policies they demand in response. We elicit preferences
over four broad bundles of policies: (i) those aimed at promoting or restricting the
development and adoption of Al technologies; (ii) those that help workers adapt to
the Al era, such as on-the-job training; (iii) those that mitigate Al-related risks through
redistribution, such as universal basic income (UBI); and (iv) those that address other
sources of labor market disruption, including trade and immigration. We elicit revealed
preferences over these policies through incentivized, real-stakes questions following
Stantcheva (2023) and Haaland, Roth and Wohlfart (2023). We will also conduct an
additional survey seven days after the original intervention to assess whether the
treatment produces effects beyond those that are immediately recorded.

In addition to estimating the average treatment effects of GenAl exposure on percep-
tions and policy preferences, we examine heterogeneity in these effects by considering
the extent to which individuals’ job tasks are likely to be affected by Al, as estimated in
prior work (Felten, Raj and Seamans, 2019, 2021). We are especially interested in whether
individuals in more exposed occupations will be more likely to perceive both the risks and
benefits of the technology, and thus will exhibit larger shifts in their policy preferences.

To more precisely identify how perceptions of GenAl shape policy preferences, we
conduct an additional experiment that manipulates these perceptions after participants
randomly interact with Al Specifically, participants are provided with information
emphasizing either the potential productivity benefits of GenAl or the risks of job

“Baseline exposure to Al remains considerably lower in the countries we study than in advanced
economies. However, we recognize that many participants are likely to have already encountered Al
through features embedded in products or through news and public discussions. Our experiment is
not designed to provide first-time exposure to GenAl, but rather to create randomized variation in the
nature and extent of exposure. To this end, we carefully design tasks that are more complex and engaging
than typical daily interactions with Al Given lower baseline exposure and the relative complexity of our
tasks, we expect that our treatment will generate meaningful variation in participants” interaction with and
understanding of Al capabilities.



displacement.® This treatment is implemented among a sub-sample of 6,000 participants
after they complete the set of tasks with or without Al assistance, and is designed to alter
the salience of the two perceptions that we hypothesize are formed through interaction
with AL. We hypothesize that individuals primed with information about productivity
gains will be more likely to support policies that promote Al adoption and help workers
adapt, while those primed with information about displacement risks will be more
likely to support restricting Al development and redistributive policies. This additional
experiment allows us to identify how the specific beliefs about Al that individuals form
shape their policy preferences following Al interaction.®

This paper contributes to several key research strands by examining the impact of
GenAl on the attitudes and policy preferences of individuals. Our research offers a
unique perspective on how individuals arrive at policy preferences as they interact with
this emergent, revolutionary technology. First, we contribute to the growing literature
on the labor market impacts of GenAl. Scholars are beginning to explore the economic
implications of this technology, viewing it as a new wave of automation that can both
complement and substitute for labor (Acemoglu, Ozdaglar and Siderius, 2024). Early
evidence suggests that GenAl may affect occupations requiring higher cognitive skills
that were previously thought to be less vulnerable to automation (Felten, Raj and
Seamans, 2019, 2021; Tomlinson et al., 2025). This may exacerbate workplace inequality
and contribute to job polarization (Hui, Reshef and Zhou, 2024; Karunakaran et al.,
2025). However, other studies highlight its potential to generate significant productivity
gains, particularly for lower-skilled workers (Noy and Zhang, 2023; Brynjolfsson, Li
and Raymond, 2025). Our research expands this body of work by exploring how
individuals form beliefs about the direction of GenAl’s impact after direct interaction
and, crucially, how these perceived labor shocks translate into shifts in policy attitudes.
Our findings have important policy implications for managing technological disruptions,
as technology-induced economic shocks can heighten the risk of political instability
and social unrest (Caprettini and Voth, 2020; Gallego and Kurer, 2022; Guriev and
Papaioannou, 2022).

Second, we contribute to the literature on the political impact of technological
adoption. Building on the canonical task-based framework of technological progress,
which posits that advancements like automation and Al create labor market shocks by
substituting for, complementing, and creating jobs (Acemoglu, 2002b; Autor, Levy and
Murnane, 2003; Acemoglu and Restrepo, 2018, 2019, 2020), a growing body of research

>A placebo group receives irrelevant information about global entertainment developments.
®To assess the independent role of information, we include a group of 3,000 additional participants who
only receive the information treatment without completing any tasks.
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explores how these shocks influence political dynamics. In historical contexts, studies
show that labor-saving technologies, such as the steam engine, can lead to technological
backlash (Caprettini and Voth, 2020), while general-purpose technologies that expand
labor demand can increase workers’ bargaining power (Molinder, Karlsson and Enflo,
2021). More recent research links automation to shifts in political behavior, including
increased support for redistribution (Thewissen and Rueda, 2019), for populist and
radical right parties (Anelli, Colantone and Stanig, 2019, 2021; Milner, 2021), as well as to
changing attitudes toward technological progress (Gallego and Kurer, 2022) and toward
the speed of adoption of new technologies (Gallego et al., 2022).

We extend this literature by studying the political effects of an emerging technology,
specifically GenAl, rather than mature technologies. Our findings also provide insight
into the determinants of technological adoption from the perspective of individuals and
workers, complementing theories on technological change that typically focus on supply-
side incentives for firms and scientists (Acemoglu, 2002a; Hémous and Olsen, 2021).

Finally, our research contributes to the broader literature on how economic shocks
influence individual beliefs and attitudes. Recent work has shown that shocks from
tinancial crises and globalization can fuel extreme ideologies and political polarization
(Autor et al., 2020; Gyéngyosi and Verner, 2022). Our study also builds on the literature
on expectation formation, which explores how people synthesize past experiences
with new information to form beliefs about the future (Malmendier and Nagel, 2011;
Jiang et al., 2024; Bordalo et al., 2023; Coffman, Collis and Kulkarni, 2024; Graeber,
Roth and Zimmermann, 2024; Bordalo, Conlon, Gennaioli, Kwon and Shleifer, 2025).
By examining how individuals form expectations about GenAl in response to direct
interactive experiences, we provide an empirical extension of these theories in the
context of a transformative economic shock (Bordalo, Burro, Coffman, Gennaioli and
Shleifer, 2025). Our findings can inform policy to deal with the inevitable propagation
of GenAl. Specifically, we propose that individuals” perceptions of GenAl’s impact on
their employment directly influence their policy preferences. Those who perceive GenAl
as a threat are more likely to support regulation and favor stronger redistribution, while
those who view it as a productivity enhancer are more inclined to support its adoption
and express weaker redistributive preferences.



2 Background

2.1 Generative Artificial Intelligence (GenAl)

A strand of literature in labor economics suggests that technologies can act as substitutes
for or complements to labor, depending on the specific task components involved
(Acemoglu, 2002b; Autor, Levy and Murnane, 2003; Acemoglu and Restrepo, 2018, 2019,
2020). This insight also aligns with political economy literature that links the threat of job
displacement from technological progress to individuals” political preferences (Guriev
and Papaioannou, 2022; Gallego and Kurer, 2022). Within this framework, GenAlI repre-
sents a novel wave of skill-biased technological change that may either substitute for or
complement various occupations, depending on task and skill requirements (Acemoglu,
2021). Unlike earlier technologies — such as industrial robots, which primarily displaced
routine tasks — recent GenAl models, including those in the GPT family, affect even
non-routine, high-skill occupations. These models demonstrate superior performance
in programming and enhance productivity in creative and analytical work (Bubeck
et al., 2023; Eloundou et al., 2023; Brynjolfsson, Li and Raymond, 2025). Occupations
now considered at high risk of replacement include roles such as teachers and social
scientists, which were previously viewed as less susceptible to automation (Felten,
Raj and Seamans, 2021, 2023; Tomlinson et al., 2025). Though GenAlI demonstrates
its potential to replace non-routine, cognitively demanding jobs, recent research also
points out that GenAl can benefit workers, particularly low-skill workers, by enhancing
their productivity. Noy and Zhang (2023) finds that individuals” productivity improves
in a writing task when they are assigned to use ChatGPT in an online experiment.
Furthermore, in a randomized experiment among customer support agents, Brynjolfsson,
Li and Raymond (2025) indicates that GenAl led to increased productivity, measured by
issues resolved per hour. A heterogeneous analysis shows that these productivity gains
are primarily driven by low-skill and new workers, suggesting that GenAl can accelerate
the movement of newer workers along the experience curve.

2.2 Latin American Countries

We study the effects of exposure to Al performance in Latin America, specifically in
Argentina, Brazil, Chile, Colombia, and Mexico. Latin American economies are highly
segmented, with large informal sectors (where laborers are not connected to state fiscal or
welfare institutions) that coexist with well-organized formal sectors where state capacity
is abundant and where many individuals are employed in firms that compete globally.
In general, we expect the degree of exposure to Al to be extremely low in the informal
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sector and much higher in the formal sector of the economy, but still lagging behind in
exposure to Al compared to workers in more advanced economies. In particular, even
workers in the formal sector of the economy are not routinely exposed to Al tools in
their work (Di Battista et al., 2023; Nettel et al., 2024). For example, in a pilot survey we
conducted in Mexico in January 2025, only about half of respondents reported having
heard of ChatGPT. In short, while many Latin American formal-sector workers are not
entirely unfamiliar with Al, relatively few have had extensive opportunities to use Al
tools for work-related purposes prior to our study.

In addition, estimates of the degree to which different tasks can be performed by
GenAl suggest that relatively high-skilled, mid-wage workers in the formal sector in Mex-
ico are most vulnerable to job loss from Al replacement, whereas these same estimates
suggest that Al would largely affect low-skill, low-wage workers in the US (Benitez-
Rueda and Parrado, 2024). Gmyrek, Winkler and Garganta (2024) similarly suggests that
highly-educated urban-based workers receiving relatively high incomes in the formal
sector of Latin American economies — for example, in finance, insurance, or public
administration — are much more likely to be exposed to Al in the immediate future.
At the same time, persistent differences in digital access across formal-sector companies
suggests that not all workers in the urban, high-skill, high-income category will be
immediately exposed to the use of Al Likely, only individuals in large multinational
companies, core national public agencies, or prestigious universities have routine access
and exposure to general-purpose Al like ChatGPT, and even these entities may lag behind
in relatively-poorer countries in the region. Thus, Gmyrek, Winkler and Garganta (2024)
estimates that both Al-driven job automation and productivity-enhancement potential in
Latin America lags far behind the US, Canada, and Western Europe, and also trails China
and India.

In short, Latin America provides an ideal setup to understand the effects of Al
exposure on policy preferences. The region has lower exposure to Al than the US,
Europe, China or India, which suggests ample availability of workers even in formal,
globally-competitive sectors of the economy that have not incorporated Al to their daily
routines. Moreover, workers within these sectors are potentially at higher risk of job loss
than similarly-situated workers elsewhere. Finally, though welfare institutions in Latin
America tend to support workers in the formal economy, to the detriment of informal
workers, they have scant ability to insure against job loss or to provide retraining skills to
unemployed individuals.



3 Theory and Hypotheses

The objective of this study is to examine how interaction with GenAl affects individuals’
perceptions of its influence and how those perceptions shape their preferences for policies
in response to the GenAl technological shock. We focus on two central dimensions
of the perceptions that individuals might generate about GenAl, namely, its potential
to generate productivity gains and the risks it creates of massive job displacement.
Both dimensions have been widely discussed and empirically explored as potential
outcomes of GenAl. For example, Noy and Zhang (2023) find that individuals assigned
to use ChatGPT in a writing task demonstrate significantly higher productivity, while
Brynjolfsson, Li and Raymond (2025) show that GenAl tools improve performance
among customer support agents, especially low-skill and new workers. In contrast,
Tomlinson et al. (2025) identify occupations, including teachers and social scientists, as
increasingly susceptible to replacement by GenAl, highlighting growing concerns about
job displacement. Based on these findings, we hypothesize that interacting with Al
prompts individuals to form beliefs along these lines.

We study the effect of GenAl exposure on individuals’ policy views. We examine three
types of policy bundles people may demand upon the arrival of the Al shock:”

a. Defensive policies aimed at restricting Al adoption and enhancing GenAl regula-
tion. These reflect concerns about labor market disruptions, monopolization by
private or foreign actors, and privacy risks. We assess how strongly individuals
support government intervention to mitigate such harms.

b. Active policies that help individuals adapt to GenAl development. Recognizing
its potential for productivity gains, citizens may favor government-provided career
training and the inclusion of GenAl education in schools. This bundle captures
support for proactive government involvement in Al adoption.

c. Passive policies that do not directly target GenAl but address its distributional
consequences. For instance, individuals may support or oppose redistributive
policies, such as universal basic income (UBI), in response to anticipated economic
losses and gains from GenAl adoption.

In addition to these three bundles, we examine whether GenAl influences attitudes
toward broader economic policies, such as immigration and globalization, which are

"We focus on policy preferences rather than political behaviors (e.g., protesting or voting). Such
behaviors could be affected by Al exposure, but we do not believe that the kind of short exposure we
will provide would trigger them. Policy preferences, however, are closely linked to voting behavior as
suggested by literature on “policy voting” (Page and Brody, 1972; Fowler et al., 2020, 20244,b).
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Figure 1: Expected reactions to perceptions of job loss and productivity gains from
interactions with GenAl

often erroneously blamed as the cause of job disruptions that are in fact driven by
technological change (Card, 2009; Rodrik, 2021; Wu, 2022). Figure 1 summarizes how
GenAl interaction affects the outcomes of interest, conditional on potential perceptions
induced by such interaction.

3.1 Hypotheses

We propose a first set of hypotheses to investigate whether interaction with GenAl leads
to stronger perceptions of replacement risks and productivity gains. In other words, we
suggest that change in policy attitudes will follow from interaction with GenAl through
two potentially distinct perceptual mechanisms: replacement risks vs productivity gains.

* Hla: Interaction with GenAl increases individuals’ perceived likelihood of being
replaced by GenAl

e H1b: Interaction with GenAl increases individuals’ perceived likelihood of experi-
encing productivity gains in their jobs.

As shown in Figure 1, our proposed mechanisms suggest that interaction with
GenAl will lead to stronger support for GenAl regulation (defensive policies), stronger
opposition to GenAl (active policies), and increased support for redistribution (passive
policies) if individuals perceive GenAl as a threat to their jobs. Conversely, perceived
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productivity gains from GenAl may produce the opposite effects. Because the impact of
GenAl depends on the relative magnitude of the two perceptual mechanisms, we lack
tirm expectations about the direction of the average treatment effect of GenAl on policy
preferences. This effect can be positive, negative, or nil depending on whether average
perceptions of job replacement are weaker than, stronger than, or equal to perceptions of
productivity gains.

The second set of hypotheses tests whether perceived risks of job replacement and /or
perceived productivity gains are true mediators of the effect of interaction with GenAl on
policy preferences. The following hypotheses examine the causal relationship between
individuals” perceptions of GenAl and their policy preferences.

e H2a: Individuals for whom perceptions of job loss are more salient will increase
support for defensive policies, decrease support for active policies, and increase
support for redistributive policies after interacting with GenAlL

e H2b: Individuals for whom perceptions of productivity gains are more salient will
decrease support for defensive policies, increase support for active policies, and
decrease support for redistributive policies after interacting with GenAl.

4 Experimental design

4.1 Respondent sample

We plan to conduct an online randomized experiment with representative samples from
five Latin American countries in collaboration with NetQuest-Bilendi.> We conduct the
experiment online for two main reasons. First, from a practical perspective, recruiting
respondents in the field and tracking their beliefs and attitudes over time would be ex-
tremely challenging. Our sample providers have years of experience conducting surveys
in Latin American countries and large panels of registered and vetted participants, which
enables us to obtain participant samples that are broadly representative of the population
connected to the internet. Additionally, we use quotas in the survey platform to
ensure our samples closely match the national distribution of key characteristics, such as
educational background and age. Second, online experiments help mitigate experimenter
effects and social desirability bias, as suggested by recent research (Mummolo and
Peterson, 2019; Haaland, Roth and Wohlfart, 2023). In any case, recent research in
economics suggests that online-panel samples exhibit similar response patterns and

Shttps://www.netquest.com
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characteristics — especially in terms of political views and knowledge — to those of
offline probability-based samples (Coppock and McClellan, 2019; Grewenig et al., 2023;
Haaland, Roth and Wohlfart, 2023).

Our sample includes 12,000 individuals from Argentina, Brazil, Chile, Colombia,
and Mexico. We select these countries because they are the largest economies in the
region. Additionally, these countries have highly internationalized formal labor markets
and engage in frequent trade with two economic superpowers, the United States and
China, that are at the forefront of development of Al. From this perspective, conducting
our experiment in multiple countries enhances the external validity of our results and
provides important policy implications for other developing countries in this region and
beyond, as these countries are very likely to be affected by future international Al-driven
economic shocks.

Specifically, our sample includes individuals of working age (18 to 65), and we set
quotas consistent with the distribution of sex, age, and socio-economic status (education
and income) among national populations with access to the internet. It is worth noting
that most respondents will possess computer literacy, as participation in the online
experiment requires access to a computer or mobile device. These individuals are more
likely to be urban-based and working in the formal sector of the economy. We argued
above that these are the individuals most likely to be affected by Al-driven economic
changes, and we are aware that our sample has the potential to under-represent workers
in the informal sector of the economy, which we acknowledge as a potential limitation.

It is worth noting that the sample size exceeds the rule-of-thumb suggested by
Haaland, Roth and Wohlfart’s (2023) power requirement for an information provision
experiment. According to Haaland, Roth and Wohlfart (2023), to achieve at least 80%
power to detect a treatment effect of 15% of a standard deviation of the outcome variable,
each treatment arm requires a minimum of 700 respondents. In our experimental
design, we adopt a conservative approach to sample size, selecting a larger sample
than Haaland, Roth and Wohlfart’s recommended benchmark. As illustrated in Figure
2 and summarized in Table 1, the experiment is organized into three distinct sub-groups.
The first sub-group investigates the effects of completing tasks with GenAl, assigning
3,000 individuals to the Al-exposure treatment and another 3,000 to the control group,
altogether 6,000 respondents. The second sub-group is used to examine our proposed
mechanism. This sub-group consists of six treatment arms, each combining one of three
information interventions with one of two task interventions, with 1,000 individuals
allocated to each arm (6,000 total). Notably, every sub-group in our design exceeds the
threshold of 700 participants when we pool together respondents from all countries. This
substantial sample size is intended to enhance the statistical power of our analysis and
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Table 1: Summary of the Experimental Procedure

% of Intervention or
Time  Randomization, intervention, or survey Participants survey details
Intervention period
Day 1 Initial survey 100% Online Appendix
Day 2 Randomization & interventions
Randomization 1:
Randomize participants into three groups
Experiment T: Exposure treatment (doing tasks) 40% of all
Experiment TI: Joint treatments (info. & tasks) 40% of all
Experiment I: Information treatment only 20% of all
Randomization 2 (for T and TI):
Assign task intervention: Appendix A.3
(Control) Use of non-Al tools to finish tasks 50% of T&TI
(Treatment) Use of Al tools to finish tasks 50% of T&TI
Randomization 3 (for I and TI):
Assign information intervention: Appendix A.1
(Control) Irrelevant-information 30% of 1&TI
(Treatment) How GenAl replaces jobs 35% of 1&T1

(Treatment) How GenAl increases productivity 35% of 1&T1
Day2  Final survey 100% Online Appendix

Post-intervention period
Day 8 Follow-up survey 100% Online Appendix

support robust, reliable conclusions from the experiment.

4.2 Organization of the experiment

To evaluate our hypotheses, we structured the experiment into three sub-experiments.
The first experiment tests how GenAl interaction shapes individuals” perceptions of
GenAl and their policy preferences. In the second experiment, which follows the
GenAl interaction intervention, we manipulate the salience of two perceptions of GenAl
by randomly providing information on GenAl’s potential for job replacement and
its potential productivity gains. That is, the second intervention is an “information
treatment” that seeks to introduce exogenous variation in the salience of perceptions
because we understand that perceptions may be affected by additional factors that we
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do not control; barring this additional manipulation, we would be at risk of inferring
effects of perceptions that are in fact produced by some other attitude or by some other
individual characteristics, including socio-economic factors. In the third experiment,
we isolate information effects by conducting the information treatment only. The
randomization and experimental process are summarized in Figure 2 and Table 1, with
further details documented below.

Experiment T: Task treatment only We perform this experiment on 6,000 individuals
to evaluate the impact of direct interaction with GenAl tools, and to test our main
hypotheses (Hla and H1b). Participants are assigned a multi-step task and randomly
divided into two conditions: the control group (50%, about 3,000 individuals), which
completes the task without GenAl assistance, and the treatment group (50%, about 3,000
individuals), which completes the task with GenAl support. This design allows us to
investigate the effect of GenAl exposure on individuals” perceptions of GenAl and their
policy preferences.

Experiment TI: Sequential Assignment to Tasks and Information Frames We perform
the second experiment on approximately 6,000 individuals to test the hypothesized
mechanisms underlying Al’s influence on policy preferences. Participants in this group
are randomly assigned to receive information about GenAl’s potential job displacement
effects and productivity gains after completing the multi-step task. In a first step, the
sample is evenly split between those who complete the task with GenAI support (3,000
individuals) and those that complete the task without such support (3,000). Following
task completion, participants are randomly exposed to one of three types of information:
30% (1,800) receive irrelevant information (a news clip on the entertainment industry),
35% (2,100) receive information about GenAl’s job replacement effects, and 35% (2,100)
receive information about GenAl’s productivity gains. By manipulating the salience of
individuals” perceptions of GenAl through the information provision experiment in a
sequential experimental design, we test the proposed mechanism implied by hypotheses
H2a and H2b.

4.3 Interventions

To test our hypotheses, we conduct a randomized online experiment in which par-
ticipants receive targeted instructions and engage in tasks designed to enhance their
exposure to Al technologies. The experimental design is shown in Table 1 and Figure
2. First, we conduct a baseline survey on Day 1 to capture individuals’ political
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Exposure treatment: Using GenAl to Solve a Multi-Step Task Before assigning
participants into treatment and control groups, we ask them to complete a simple task
without any assistance, as a warm-up exercise. After this step, our main treatment starts
by introducing half of the participants to an instructional video on how to effectively
prompt ChatGPT. In the control group, individuals are asked to watch an instructional
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politely communicate with their boss via email.’ Following the video, individuals
are asked to solve a complex multi-stage task. In the treatment group, individuals
are encouraged to use a GenAl assistant powered by GPT-5 to solve the task. To
minimize attrition, we have designed an Al interface within the Qualtrics survey platform
that allows respondents to access ChatGPT without navigating to an external page.!”
Respondents in the control group will be required to complete the same task. In order
to promote diligent participation, we ask respondents in both groups to advance as much
as they can in solving the task before hitting a time-limit of 12 minutes.

To ensure that respondents are exposed to the broad applications of GenAl, we design
a complex task composed of multiple stages. In this task, respondents are asked to resolve
a consumer claim as an employee at a chip company. We begin by presenting a business
email from a consumer complaining about a delay in the company’s product. The email is
intentionally wordy and lacks clear logic. In the first sub-task, respondents must identify
the main concern expressed in the customer’s email. In the second and third sub-tasks,
respondents are required to develop a plan for arranging processor production across
different factories, which involves calculating production costs and determining the most
efficient production strategy based on the provided data. In the final stage, respondents
are informed that the company has chosen a plan and are asked to write a business email
to the import licensing office of a foreign country using information from a provided
guidance document. We expect that by completing this complex task, individuals in
the treatment group will better understand how GenAlI can be applied in various areas,
including reading comprehension, mathematical calculations, and writing. A detailed
description of these tasks appears in Appendix A.3. Appendix A.4 provides a detailed
description of the interface and presents the Al-based interface used for the treatment
group.

To account for potential differences in engagement between the control and treatment
groups, we ensure that participants in the control group remain fully engaged and follow
instructions carefully by providing them with a bespoke rule-based non-Al-powered
chatbot with interface similar to the Al chatbot used by the treatment group. The
rule-based chatbot includes a calculator and accessible tips to complete the task, but
purposefully avoids interaction with GenAl. The interface is described in Appendix A.5,
and Figure A2 displays a visual of this interface.

Although our treatment introduces a relatively small “dose” of interaction with
GenAl, its primary purpose is to introduce random and measurable variation in indi-

9We will collaborate with a video artist to create an engaging video for our respondents. The content
will focus on a general introduction to ChatGPT and prompt engineering.
19See Appendix A.4.
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viduals” experiences with this revolutionary technology. This allows us to examine how
individuals form or alter perceptions about the impact of GenAl

Information treatment: Al-related information To assess the explanatory potential
of the hypothesized mechanisms, we additionally include an information treatment in
which we ask respondents to read different statements. Three groups receive different
information frames: one group receives information about Al’s effect on job replacement,
a second group receives information about Al’s effect on increasing productivity, and a
third group receives a placebo statement about the entertainment industry.!! The full
statements are provided in Appendix A.1. To ensure participants read the statements
carefully, we include as an attention check a multiple-choice question about content
immediately after reading the information treatments.

4.4 Survey methodology

In this section, we illustrate the methodologies used in our survey. As shown in Table 1,
we have three rounds of surveys in our experiment: an initial survey, a final survey, and a
follow-up survey. Because we conduct our experiment online and anonymously, we do not
expect large experimenter effects throughout our survey, and participants are expected
to offer their actual attitudes and opinions throughout our experiment. However, we
still provide a clear design to elicit people’s actual attitudes towards Al and to reduce
experimenter effects. In the survey questions, we strictly adhere to prior guidance on
survey design (Haaland, Roth and Wohlfart, 2023; Stantcheva, 2023):

Initial Survey: Basic Information About Participants Prior to our experimental inter-
ventions, we gather basic socio-demographic information about the participants. We also
inquire about their knowledge of, attitudes toward, and beliefs about Al, particularly
the technology of GenAl. To mitigate potential experimenter effects, we include several
Decoy questions that inquire about respondents’ attitudes toward other technologies, such
as biotechnology or financial technology.

Final Survey: Eliciting Outcomes of Interest Following experimental interventions,
we collect a comprehensive description of participants” attitudes toward Al and Al-
related policies. Specifically, the final survey consists of three main sections. First, we
inquire about individuals” attitudes toward Al, focusing on their beliefs regarding how

'We also conduct an ancillary experiment involving only the information treatment, which serves as an
additional benchmark for Experiment TI. See Appendix A.6 for details.
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AI will affect the general labor market and their own jobs. Next, we ask about attitudes
toward government policies related to Al, such as whether respondents would welcome
active governmental support to propagate Al through the country’s economy. The final
section covers policy preferences indirectly related to Al attitudes, including views on
redistribution, immigration and globalization. Like the initial survey, we also include a
decoy question on policies related to renewable energy and online learning platforms in the
final survey, when asking respondents about their opinions on Al policies.

Follow-up Survey: Robustness and Impact of GenAl Effects One Week After Treat-
ment We conduct a follow-up survey one week after our intervention. We design the
follow-up survey for two reasons. First, for the sake of understanding how robust our
findings are, we can re-examine our main conclusions across multiple rounds. Second,
we can test the impact of our interventions beyond their immediate effects. To mitigate
experimenter effects, our follow-up survey also includes obfuscating questions about
other technologies.

5 Data

5.1 Timeline

We conducted a pilot experiment to provide proof of concept and basic knowledge about
the effectiveness of survey question wording in January 2025. We will field our main
online survey experiment (three rounds) and collect the bulk of the survey data within a
month of acceptance of our pre-registered design. Further details on the survey data we
will collect appear in the Online Appendix.

* January 2025 - February 2025: Pilot experiment.

¢ February 2025 - August 2025: Finalization of the RCT design based on lessons from
the pilot experiment.

 Early November 2025:'? Recruitment of 12,000 participants from Argentina, Brazil,
Chile, Colombia, and Mexico.

* Mid November 2025: Initial survey on the field. This is the first dataset we need for
our analysis.

12We keep this date as a placeholder. We will be able to initiate this stage within weeks of acceptance of
our pre-registered experiment.
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¢ Mid November 2025 Experimental interventions:

— Main Intervention: Multi-stage task with (without) Al tools

— Joint intervention (testing mechanism): Including both multi-stage task and
information frames about GenAl.

— Information intervention: Information frames about GenAl.

We plan to collect information about the task performance, attitudes and opinions
of participants during the experimental intervention. This is the second dataset we
need for our analysis.

* Mid November 2025: Final survey, including questions on political attitudes
(redistributive preferences, political opinions, etc.), knowledge and usage of Al etc.
This is the third dataset we need for our analysis.

e Late November 2025: Follow-up survey after one week. This is the fourth dataset
we need for our analysis.

5.2 Data Collection and Processing

We collect multiple datasets to support our analysis. To summarize, there are four
major datasets generated by the participants, including the initial survey, the intervention
(tasks), final survey, and follow-up survey. Table 2 displays the variables that we will
collect throughout our experiment.

5.2.1 Measurement Concerns and Variable Construction

This section extends our discussion from Section 4.4, where we described how we design
an appropriate survey questionnaire to elicit participants’ actual opinions, attitudes, and
knowledge related to GenAl In this section, we explain, in detail, how we construct
a dataset based on the variables listed in Table 2. Additionally, we provide an Online
Appendix with additional documentation and the full text of all survey questions in our

experiment.

Initial Survey: Participants” Background Information and Prior Attitudes and Knowl-
edge About AI The variables we collect include: (i) basic personal information, in-
cluding nationality, gender, marital status, religious affiliation, household demographics,
education level; (ii)) employment information, including occupation, employment status,
employment industry, and income status; and (iii) political attitudes, including party
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Table 2: Summary of the Variables Collected in Our Experiment

Variables

[Prior survey]
Basic information
Demographics (Gender, education, etc.)
Political affiliation & attitudes
Employment
(i) Industry in which respondent works/has worked
(ii) Occupations and Al-exposure score calculated)
(Prior) Knowledge about Al
(i) Al definition
(ii) Al products & firms
(iii) Al algorithms & technological basis
(Prior) Belief about Al's impact on macroeconomics
(1) labor market
(ii) macroeconomic growth
(Prior) Belief about Al's impact on jobs
(i) capabilities of Al in different dimensions
(ii) job displacement by Al in the economy

[During intervention]
Times of interaction with Al tools (Treat only)
Time (in minutes) of finishing the tasks
Quality of submitted answers

[Final survey]
Perceptions about Al’s impact on the economy
Perceptions about Al’s quality, capabilities, & power
(i) Al's quality and capabilities
(ii) AI's drawbacks and limitation

Main variable of interests: Al-related policy preferences

Defensive policies: Attitudes towards Al-regulation
(i) general restrictions in Al usage

(ii) restriction about Al-adoption in different public sectors

(iii) Al-related tax preferences
(iv) Al-related innovation supported by government

(v) data-intensive innovation and data privacy regulation

Active policies: Attitudes towards Al-adaptation

(i) general attitudes towards Al-adaptation in their jobs

(ii) attitudes towards on-the-job training about Al

(iii) attitudes towards education for Al adaptation in schools

Passive policies: Redistribution and globalization
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Continued

Redistributive preferences
(i) taxing high-income population
(ii) government programs & social insurance
Attitudes towards globalization & immigrants
(i) international cooperation with Al advanced countries
(ii) foreign direct investment

[Follow-up survey]

Knowledge about Al-related technology Knowledge
(i) Al definition
(ii) Al products & firms
(iii) Al algorithms & technological basis
(Reported) daily usage of Al Behaviors
Attitudes towards Al-related policies Attitudes & Opinions
(i) Al adoption supported by government
Decisions in political participation Behaviors
Interests in learning Al-related knowledge Behaviors

affiliation and political ideology (left-right self-placement). Please see questions from
Category A in the initial survey appendix (Online Appendix A.7).

We additionally elicit respondents” prior knowledge, beliefs, and attitudes towards
Al As shown under Category C in Online Appendix A.7, we collect information about (i)
knowledge of Al, including basic technology related to Al, Al-related products, etc.; and
(ii) beliefs about the economic impact of Al, as well as Al applications in jobs.

Experimental Intervention During our experiment, we collect and measure a number
of behaviors. In particular, we register how many times participants interact with either
the Al or task-manager chatbox, time employed in finishing the tasks, and the quality of
submitted answers.

Final survey: Perceptions about AI The first primary outcome variable we examine
is individuals” perception and understanding of Al. Our survey captures this through
three key dimensions: (i) beliefs about how AI influences the labor market and their
jobs, which are our proposed mechanisms; and (ii) general perceptions of Al's quality,
capabilities, and potential. Wording for these items appears in Sections A through B of
Online Appendix A.9.

Final Survey: Policy Preferences The second set of primary outcomes comprises
individuals” policy preferences. In our experiment, we focus on how Al adoption
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alters participants’ attitudes towards public policies that ameliorate the risks imposed
by AI or multiply its potential benefits. As we discussed in our theoretical framework
and hypothesis, our treatment could lead to change in participants” perceptions about
Al-driven technological change, thus altering their perceived economic risks. To test
our theory, we classify policy preferences into three categories: Al regulation (defensive
policies), adaptation to Al (active policies), redistribution (passive policies), and broader
economic policies related to immigration and globalization. The first two dimensions are
directly correlated with people’s perceptions about Al, and the latter two capture how
people understand the potential economic risks/changes associated with Al-adoption.
We now discuss these four categories (Category C and D in Online Appendix A.9 contain
exact wording for these survey items.).

First, to evaluate whether our treatment influences participants’ perceptions of Al,
particularly its potential negative impact, we first elicit attitudes toward policies that
aim to regulate Al, what we call “defensive policies.” Specifically, we assess individuals’
willingness or reluctance to adopt Al technologies across various public sectors, including
education, public administration, healthcare, and public safety. For instance, question
D.6 directly addresses participants” views on Al implementation in public safety. We
also measure participants” attitudes towards taxation on Al. Additionally, we measure
individuals” willingness to embrace Al innovation, another example of defensive policy.
This category of policy preferences includes two key dimensions: (i) whether the
government should actively support Al-related innovation, and (ii) related considerations
such as the government’s role in ensuring data protection. For example, in question C.2,
we ask whether the government should spend more funding on Al-related innovation.
In C.6, we ask whether the government should allow companies to use private data for
Al training.

Second, we further examine public perceptions about adaptation to Al, focusing on
a set of initiatives referred to as “active policies.” Specifically, we explore participants’
attitudes toward government support of on-the-job Al training and toward integration
of Al-related education into school curricula. For example, in question C.7, we ask
the participants whether their firms should provide training to help them adapt to Al
systems.

Third, we assess attitudes toward a set of “passive policies” that, although not
directly related to Al adoption or innovation, may mitigate its potential effects. In
our theoretical framework, we hypothesize that individuals perceive economic risks
arising from technological change driven by Al adoption. For instance, views on
income redistribution or on the desirability of a Universal Basic Income (UBI) scheme
may shift depending on participants” expectations about Al’s potential impact on job
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security. We include a series of questions regarding people’s redistributive preferences
and their attitudes toward UBI, such as questions D.2 and D.5 in the final survey. To
complement these attitudinal measures, we include a real-stakes question (C.14) that
invites participants to enter a lottery and allocate potential winnings among real-world
organizations supporting different policy approaches or to themselves.

In addition to defensive, active, and passive policies, we gauge participants” attitudes
toward openness to international cooperation, trade and globalization, and immigration.
As we mentioned above, people often attribute technology-induced economic disruptions
to factors such as migration and globalization, so one might expect that exposure to Al
could lead to changes in attitudes toward immigration and trade.

To facilitate our analysis, we code all variables in the same direction: items that
measure perception about Al and attitudes towards Al-related policies are coded so that
large values correspond to greater acceptance of Al, stronger beliefs in the positive impact of
Al on the economy, and greater support for policies about Al-adoption or Al-innovation.

Follow-up survey In our follow-up survey (Online Appendix A.10), which we have
scheduled a week after the final survey, we capture participants” knowledge about
Al, as well as perceptions and attitudes towards Al and Al-related policies. We also
design behavioral questions to elicit participants’ potential interest in studying Al-related
technology.

5.3 Potential deviations from the intended sample

Attrition We anticipate that the sample in our baseline survey will differ from that of
our final and follow-up surveys as a result of two sources of attrition:

(i) Some participants will not finish the entire intervention phase or will not take the
final survey after the experiment.

(ii) Some participants will not take the survey seriously.'

Were this to occur, we plan to exclude these observations from our analysis and compare
the baseline characteristics of experimental subjects who dropped out with those who
did not (both within and across treatment and control groups). We will conduct
balance tests of socio-demographic variables by looking at difference of means across
participants in the treatment and control groups, using respondents in both the baseline
and final surveys. Although we do not anticipate any differences in the distribution of

13We will identify possibly-inattentive respondents in our survey through attention checks.
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characteristics between the baseline and final survey samples, we follow the strategies
outlined in Lee (2009) to address attrition bias concerns if there are any unbalanced
characteristics between the treatment and control groups.'*

Non-compliance Non-compliance may be a concern, particularly for experimental
participants assigned to use Al tools to complete tasks, as some participants in the
treatment group may choose not to utilize the Al tools, while some participants in
the control group may use external Al The presence of never-takers or always-takers
in our treatment group would only reduce the magnitude and statistical significance
of the estimated effects.!> Therefore, we do not expect non-compliance to lead to an
overestimation of GenAl’s potential effect on policy preferences.

5.4 Pilot Study

In January 2025, we conducted an online pilot study with 1,235 participants in Mexico to
examine how Al information and Al exposure (actual usage) affected policy preferences.
The purpose of this pilot was to identify technical issues within our survey and to enhance
our understanding of the sample population. We do not report the results of this pilot
in the paper because we used a different experimental design,'® making it difficult to
draw conclusions useful for the experimental design used in this paper. Nevertheless, we
obtained important insights that will be helpful for the formal experiment.

First, the pilot results revealed that individuals in Latin America are comparatively
less exposed to Al, especially ChatGPT. In the baseline survey for the pilot study, we
asked respondents whether they had heard about various online products. Among the
1,235 total participants, only 48% (594) had heard of ChatGPT. In comparison, 1,184
individuals (96%) had heard of Netflix, 1,177 (95%) had heard of YouTube, and 1,179 (95%)
had heard of Facebook. It is important to note that these figures only indicate awareness

41n our pilot study, we did not observe a huge attrition rate in the short term. Only about 15% participants
dropped out after a two-day intervention in our pilot study. We further discuss the issue of attrition in the
pilot study in the next section.

15We also took steps to minimize the likelihood of both types of non-compliance. To reduce the incidence
of non-compliance in the treatment group, we informed all respondents that they would be entered into
a lottery based on their accuracy and performance during the tasks, thereby providing participants in the
treatment group with additional incentives to use Al, and participants in the control group to use Task
Hints. To deter non-compliance in the control group, we implemented a warning system: if participants
attempt to leave the current page (to use external Al), a warning message appears.

1°Tn the pilot, we first provided participants with general Al information, then showed them individual
scores that captured the degree to which Al could do tasks typical in their jobs, and finally administered
the AI exposure treatment. We found strong negative effects of the information treatment but not of Al
exposure. Moreover, the negative information treatment reduced participants” willingness to use ChatGPT
(measured by time spent using Al) by around 50%.
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of the product, not actual usage. Furthermore, according to data from the 2017, 2020, and
2023 editions of Latinobarometro, overall participation in the digital economy in Latin
America remains relatively low. An average of 67.8% respondents reported that they had
never made an e-commerce purchase, with only a few countries — such as Colombia
and Chile — showing comparatively higher usage (Latinobarémetro Corporation, 2025).
From this perspective, we are less concerned about ceiling effects that could prevent us
from detecting significant treatment effects.

Second, the pilot results confirm that both the willingness to use Al and the actual
usage of Al are high among individuals in the AI exposure group. We found that
among the 568 individuals provided with Al tools,"” only 41 (7%) did not use ChatGPT
even when given encouragement, and 326 (57%) used the Al tools more than once.
Understanding the actual number of ChatGPT users is important for our experiment,
as we employ an encouragement design, meaning that we will estimate an intention-to-
treat (ITT) effect rather than an average treatment effect (ATE). We attribute this high
level of usage to the careful design of our in-survey GPT interface, which clearly piqued
respondents’ interest. We also verified whether respondents used the tool to solve the task
or merely for casual chat; fortunately, we found that almost all of them used it exclusively
for task-related purposes.

Third, we found that the attrition rate is not high between the first and second waves
of the pilot survey, even though the tasks assigned to respondents were quite time-
consuming. In the pilot, participants first completed a baseline survey and a business
email writing task, and then, three days later, they received a second survey that required
them to respond to a consumer request. On average, each task took around 10 minutes
to complete. Despite the time commitment, only about 15% of individuals dropped out
after the first wave. This attrition rate likely represents a worst-case scenario for our
formal experiment, as the baseline survey in the formal experiment will not include any
task requirements.

Most importantly, we refined many issues found in the pilot study in the new
experimental design presented in this paper. First, we designed a more challenging
task, as described in Section A.3, because most respondents found our previous tasks too
easy. We believe that increasing task difficulty can help participants better understand
the capabilities of Al in the exposure experiment. Instead of executing several small,
independent tasks as in the pilot study, the formal experiment involves a single, more
complex task within one survey. This approach increases the likelihood that respondents
will engage with the Al and reduces the attrition rate associated with multiple survey
waves. In addition, we refined our survey questions by adding more “obfuscated items”

7This number excludes individuals who did not pass the attention check in the baseline survey.
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and a real-stakes question (C.14) to mitigate potential experimenter demand effects.
Additionally, we revised the questions to ensure they are easier for respondents to
understand, based on guidance from Stantcheva (2023).

6 Analysis

We first test the impact of our three different interventions by estimating a series of
linear regression models on the outcome variables collected in our final survey. First, we
estimate the direct impact of interacting with Al. As we hypothesize that interacting with
Al may shape people’s beliefs about Al’s capability of job replacement or productivity
increase, we run the following regression:

P, = By + filar Task; T X7V + & (1)

in which P; stands in for two outcome variables indicating respondents’ perceptions
about the effects of Al (i.e., as a productivity enhancer or as a job killer), and 1ayrask,
is an indicator variable that equals one if individual i is in the group that has access to
GenAl tools. X is a set of control variables from our baseline survey that includes gender,
age, left-right ideological self-placement, employment status, family income level, and
education level (see Section 5.2).

As we aim to test how the use of GenAl tools influences respondents’ policy
preferences, our initial empirical analysis also calls for estimation of a second regression,
as follows:

Y; = Bo + Bilar Task; T X7V + & (2)

Here, Y; stands in for each of a number of outcome variables that capture participant i’s
preferences towards Al-related defensive, active, and passive policies. Regression model
(2) will be based on the subsample of respondents in the Al-treatment arm (Experiment
T in Section 4.2).

As outlined in the theory and hypotheses section, the direction of treatment effects
may vary depending on how individuals form perceptions about the effects of Al
Consequently, a simple regression model with a single treatment dummy is insufficient
to uncover the underlying mechanisms or support the broader conclusions of our study.
It merely captures the average treatment effect across a representative sample, without
accounting for heterogeneity in responses or the pathways through which these effects
operate. Thus, we provide additional analysis on mechanisms based on the information
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provision experiment.

Based on the subsample of respondents subjected to Experiment TI (Section 4.2), we
test whether there are differences in policy preferences among those randomly exposed
to different information frames and different task accomplishment tools. To do so, we
estimate the following regression:

Y; :ﬂO + ﬁllInfo. Prod. Gain; + 621Inf0. Job Loss; + 53 1AI Task;

+ Bilinfo. Prod. Gain; X LAITask; + 35 1info. Job Loss; X LAITask; + Xi7¥ + & 3)

Based on our empirical analysis, we test our main hypotheses related to participants’
perceptions about Al and attitudes towards Al-related policies based on data collected
in our final survey which, as mentioned in Section 5.2.1, includes variables related to
perceptions about Al and attitudes towards Al-relevant policies that are coded so that
higher values correspond to more support for defensive policies, less support for active
policies, and more support for passive policies.ww Thus, we interpret our empirical
results as follows:

Expectations about perceived job loss risks or productivity gains (Hla and H1b) An
estimate of 3; > 0 in regression model (1) would confirm participants” concerns about
the possibility of job replacement and of productivity gains when P is, respectively, an
outcome variable that captures fear of job replacement or hope of productivity gains.
Recall that this estimation will be based on the group of respondents in Experiment T.

Expectations about policy preferences As we mentioned before, we lack firm expec-
tations about the direction of 3; in regression model (2). This is because this effect
depends on the relative share of opinions regarding whether GenAl will produce job loss
or productivity gains. This estimation will also be based on the group of respondents in
Experiment T.

Expectations about perceptual mechanisms (H2a and H2b) To test the validity of the
perceptual “job loss” and “productivity gains” mechanism, we consider regression model
(3) which, recall, is based on respondents in Experiment TI. The expectations laid out in
page 9 imply the following combinations of parameter estimates: 5, < 0 (H2a) and 35 > 0
(H2b).'8

18Recall that the indicators for the outcome variables are coded to be positive, implying more support for
defensive policies, less support for active policies, and more support for passive policies.
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6.1 Additional Analyses

Follow-up survey analysis We supplement our analysis by conducting a robustness
check using data from our one-week follow-up survey. We first run the following

regressions

How- PR o
YiFO P =6y + BilarTask; + XiF + & (4)

in which Y;" """ represents participant i’s responses collected from the follow-up
survey, including attitudes towards Al-related policies as well as expectations on Al’s
impact on the economy.

Additionally, as we track participant’s knowledge about Al-related news, we also
investigate the one-week impact of our intervention on participants” understanding about
Al or Al-related knowledge. To do this, we estimate the following regression:

KO =By + Bilartask, + XiF + & (5)
in which K}*"*"""P represents participant i’s knowledge about Al-related news collected
in our follow-up surveys.

Al tools and participants” performance In our experiment, each participant is asked to
complete a complex multi-step task, either with or without the assistance of Al tools. By
recording the participants’ responses to each step, we aim to explore how the introduction
of Al tools impacts their ability to manage complex job-related tasks. To deepen our
analysis, we estimate the following regression model:

Qij = Bo + Prlartusk, + Xid + &5 (6)

in which @);; is a set of variables that capture the performance of participant 7 in task j.
Performance indicators include length of the text submitted for the task, time taken to
complete each task, and whether answers are correct.

6.2 Robustness checks

We perform a battery of robustness checks based on the empirical specifications stated in
Section 6.

Adjustment for engagement rate One of the key concerns that may affect identification
and estimated effects is the variation in participant engagement levels. Although our
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experiment is carefully designed with incentives to encourage thorough participation,
we nonetheless conduct a series of robustness checks to account for potential issues
related to participant engagement. This is because some individuals may complete the
tasks with diligence and attention to detail, while others may exhibit lower levels of
care, leading to inconsistent exposure to the different tools (that is, Al versus non-Al
tools). To mitigate this issue, we collect detailed engagement metrics, including time
spent on each task, length and complexity of responses (measured by word and sentence
counts), and frequency and duration of interactions within each intervention arm of our
main experiment. These variables serve as proxies for participant engagement. We
then perform a sub-sample analysis focusing on participants who completed the tasks
correctly, allowing us to assess the robustness of our findings under conditions of higher
engagement.

Country-specific subsamples We plan to conduct our experiment in five Latin Ameri-
can countries. The populations of these countries have different cultures and economic
conditions, and participants could therefore respond differently and in unforeseen ways
to the experimental interventions. Therefore, our results might be driven by samples
from a specific country, or vary dramatically across different countries. To eliminate
these possibilities, we will re-estimate all regression models based on each country’s
subsample. The purpose is to identify “outlier country samples”, not to estimate within-
country effects, for which national samples are under-powered.

Attrition adjustments Although we do not anticipate any differences in the fundamen-
tal characteristics of participants between our baseline and final survey samples, we will
adjust our estimates to take into account the possibility of differential attrition across
treatment arms using the methodologies of Lee (2009).

6.3 Heterogeneous effects

We consider potential heterogeneity by focusing on the following moderators: (i) gender;
(ii) education level; (iii) personal income; (iv) left-right self-placement; (v) religious
affiliation; and (vi) their pre-treatment knowledge and experience of GenAl. We see this
as a more limited descriptive step to analyze whether individuals in these social groups
differentially perceive threats and opportunities from Al

We devote some additional space to a test of heterogeneous effects by employment
sector. As individuals may form perceptions about Al differently based on their personal
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experiences, we also estimate the following regressions:

Py =By + Bilartask; + Polarmask; X LHigh Al Intensity, + Bs Ltigh Al Intensity, + X7 + & (7)
Y; =60 + Bilartask; + Bolarmasks X Liigh a1 Intensity, T B3 Liigh A1 Intensity, + X7 + & (8)

Here, ligh Al ntensity, indicates whether individual ¢ has a job with multiple tasks that
can be easily done by generative Al Since one of our hypotheses is that individuals’
experiences in the labor market may shape their perceptions of Al’s impact, we primarily
focus on the coefficient of the interaction term between interaction with Al to accomplish
tasks and working in occupations that are potentially substitutable by Al, that is, the
estimated value of f, in Equation 8. Our measure of high AI intensity combines
participants” self-reported occupations with an index developed by Felten, Raj and
Seamans (2021). In the survey, participants select their current job from a list of sectors
and professions aligned with the O*NET" classification system. We then match each
respondent’s occupation to the dataset of Felten, Raj and Seamans (2021).

6.4 Limitations and challenges

The risks associated with this study are minimal. The primary concern with imple-
menting the field experiment is the potential for delays due to communication issues
with survey companies. However, this is not a significant issue, as our experiment does
not depend on any specific future event. Conditional on approval of our pre-registered
design, we think it is very likely that our experiment will be completed before December
2025.

Our experiment poses minimal risks to participants. We have two types of interven-
tions: informing participants about the general risks and opportunities brought about by
Al, and incentivizing them to use Al tools to solve a series of tasks. We do not disseminate
fake news or misinformation that could distort participants” understanding of the current
economic situation in their countries. We also offer training on how to use Al tools to
some participants, which should be beneficial, or at least harmless, in their daily lives.
Our interventions adhere to the traditional rules of field experiments and have been
approved by our institutional review boards to address potential ethical concerns.

We address potential challenges such as attrition and non-compliance in Section 5.3.
We have carefully designed our experiment to ensure that our interventions and tasks
are easy for participants to understand, thus minimizing the likelihood that such issues
might arise during our experiment.

http:/ /onetonline.org/

28



7 Policy implications

This study provides timely evidence about individuals’ beliefs and attitudes about
the introduction of Al, a technology that continues to evolve at neck-breaking speed,
thereby assisting policymakers in anticipating and addressing its future societal impacts.
Understanding people’s perceptions of Al and its potential consequences is crucial for
designing policies that maximize productivity benefits while minimizing adverse effects.
In particular, this study sheds light on how individuals” attitudes toward Al and related
policy preferences are influenced by direct interaction with Al tools to solve complex
tasks in work environments and the perceptions that they form regarding the potential
negative and positive effects of this techonology. These are channels that are distinct
from, and may not fully reflect, Al’s actual labor market outcomes. These implications are
particularly relevant for middle-income developing countries, like the ones we analyze,
that remain passive recipients of new technologies and possess limited institutional
capacity to address Al-related challenges. More broadly, our findings will inform
strategies to reduce societal disruptions historically associated with the widespread
adoption of transformational technologies, such as social unrest (Caprettini and Voth,
2020).

Among the multiple interventions that policymakers in these countries could en-
vision, we anticipate a heavier emphasis on policies that promote equitable access to
Al on the one hand, and policies that promote protection from potential employment
loss, on the other. To promote equitable access to Al, governments could fund Al-
training programs in public high schools and colleges, guaranteeing that lower- and
middle-income students can develop Al-related skills at the same pace as students in
higher-income private institutions. Policymakers could also subsidize internet access
and computer infrastructure for small businesses, which are unlikely to successfully
transform on their own to take advantage of the Al revolution. Policymakers could also
promote open-source policies to prevent the creation of digital monopolies that would
thwart access to Al tools.

Alongside policies that promote the use of Al, governments could partner with private
actors to create re-skilling initiatives, offer financial support to workers displaced by Al
and automation, and tax companies that substitute jobs for Al so as to slow the pace of
the transition and in order to fund unemployed individuals. Farther away from direct
interventions that affect specific firms and workers, policymakers could consider broad
policies that reduce the number of working hours among current employees, and policies
like a universal basic income that guarantee access to steady income streams regardless
of job status. These policies could diminish the potentially negative effects of a full
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Al transition, but they can only be successful if we can anticipate the likely reaction of
individuals, which is one of the purposes of our study.

We emphasize that our potential conclusions apply primarily to individuals in
developing countries who have internet access and limited prior exposure to AL* We
remain cautious about extending our findings to major Al-producing countries, such as
the United States and China, where baseline knowledge of Al may be higher and gov-
ernments possess greater institutional capacity and more extensive policy instruments to

proactively address Al-related challenges.

20 Although we rely on online-panel samples, we believe the results are broadly applicable to the general
populations of our targeted regions, as online-panel samples have been shown to produce response patterns
and characteristics similar to those in offline probability-based samples (Coppock and McClellan, 2019;
Grewenig et al., 2023; Haaland, Roth and Wohlfart, 2023).
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Appendix A Intervention details

A.1 Statements in Al information treatment

Information about Productivity Gain from AI Adoption Artificial intelligence (Al) is
rapidly transforming how individuals work by automating routine tasks and allowing people
to focus on what they do best. According to a Goldman Sachs report, Al’s disruptive potential is
set to reshape the labor market, and generative Al is already approaching levels of performance
nearly indistinguishable from human output. By handling repetitive and time-consuming
activities—from data entry and scheduling to drafting emails—AI frees up valuable cognitive
resources, enabling individuals to engage in more creative, strategic, and high-value work. For
example, research from MIT Sloan demonstrates that generative Al can boost worker productivity
by nearly 40% in controlled experiments, while studies by the Nielsen Norman Group have shown
that Al assistance can increase throughput by up to 66% in practical tasks.

In the future, by assisting people with routine and repetitive tasks, Al could help them focus on
activities where they have comparative advantages, thus improving their productivity. According
to research by economist Daron Acemoglu, the 2024 Nobel Prize in Economics laureate, with the
development of Al, a large number of new jobs will be created through this technological progress.

Recently, a team of economists and computer scientists from Princeton University and New
York University calculated an Al-relatedness score for each job in the U.S. labor market. A higher
Al-relatedness score indicates that Al can be more helpful in that job. Below is a table with three
examples representing high, medium, and low Al-relatedness scores.

Job Al Score Rating Examples of tasks in which AI could be helpful

Telemarketers 1.93 (High) Cold Calling, Scripted Sales Interactions,
Follow-Up Scheduling

Pharmacy Technicians —0.02 (Medium) Prescription Processing, Medication Dispensing,
Drug Interaction Checking

Laborers and Freight, Stock, and Material —1.50 (Low) Most tasks cannot be performed by current Al

Movers

Information about Job Losses Caused by AI Artificial intelligence (Al) is rapidly trans-
forming how individuals work by automating routine tasks—but this transformation is also
accelerating the displacement of human workers. According to a Goldman Sachs report, Al's
disruptive potential could render up to 25% of current work obsolete, potentially affecting as
many as 300 million full-time jobs globally by 2030. By taking over repetitive and time-consuming
activities—from data entry and scheduling to drafting emails—AI not only cuts costs but also
removes the need for human intervention, threatening vast numbers of jobs and eroding workers’
livelihood opportunities. For example, according to the OECD, adoption of Al technologies could
result in approximately 14% of the labor force being displaced, with particularly high vulnerability
in labor-intensive sectors such as services, retail, and logistics. Similarly, McKinsey’s recent
analysis estimates that nearly 12 million US workers in shrinking occupations may be compelled
to transition out of their current roles by 2030 due to generative Al, underscoring a significant
negative impact on job security.

In the future, by replacing humans in tasks that Al can perform at lower costs, Al could lead
to significant unemployment and wage reductions for many people. According to research by
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economist Daron Acemoglu, the 2024 Nobel Prize in Economics laureate, the development of
AI will not reduce economic inequality and is even likely to have a negative impact on the real
earnings of participants in the labor markets.

Recently, a team of economists and computer scientists from Princeton University and New
York University calculated an Al-relatedness score for each job in the U.S. labor market. A higher
Al-relatedness score indicates a greater likelihood that Al will replace the tasks involved in that
job. Below is a table with three examples representing high, medium, and low Al-relatedness
scores.

Job AI Score Rating Examples of tasks that AI could replace

Telemarketers 1.93 (High) Cold Calling, Scripted Sales Interactions,
Follow-Up Scheduling

Pharmacy Technicians —0.02 (Medium) Prescription Processing, Medication Dispensing,
Drug Interaction Checking

Laborers and Freight, Stock, and Material —1.50 (Low) Most of the tasks cannot be performed by current

Movers Al

Irrelevant information about the entertainment industry The entertainment industry has
become a part of everyday life. In recent years, the range of entertainment options has grown,
including traditional forms like theater and music concerts, alongside newer options such as video
games and streaming platforms. These different formats cater to varied preferences among global
audiences. With the advent of digital technology, the industry has rapidly evolved, offering more
interactive and personalized experiences that transcend traditional boundaries. Additionally, the
integration of social media has enabled audiences to engage more directly with their favorite
content, fostering a dynamic community that continuously shapes the way entertainment is
consumed.

A report from cultural studies researchers notes that the entertainment industry continues to
generate substantive profits. In 2024, the film and music sectors drew attention, with Hollywood’s
latest superhero movie, Guardians of Tomorrow, seeing significant box office performances. Mean-
while, international music acts like the South Korean group BTS maintained a presence on global
charts, reflecting ongoing shifts in musical trends.

Cultural festivals and events are also held in various regions, such as Brazil’s Carnival
and Japan’s Anime Expo. These events serve as occasions for people to experience aspects
of different cultures. According to studies, such activities are often seen as opportunities for
cultural engagement and shared experiences, which promote broader empathy among people
with different cultural backgrounds.

A.2 Benchmark task

The first part of the questionnaire asks you to consider a hypothetical scenario and to complete
two multi-step office tasks. These timed tasks require concentration and will take approximately
20 to 25 minutes. Some questions are open-ended and do not have a single correct answer. At the
end of the study, we will raffle five Amazon gift cards, each valued at $20, among respondents
who complete both the tasks and the follow-up survey with high quality. In the first task, we will
provide you with a calculator in the bottom-left corner of your screen.
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This is the hypothetical scenario: You are a senior operations manager at GlobalTech Solutions,
a multinational technology firm that assembles computers in Mexico. Your company is preparing
to launch a new computer brand, scheduled for September 30, 2025. You are working with
logistics partners who ship critical electronic components—especially computer processors—to
your assembly plant.

Recently, you received the following email:

An email message displayed here (following is the email)

Dear Team,

We are writing to inform you about some urgent shipment issues:

Phoenix batch might be delayed 1-2 days due to inspection.

Austin shipment showed only 150 units instead of 1,500.

San José shipment is expected to arrive in 5 days.

We urgently need 1,500 working computer processors to keep production on track.
Best regards,

QuickShip Logistics

In addition, we have provided the Supplier Information Table below, which we believe may
be helpful for your consideration.

Location Capacity (available Failure rate  Transport cost Shipment Price ($/unit)
units) (%) ($/unit) length (days)

Austin, TX 700 1.0 10 2 270

Phienix, AZ 800 2.0 12 3 260

You will have a limited amount of time to answer these questions. In each page, this
hypothetical scenario will be reproduced for your convenience.
[Task 1 question] Which of the three issues do you consider to be most critical for production?
a = Short delay in Phoenix b = Austin missing 1,350 units
¢ = Longer shipping time in San Jose

[Task 2 question] Suppose you order all available units from Austin and Phoenix. How many
functional processors can you expect after accounting for the failure rate? Formula: Expected =
Units x ((100 — Failure Rate) / 100). Example: 800 units at 1.0% Failure Rate — 800 x ((100 —
1)/100) = 792.
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[Task 3 question] Assume you are David, the Operations Manager at GlobalTech Solutions.
Draft a short professional email (no more than 100 words) to QuickShip Logistics requesting an
explanation for the significant delivery shortage (only 150 processor units delivered instead of the
expected 15,000).

Recipient: Ms. Rachel Thornton
Email: rthornton@quickship.com

Remember: Your email should use professional business English, include a subject line, and be
under 100 words

Draft your email below:

A.3 Task questions in Al exposure treatment

Task description The next part of the questionnaire asks you to consider a hypothetical
scenario and requires you to perform four connected tasks. These tasks require concentration,
and will take you anywhere from 20 to 25 minutes. The tasks are open-ended, there are no right
or wrong answers. At the end of our study, we will raffle two prizes worth XX Korus among
respondents that have finished the tasks. (For treatment group: We invite you to use ChatGPT to
address these tasks. Below, we will ask you to see a brief video that shows you how to interact
with ChatGPT and, especially, how to formulate effective prompts for ChatGPT.)

A video is shown here to help participants understand how to effectively prompt Al

Now consider the following hypothetical scenario: You are a senior operations manager at
GlobalTech Solutions, a multinational technology firm that assembles computers in Mexico. Your
company is preparing for the launch of a new computer brand, and you are overseeing the logistics
and supply chain operations. You are working with QuickShip Logistics, an external logistics
partner responsible for shipping critical electronic components — including computer chips —
from multiple suppliers around the world to your assembly plants in Mexico. These shipments
are essential for final assembly before the product launch on April 15, 2025.

[Task 1 prompt] Your boss has just forwarded to you the following email, which is poorly
written and unclear. He is concerned that GlobalTech Solutions will not be able to launch the
product in time, but he does not understand which of the following failures from QuickShip
Logistics is the one that he needs to address. Your first task is to identify this crucial problem:

An email message displayed here (following is the email)

Hey,

Hope ur doing well. Need to bring up some big problems with shipments & delays
that cud rlly mess with our operations if not fixed fast. A few of these are minor
concerns, but one of them is a big issue since you want to build new computers!
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Shanghai Shipment — Supposed to arrive Feb 25, but stuck bcz of new import docs.
No clear date from customs, making it hard to plan production of new cars.

LA Shipment — Early March delivery, but now held for “random inspection” by US
customs. No timeline = big logistics mess. We could end up losing the big contract
with that X-ray company.

Houston Shipment — Jan 28 audit found only 150 computer processors instead of
15000. This is messing up assembly & causing admin headaches. Oops!!

Shenzhen Supplier Delay — Shutdown for maintenance. Was due March 10, but now
won’t confirm til March 9. Not much time to find freezer bags elsewhere.

Other Issues — Bad communication on shipments, handling probs, not enough
updates from ur team, supply chain bottlenecks in all major ports.

We need to talk ASAP to fix this & figure out backup plans. Pls let me know ur
thoughts soon.

[Task 1 question] Which of the issues mentioned in the email is most likely to disrupt the launch
of the new computer brand? [Open-ended answer]

After task has been completed, allow the respondent to advance to the next screen

[Task 2 question] Your boss now understands that the problem is the lack of computer
processors. He provides you with a list of alternative suppliers. For each supplier, you have
access to information on total factory capacity, the failure rate of each processor, the expected cost
of transportation (per unit), the expected delay in receiving a shipment, and the actual price of the
processor (per unit).

Location Capacity (available Failure rate =~ Transport cost Shipment Price ($/unit)
units) (%) ($/unit) length (days)

San José, Costa Rica 5,000 1.2 15 5 250

Shenzhen, China 9,000 2.5 30 12 220

Suzhou, China 8,500 2.0 28 11 230

Austin, Texas 6,000 0.8 10 2 270

Phoenix, Arizona 7,500 1.0 12 3 260

If you ordered the full capacity from all suppliers, calculate the total purchase cost of all
processors, ignoring any transportation costs, and round your result to the nearest whole number.
Please consider the failure rate of this process.

After task has been completed, allow the respondent to advance to the next screen

[Task 3 question] Your boss now asks you to contact QuickShip Logistics directly. He wants you
to draft a professional email that: (i) Explains that you are very concerned about the processor
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shortage (only 150 units delivered instead of 15,000). (ii) Requests an immediate clarification about
how this mistake happened. (iii) Asks QuickShip Logistics to propose a concrete plan to fix the
problem (e.g., reshipping, alternative suppliers, or compensation). (iv) Emphasizes the urgency of
the situation, since the new product launch is scheduled for September 2025.

Recipient: QuickShip Logistics Customer Support
Email: support@quickship.com

Remember: Your email should use professional business English, include a subject line, and be
under 100 words

Draft your email below:
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A.4 Al interface

Figure Al: Al Interface

Question 1

Your boss has just forwarded the following email to you. It is poorly written and lacks clarity. He is concerned
that GlobalTech Solutions may not be able to launch the product on time, but he does not know which of the

followina failures from QuickShip Logistics is the one that requires immediate attention. Your first task is to

Al Assistant ®

srucial problem:

Hello! I'm your Al assistant, e ur doing well. Need to bring up some big problems with shipments & delays that cud rlly

powered by OpenAl's GPT-5. Ive s with our operations if not fixed fast. A few of these are minor concerns, but one of them is a
gone through today's materials— ssue since you want to build new computers!

please don't worry about copying
the questions again. How can | be
of assistance?

12:03 AM

nghai Shipment — Supposed to arrive Jul 25, but stuck bcz of new import docs. No clear
from customs, making it hard to plan production of new cars.

shipment — Early August delivery, but now held for "random inspection" by US customs. No
line = big logistics mess. We could end up losing the big contract with that X-ray company.
ston Shipment — Jun 28 audit found only 150 computer processors instead of 15000. This is
sing up assembly and causing admin headaches. Oops!!

nzhen Supplier Delay — Shutdown for maintenance. Was due August 10, but now won't

irm til August 9. Not much time to find freezer bags elsewhere.
FEEE SlUelagli8 »r |ssues — Bad communication on shipments, handling probs, not enough updates from ur
wwiN, supply chain bottlenecks in all major ports.

We need to talk ASAP to fix this and figure out backup plans. Pls let me know ur thoughts soon.

Which issue mentioned in the email is most likely to disrupt the launch of the new computer brand?

close assistant

For the convenience of our respondents in the treatment group, we incorporate the AI ChatBot
with access to the GPT-5 model, as Figure A1 shows,?! in our survey platform.

ZThe actual interface will be in Portuguese or Spanish.
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A.5 Calculator and task assistant interface (control group)

Figure A2: Calculator and Task Assistant (Control Group)

Question 1

Your boss has just forwarded the following email to you. It is poorly written and lacks clarity. He is concerned
that GlobalTech Solutions may not be able to launch the product on time, but he does not know which of the
following failures from QuickShip Logistics is the one that requires immediate attention. Your first task is to

Task Hints E

Welcome! This is a Task Hints.
Enter a keyword to get the s with our operations if not fixed fast. A few of these are minor concerns, but one of them is a

srucial problem:

e ur doing well. Need to bring up some big problems with shipments & delays that cud rlly

corresponding task hint: questionl, ssue since you want to build new computers!
question2, question3.

Type help to see all available
keywords and rules; you can enter

multiple keywords at once (e.g.
questionl, question3). shipment — Early August delivery, but now held for “random inspection” by US customs. No

nghai Shipment — Supposed to arrive Jul 25, but stuck bcz of new import docs. No clear

from customs, making it hard to plan production of new cars.

11:51 PM line = big logistics mess. We could end up losing the big contract with that X-ray company.
ston Shipment — Jun 28 audit found only 150 computer processors instead of 15000. This is
sing up assembly and causing admin headaches. Oops!!
nzhen Supplier Delay — Shutdown for maintenance. Was due August 10, but now won't

irm til August 9. Not much time to find freezer bags elsewhere.

2r Issues — Bad communication on shipments, handling probs, not enough updates from ur
Enter here Submit

1, supply chain bottlenecks in all major ports.

We need to talk ASAP to fix this and figure out backup plans. Pls let me know ur thoughts soon.

[olloLXeE N e [asidlEsue mentioned in the email is most likely to disrupt the launch of the new computer brand?

Calculator

To mitigate potential engagement effects in our experiment, we offer participants access to a
calculator and a chatbot called “Task Hints”: tools designed to support task completion by
providing basic utilities and guidance. While these features offer helpful hints, the rule-based
chatbot cannot provide direct solutions to the task questions and will respond only when
participants type the correct keywords. Participants using these tools are still required to perform
fundamental calculations, conduct statistical analyses, and engage in reading and summarization
to arrive at the correct task solutions.

A.6 Additional information provision experiment

Experiment I: Information-Only Treatment We perform an ancillary experiment on 3,000
individuals designed to assess whether exposure to information about Al, without any task
interactions, can alter perceptions and, in turn, shift policy preferences. Although analyzing the
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effects of different types of information is not the primary focus of our study — rather, we see the
information-framing intervention as an opportunity to test the perceptual mechanisms that we
believe mediate the relation between GenAl interaction and policy preferences — this sub-sample
serves as a useful benchmark for Experiment TI. Participants are randomly assigned to one of three
conditions: the control sample (30%, approximately 900 individuals), which receives information
unrelated to AI; a sample (35%, approximately 1,050 individuals) that receives information
about GenAl’s potential job displacement effects; and another sample (35%, approximately 1,050
individuals) that receives information about GenAl’s potential productivity gains.
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Online Appendix
Please click on the following link to see the full survey:

https://drive.google.com/file/d/1XVJIJJawXLtRO5QIRYtrp_mfHlcuZeqmY/view?
usp=sharing
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