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Abstract

Does providing information about the costs and benefits of automa-
tion affect support for automation and for different policies in response?
To answer this question, we use a combination of survey and conjoint ex-
periments across four advanced economies (Australia, Canada, the UK,
and the US). Our results show that despite people’s relatively fixed policy
preferences, their evaluation of automation—and therefore potentially the
issue’s political salience—is sensitive to information about its trade-offs,
especially to price changes. This suggests that automation may have dif-
ferent political consequences depending on how it is framed by the media
and political actors.

1 Introduction

Modern economies are experiencing major changes, including labour disloca-

tion, as a result of a new wave of automation and artificial intelligence (AI).

While automation is likely to lead to aggregate efficiency gains, it also has dis-

tributional consequences, as some workers will lose their jobs while others will

get new jobs (Aghion et al., 2020, 2021; Autor & Dorn, 2013; Autor et al.,

2003; Bessen, 2019). As a result of the heterogeneity of these labour market

disruptions, there is also a growing literature on the political consequences of
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automation and AI (Anelli et al., 2019; Di Tella & Rodrik, 2020; Frey & Os-

borne, 2017; Gallego et al., 2022; Im et al., 2019). Much of the literature finds

that workplace automation matters for voting behavior (Anelli et al., 2019; Im

et al., 2019; Kurer, 2020), with losers of technological change more likely to vote

against the political establishment (whether they lean left or right depends on

how they understand technological threat (Borwein et al., 2022)). However, the

literature provides more mixed findings on whether exposure to automation-

related risk influences the policy preferences of workers: automation risk is not

always related to preferences for more redistribution or for policies protecting

jobs (Gallego & Kurer, 2022).

Much of the existing literature draws upon standard political economy mod-

els, according to which labour market risks affect economic interest, which in

turn affects political preferences and voting behavior. But are people aware

of the trade-offs of automation for labor markets, economic growth, and the

prices of goods and services? If so, how do they evaluate these trade-offs? This

is particularly important because economic shocks have different political con-

sequences depending on how they are perceived by voters and interpreted by

political actors.

There are reasons to believe that voters may not be aware of the poten-

tial effects of automation. First, although technological change has been the

largest determinant of job polarization1, modern political parties have not con-

sistently or widely mobilized voters against technological change; instead they

have turned to simpler explanations for recent structural changes in labour

markets, like trade and immigration, that tend to fuel out-group resentments

(Gallego & Kurer, 2022; Mutz, 2021; Wu, 2021). At the same time, despite the

evident economic benefits stemming from technological change, automation is

generally discussed in a negative light by the media as well as by the scholarly

literature, as it is more often framed as being associated with job loss rather

than job creation (Anelli et al., 2019; Frey & Osborne, 2017; Im et al., 2019).

1By job polarization we mean the relative growth of employment in high-skill jobs and
low-skill jobs amid the concurrent decline in middle-skill jobs (Autor & Dorn, 2013; Goos
et al., 2014)
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Existing experimental research on automation similarly relies on treatments that

only communicate the costs of technological change, for instance, stressing the

number of jobs that may be lost (Di Tella & Rodrik, 2020; Jeffrey, 2021; Jeffrey

& Matakos, 2021; Mutz, 2021; Werfel et al., 2022), or that communicate trade-

offs only in vague terms, without providing any hypothetical numbers (Gallego

et al., 2021).

In this paper, we examine opinion towards automation more broadly. In par-

ticular, we ask: does providing information about the trade-offs of automation

affect support for automation and for different policies in response? In our treat-

ments, we provide information not only about potential job and wage losses, but

also about potential job and wage gains, and more importantly, potential price

changes as a result of new technology.

We use a combination of survey and conjoint experiments across four ad-

vanced, liberal market economies (Australia, Canada, the UK, and the US),

with a total sample of about 8,000 individuals, to answer these questions. Each

respondent is randomized into either a costs-only news article treatment, a

generic trade-off information treatment, or a specific trade-off information con-

joint treatment. In the news article treatment individuals read about only the

costs of automation, i.e., the job and wage losses, but are not given information

about the benefits. Individuals in the generic trade-off information group read

about a firm introducing a new computer-based productivity improving tech-

nology and that this will lead to some jobs gains, some job losses, and possibly

lower prices, but are not given any exact numbers. In the specific trade-off

information conjoint treatment each individual sees a combination of four ran-

dom tables, each with varying quantified costs and benefits of automation (in

terms of final products’ price changes and changes in the number of employed

workers and their wages). Finally, after the respective vignettes, individuals in

all groups are asked how much they support the decision to automate, and what

kind of policies in response to automation they favor governments taking.

Our analysis proceeds in three steps. First, we analyze results from a

between-subjects experiment with three groups: the news article treatment,
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the generic information treatment, and the specific information conjoint (for

the latter we take the average of each respondent’s four answers to the four

tables they see on trade-offs). We hence examine respondents’ attitudes toward

automation (whether they think it is fair for the firm to automate, and whether

they would make the same decision if they were the CEO of the company in

question), and toward policy responses to it (social spending, a basic income, job

guarantee, unskilled immigration restrictions, skilled immigration restrictions,

trade restrictions, retraining workers, and taxing automation).

Second, we use conjoint analysis to analyze respondents’ attitudes toward

different automation scenarios. This tells us what attributes (type of product,

number of high skilled workers, number of low skilled workers, wages of high

skilled workers, wages of low skilled workers, price change of product) causally

increase or decrease support for automation on average when varied indepen-

dently of the other attributes included in the design. Furthermore, within the

conjoint experiment, we measure whether individuals understand the numbers

they see. We hence build a measure of knowledge and examine whether peo-

ple who correctly computed the costs and benefits of the new innovation have

different attitudes towards automation.

We find that relative to the costs-only news information treatment, people

in the generic information group, who read about the trade-offs of automation

in vague terms, display significantly more positive views of automation. Re-

spondents in the specific information group, who see exact numbers of winners

and losers across different scenarios, on average also show more positive views

of automation than people in the costs-only news condition2, but this increase

is not as large as for people in the generic information group. This suggests

that people in the generic information treatment group, absent specific details

about winners and losers, may be envisioning a scenario in which the net gains

of automation are larger relative to the average conjoint scenario.

When looking at support for different policies in response to automation,

2This is true of fairness, but not of whether they would do the same thing if they were
CEO. For the latter the effects of the specific information conjoint treatment and the news
treatment are not significantly different from each other.
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however, there are no discernible differences across the three treatment groups,

suggesting that policy preferences are relatively sticky. Overall, individuals in all

three groups favor retraining individuals affected by automation more than any

other policy option. The least popular policy responses are restricting skilled

immigration and trade.

Finally, our conjoint experiments presented subjects with information on job

numbers and wage losses or gains across high and low-skilled employees, as well

as price changes. Our results show that respondents are most sensitive to price

changes. When prices decrease by 20% to 50% as a result of the new technology,

respondents are much more likely to think automation is fair and that they

would make the same decision if they were the CEO than when there is no price

change. In a similar way, when fewer (more) workers’ jobs are lost (gained),

they are more supportive of automation than when more (fewer) workers’ jobs

are lost (gained). They are also sensitive to varying declines in the wages of

workers losing out from automation, but not to increases in the wages of workers

winning from automation. Respondents do not appear to be sensitive to the type

of firm or product in question, whether an auto company producing cars, an

aviation firm producing planes, an electronics company making smartphones,

or a pharmaceutical company producing vaccines.

Our findings have several implications. First, relative to a media message

that only emphasizes the costs of automation, information on its trade-offs can

increase support for automation significantly. This is especially true of generic

information; more specific information leads to lower increases in support for

automation than vague information on average, but these estimates vary con-

siderably based on the relative gains and losses from automation, as highlighted

by our conjoint analysis. Furthermore, people’s policy preferences are relatively

stable—none of the information treatments shift respondents’ preferences over

policy responses, as they are consistently more supportive of retraining workers

relative to other policy options. Finally, no previous experimental study factors

in potential price changes among the potential benefits or costs of automation.

We find that this is the feature to which respondents are by far most sensi-
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tive. While respondents also react to changes in the number of workers and

less so to changes in wages, when prices decrease by 20% or 50% they are much

more likely to support automation. In the latter scenario, the point estimate

is approximately indistinguishable from that of the generic information group.

These findings suggest that the political consequences of automation may differ

based on how and if political actors decide to politicize the issue and on the

information they provide to voters.

2 The Political Economy of Automation

Labour markets may be profoundly reshaped by technological change, in partic-

ular by automation and artificial intelligence. While many argue that these de-

velopments will produce mass unemployment as new technologies replace labour,

others stress how both historical and more recent evidence suggest that these

fears are unwarranted. The big technological revolutions that have produced

the largest increases in growth and prosperity—the steam engine in the early

1800s and electricity in the 1920s—did not produce the mass unemployment

that was anticipated by some (Aghion et al., 2021). The literature has evolved

from a more negative view of automation, seen as primarily destroying jobs, to

a more positive view of automation as productivity enhancing (Aghion et al.,

2020, 2021; Bessen, 2019). This latter approach emphasizes the direct produc-

tivity effect of automation: firms that automate become more productive, which

allows them to lower their quality-adjusted prices, and in turn to increase de-

mand for their products. The resulting effect is an increase in employment by

these firms.

Separate from the debate about the aggregate effects of automation on em-

ployment, there is also a debate on its distributional consequences. In partic-

ular, recent works show that job losses have been concentrated in occupations

that feature routine tasks, as opposed to those requiring human interaction and

higher education, which are least at risk (Autor & Dorn, 2013; Autor et al.,

2003). Some studies find evidence of a reallocation of workers between oc-
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cupations (Humlum, 2019), with labour demand shifting from low-skilled to

high-skilled workers. Kurer and Gallego (2019) focus on the aggregate decline

in routine work as a result of technological change and find that many routine

workers manage to keep their jobs until early retirement, and that the decline

is mostly driven by higher exit rates and lower entry rates rather than layoffs.

Although the job risk estimates vary, experts agree that automation and AI will

continue to transform the nature of work (Autor et al., 2020). Some workers

will lose their jobs to automation, others will get new jobs, and many will need

to acquire new skills to transition across occupations.

As a result of the heterogeneity of these labour market disruptions, there is

also a growing literature on the political consequences of technological change.

A still relatively small literature investigates the effects of technological change

on vote choice, and an even more limited literature looks at citizens’ preferred

policies to address technological change. Recent findings suggest that higher

subjective and/or objective risk of job loss from automation is related to both

left and populist right voting (Anelli et al., 2019; Borwein et al., 2022; Frey et

al., 2018; Im et al., 2019). This literature mostly focuses on left-behind voters,

while neglecting the large majority of workers who benefit from innovation. One

exception is Gallego et al. (2022), whose study of the active labour force in the

UK between 1997 and 2017 provides evidence that technological adoption was

economically beneficial for workers with middle and high levels of education

but produced small negative effects for low education workers. Furthermore,

growth in automation increased support for the incumbent party and voter

turnout among those who benefited from technological change.

The growing literature on automation and policy preferences has been influ-

enced by the existing scholarship on the labour market effects of other structural

changes, such as trade or immigration. Much of this literature draws upon

political economy theories. The expectation is that workers more negatively

affected by technological change should be more likely to oppose automation

and to favor compensatory redistributive or protectionist measures. However,

while it has been established that technological change is the most important
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structural driver of job polarization—and possibly income inequality—in recent

years, economic losers do not appear to directly or explicitly blame technolog-

ical change for their relative decline in economic well-being (Gallego & Kurer,

2022). Specifically, the literature on automation and political preferences has

investigated if automation risk impacts preferences for redistribution and other

economic attitudes, including support for more spending on active labour mar-

ket policies, and the evidence is so far mixed (Busemeyer et al., 2022; Busemeyer

& Sahm, 2021; Dermont & Weisstanner, 2020; Guarascio & Sacchi, 2021; Im,

2021; Jeffrey, 2021; Sacchi et al., 2020; Thewissen & Rueda, 2019). These mixed

findings are possibly due to the fact that different studies use different measures

and model specifications, but may also vary due to context or different political

discourse. Alternatively, it is possible that workers at greater risk of automa-

tion are more likely to misattribute their relative decline in economic well-being

to trade and immigration (Wu, 2021), which in turn, may lead to their in-

creased support for reactionary policy responses, such as restricting trade or

immigration, rather than less distortionary policies, such as retraining workers

or providing unemployment insurance for displaced workers (Jaimovich et al.,

2020). In particular, policies directly related to technological change are rarely

discussed by political parties (Rodrik, 2018). While populist parties campaign

against trade and immigration, we do not see the same trend against technology

or automation. Hence, it is plausible that discontent caused by technological

change may manifest itself in the political arena through debate on other issues,

such as trade and immigration, which offer clear out-groups to mobilize against

and more straightforward policies to counteract them.

Overall, individuals may not be able to distinguish the role of technological

change from other structural changes in affecting their economic well-being or

understand the trade-offs involved with automation, and as a result they may

be uncertain about how they feel about automation or which policies are more

likely to favor in response to it. Our main contribution is to answer a series of

key questions: Does providing information about the trade-offs of automation

affect support for automation and for different policies in response to it? How
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do people view automation in the absence of detailed information on its effects?

When information is indeed provided, how do people weigh the different trade-

offs? Under what conditions are they more or less likely to favor automation

and to support retraining workers or providing unemployment insurance for

displaced workers as opposed to protectionism?

3 Theoretical Expectations

The existing literature on automation and similar structural labour market

changes enables us to make some broad predictions about the results of our

experiments.3 We summarize these below before turning to our data and meth-

ods.

First, we know that automation tends to be portrayed in a negative light by

the media as well as by the scholarly literature, as it is more often associated

with job loss than job creation (Anelli et al., 2019; Frey & Osborne, 2017; Im

et al., 2019). A case in point is the prediction by Frey and Osborne (2017) that

47% of current jobs could be lost to automation in the next 20 years, which has

attracted significant scholarly and media interest (Gallego et al., 2021). Based

on this, we expect that a news article treatment highlighting only the costs of

automation would be consistent with the kind of information people are rou-

tinely exposed to in the media. Relative to such costs-only accounts, we expect

that treatments consisting of generic or specific information about the trade-

offs of automation—highlighting both its costs and benefits—would lead to more

positive views on automation. Specifically, we expect the increase in support

for automation to be larger among people who receive more specific, as opposed

to more generic, information about the trade-offs of technological change. The

rationale behind this expectation is that people assigned to the generic infor-

mation trade-off condition, who are not shown any numerical estimates of costs

and benefits, will likely overestimate the relative costs of automation. This

3We registered our pre-analysis plan on OSF (Magistro et al., 2022). We have diverted
somewhat from our PAP where we felt that doing so would make the presentation of the data
clearer—we changed the framing but not the predictions.
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would result in a smaller increase in support for automation compared to the

increase predicted for the specific information group. We expect that a specific

information treatment group that sees the specific costs and benefits of innova-

tion would get a more accurate picture and hence have more positive views of

automation, as they update their priors.

The literature about labour market risks suggests that in response to higher

risk of unemployment or income loss, people are more likely to support redis-

tributive policies (Iversen & Soskice, 2001; Thewissen & Rueda, 2019). However,

Colantone and Stanig (2018) note that when it comes to trade, protectionist

policies are often favored over compensatory ones, as they allow workers to pre-

serve their jobs, although at a much larger cost to society. When it comes to

technology, workers may favor policies that attempt to prevent or disincentivize

the adoption of new technologies (Abbott & Bogenschneider, 2018; Dauth et

al., 2021). Which of these policies in response to automation are people more

likely to support? We expect that this may depend on the information they

see, i.e., which combination of costs and benefits the new technology would

give rise to. In response to job losses due to automation, people exposed to

quantified costs and benefits should be more likely to support policies involving

active labour market interventions (such as re-training) and redistributive so-

cial spending (such as a basic income or unemployment insurance), rather than

policies that protect jobs or inhibit automation (such as halting automation,

taxing it, or restricting trade or immigration) compared to individuals in the

generic information group and to those exposed to the news article treatment

(the latter group should be the most supportive of protectionist policies). The

rationale is that in scenarios in which the costs of automation are more salient

than its benefits, people may display more protectionist attitudes in an effort to

directly save jobs rather than compensatory or redistributive views that offset

job loss instead of preventing it.

Second, we also analyze respondents’ attitudes towards automation using

conjoint analysis. We investigate which attributes, on average, causally increase

or decrease support for automation when varied independently of the other at-
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tributes included in the design. The attributes we vary include type of product

manufactured by the company, number of high skilled jobs gained, number of

low skilled jobs lost, changes in the wages of high skilled workers, changes in the

wages of low skilled workers, and the estimated price change of products man-

ufactured by the focal company. We are agnostic as to which of the attributes

may matter most, but we expect respondents to respond rationally to changes

within attributes: for example, as prices decrease as a result of technological

innovation, respondents should become more supportive of automation, all else

equal. In line with prospect theory (Kahnemann & Tversky, 1979), it is also

possible that job and wage losses may be weighted more heavily than job and

wage gains. These effects are likely to vary by respondents’ economic literacy,

which we measure in the specific information conjoint treatment group by asking

respondents to compute the costs and benefits of the new innovation. Magistro

(2022) finds that people who correctly compute the costs and benefits of a policy

are more likely to support or oppose the policy in question. Similarly, we expect

that people who display higher economic literacy should be more responsive to

changes in the attributes, since they should have a better understanding of the

trade-offs involved.

4 Research design

What happens after a firm introduces a new computer-based productivity im-

proving technology? Theoretically, we can think of a few different scenarios,

which we use to motivate our experimental treatments.

First, assuming we initially have a perfectly competitive market for the main

good being produced by the firm in question, a new computer-based technol-

ogy will make the firm more productive, shifting the supply curve out, which

in turn will drive prices down for consumers. Provided that demand is elas-

tic enough to prices, then product demand will increase, which will result in

net job growth.4 However, the expectation is that low-skilled and high-skilled

4We are describing process (i.e., reducing marginal costs) rather than product (i.e., in-
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workers in the firm will be affected heterogeneously by a new computer-based

productivity-improving technology. In this scenario, where demand is elastic

enough to prices, after automation, a majority of high-skilled workers will bene-

fit. These include workers performing certain technical skills, required to deploy,

operate and maintain the new digital technologies, such as AI, big data, and

machine learning specialists. However, a minority of low-skilled workers will

lose their jobs, as automation will reduce the demand for jobs with more repet-

itive tasks that can be easily automated, such as assembly and factory workers

(Centre for the New Economy and Society, 2018). In this hypothetical scenario,

the gains for consumers, producers, and for high-skilled workers would be sub-

stantial enough that it would be more efficient to compensate the low-skilled

workers through retraining programs, unemployment insurance, or other policy

options, than to stop innovation altogether.

What if demand is inelastic? In this scenario, as prices go down as a result

of new innovative technologies, demand does not increase enough to result in

net job growth. Again, we could consider heterogeneous effects, where only a

minority of high-skilled workers benefit, while a majority of low-skilled workers

lose their jobs.

If we relax the assumption that the market is perfectly competitive, we could

also envision a scenario in which the firm chooses not to decrease prices as a

result of the innovation. Alternatively, even in a perfectly competitive market,

there could be a scenario where prices are sticky in the short-run and hence

they may not decrease right away.

Analyzing these different scenarios, we can envision different outcomes for

high-skilled and low-skilled workers. We use a simplified version of the ex-

amples outlined here to build our survey experiment, varying the information

troducing a new product) innovation. The former shifts the supply curve out and leads to
lower prices, gains in consumer welfare, and depending on the elasticity of demand, it can
lead to jobs gains or losses. The latter could possibly lead to even larger gains for consumers
if the demand curve is shifted out drastically enough, as quality-adjusted prices may decrease
even more than production costs and consumer surplus may be significantly larger. Product
innovation is historically responsible for larger increases in consumer welfare than process in-
novation (Menaldo, Forthcoming), hence our example and related treatments likely provide a
lower bound on the benefits of automation and innovation.
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treatments to see how people react.

4.1 Survey experiment

To assess the role of cost-benefit information on attitudes toward automation

and policies in response to it, we fielded an online survey experiment in Aus-

tralia, Canada, the UK, and the US using the survey-sample provider Cint.5

We chose four relatively similar countries, which share the same language, are

essentially liberal market economies, have similar historical origins, and form

the group of countries in a more advanced stage of de-routinization6 that have

adopted technology more intensively (De La Rica & Gortazar, 2016). We re-

cruited respondents over 18 years old (we undersampled older individuals over

65 since we wanted a sample representative of working age individuals) and we

applied quotas for age, gender, and region. Excluding respondents with ques-

tionable IP addresses, duplicate IDs, and very fast completion times (below the

second percentile), a total of 8,033 respondents were surveyed: 1,955 in Aus-

tralia, 1,972 in Canada, 2,031 in the UK and 1,966 in the US, with a median

completion time of 15 minutes. In order to be able to conduct conjoint analysis

we assigned 2/3 of respondents to the specific information conjoint treatment

group, 1/6 to the news treatment group, and 1/6 to the generic information

group. We estimate all models using ordinary least squares and pooling all

four countries7. We also conduct analyses examining countries separately, but

since with a few exceptions, respondents in different countries do not display

different attitudes towards automation or demand different policies in response

to job loss when presented with the same type of information, we only report

country-by-country analyses in the Appendix. The following sections describe

each treatment condition in detail.

5Fielding occurred between March 11 and 28, 2022. For more information on the survey-
sample provider see https://www.cint.com/

6By de-routinization we mean the displacement of labour from routine tasks and hence
greater reallocation of low-skill workers from routine task-intensive occupations to service
occupations.

7We also run the same models removing respondents who failed an easy attention check
and the results do not change. In the attention check question we simply ask respondents to
select “Somehow disagree” among the response categories.
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News article treatment group

In the news article treatment vignette, individuals read about the costs of

automation—with reference to job and wage losses—but were not given in-

formation about the benefits:

Assembly and factory jobs are at risk at a manufacturing firm in

[Australia, Canada, the UK, the US], as management has decided to

introduce a new computer-based productivity improving technology,

which would lower production costs significantly. We interviewed an

employee there for 20 years, who said that the technology shock will

be devastating: “Up to 150 people will become unemployed and the

rest would have to accept lower wages” he added.

After viewing the vignette, respondents were asked how much they agreed

or disagreed with the following statements (from Borwein et al. (2021)), using

a five-point scale from strongly agree to strongly disagree (with a sixth “don’t

know” option):

• The company’s decision to introduce the new technology is fair.

• If you were the CEO of the company you would make the same decision

to introduce the new technology.

Subsequently, they were asked how much they agreed or disagreed with each

of the following government policies (from Borwein et al. (2021)), again on a

five-point scale with a “don’t know” option:

• Expand social spending to support laid-off workers, and workers in similar

positions.

• Implement a basic income that gives every adult a set amount of money

from government on a regular basis.

• Pay to retain displaced workers and guarantee them jobs.
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• Reduce the number of unskilled immigrants entering the country for work.

• Reduce the number of skilled immigrants entering the country for work.

• Restrict international competition by increasing trade barriers on goods

and services to [Australia, Canada, the UK, the US].

• Fund programs to re-skill workers for new jobs.

• Directly tax companies that replace workers with machines and robots.

Generic trade-offs information group

Individuals in the generic information vignette were exposed to information

about a new innovation which involves trade-offs, but were not given any precise

estimates of the innovation’s costs and benefits:

“A manufacturing firm in [Australia, Canada, the UK, the US] de-

cides to introduce a new computer-based productivity improving

technology. As a result of this innovation, production costs will

decrease, and the price of the company’s final products could also

decrease. Furthermore, while some jobs will be gained, others will

be lost.”

After viewing the vignette, respondents were asked the same questions as in

the news article condition about their attitudes toward the automation decision

and toward different policy responses to it.

Specific trade-offs information conjoint treatment group

Individuals in the conjoint group first saw a pre-treatment prompt:

A manufacturing firm in [Australia, Canada, the UK, the US] decides

to introduce a new computer-based productivity improving technol-

ogy. As a result of this innovation, production costs will decrease,

and the price of the company’s final products could also decrease.
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This innovation could create new high-skilled jobs. These highly de-

manded high-skilled workers include those performing certain tech-

nical skills, required to deploy, operate and maintain the new digital

technologies, specifically, AI, big data, and machine learning spe-

cialists. However, some low-skilled workers, specifically assembly

and factory workers, who perform jobs with more repetitive tasks

that can be easily automated, will lose their jobs to new machines

and technologies. Furthermore, the remaining low-skilled workers

will also see a cut in their yearly pay. The following tables show

different possible scenarios.

Then, each individual saw a sequence of four tables (see table 1 for an exam-

ple), each with varying estimates of the costs and benefits of automation8910.

After the first table respondents were asked the following multiple-choice

questions to determine whether they understood the effects of the innovation:

• How much cheaper does the main product become after the innovation?

8For simplicity, we keep one job per type (one high-skilled—AI, big data, and machine
learning specialists—and one low-skilled: factory and assembly workers). We do not include
a scenario where low-skilled workers actually benefit. Theoretically, this could exist (we could
think of non-routine manual workers), but if we did allow for the possibility that low-skilled
workers gain and high-skilled lose, this would require different examples and types of jobs
(since it would not make sense in the scenario of a computer-based productivity improving
innovation). That possibility would introduce more complexity and a much higher number of
scenarios, which would raise power concerns. Finally, while we allow for price change to be 0
and for the change in the number of high-skilled workers to be 0, we do not allow the change
in the number of low-skilled workers to be 0 since it would imply a decision with no trade-offs.

9We adjust the wages based on the average wage for the occupation in question for each
country according to the source talent.com. The wages shown in the table apply to the US
and Canada. In the Australian case, the average wage for assembly workers is AUS$50,000
(and the two scenarios after innovation are as a result, AUS$30,000 or AUS$40,000), while
the average wage for data scientists is around AUS$100,000; in the UK we adjust wages for
both occupations. The average wage for data scientists is £60,000 (and the two scenarios after
innovation are as a result, £75,000 or £90,000), while for assembly workers the average wage
is £20,000 (and the two scenarios after innovation are as a result, £13,000 or £17,000).

10For simplicity we keep the same prices across all four countries, while only changing
the currencies. We believe the potential price changes as a result of innovation (up to 50%
lower prices) are realistic. For instance, Ford’s revolutionary assembly line allowed him to
dramatically reduce the price of his cars. The first Model T in 1908 cost $850, half the price
of existing automobiles. In 1914, its price dropped to $440, and by 1924 it was down to $240.
More recently, technology has contributed to making a series of products increasingly cheaper.
Computers today are about one-1,100th of their price 35 years ago. The biggest plunge took
place in the 1980s, but even more recently, between 2014 and 2015, the price went down by
10%. The same is true of televisions, cellphones, and cameras (Ito, 2015; Rosoff, 2015).
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Table 1: Table showing the effects of the introduction of a productivity-
improving innovation. Square brackets contain the pre-specified set of possible
values of attributes. Words in italics do not appear in the conjoint experiment,
and are included here for clarity.

Before Innovation After Innovation

Firm

[Electronics;
Aviation;
Auto;
Pharmaceutical]

[Electronics;
Aviation;
Auto;
Pharmaceutical]

Price of [Smartphone; Plane; Car; Vaccine]:

Smartphone: $600;
Plane: $100M;
Car: $25,000;
Vaccine: $25

Smartphone: [$600; $480; $300];
Plane: [$100M; $80M; $50M];
Car: [$25,000; $20,000; $12,500];
Vaccine: [$25; $20; $12.50]

Number of High Skilled Workers 200 [200, 250, 350]
Wage of High Skilled Workers $100,000 [$125,000; $150,000]
Number of Low Skilled Workers 200 [150, 50]
Wage of Low Skilled Workers $30,000 [$20,000; $25,000]

[correct options are either 0%, 20% or 50%.]

• What is the total number of workers before the innovation? And after?

After viewing each table, respondents were asked how much they agreed or

disagreed with the following statements, using a five-point scale from strongly

agree to strongly disagree (with a sixth “don’t know” option):

• The company’s decision to introduce the new technology is fair.

• If you were the CEO of the company you would make the same decision

to introduce the new technology.

After the last table in the conjoint, respondents were asked how much they

agreed or disagreed with each of the policies listed above under the news article

treatment section. This is meant to capture the aggregate effect of the spe-

cific information treatment, since we do not ask the policy questions after each

conjoint table.

4.2 Other measures

Aside from a battery of socio-demographic questions (gender, state of residence

and postal code, education, income, marital status, employment status, citizen-

ship and race, socioeconomic status, and political identification) the survey also
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includes a series of questions aimed to measure objective and subjective knowl-

edge of automation. We are able to build an index of objective knowledge for

individuals in the specific information conjoint treatment group. As mentioned

earlier, after the first table, respondents in the conjoint were asked two questions

to measure whether they understood the effects of innovation. The resulting in-

dex ranges from 0 to 2, to reflect the number of correct answers. Since these

questions may be measuring attention rather than actual knowledge, we also

validate our findings with an alternative variable that measures self-reported

subjective knowledge of automation, which may make a respondent more likely

to know that automation entails both costs and benefits and in turn may make

them more sensitive to changes in these numbers. Individuals were asked:

• “How much would you say you understand automation” [I know nothing

about it; I have heard the concept, but I don’t understand it well; I am

familiar with the concept; I have a basic understanding; I have a good

understanding; I am an expert]

The answers are recoded into three categories:

• “Low knowledge”[I know nothing about it; I have heard the concept, but

I don’t understand it well];

• “Medium knowledge”[I am familiar with the concept; I have a basic un-

derstanding];

• “High knowledge”[I have a good understanding; I am an expert].

5 Results

5.1 Attitudes towards automation

The between-group analyses for the dependent variables fairness and CEO are

shown in figures 1 and 2.11 Figure 1 shows that people in both the generic

11See table A1 in the Appendix for tabular results.
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and specific trade-offs information treatment groups are more likely to think

automation is fair than people in the news treatment group, who only see the

costs of automation. On a scale from 1 (Strongly Disagree) to 5 (Strongly Agree)

the predicted value of support for automation is 3.23 [95% CI: 3.17, 3.29] for

people in the news information group, 3.68 [95% CI: 3.63, 3.73] for people in

the generic information group, and 3.37 [95% CI: 3.35, 3.40] for people in the

specific information conjoint group.

News

Specific Information

Generic Information

1 2 3 4 5
Agree (1 − Strongly disagree to 5 − Strongly agree)

DV: The company's decision to introduce the new technology is fair

Figure 1: Coefficients from OLS regression on fairness with 95% confidence
intervals.

Contrary to what we expected, people in the generic information treatment

group, who only see vague information about the trade-offs of automation, have

more favorable views of automation than individuals in the specific informa-

tion group, who see precise numbers of winners and losers. This suggests that

when we do not provide the exact numbers, respondents may imagine a more

positive impact of automation than the average scenario in the specific infor-

mation conjoint treatment group. To contextualize this, on average across the
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News

Specific Information

Generic Information

1 2 3 4 5
Agree (1 − Strongly disagree to 5 − Strongly agree)

DV: If you were CEO you'd make same choice

Figure 2: Coefficients from OLS regression on CEO with 95% confidence inter-
vals.

four random tables in the conjoint treatment group, people saw: a fall in prices

of about 21%, an increase of 67 high skilled workers (from 200), and a decrease

of 100 low skilled workers (from 200), for a net loss of 33 workers. The average

wage for high skilled workers after the innovation was $138,000 (from $100,000),

an increase of 38%, and for low skilled workers it was $22,500 (from $30,000),

a decrease of 25%. The average scenario in the specific information conjoint

treatment may show greater costs or lower benefits than people would have ex-

pected in the vague trade-off treatment, thereby yielding lower average support

for automation when compared to the latter condition.

Figure 2 tells a similar story for the dependent variable asking individuals

whether they would have made a similar decision to automate if they were the

CEO of the hypothetical company. However in this case the effects of the specific

information conjoint treatment and of the news treatment are not significantly

different from each other.
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5.2 Support for policies addressing job loss from automa-

tion

Next, we turn to the effects of the three treatments on support for different pol-

icy responses to automation. We hypothesized that in response to automation-

driven job losses, people in the specific information conjoint condition would

be more likely to support redistributive policies than policies protecting jobs,

compared to the other groups. We expected individuals in the costs-only news

condition to be more supportive of policies protecting jobs than those involv-

ing labour market interventions, compared to individuals in the other groups.

Figure 3 shows that this is not the case, as there appear to be no differences in

support for different policies across the treatment groups. Overall, the favored

policy response across all groups is retraining workers, which is also the most

efficient of these policies, according to the literature.12 Conversely, the poli-

cies with the lowest support across all three groups are those restricting skilled

migration and imposing trade restrictions.

Consistent with these results, the between-group regression analyses of sup-

port for the eight individual policy responses show no effect of the generic and

specific information treatments relative to the news article condition (see fig-

ures A1 to A8 and table A2 in the Appendix for tabular results). This suggests

that regardless of the varying costs and benefits of automation, preferences for

different policies are relatively sticky.

5.3 Conjoint analysis of attitudes towards automation

Next we turn to the conjoint analysis to investigate which attributes causally

increase or decrease support for automation. Results for the dependent vari-

able fairness are shown in the main text, while those for CEO are reported in

the Appendix (see figures A9 to A12), since they are similar. Figure 4 shows

12Jaimovich et al. (2020) develop a macroeconomic model that examines the net effects
of a menu of potential policy responses to the labour market effects of automation and find
that the best policies that tend to help low-wage workers and promote economic growth are
those that help displaced workers move to new jobs, such as retraining and unemployment
insurance.
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Figure 3: Mean support by policy by treatment group. The respondent indi-
cates how much they agree that the government should implement each of the
following policies, from 1 strongly disagree to 5 strongly agree.

the marginal means of the conjoint analysis, which represent the mean outcome

across all appearances of a particular conjoint feature level, averaging across all

other features. These suggest that people are most sensitive to price changes.

Average marginal component effects from figure 5 confirm these results. Aver-

aging across all other features, when prices decrease by 50% the mean support

for automation is 3.52 [95% CI: 3.48, 3.55], while it is only 3.19 [95% CI: 3.15,

3.22] when there is no price change.

Similarly, when fewer (more) workers are lost (gained), respondents are more

supportive of automation than when more (fewer) workers are lost (gained).

They are also sensitive to varying declines in the wages of workers affected by

automation, but not to wage increases, which suggests that gains and losses in

wages are perceived differently. This is consistent with prospect theory, which

predicts that people are more sensitive to economic losses than economic gains

(Kahnemann & Tversky, 1979). Finally, respondents do not appear to be sen-

sitive to the type of firm or product in question, whether it is an auto company
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Car

Plane

Smartphone

Vaccine

(Product)

Same price

20% cheaper

50% cheaper

(Price − After)

$20,000

$25,000

(Wage of Low Skilled − After)

$125,000

$150,000

(Wage of High Skilled − After)

150

50

(Number of Low Skilled − After)

200

250

350

(Number of High Skilled − After)

3.0 3.2 3.4 3.6
Marginal Mean

Feature
Number of High Skilled − After
Number of Low Skilled − After

Wage of High Skilled − After
Wage of Low Skilled − After

Price − After
Product

Figure 4: Marginal means for DV fairness

producing cars, an aviation firm producing planes, an electronics company mak-

ing smartphones, or a pharmaceutical company producing vaccines.

Due to power issues we cannot estimate the marginal means for the best-

case scenario compared to the worst-case scenario, in which we set each profile

feature to its most optimistic or most pessimistic value, but we can do so for

up to three features without sacrificing too much sample size. When we set

the price decrease to 50%, the total number of high-skilled jobs post-innovation

to 350 (the largest increase) and low-skilled jobs post-innovation to 150 (the

lowest decrease), averaging across all other features, support for automation is

3.60 [95% CI: 3.54, 3.67]. Conversely, when we set the price decrease to 0%, the

number of high-skilled jobs post-innovation to 200 (no change) and low-skilled

jobs post-innovation to 50 (the largest decrease), averaging across all other fea-

tures, support for automation is 3.15 [95% CI: 3.08, 3.23]. The point estimate

of the best-case scenario is essentially equivalent to that of the generic informa-
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Feature
Number of High Skilled − After
Number of Low Skilled − After

Wage of High Skilled − After
Wage of Low Skilled − After

Price − After
Product

Figure 5: Average marginal component effects for DV fairnesss

tion group, suggesting again that the net benefits that respondents imagine in

the generic information treatment group are higher than those of the average

conjoint scenario.

In figures 6 and 7 we test whether the observed effects differ by respondents’

objective and subjective knowledge.13 People who correctly estimated the costs

and benefits of automation (who got two out of two correct answers), are more

sensitive to price changes and to changes in the number of employed high-skilled

workers than those who didn’t compute those numbers correctly (0 out of 2

correct), as figure 6 illustrates.14 Figure 7 shows that results are very similar

for self-reported, as opposed to objective knowledge: People with higher self-

reported knowledge of automation are more sensitive to price changes and to

changes in the number of employed high-skilled workers than those with low

13We present results by high and low subjective and objective knowledge in the main text,
since this is our comparison of interest. We present the full results, which include medium
knowledge, in the Appendix (See figures A13 and A14).

14These models hold education constant since it may be a proxy for math skills.
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Product

college

Figure 6: Average marginal component effects for DV fairness by high and low
knowledge

self-reported knowledge.

6 Conclusion

Technological change has arguably been the most important source of structural

labour market transformations in advanced economies. However, its impacts on

labour markets, and even more so on political and policy preferences, have only

recently been gaining scholarly attention. Although projections of the future

impact of technological change vary significantly, predicting modest to large

effects, automation and AI will drastically transform the nature of work. The

distributive consequences arising from the introduction of these new technologies

have sparked academic debates on the political consequences of such transfor-

mations. Losers from technological change could possibly revolt and pose a

threat to democratic stability if governments will fail to compensate them. But
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Figure 7: Average marginal component effects for DV fairness by high and low
self-reported knowledge

the negative consequences of technological change are only one side of the story.

These transformations will also create a larger group of technology beneficia-

ries. However, despite the dominant role of technological change in reshaping

labour markets, most political parties have not claimed ownership of the issue

or discussed specific policies in response to it; instead they have found it more

politically advantageous to campaign against other issues, such as trade and

immigration, which offer clearer culprits and solutions. Furthermore, much of

the literature has mostly focused on the negative consequences of technological

change (e.g., job loss), failing to discuss its potential for job gains and lower

prices. For this reason, voters may fail to fully understand the consequences

of technological change in the workplace and the implications for them and for

others. We answer a series of questions in this paper. How do people perceive

the trade-offs of automation? What policies in response to it do they favor and

does support vary based on different net welfare effects of automation?
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Overall, our findings suggest that relative to messages that only convey

the costs of automation, support for automation increases significantly when

generic, and to a lesser extent specific, information on its trade-offs is provided.

People are particularly sensitive to price changes, and show the largest increases

in support for automation when price declines are higher. Furthermore, the

policy in response to automation with the highest support among respondents is

retraining individuals negatively affected by technological change. Our results

suggest that technological change may not necessarily result in the political

backlash anticipated by many. At the same time, people are likely to be sensitive

to information about the trade-offs of automation. According to our findings,

they are less likely to approve of automation when it does not result in price

decreases, and to a lesser extent, when it leads to lower job gains or larger

job losses. As a result, how political parties choose to frame automation—for

instance, whether they emphasize its price-reducing potential or its broader

implications for labour markets—will affect voters’ perceptions of the issue and

the degree to which they see it as a political problem or an economic opportunity.
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Appendix: For Online Publication

Table A1: Regression analyses on DVs fairness and CEO. Standard errors are
given in parentheses.

Dependent variable:

Fairness Would do same if CEO

(1) (2)

Specific Information (ref. News) 0.143∗∗∗ −0.040
(0.029) (0.031)

Generic Information 0.451∗∗∗ 0.346∗∗∗

(0.037) (0.038)

Constant 3.231∗∗∗ 3.420∗∗∗

(0.026) (0.027)

Observations 7,655 7,523

Note: * p<0.05; ** p<0.01; *** p<0.001
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Specific Information

Generic Information

1 2 3 4 5
Agree (1 − Strongly disagree to 5 − Strongly agree)

DV: Social Spending

Figure A1: Coefficients from OLS regression on social spending with 95% con-
fidence intervals.
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News

Specific Information

Generic Information

1 2 3 4 5
Agree (1 − Strongly disagree to 5 − Strongly agree)

DV: Basic Income

Figure A2: Coefficients from OLS regression on basic income with 95% confi-
dence intervals.
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Agree (1 − Strongly disagree to 5 − Strongly agree)

DV: Job Guarantee

Figure A3: Coefficients from OLS regression on job guarantee with 95% confi-
dence intervals.
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Generic Information

1 2 3 4 5
Agree (1 − Strongly disagree to 5 − Strongly agree)

DV: Unskilled

Figure A4: Coefficients from OLS regression on restricting unskilled migration
with 95% confidence intervals.
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Figure A5: Coefficients from OLS regression on restricting skilled migration
with 95% confidence intervals.
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1 2 3 4 5
Agree (1 − Strongly disagree to 5 − Strongly agree)

DV: Trade

Figure A6: Coefficients from OLS regression on restricting trade with 95% con-
fidence intervals.
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DV: Reskill

Figure A7: Coefficients from OLS regression on retraining workers with 95%
confidence intervals.
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Agree (1 − Strongly disagree to 5 − Strongly agree)

DV: Tax automation

Figure A8: Coefficients from OLS regression on taxing automation with 95%
confidence intervals.
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Figure A9: Marginal means for DV CEO
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Figure A10: Average marginal component effects for DV CEO
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Figure A11: Average marginal component effects for DV CEO by knowledge
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Figure A12: Average marginal component effects for DV CEO by self-reported knowledge
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Figure A13: Average marginal component effects for DV fairness by knowledge
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Figure A14: Average marginal component effects for DV fairness by self-reported knowledge
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Table A2: Regression analyses of treatment group on policy support. Standard errors are given in parentheses.

Dependent variable:

Social Spending Basic Income Job Guarantee Unskilled Skilled Trade Reskilling Tax Automation

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

Specific Information (ref. News) 0.026 −0.045 −0.002 −0.017 0.007 −0.004 −0.012 −0.010

(0.032) (0.038) (0.036) (0.038) (0.040) (0.037) (0.031) (0.038)

Generic Information −0.024 −0.066 −0.028 0.026 −0.027 −0.028 −0.001 −0.035

(0.041) (0.048) (0.045) (0.048) (0.050) (0.046) (0.039) (0.048)

Constant 3.656∗∗∗ 3.538∗∗∗ 3.496∗∗∗ 3.552∗∗∗ 3.023∗∗∗ 3.268∗∗∗ 4.037∗∗∗ 3.509∗∗∗

(0.029) (0.034) (0.032) (0.034) (0.036) (0.033) (0.028) (0.034)

Observations 7,461 7,513 7,514 7,470 7,474 7,251 7,571 7,436

Note: * p<0.05; ** p<0.01; *** p<0.001



Results by country

In this analysis we are dealing with relatively similar countries: all are liberal

market economies, in which the same number of respondents received the same

information treatments, and respondents were made representative in a similar

way applying age, gender, and regional quotas. However, it is possible that a

pooled analysis may hide some significant cross-country variation. Hence, we

also run the analyses by country and report all the results below. Findings are

not significantly or substantively different, with a few exceptions. Looking at

the effects of the generic information treatment on attitudes toward automa-

tion relative to the news article condition, we see that there are no significant

differences across countries: people in the generic information treatment group

have more positive attitudes toward automation than those in the news ar-

ticle group. However, there is some variation when it comes to the specific

information treatment group. In Australia and the UK, people in the specific

information group are no more or less likely to think the company’s decision to

automate is fair than people in the news article treatment group. Conversely,

this effect is positive and significant in Canada and the US: individuals in the

specific information group are more likely to think that the company’s decision

to automate is fair than those in the news article group. When it comes to what

the respondent would do if they were the CEO of the company, there’s slightly

more variation. In Australia and the UK respondents in the specific information

group are less likely to think they would make the same decision to automate

if they were CEO of the company compared to people in the news treatment

group, while specific information respondents in the US are more likely to do

so, relative to the news condition. Finally, the effect of specific information in

Canada is not significantly different from that of the news article condition for

the CEO dependent variable.

When it comes to policy preferences in response to job loss due to automa-

tion, respondents in the US overall display lower support for any policy response

relative to the other three countries, except for restrictions on skilled migration
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and on trade, which they favor relatively more. Furthermore, while at the aggre-

gate level there are no significant treatment effects on policy preferences, there

is some variation at the country-level. In the US, people in the generic informa-

tion treatment group are less supportive of social spending in response to job

loss due to automation than respondents in the news article group. Similarly, in

Canada, people in the generic information treatment group are less supportive

of trade restrictions than those in the news article group.

The conjoint analysis allows us to compare the effects of different attributes

within the specific information treatment condition. Overall, in Australia,

Canada, and the UK respondents appear to be sensitive to prices the most,

but also to changes in wages and in the number of jobs, consistently with the

aggregate results. Respondents in the US are only sensitive to price changes,

and not to any number of employees or wage changes. This may suggest that in

the American context prices are more salient than other attributes when labour

market changes are a result of automation, rather than other forces, such as

offshoring. Finally, when looking at the conjoint analyses by knowledge and by

country, while the effects are in the same direction as those at the aggregate

level, whereby more knowledgeable people are more sensitive to price changes,

in most cases the coefficients fail to reach statistical significance: this may be

simply due to power issues at the individual country level. Overall, the country-

by-country analysis shows that, with a few exceptions, respondents in the four

different countries do not display different attitudes towards automation or de-

mand different policies in response to job loss when presented with the same

type of information.
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Table A3: Regression analyses on DV fairness by country. Standard errors are
given in parentheses.

Dependent variable:

Fairness
Australia Canada UK US

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

Specific Information (ref. News) −0.021 0.225∗∗∗ 0.042 0.323∗∗∗

(0.058) (0.058) (0.057) (0.061)

Generic Information 0.331∗∗∗ 0.595∗∗∗ 0.349∗∗∗ 0.522∗∗∗

(0.072) (0.074) (0.071) (0.079)

Constant 3.365∗∗∗ 3.168∗∗∗ 3.255∗∗∗ 3.142∗∗∗

(0.052) (0.052) (0.051) (0.055)

Observations 1,903 1,895 1,972 1,885

Note: * p<0.05; ** p<0.01; *** p<0.001

Table A4: Regression analyses on DV CEO by country. Standard errors are
given in parentheses.

Dependent variable:

Would do the same if CEO
Australia Canada UK US

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

Specific Information (ref. News) −0.149∗ −0.013 −0.149∗ 0.151∗

(0.060) (0.061) (0.059) (0.064)

Generic Information 0.282∗∗∗ 0.408∗∗∗ 0.261∗∗∗ 0.428∗∗∗

(0.075) (0.076) (0.074) (0.083)

Constant 3.505∗∗∗ 3.429∗∗∗ 3.464∗∗∗ 3.284∗∗∗

(0.054) (0.054) (0.053) (0.058)

Observations 1,875 1,847 1,940 1,861

Note: * p<0.05; ** p<0.01; *** p<0.001
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Figure A15: Mean Policy Support By Country and Treatment Group
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Figure A16: Marginal means for DV Fairness: Australia
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Figure A17: Average marginal component effects for DV Fairness: Australia
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Figure A18: Marginal means for DV CEO: Australia
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Figure A19: Average marginal component effects for DV CEO: Australia
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Figure A20: Marginal means for DV Fairness: Canada
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Figure A21: Average marginal component effects for DV Fairness: Canada
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Figure A22: Marginal means for DV CEO: Canada

Car

Plane

Smartphone

Vaccine

(Product)

Same price

20% cheaper

50% cheaper

(Price − After)

$20,000

$25,000

(Wage of Low Skilled − After)

$125,000

$150,000

(Wage of High Skilled − After)

150

50

(Number of Low Skilled − After)

200

250

350

(Number of High Skilled − After)

−0.4 −0.2 0.0 0.2 0.4
Estimated AMCE

Feature
Number of High Skilled − After
Number of Low Skilled − After

Wage of High Skilled − After
Wage of Low Skilled − After

Price − After
Product

Figure A23: Average marginal component effects for DV CEO: Canada
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Figure A24: Marginal means for DV Fairness: UK

Car

Plane

Smartphone

Vaccine

(Product)

Same price

20% cheaper

50% cheaper

(Price − After)

$20,000

$25,000

(Wage of Low Skilled − After)

$125,000

$150,000

(Wage of High Skilled − After)

150

50

(Number of Low Skilled − After)

200

250

350

(Number of High Skilled − After)

−0.25 0.00 0.25
Estimated AMCE

Feature
Number of High Skilled − After
Number of Low Skilled − After

Wage of High Skilled − After
Wage of Low Skilled − After

Price − After
Product

Figure A25: Average marginal component effects for DV Fairness: UK
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Figure A26: Marginal means for DV CEO: UK
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Figure A27: Average marginal component effects for DV CEO: UK
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Figure A28: Marginal means for DV Fairness: US
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Figure A29: Average marginal component effects for DV Fairness: US
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Figure A30: Marginal means for DV CEO: US
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Figure A31: Average marginal component effects for DV CEO: US

55



Table A5: Regression analyses of treatment group on policy support for Australia. Standard errors are given in parentheses.

Dependent variable:

Social Spending Basic Income Job Guarantee Unskilled Skilled Trade Reskilling Tax Automation

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

Specific Information (ref. News) 0.117 −0.006 0.020 −0.116 −0.019 −0.042 0.062 0.017

(0.063) (0.075) (0.070) (0.076) (0.079) (0.074) (0.060) (0.076)

Generic Information −0.006 −0.117 −0.065 −0.009 0.024 0.059 0.039 −0.129

(0.078) (0.094) (0.087) (0.095) (0.099) (0.092) (0.075) (0.094)

Constant 3.684∗∗∗ 3.593∗∗∗ 3.549∗∗∗ 3.658∗∗∗ 3.088∗∗∗ 3.313∗∗∗ 4.060∗∗∗ 3.558∗∗∗

(0.057) (0.068) (0.063) (0.069) (0.071) (0.067) (0.054) (0.068)

Observations 1,852 1,867 1,865 1,868 1,873 1,821 1,884 1,856

Note: * p<0.05; ** p<0.01; *** p<0.001



Table A6: Regression analyses of treatment group on policy support for Canada. Standard errors are given in parentheses.

Dependent variable:

Social Spending Basic Income Job Guarantee Unskilled Skilled Trade Reskilling Tax Automation

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

Specific Information (ref. News) 0.051 −0.100 −0.029 −0.024 0.057 −0.116 −0.050 −0.134

(0.064) (0.077) (0.071) (0.077) (0.079) (0.071) (0.060) (0.077)

Generic Information 0.144 −0.053 0.029 0.080 0.017 −0.188∗ 0.061 −0.117

(0.080) (0.097) (0.089) (0.097) (0.100) (0.090) (0.075) (0.097)

Constant 3.611∗∗∗ 3.574∗∗∗ 3.457∗∗∗ 3.435∗∗∗ 2.804∗∗∗ 3.327∗∗∗ 4.061∗∗∗ 3.594∗∗∗

(0.057) (0.068) (0.063) (0.068) (0.071) (0.063) (0.053) (0.069)

Observations 1,853 1,861 1,860 1,825 1,829 1,775 1,873 1,833

Note: * p<0.05; ** p<0.01; *** p<0.001



Table A7: Regression analyses of treatment group on policy support for the UK. Standard errors are given in parentheses.

Dependent variable:

Social Spending Basic Income Job Guarantee Unskilled Skilled Trade Reskilling Tax Automation

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

Specific Information (ref. News) −0.002 −0.034 0.022 0.044 0.038 0.111 0.003 0.048

(0.059) (0.070) (0.067) (0.074) (0.075) (0.070) (0.056) (0.073)

Generic Information −0.071 −0.020 0.002 0.042 −0.098 0.012 0.006 0.053

(0.073) (0.087) (0.083) (0.092) (0.094) (0.088) (0.070) (0.091)

Constant 3.731∗∗∗ 3.674∗∗∗ 3.534∗∗∗ 3.579∗∗∗ 2.900∗∗∗ 3.083∗∗∗ 4.064∗∗∗ 3.515∗∗∗

(0.053) (0.062) (0.060) (0.066) (0.068) (0.063) (0.051) (0.066)

Observations 1,928 1,939 1,939 1,942 1,938 1,858 1,960 1,920

Note: * p<0.05; ** p<0.01; *** p<0.001



Table A8: Regression analyses of treatment group on policy support for the US. Standard errors are given in parentheses.

Dependent variable:

Social Spending Basic Income Job Guarantee Unskilled Skilled Trade Reskilling Tax Automation

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

Specific Information (ref. News) −0.071 −0.044 −0.030 0.008 −0.066 0.031 −0.064 0.029

(0.073) (0.084) (0.078) (0.080) (0.084) (0.076) (0.069) (0.081)

Generic Information −0.192∗ −0.106 −0.093 −0.027 −0.029 0.013 −0.131 0.047

(0.093) (0.107) (0.100) (0.103) (0.108) (0.097) (0.088) (0.104)

Constant 3.601∗∗∗ 3.312∗∗∗ 3.447∗∗∗ 3.546∗∗∗ 3.315∗∗∗ 3.350∗∗∗ 3.961∗∗∗ 3.365∗∗∗

(0.065) (0.075) (0.070) (0.072) (0.075) (0.068) (0.062) (0.073)

Observations 1,828 1,846 1,850 1,835 1,834 1,797 1,854 1,827

Note: * p<0.05; ** p<0.01; *** p<0.001
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Figure A32: Average marginal component effects for DV Fairness by Objective Knowledge: Australia
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Figure A33: Average marginal component effects for DV CEO by Objective Knowledge: Australia
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Figure A34: Average marginal component effects for DV Fairness by Self-Reported Subjective Knowledge: Australia
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Figure A35: Average marginal component effects for DV CEO by Self-Reported Subjective: Australia
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Figure A36: Average marginal component effects for DV Fairness by Objective Knowledge: Canada
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Figure A37: Average marginal component effects for DV CEO by Objective Knowledge: Canada
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Figure A38: Average marginal component effects for DV Fairness by Self-Reported Subjective Knowledge: Canada
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Figure A39: Average marginal component effects for DV CEO by Self-Reported Subjective: Canada
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Figure A40: Average marginal component effects for DV Fairness by Objective Knowledge: UK
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Figure A41: Average marginal component effects for DV CEO by Objective Knowledge: UK
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Figure A42: Average marginal component effects for DV Fairness by Self-Reported Subjective Knowledge: UK
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Figure A43: Average marginal component effects for DV CEO by Self-Reported Subjective: UK
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Figure A44: Average marginal component effects for DV Fairness by Objective Knowledge: US
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Figure A45: Average marginal component effects for DV CEO by Objective Knowledge: US
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Figure A46: Average marginal component effects for DV Fairness by Self-Reported Subjective Knowledge: US
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Figure A47: Average marginal component effects for DV CEO by Self-Reported Subjective Knowledge: US
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