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Abstract

There are competing narratives about artificial intelligence’s impact on inequality.

Some argue AI will exacerbate economic disparities, while others suggest it could re-

duce inequality by primarily disrupting high-income jobs. Using household microdata

and a calibrated task-based model, we show these narratives reflect different channels

through which AI affects the economy. Unlike previous waves of automation that in-

creased both wage and wealth inequality, AI could reduce wage inequality through

the displacement of high-income workers. However, two factors may counter this ef-

fect: these workers’ tasks appear highly complementary with AI, potentially increasing

their productivity, and they are better positioned to benefit from higher capital re-

turns. When firms can choose how much AI to adopt, the wealth inequality effect is

particularly pronounced, as the potential cost savings from automating high-wage tasks

drive significantly higher adoption rates. Models that ignore this adoption decision risk

understating the trade-off policymakers face between inequality and efficiency.
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1 Introduction

Artificial intelligence (AI) is likely to profoundly affect many aspects of the economy,

but its implications for inequality are highly debated. One common narrative is concerned

with AI’s potential to bring about widespread economic disruptions and magnify existing

disparities. Other commentators have highlighted that, in contrast to previous episodes of

automation, AI technologies are likely to predominantly disrupt high-income “white-collar”

jobs, which could in fact lead to lower inequality. Finally, so-called “techno-optimists”

focus on AI’s potential to generate broad-based economic gains.1 How can these competing

narratives be reconciled?

In this paper, we ask: what will be the net effect of AI on inequality, and how might this

compare to previous waves of automation? We investigate both theoretically and empiri-

cally how AI affects inequality through different channels – principally its impact on wages

through labor displacement, and on wealth through capital returns. We find that while AI

may reduce wage inequality by displacing high-income workers, it is likely to substantially

increase wealth inequality as these same workers benefit from higher returns on their capital

holdings. Moreover, our analysis suggests that high-income workers’ occupations are partic-

ularly complementary with AI, meaning they may see productivity gains that could more

than compensate the loss in wages due to task displacement.

It is worth clarifying how we conceptualize the distinction between AI and previous

episodes of routine-biased automation. Throughout much of our analysis, we do not assume

these are fundamentally different technologies in their economic mechanisms—both can be

modeled as increasing the share of tasks performable by capital within occupations. This

approach allows us to demonstrate that even if AI operates through similar economic channels

1For instance, two examples of articles sounding alarm bells on the potential increase in inequality
appeared in the MIT Technology Review on April 2022 (“How to solve AI’s inequality problem”) and
in Scientific American in August 2023 (“Unregulated AI Will Worsen Inequality, Warns Nobel-Winning
Economist Joseph Stiglitz”). Meanwhile, in January 2023 The Atlantic published an article titled “How
ChatGPT Will Destabilize White-Collar Work.” and in July 2023 CNBC ran the headline “A.I. is on a
collision course with white-collar, high-paid jobs — and with unknown impact”. Finally, in September 2023
Forbes published an article titled “How To Make A Real Case For Technological Optimism”.
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as previous automation technologies, the difference in which occupations are exposed can

still generate substantially different inequality outcomes. A key novelty of AI may not

lie in how it functions economically, but rather in which segments of the labor market it

primarily affects. That said, we do explore one potential technological distinction in our

complementarity analysis, where we allow for AI to be more complementary with certain

workers rather than purely substitutive, a characteristic that may differentiate it from earlier

automation waves which primarily replaced routine tasks.

Using household microdata from the UK, we document that high-income workers are

much more likely to work in occupations exposed to new AI technologies. We show that

while roughly 60 percent of workers at the 90th income percentile are in an occupation

where a large share of tasks can be performed by AI, at the 10th percentile only 15 percent

of workers are in this situation. At the same time, workers in the upper-income decile also

have the lowest share of their total income from wages, the largest wealth holdings, and the

largest share of their wealth in risky but high-return assets such as firm equity. As such,

high-income workers are not only better placed to insure themselves against potential adverse

labor market impacts from AI, but also stand to benefit most from a possible AI-driven rise

in capital returns. The picture is further nuanced by our finding that these workers are highly

complementary with AI. While automation primarily substituted for low-wage routine tasks,

AI may augment rather than replace many high-wage cognitive tasks, potentially increasing

these workers’ productivity.

To study the a priori ambiguous implications of AI adoption for inequality, and compare

them to previous episodes of routine-biased automation, we thus consider a model that

captures three key channels: i) the negative impact on wages due to heterogeneous job

displacement across the income distribution, ii) the positive impact on capital income due to

higher capital returns, and iii) the positive impact on wages due to aggregate productivity

gains. This framework provides insights into each individual channel, their quantitative

strength, as well as their joint effect.

2



Our starting point is the model of Moll et al. (2022), which we adapt to study AI diffusion

instead of routine-biased automation, calibrated to the UK. 2 In this general-equilibrium

model of heterogeneous households with a task-based production function, technological

innovation acts as a shock to the share of tasks that can be performed by capital within

each occupation. Households are heterogeneous in their income, wealth, and occupational

exposure to new technologies. The higher capital share induced by a new technology thus

impacts wage inequality by differentially displacing workers from tasks across the income

distribution according to their exposure. Concurrently, it also affects wealth inequality via

a capital income channel, because, as capital supply elasticity is limited, a rise in the capital

share is accompanied by higher capital returns.

We use this model both to examine what impact automation had on wage and wealth

inequality in the UK under this framework and also what effect AI adoption might be

expected to have for technology adoption of a similar order as observed under previous

episodes of automation. Under the baseline assumption that occupational exposure to AI

is directly associated with task displacement, the model predicts a decrease in the Gini

coefficient for wage inequality of 1.73 p.p.. This is driven both by an increase in wages for

low-income workers due to aggregate productivity gains, and a decrease in wages for high-

income workers due to task displacement. Wealth inequality, however, is predicted to widen,

with the wealth Gini rising 7.18 p.p. For comparison, the model calibrated to routine-biased

automation produces a substantial increase in both wage and wealth inequality, with the

Gini rising by 2.05 p.p. and 6.89 p.p., respectively.

We can additionally allow for complementarity between labor and AI, which would com-

pensate some exposed occupations in the form of higher productivity gains. When we do

so, the model predicts a milder fall in wages for high-income workers, but also smaller wage

gains (or even declining wages) for low-income workers, limiting the extent to which wage

2We choose the UK as our setting as it is an advanced economy with one of the highest degrees of
exposure to AI (Pizzinelli et al., 2023), and has rich household data available, including detailed wealth
holdings.
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inequality may shrink (if decreasing at all). Moreover, the increase in aggregate productivity

due to AI would partially mitigate the negative effect of task displacement on wages, thus

increasing the share of workers who are unconditionally better off from AI diffusion, and fur-

ther raising capital returns. However, this aggregate improvement does not fundamentally

alter the inequality effects of AI adoption, with wealth inequality still increasing markedly

compared to wage inequality.

Our findings naturally raise the question of whether policymakers should attempt to offset

the likely negative impacts of AI on wealth inequality using redistributive policies such as

capital taxes. Our baseline model (and the broader literature it follows) cannot speak to such

questions because taking the AI-induced increase in the capital share as exogenous does not

allow for such policies to impact AI adoption. In reality, however, policies such as a capital

tax would pose an important trade-off for policy makers: they provide an opportunity to

reduce the potentially large inequality impact of AI, but they may also hamper productivity

growth by creating misallocation and limiting AI adoption.

To speak to this trade-off, we develop an extended model with an endogenous capital share

and endogenous AI adoption decisions by firms. This model allows us to analyze how firms’

endogenous adoption decisions interact with worker characteristics to amplify the differential

impact of AI relative to previous waves of automation. We find that the potential cost savings

from automating high-wage tasks lead to significantly higher AI adoption compared to our

baseline model, resulting in larger productivity gains but also more pronounced effects on

wealth inequality. This amplified adoption intensifies the trade-off policymakers face between

reducing inequality and promoting growth. We find that while a 15 percent capital tax could

substantially reduce post-transfer inequality – lowering the wage Gini by 3.4 p.p. and the

wealth Gini by 3.7 p.p. – it would come at significant economic cost, reducing output by

26.9 percent and average wages by 11.8 percent. These costs are nearly twice as large as they

would have been for automation, suggesting policymakers may need to carefully consider the

growth implications of policies aimed at addressing the distributional concerns that arise
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from these new technologies.

There is a large literature on automation and its impact on labor markets. Zeira (1998)

was the first paper to model automation as a shock to workers via displacement in a task-

based production framework. Following many others in the literature (Acemoglu and Autor,

2011; Acemoglu and Restrepo, 2018; Moll et al., 2022), in this paper, we similarly model

technological change via a task-based framework. One of our contributions relative to the

existing literature is to consider the implications of this canonical framework for AI, given

the different incidence of exposure to previous episodes of routine-biased automation, as

documented by Felten et al. (2021). Relative to this and other recent papers in this literature

focused on exposure to AI (Acemoglu et al., 2022; Brynjolfsson et al., 2023) we also explicitly

account for the possibility that AI may serve as a complement to some workers, rather than

just a substitute. Building on the work of Pizzinelli et al. (2023) we show that this has stark

implications for the potential inequality implications of these new technologies. Our findings

complement recent policy work highlighting both AI’s potential to boost productivity and

its distributional implications, particularly the risks of rising inequality if complementarity

with high-income workers is strong (Cazzaniga et al., 2024), as well as the need for fiscal

policy to help steer the technology’s development and cushion its negative effects on workers

(Brollo et al., 2024).

Our paper also contributes to the broader literature on the drivers of technology adop-

tion. While a large number of studies have examined why firms may adopt a new technology,

how technologies spread, and the role of labor markets in technology diffusion (Buera and

Oberfield, 2020; Perla et al., 2021; Benhabib et al., 2021; Humlum, 2021), the existing lit-

erature on automation largely takes the adoption decision as exogenous. In existing models

of technological change in a task-based framework, automation is typically represented by

a change in the share of tasks capital can perform, where capital will always be chosen to

perform a task if available as it is assumed to be lower cost. In contrast, we show in our ex-

tended model how we can expand this framework to allow for endogenous adoption decisions,
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building on the theory of Drozd et al. (2022). This model highlights how the unique char-

acteristics of AI may lead to amplified adoption and more pronounced economic impacts

compared to previous waves of automation. We argue that such a model is essential for

thinking about how policymakers may respond to the advent of new technologies, and what

optimal redistributive policy may look like, given the potential trade-off for the policymaker

between inequality objectives and the potential productivity gains of adoption.

Finally, related to our contributions above, we also add to existing work on the relation-

ship between technological change and inequality (Autor et al. (2003); Autor et al. (2006);

Korinek and Stiglitz (2017); Hémous and Olsen (2022); Moll et al. (2022); Acemoglu and

Restrepo (2022)). First, our findings on the differential inequality impacts of AI relative to

previous episodes of automation, and the importance of complementarity for the net effect

are novel. Moreover, a conceptual contribution of our model extension is to highlight the in-

teraction between firms’ adoption decisions and redistributive policies, producing a potential

trade-off between equity and aggregate welfare and productivity.

The paper proceeds as follows. In the next section, we describe how we define and measure

exposure to a technology (both automation and AI), as well as potential AI complementarity,

and we discuss the UK household microdata. Section 3 contains our main empirical results.

Section lays out our baseline model, calibration and results, as well as exploring the role of

complementarity. We then show how this can be extended in Section 5 to endogenize the

capital share and technology adoption decision, and show what this extended model would

predict for AI adoption. In Section 6, we then use this model with endogenous technology

adoption to examine the trade-off between equity and efficiency of redistributive policies.

Finally, Section 7 concludes.
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2 Data

2.1 Measuring Technology Exposure

To inform the empirical analysis and the calibration of the model we use measures of exposure

to AI and routine-biased automation developed by previous studies. These measures provide

a taxonomy to identify occupations that have a greater ex ante degree of exposure to these

technological changes based on their characteristics, such as the key tasks to be carried out

in a job and the abilities needed to perform them successfully. Both measures were developed

using O*NET, a publicly available repository codifying occupations in the US.

To study exposure to automation we construct a routine task index (RTI) similar to

Autor and Dorn (2013), and based on the definition of routine jobs in Acemoglu and Autor

(2011), using the O*NET classification of routine tasks. This index measures the exposure

to automation by occupations’ relative intensity of routine tasks compared to manual and

cognitive ones. In this context, the process of routine-biased automation is assumed to lead

to a greater displacement of labor in occupations with a higher share of routine tasks, as

evidenced by a large literature for both the US and the UK, starting with Autor et al. (2003)

and Goos and Manning (2007). To study exposure to AI, we consider the AI Occupational

Exposure (AIOE) index proposed by Felten et al. (2021). This index considers the overlap

between AI applications in several fields and the human abilities needed to perform a given

occupation, thus appraising the degree to which AI can replicate the skills essential to each

job.

Unlike the RTI, the AIOE measure remains agnostic regarding whether AI exposure nec-

essarily entails substitution of human labor within each job or could function as a support

technology for workers. In our baseline scenario, we interpret AI exposure as reflecting solely

the potential for worker substitution. However, in an alternative scenario, we make a distinc-

tion between labor-substituting and labor-augmenting exposure. To this end, we introduce

the concept of potential complementarity, following Pizzinelli et al. (2023). This measure
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considers a set of social and environmental contexts related to each job reported in O*NET,

which may mitigate the likelihood of AI replacing labor. We use this complementarity in-

dex to more explicitly differentiate between the risk of labor substitution from the potential

increases in productivity related to AI exposure.

2.2 Household Data

Our empirical analysis, which motivates the theoretical model and informs its calibration, is

conducted using the Wealth and Assets Survey (WAS) for the UK. This dataset is a large

nationally-representative survey of the financial holdings and sources of income of households

in the UK.

The survey contains both person- and household-level information relevant for our anal-

ysis. From the person-level dataset we use variables related to individuals’ employment

status, occupation, wages and hours worked per week. We also examine other sources of

income, including government transfers, public and private pensions, property income, and

investment income. Through this information, we construct the distribution of workers’ total

income and examine its composition from different sources across different income quantiles.

The survey also contains detailed information on the asset holdings of each individual or

of the household (if jointly owned). We use this information to study the composition of

households’ balance sheets across the income distribution.

For the analysis, we use the 2016, 2018, and 2020 waves of the survey (covering April

2016-March 2020), restricting the sample to working-age individuals who are employed.3 Our

final sample is comprised of 28,588 workers across 14,780 households. All nominal values in

British Pounds are deflated to 2019 prices.

3In our analysis we focus on employees and exclude self-employed individuals and entrepreneurs. This
allows us to avoid measurement issues around self-employed incomes, and also allows us to focus on ’work-
ers’ who risk being displaced by AI and who’s main income source is their labor income, as opposed to
entrepreneurs who receive a mix of labor and capital income. By only using data up to March 2020, we
avoid the temporary impact of COVID on sectoral composition, working hours, income and savings, as some
occupations and sectors experienced significantly more disruption than others.
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3 Empirical Analysis

3.1 Exposure Across the Income Distribution

From the WAS, we use information on workers’ occupations to compare automation expo-

sure to AI exposure across the income distribution. To this end, we convert the continuous

exposure measures described in Section 2 into binary variables following the approach of

Moll et al. (2022). We first sort occupations by their routine task intensity, and define as

exposed to automation those occupations with the highest values of the index that comprise

30 percent of total hours worked in the UK across 2016-2020. We repeat the same process to

classify the occupations exposed to AI. We use 30 percent as a threshold for comparability

with Moll et al. (2022), and keep the same threshold for both automation and AI for compa-

rability across the two technologies. This approach naturally implies that at the aggregate

level, economy-wide exposure to automation and AI are assumed to be of equal magnitude.

We then calculate the share of workers in exposed occupations for each percentile of the

distribution of total income (including both labor and non-labor sources). 4

Figure 1 shows how exposure to automation and AI varies by income percentiles. For

automation, consistent with the general narrative that low-income workers were worst af-

fected, we can see clearly that exposure is broadly decreasing in income. Nearly 50 percent

of workers in the lowest income percentiles were exposed to automation, compared to fewer

than 20 percent of high-income workers. In stark contrast, it is largely high-income workers

who appear to be most exposed to the new AI technologies. Fewer than 20 percent of work-

ers in the bottom income decile are exposed to AI, compared to over 60 percent in the top

income decile.

4This approach also treats exposure as homogeneous within occupations, while in reality, there is likely
significant heterogeneity in how AI affects different tasks and workers within the same occupation. Even
in highly exposed occupations, certain high-income tasks may be highly substitutable while others remain
complementary with AI. Our occupation-level analysis should therefore be viewed as a first-order approx-
imation of the distributional impacts of AI adoption, potentially overlooking some of the more nuanced
within-occupation effects.
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Figure 1: Exposure to Automation and AI by Income Percentile

Notes: Each worker is classified as ’exposed’ if they work in the top 30 percent of occupations (weighted by
hours worked) of share of tasks that are routine (for automation) or share of tasks that can be performed by
AI (for AI). The average share of exposed workers is then calculated for each income percentile (as measured
by total income).

While Figure 1 shows worker-level exposure to these technologies, the WAS also allows

us to examine the correlation of exposure between members of the same household and the

overall household-level exposure. If, for example, the within-household exposure correla-

tion is low, then these stark income trends in exposure may have milder implications for

household-level income inequality compared to individual-level disparities. However, consis-

tent with assortative matching, Appendix Figure B.2 shows that there is a high degree of

correlation in exposure within households, and therefore very similar patterns in individual

and household exposure. As a result, we focus on worker-level characteristics and exposure

for the remainder of our analysis.

We can use the complementarity index developed by Pizzinelli et al. (2023) to consider

how the extent to which workers may be complementary with new AI technologies varies

across the income distribution. Doing so nuances the implications of the potential for dis-

placement across the income distribution. This is because, as shown in Figure 2, although

the highest-income workers are the most exposed to AI, they are also much more likely to

be complementary with these new technologies. Complementarity monotonically increases

in income up until the 80th percentile, after which it levels off. This suggests any analysis

comparing the inequality impact of AI versus automation should consider the possible miti-
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gation of job displacement and even the potential benefits of increased productivity implied

by this dispersion in complementarity.

Figure 2: AI Complementarity Index by Income Percentile

Notes: We calculate the complementarity of each occupation following the measure developed in Pizzinelli
et al. (2023). The average complementarity of workers’ occupations is then calculated for each income
percentile (as measured by total income).

3.2 Income and Wealth

The WAS also allows us to consider workers’ other income sources across the earnings

distribution. This is informative of their ability to self-insure from any labor shocks resulting

from AI exposure, as well as the potential to benefit from the impact these technologies may

have on assets related to firms’ profits, such as equities.

Figure 3 highlights that the highest-income workers, who face the highest exposure to AI,

may have more options to mitigate any potential negative employment consequences, as they

have the largest share of income from non-labor sources. In addition to their wage income,

they also receive substantial “capital income” such as rent on properties and investment

returns, and pension income (which will in large part reflect returns on assets). Moreover,

the investment income captured in the WAS only reflects realized investment income such as

dividends, but not unrealized capital gains for increases in asset prices, meaning this income

source is likely to be significantly understated.

To speak to that, we directly examine how wealth holdings and portfolio shares vary
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Figure 3: Share of Total Income by Income Percentile

Notes: Total income reflects net individual income, plus benefits, from the listed sources. It also captures
household income divided equally among all adults in the household (for example from rent on shared
property).

across the income distribution.5 Figure 4a shows that wealth is highly concentrated among

high-income workers. Furthermore, Figure 4b shows the share of workers’ wealth that is

invested in “risky assets”, those more likely to see an AI-driven rise in value, is much higher

for high-earners than for low-income workers.6

Overall, we find that, in contrast to automation, high-income workers are much more

exposed to AI than low-income workers. This may suggest a potential for AI to reduce wage

inequality via labor displacement. However, this prediction may change when accounting

for the fact that high-earners are also more likely to benefit from AI, both due to potential

complementarity and through higher returns to their capital holdings. Therefore, the net

effect of AI on inequality therefore depends on a number of competing channels, motivating

the need for a structural framework.

5To measure workers’ wealth, we take individual wealth and supplement it with jointly-owned household
wealth (such as the value of the main residence), divided equally among adults in the household, where
appropriate.

6It is important to note that we carefully distinguish between different types of pension income in this
analysis. The UK has both defined benefit (DB) and defined contribution (DC) pension schemes. For our
analysis of portfolio choice and when calibrating the model, we classify only defined contribution pensions
as risky assets that would benefit from higher equity returns potentially driven by AI adoption. Defined
benefit pensions, which guarantee fixed payments regardless of asset performance, are treated as safe assets
(similar to government bonds) since households with these pensions would not directly benefit from higher
capital returns.

12



Figure 4: Asset Portfolios by Income Percentile

(a) Total Wealth by Income Percentile (b) Risky vs. Safe Asset Shares

Notes: “Safe assets” include property wealth, physical wealth, defined-benefit pensions, cash and government
bonds. “Risky assets” include defined-contribution pensions, equities, and corporate bonds.

4 Structural Analysis

To assess the net impact of AI on inequality, and how it compares to automation, requires

bringing together three channels into a quantitative framework: the negative impact of task

displacement on real labor income; the positive impact of productivity gains on real labor

income; and the positive impact of higher returns on capital income. Given the findings of

Section 3, it is likely that the strength of each channel will differ across the income distribu-

tion, and differently for automation and AI, and as such our structural framework must be

able to capture this heterogeneity. To analyze these competing channels quantitatively, we

develop our structural analysis in two stages. We begin with a baseline model that, follow-

ing the existing literature, takes technology adoption and the resulting changes in capital

shares as exogenous. This allows us to isolate the direct effects of AI exposure on inequality

through labor displacement and capital returns. We then extend the framework in Section 5

to endogenize firms’ adoption decisions and capital use, showing how the cost savings from

automating high-wage tasks could amplify both the productivity gains and distributional

impacts of AI.
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4.1 Baseline Model

We take as our starting point the model of Moll et al. (2022). As the model is described in

great detail in the original paper, below we focus on the parts that are most important for

the channels we study and provide a summary description of the other components.

In this general equilibrium model of heterogeneous households with a task-based pro-

duction function, technological innovation acts as a shock to the share of tasks that can

be performed by capital within each occupation. Specifically, households consume a final

good Y , which is produced from the intermediate outputs of many sectors, indexed by z, via

Cobb-Douglas aggregation:

Y = A
∏
z

Y ηz
z (1)

where ηz gives the share of each intermediate good in the production of the final good,

and
∑

z ηz = 1.

Each intermediate good is itself the Cobb-Douglas aggregate of a continuum of tasks u:

lnYz =

∫ 1

0

lnYz(u)du (2)

where we assume that a share, αz, of tasks can be performed by capital within each sector

z, and ψz represents the efficiency of labor at performing a given task z:

Yz(q) =


ψzlz(u) + kz(u) if u ∈ [0, αz]

ψzlz(u) if u ∈ (αz, 1].

(3)

In the baseline model, if capital is able to perform a task, firms will choose to use it as it

is assumed to be cheaper than labor, with its relative cost determined by the parameter ψz,

which we discuss further below. This means that the capital share within a sector is simply

given by αz.

In this framework, we can think of technological change as an increase in the share of
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tasks that can be performed by capital. By mapping each percentile of our worker income

distribution into a sector z, we capture heterogeneity in the exposure of workers to differ-

ent technologies as heterogeneity in the sector-level changes in the αz’s resulting from the

adoption of the technology. We discuss the calibration of αz in Section 4.2.

In addition to capturing the heterogeneity in technological exposure documented in Sec-

tion 3, another advantage of this framework is that it captures heterogeneity in the potential

benefits households may receive from higher capital income. This is because households, in

addition to being heterogeneous in their occupation (and therefore labor income), also differ

in their wealth and portfolio holdings (and therefore capital income).

Moreover, this model incorporates a key empirical feature: the capital supply elasticity

with respect to the return on capital is finite rather than infinite. This means that when

technological innovation increases the demand for capital, the capital supply does not fully

adjust even in the long run, resulting in a higher equilibrium return on capital. To generate

this realistic feature in a tractable way, the model (following (Moll et al., 2022)) assumes

households face some probability of a ”wealth dissipation shock” where their stock of as-

sets fully disappears. Although this is an unrealistic assumption in itself, it serves as a

tractable proxy for various factors that prevent perfect capital accumulation in response to

higher returns, such as technological obsolescence, imperfect intergenerational transfers, or

demographic changes. The advantages of this approach are that it yields a non-degenerate

wealth distribution and, importantly for our analysis, it delivers a non-degenerate wealth

distribution, and importantly for us, an increase in the capital share due to technological

innovation will increase the return on capital, capturing our third channel of impact.

Households have Epstein-Zin preferences over their consumption:

v0 = E0

∫ ∞

0

ρ(1− γ)v

1− σ

((
c

((1− γ)v)1/(1−γ)

)1−σ

− 1

)
dt

daz,t + dbz,t = (rKaz,t + rBbz,t + wz − cz,t)dt+ az,tvdWt
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where ρ = ϱ + p represents households’ discount rate, which is a function of their im-

patience (ϱ) and the probability that they are hit with a wealth dissipation shock (p). The

parameter γ captures their risk aversion, and σ is the inverse intertemporal elasticity of

substitution. Finally, rK is the return on capital and rB is the return on bonds, where only

a fraction χ of households can invest in capital.

Note that households inelastically supply labor to their assigned sector z, an important

simplification for tractability. This means that our model will feature no unemployment;

workers will be displaced from tasks but not from jobs.7 However, it also means that in

response to a shock, workers cannot, for example, switch occupations. Our results should

therefore be considered as the impact of a shock in the face of significant switching costs, or

in the absence of any policies to promote retraining. Of course, such policies may provide

substantial welfare benefits to the extent to which they are able to help workers avoid a large

degree of task displacement, and workers may also differ in their ability to retrain and take

advantage of new technologies. Although beyond the scope of this paper, this is something

discussed in more detail in Cazzaniga et al. (2024).

4.2 Calibration of Technology Adoption

The most important parameters for the analysis are those related to the change in the sector-

level capital shares, captured by αz. These will determine how much displacement is induced

by automation and AI, respectively, in each sector and need to reflect the exposure patterns

documented in Section 3.

To calibrate these, we follow Moll et al. (2022) in using a shift-share approach, based

on the change in the aggregate capital share. For example, for automation, we relate the

7Note that task displacement means that a worker will continue in their existing role, but demand for
their labor will decline, so all else equal their labor income will fall.
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evolution of the aggregate and sectoral capital shares as follows:

1

1− αz,2014
− 1

1− αz,1980
= ωRz

(
1

1− α2014

− 1

1− α1980

)
.

This apportions the change in the aggregate capital share (
(

1
1−α2014

− 1
1−α1980

)
) into changes

in sectoral capital shares based on the routine exposure of each sector, represented by ωRz .

Consistent with Moll et al. (2022), the time interval chosen, 1980-2014, corresponds to the

decades over which automation adoption was most pronounced in industrialized economies.

We follow the same strategy for AI, using the exposure index of Felten et al. (2021):

ωAIOEz . However, since we are using the model as a forward-looking tool, we do not know

what the aggregate change in the capital share induced by AI will ultimately be. For our

baseline we therefore assume that the change in the aggregate capital share in response to

AI will be of the same magnitude as that observed for automation; that is, we assume the

change in the aggregate capital share over 2014-2048 will match the change in the aggregate

capital share from 1980-2014. This allows for an immediate comparison of the inequality

impacts of automation versus AI by holding the aggregate magnitude of the shock fixed.

We also perform sensitivity analysis in Appendix B showing how different changes in the

aggregate capital share affect our findings.

The other important set of parameters for the analysis of AI adoption are those that gov-

ern sectoral complementarity with AI. In the alternative scenario, we model complementarity

as a change in the sector’s weight in the Cobb-Douglas production function ηz in response

to technology adoption, consistent with the idea that the value-added of the sectors with

greater complementarity increases. If ηz increases for a sector, even if workers employed in

sector z perform fewer tasks, the tasks they do perform are now worth relatively more. To

see this more intuitively, consider the equation for wages within a sector:

wz = (1− αz)
ηz
lz
Y (K) (4)
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Technological innovation can exert a downward pressure on wages within a sector via a

higher αz, but also potentially push them up via a higher ηz. We calibrate the initial ηz to

match the wage distribution in 2014. For automation and our baseline AI scenario we keep

these parameters fixed following technology adoption. Meanwhile, in the scenarios where

we allow for complementarity we calibrate an increase in ηz as: ηz,T = ηz,0(1 + λ), where

λ captures the relative complementarity of different occupations. Note that because ηz are

sectoral weights, they still must sum to one, so after recalibrating them we renormalize them.

This implicitly means that complementarity shifts the relative weights in production such

that some sectors will experience higher income (and therefore higher wages) at the expense of

other sectors. While this reallocation is likely to be an important aspect of complementarity,

we also consider a second complementarity scenario below that allows for complementarity

to additionally increase aggregate productivity in a way that makes all sectors better off. In

this scenario, in addition to changing the sectoral weights, complementarity also increases

ψz such that: ψz,T = wz

R
/1.3 ∗ (1 + θz − θmin).

We can then calibrate the remaining model parameters for the UK using estimates from

the literature, as well as moments from the WAS and UK aggregate data. When calibrating

wealth holdings, we account for the different nature of pension assets. Only defined contri-

bution pension wealth is included in our measure of risky assets, as these directly expose

households to changes in capital returns. Defined benefit pension entitlements are treated

as safe assets, reflecting their fixed payment structure that is largely insulated from current

market returns. This gives us the parameters as described in Table 1.
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Table 1: Calibration of Remaining Parameters

Parameter: Description Value Source

σ Inverse IES 2 Standard
γ Risk aversion 2 Standard
p Dissipation rate 4.5% Moll et al.
ρ Discount rate 1% Moll et al. (target r=6.5%)
ξ Share investors 10% Target κ2014 = 1.35 and 1

ζ2014
= 0.46

ν Capital risk 6% Target κ2014 = 1.35 and 1
ζ2014

= 0.46

g TFP growth in ψz 1.5% Standard
δ Depreciation rate 5% Standard
A Productivity term 0.143 Y/L in 2014
ηz,0 Sector shares - Match income distribution in 2014
ψz,0 Relative productivity of labor - Moll et al. (cost savings of 30%)

4.3 Baseline Results

Using the model, we can now do a steady state comparison of wages and total income across

the income distribution before and after the adoption of the new technologies. Figure 5 shows

how wages and total income changed between 1980 and 2014 in the case of automation. We

can see in Figure 5a that task displacement fell predominantly on low-income households,

suppressing their wages.8 At the same time, high-income households also saw a substantial

increase in their capital income (shown in red in Figure 5b, with labor income in blue),

particularly the top 1 percent. As a result, automation substantially increased both wage

and total income inequality in the UK. We calculate that the wage Gini rose 2.05 p.p., and

the wealth Gini rose by 6.89 p.p. due to automation.

In contrast, for our baseline AI scenario (where we do not allow for complementarity),

high-income workers are the most likely to see their wages fall in response to AI displacement,

whereas low-income workers see wage gains due to higher aggregate productivity (Figure 6a).

As a result, wage inequality falls in this scenario, with the wage Gini falling 1.73 p.p. over

8In Appendix B we compare how the distribution of wages predicted by the model compares to the
change in wages actually observed in the UK between 1980-2014.
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Figure 5: Impact of Automation on Wages and Total Income, 1980-2014

(a) Change in Wages by Income Percentile

(b) Change in Total Income by Income Percentile

Notes: Figure (a) shows the percent change in wages between 1980 and 2014 by total income percentile.
Figure (b) shows the percent change in total income between 1980 and 2014 by total income percentile,
decomposed into the change due to labor income in blue, and the change due to capital income in red. Note
that the scale for Figure (b) is nonlinear, with the top-tail of the income distribution expanded.
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the scenario. However, this fall in wages is more than offset for the highest-income workers

by higher capital income, meaning their total income is still expected to rise significantly

(Figure 6b). As a result, wealth inequality is still expected to increase, with the wealth Gini

rising 7.18 p.p. over the scenario.

Figure 6: Predicted Impact of AI on Wages and Total Income, 2014-2048

(a) Change in Wages by Income Percentile

(b) Change in Total Income by Income Percentile

Notes: Figure (a) shows the percent change in wages between 2014 and 2048 by total income percentile.
Figure (b) shows the percent change in total income between 2014 and 2048 by total income percentile,
decomposed into the change due to labor income in blue, and the change due to capital income in red. Note
that the scale for Figure (b) is nonlinear, with the top-tail of the income distribution expanded.
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4.4 Accounting for Complementarity

When allowing for potential complementary with AI, with sectoral heterogeneity modeled

as described above, the distinctions between automation and AI become more nuanced.

Given that middle- and high-income workers have the highest expected complementarity,

even though these workers see downward wage pressure from displacement, they also benefit

from an increase in their relative productivity, which results in wage gains. At the same time,

the low complementarity of low-income workers means a lower share of productivity gains

accrue to them, thereby lowering their wages. As a result, in this scenario the reduction in

wage inequality is much more muted, with the wage Gini only expected to fall by 0.22pp,

while wealth inequality is expected to increase to a similar degree (Table 2).
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Figure 7: Predicted Impact of AI on Wages and Total Income, 2014-2048
Allowing for Complementarity

(a) Change in Wages by Income Percentile

(b) Change in Total Income by Income Percentile

Notes: Figure (a) shows the percent change in wages between 2014 and 2048 by total income percentile for
the baseline AI scenario in red, relative to the scenario allowing for complementarity in black. Figure (b)
shows the percent change in total income between 2014 and 2048 by total income percentile in the baseline AI
scenario in red, relative to the scenario allowing for complementarity in black, decomposed into the change
due to labor income in blue, and the change due to capital income in red. Note that the scale for Figure (b)
is nonlinear, with the top-tail of the income distribution expanded.

Finally, in addition to allowing for complementarity to affect the relative share of pro-

ductivity gains that accrue to different sectors, we also allow AI to yield aggregate produc-

tivity gains via TFP growth. This assumption would reflect a view of AI as being more

productivity-inducing than automation for the same change in the capital share. Moreover,

combining this assumption with complementarity means that all sectors experience produc-

tivity improvements, but the gains are distributed unevenly, with the size of increase not
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necessarily proportional to sectors’ initial productivity levels. To do so, in addition to recali-

brating the sectoral weights as: ηz,T = ηz,0(1+θz), we also calibrate the average productivity

gains conditional on adoption as ψz =
wz

R
/1.3 ∗ (1+ θz − θmin). Figure 8 and Table 2 suggest

that under the addition of aggregate productivity gains all workers are better off from AI

adoption, as higher TFP raises the base levels of all wages. However, in this scenario the

inequality implications remain unchanged compared to the scenario with only complemen-

tarity and no productivity growth, as the differential effect on wages and total income across

the distribution are the same.

While our model accounts for productivity gains through complementarity with existing

tasks, it does not capture another important channel through which AI might be comple-

mentary with workers: the creation of entirely new products, services, and occupations.

Historical technological disruptions, such as the internet revolution, led to entirely new job

categories (e.g., social media manager, app developer) that could not have been predicted

beforehand. As Acemoglu and Restrepo (2019) highlight, technological change often creates

new tasks that can be performed by labor, potentially offsetting some of the displacement

effects. Our estimates should therefore be interpreted as considering only the impacts on

existing occupations, potentially understating the positive labor market effects of AI.

Table 2: Change in Inequality Metrics, Aggregate Productivity and Output

Scenario: Auto (baseline) AI (baseline) AI (comp. 1) AI (comp. 2)

Wage Gini 2.05 p.p. -1.73 p.p. -0.22 p.p. -0.22 p.p.
Wealth Gini 6.89 p.p. 7.18 p.p. 7.16 p.p. 7.16 p.p.
Capital Share 5.5 p.p. 5.5 p.p. 5.5 p.p. 5.5 p.p.
Output 9.6% 10.6% 10.6% 12.2%
Mean Wages 0.2% 0.2% 0.2% 1.6%
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Figure 8: Predicted Impact of AI on Wages and Total Income, 2014-2048
Allowing for Complementarity and Additional Productivity Gains

(a) Change in Wages by Income Percentile

(b) Change in Total Income by Income Percentile

Notes: Figure (a) shows the percent change in wages between 2014 and 2048 by total income percentile
for the baseline AI scenario in red, relative to the scenario allowing for complementarity in black, and the
scenario allowing for complementarity with additional productivity gains in blue. Figure (b) shows the
percent change in total income between 2014 and 2048 by total income percentile in the baseline AI scenario
in red, relative to the scenario allowing for complementarity with additional productivity gains in black,
decomposed into the change due to labor income in blue, and the change due to capital income in red. Note
that the scale for Figure (b) is nonlinear, with the top-tail of the income distribution expanded.

5 Extended Model

In the baseline model, the adoption of new technologies, whether automation or AI, is taken

as exogenous. Technological change is reflected in the share of tasks that could be performed

by capital and, as capital is assumed to always be cheaper than labor, a firm would always
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choose to use it to perform a task if possible. In reality, however, the adoption of new

technology is costly, and for some tasks the benefits of adoption are unlikely to outweigh

the costs. This likely explains in large part why we see differential adoption of technologies

across countries and sectors. For example, in countries with cheaper labor, limited access

to new technologies, or where scant supporting infrastructure makes technology adoption

costly, firms may optimally prefer to use labor to perform tasks even if they could in theory

be automated.

To better understand this choice on the part of firms and the conditions that incentivize

adoption, we need to move towards a framework in which firms’ capital use and adoption

decisions are endogenous and depend on these factors. Another advantage of extending the

framework in this way is that it highlights an important trade-off policymakers face. A nat-

ural question given the findings from the baseline model is the extent to which policymakers

can offset the impact of new technologies on inequality using redistributive measures. The

baseline model (and others in the literature that take the capital share as exogenous) does

not allow for meaningful consideration of such policies, as the exogeneity of the adoption de-

cision means there is no scope for policies to distort firms’ capital use or technology adoption

decisions. In practice, policies such as a capital tax, while reducing inequality, also risk in-

ducing misallocation and lower productivity gains from reduced adoption. By endogenizing

the adoption decision, our extended framework below clearly highlights this trade-off.

5.1 Endogenizing the Initial Capital Share

For the firm’s problem, we adapt our baseline model to endogenize the capital share prior to

the adoption of new technologies. To do so, we maintain our assumptions that the economy

produces a final good, which is itself a Cobb-Douglas aggregate of perfectly competitive

intermediate goods, and households have Epstein-Zin preferences. The production of the in-

termediate goods occurs through the combination of a continuum of tasks, each individually

performed by either capital or labor, and aggregated via a Cobb-Douglas function. Our key
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assumption is that, following Drozd et al. (2022), tasks vary in complexity with a Pareto

distribution. Moreover, while the labor input required to complete a given task is indepen-

dent of the complexity of the task, the amount of capital required for a task increases with

the task’s complexity. As a result, the optimal level of capital use for the production of an

intermediate good will depend on the share of tasks for which capital is cheaper than labor.

Households consume the final good Y , which is produced from the intermediate outputs

of each sector z via Cobb-Douglas aggregation:

Y = A
∏
z

Y ηz
z (5)

where ηz gives the share of each intermediate good in the production of the final good,

and
∑

z ηz = 1.

Each intermediate good is itself the Cobb-Douglas aggregate of a continuum of tasks,

each with complexity q:

lnYz =

∫ ∞

0

lnYz(q)dq (6)

All tasks can be produced with either capital or labor. Moreover, while the labor input

required to complete a given task is independent of the complexity of the task, the amount

of capital required for a task is upward-sloping in complexity q:

kz(q) = Zzq
λ (7)

lz(q) = Zz (8)

As in the baseline model, the cost of a unit of capital input is the return R, which does

not vary across z, while the per-unit cost of labor is wz

ψz
, where wz is as defined in Eq. (4)

and 1/ψz is the relative productivity of labor compared to capital.

As firms minimize production costs and kz(0) = 0 < lz(0), the above implies the
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existence of a threshold q∗ such that tasks with complexity below q∗ will be automated,

while those above will use labor. The threshold q∗ will be determined endogenously, as the

complexity level for which it costs the same to use either capital or labor:

q∗ =

(
wz/ψz
R

) 1
λ

(9)

The resulting cost of producing each task will therefore be:

pz(q) =


RZzq

λ if q ∈ [0, q∗]

wz

ψz
Zz if q ∈ (q∗,∞).

(10)

Figure 9 provides a schematic diagram of the task allocation problem. Note that, as wz

varies with z, the threshold q∗(z) will also vary across intermediate goods.

From the thresholds q∗(z) found above, we can then integrate over the task space to find

the factor shares. To do so, we assume that tasks in each sector are Pareto distributed with

the following probability density function:

gz(q) = ξq−ξ−1

where 0 < ξ < λ.

We can simplify by assuming Zz =
λ−ξ
λ

and eliminating q∗ in (6), which gives us:

Yz =

(
kz
ξ/λ

) ξ
λ
(

ψzlz
1− (ξ/λ)

)1− ξ
λ

(11)

From this we can see that the sectoral capital share αz =
ξ
λ
. See Appendix A for a full

derivation.
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Figure 9: Endogenous Capital Share

Notes: Rkz(q) represents the cost of producing a task of complexity q with capital, and wzlz(q) represents
the cost of producing it with labor. The distribution of task complexity is given by g(q).

5.2 Endogenizing Technology Adoption

Imagine now that a technology exists such that for each task complexity q a firm can choose

to pay b ·n to adopt a technology that reduces the capital requirement for that task by κ(n),

where n represents the intensive margin of adoption. Examples of the intensive margin can

be the number or power of machines in an industrial plant in the case of automation, or

more powerful models in the case of AI. In this case, the capital requirement for a task of

complexity q if the new technology is not adopted will be:

kz(q) = Zzq
λ

of if adopted, the capital requirement will be:

kz(q) = κ(n)Zzq
λ + bn

Where κ(n) = κ0β
−1
z n−βz and 0 < βz < λ− 1, κ0 > 0, which yield κ < 1.

Firms therefore face adoption decisions along two margins: an intensive one, and an
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extensive one.

Conditional on adopting the technology at the extensive margin, the intensive margin

decision is given by:

min
n≥0

κ(n)Zzq
λ + bn

subject to:

κ(n) = κ0β
−1
z n−βz

From the first order condition, firms will optimally choose:

n∗ =

(
1

b
κ0Zzq

λ

) 1
1+βz

(12)

Conditional on optimal intensive margin adoption, firms also have an extensive margin

adoption decision to make:

min(Zzq
λ, κ(n∗)Zzq

λ + bn∗)

Plugging in our expression for n∗ and equalizing the two arguments, the threshold qmin below

which the firm would not adopt the technology for tasks of that complexity is given by

Zzq
λ
min = κ

1/βz
0 b(β−1

z + 1)
1+βz
βz (13)

Figure 10 illustrates how firms’ adoption decisions will depend on the types of tasks they

perform and the relative efficiency and cost of labor versus capital. Figure 10a shows that if

the costs of adoption are such that it is only cost-saving for very complex tasks, firms may

prefer not to adopt the technology but to instead continue to use labor for these tasks. If

the extensive adoption decision threshold qmin > q∗ there will be no adoption and therefore

no change in the capital share.

However, if instead qmin < q∗, firms will adopt the new technology, as shown in Figure 10b.

But they will not do so for all tasks. Intuitively, tasks that are already extremely cheap and
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easy to perform with capital benefit little from the expensive adoption of a new technology.

In the context of AI, tasks that are already simple to automate without generative AI would

not warrant investment in a new technology. But for more complex tasks, those between

qmin and q∗, the firm will adopt the new technology. This will increase q∗ and therefore the

capital share, where we now have:

q∗ = max

((wz
R

) 1
λ
, b

−βz
λ

(wz
R

) 1+βz
λ

)

Our extended model would therefore predict that the greatest adoption will occur in

sectors with high benefits of adoption, which is controlled by the parameter βz, and where

there are a lot of marginal tasks that are currently cheaper to perform with labor, but that

would be cheaper to perform with capital conditional on adopting a new technology. In these

cases we would expect tasks of moderate complexity to drive technology adoption – those

that are currently difficult to perform with capital, but which are not so complex that labor

will always dominate. We can therefore think of βz as capturing the exposure of different

occupations to a new technology in this endogenous adoption setup.
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Figure 10: Endogenous Technology Adoption for Tasks of Different Complexities

(a)No Adoption

(b)Adoption for qmin < q < q∗new

Notes: Rkz(q) represents the cost of producing a task of complexity q with capital, and wzlz(q) represents
the cost of producing it with labor. The distribution of task complexity is given by g(q).qmin represents
the minimum task complexity for which adopting the new technology lowers costs by more than the cost of
adoption.
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5.3 Calibration of Extended Model

The calibration of our extended model with endogenous capital share and technology adop-

tion proceeds in two stages. First, we calibrate the economic environment parameters using

historical data on automation from 1980 to 2014. Then, we use these calibrated parameters

to model the potential impact of AI adoption from 2014 to 2048.

We begin by calibrating the task complexity distribution parameter λ and the Pareto

shape parameter ξ to match the observed aggregate capital share in the UK in 1980, prior to

significant automation adoption. These parameters jointly determine the initial distribution

of tasks between capital and labor. Next, we model the differential impact of automation

across sectors using the exposure measure ωz, based on our Routine Task Index. The benefits

of adoption for each sector, βz, are then calculated as a function of this exposure: ωzν, where

ν is a scalar parameter. We assume that in 1980, automation technology existed but had

not yet been adopted due to high costs. We calibrate the initial adoption cost bauto,1980 such

that there is initially no adoption, but the marginal firm is indifferent between adopting

and not adopting. To capture the evolution of adoption costs over time, we set the final

adoption cost bauto,2014 to be 20 percent of the initial cost, reflecting the 80 percent decline

in the quality-adjusted price of industrial robots in the UK from 1980 to 2014, as reported

by Graetz and Michaels (2018). Finally, we normalize the technology scalar κ0 to 1 and

calibrate the exposure scalar ν to match the observed change in the aggregate capital share

in the UK between 1980 and 2014.

For the AI scenario, we maintain the same economic environment parameters (κ0, λ,

ζ, and ν) as calibrated for the automation scenario. We are implicitly assuming that the

economic environment remains unchanged between the two scenarios, bar the existence of a

new AI technology.

To reflect this new technology, we use a different exposure measure ωz based on the

measure of occupational exposure to AI in Felten et al. (2021). This results in a different

distribution of adoption benefits βz across sectors, where these are proportional to the ex-
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posure shown in Section 3. We calibrate the initial AI adoption cost bai,2014 to match the

observed aggregate capital share in the UK in 2014. To model a comparable magnitude of

technological change, for our scenario we assume the same percentage decline in adoption

costs for AI as observed for automation. Thus, we set bai,2048 to be 20 percent of bai,2014.

This calibration allows us to simulate the potential effects of AI adoption given the same

relative decline in adoption costs as observed during the automation wave of 1980-2014. All

other parameters are calibrated as in the baseline model. The full set of calibrated parameters

for the extended model is presented in Table 3. By using this two-stage calibration approach,

we can compare the potential impacts of AI adoption to the historical effects of automation

while accounting for the endogenous responses of firms in technology adoption and capital

use.

Table 3: Calibration of Parameters of Extended Model

Parameter: Description Value Source

κ0 Technology scalar 1 Free parameter
λ Technology efficiency 3 Drodz et al. (2022)
ζ Task complexity dist. 1.086 Target capital share in 1980
βz Benefits of adoption νωz Match exposure to automation and AI
ν Exposure scalar 0.203 Target change in aggregate capital share
bauto,1980 Initial adoption cost 1.3636 Marginal firm indifferent to adoption
bauto,2014 Final adoption cost 0.2 ∗ bauto,1980 Graetz and Michaels (2018)
bai,2014 Initial adoption cost 0.5727 Marginal firm indifferent to adoption
bai,2048 Final adoption cost 0.2 ∗ bai,2014 Match automation

We show in Appendix C that the findings of the extended model are robust to calibrating

the AI scenario to have identical initial conditions to automation. For example, if we calibrate

the model to match the aggregate capital share and data aggregates for 1980 rather than

2014, we obtain very similar results in terms of the implications for inequality and adoption.
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5.4 Results of Extended Model

Comparing the steady state of the extended model to that of the baseline model, both for

automation and AI, yields insights that both reinforce and extend our understanding of the

potential impacts of technological change on inequality. While the results for automation

are largely similar to those of the baseline model, the extended model produces markedly

different results for AI adoption.

For the case of automation, the extended model closely mirrors the results of the baseline

model. The impact on both wages (Figure 11a) and total income (Figure 11b) are almost

identical, with slightly less adoption at lower incomes offset by slightly more adoption at

higher incomes. This similarity is partly by design, as both models were calibrated to match

the historical data from 1980-2014, constraining aggregate adoption. However, the real power

of the extended model becomes apparent when we examine its predictions for AI adoption.

The extended model predicts significantly higher levels of AI adoption compared to both

the baseline AI model and automation in the extended model. This increased adoption

stems from a crucial mechanism captured by the extended model: the greater attractiveness

of automating tasks performed by higher-paid workers. Since AI is particularly adept at

tasks typically carried out by higher-wage (and thus more expensive) workers, it becomes a

much more appealing technology for firms to adopt.

This enhanced adoption leads to substantial differences in outcomes, as evidenced in

Table 4. The extended model predicts a much larger change in the capital share for AI

adoption (10.2 p.p.) compared to both the baseline AI scenario (5.5 p.p.) and the automation

scenarios. This increased capital utilization translates into larger gains in productivity and

output. The extended AI model projects TFP growth of 1.7 percent and output growth of

20.7 percent, significantly higher than the baseline AI scenario (1.4 percent and 10.6 percent

respectively) and the automation scenarios. However, because a lot of the higher output

accrues to capital, aggregate compensation to labor changes very little, with average wages

almost unchanged in all scenarios.
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Figure 11: Predicted Impact of Automation on Wages and Total Income, 1980-2014

(a) Change in Wages by Income Percentile

(b) Change in Total Income by Income Percentile

Notes: Figure (a) shows the percent change in wages between 1980 and 2014 by total income percentile for
the baseline automation scenario in red, relative to the results of the extended model in black. Figure (b)
shows the percent change in total income between 1980 and 2014 by total income percentile in the baseline
automation scenario in red, relative to the results of the extended model in black, decomposed into the
change due to labor income in blue, and the change due to capital income in red. Note that the scale for
Figure (b) is nonlinear, with the top-tail of the income distribution expanded.
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The amplified adoption in the extended model also intensifies the impact of AI on inequal-

ity. As illustrated in Figure 12a, low-income workers are expected to see even larger wage

increases due to the more substantial productivity and output growth. Conversely, higher-

income workers are likely to experience more significant wage decreases due to greater task

displacement. This effect is reflected in the wage Gini coefficient, which is predicted to fall

by 3.91 p.p. in the extended AI scenario, compared to a 1.73 percentage point decrease in

the baseline AI model (Table 4).

However, as in the baseline model, the story of inequality is more nuanced when we

consider total income. The greater AI adoption in the extended model leads to an even

larger increase in the return on capital. As shown in Figure 12b, this results in substantially

higher capital income for the highest-income households. Consequently, the wealth Gini is

projected to increase by 13.67 percentage points in the extended AI scenario, nearly double

the 7.16 percentage point increase predicted by the baseline AI model (Table 4).

In summary, by capturing the endogenous nature of technology adoption, our extended

model reveals a more pronounced impact of AI on inequality. While it predicts a larger

reduction in wage inequality due to increased productivity benefits for low-income workers,

it simultaneously forecasts a more dramatic increase in wealth inequality driven by higher

returns to capital. It also predicts potentially greater labor market implications than seen

for previous episodes of automation due to the potential cost-savings of displacing expensive

high-income workers. These results underscore the importance of considering the endoge-

nous adoption decision both when considering the possible impacts of new technologies, and

possible policy responses to them. They also highlight a dilemma for policy makers – to

a far greater extent than previously seen for automation, the downsides of widespread AI

adoption in the form of higher wealth inequality are likely to be accompanied by higher

wages for low income workers and higher productivity.
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Figure 12: Predicted Impact of AI on Wages and Total Income, 2014-2048

(a) Change in Wages by Income Percentile

(b) Change in Total Income by Income Percentile

Notes: Figure (a) shows the percent change in wages between 2014 and 2048 by total income percentile for
the baseline AI scenario in red, relative to the results of the extended model in black. Figure (b) shows
the percent change in total income between 1980 and 2014 by total income percentile in the baseline AI
scenario in red, relative to the results of the extended model in black, decomposed into the change due to
labor income in blue, and the change due to capital income in red. Note that the scale for Figure (b) is
nonlinear, with the top-tail of the income distribution expanded.

Table 4: Change in Inequality Metrics, Aggregate Productivity and Output: Extended Model

Scenario: Auto (baseline) Auto (extended) AI (baseline) AI (extended)

Wage Gini 2.05 p.p. 2.16 p.p. -1.73 p.p. -3.91 p.p.
Wealth Gini 6.89 p.p. 6.92 p.p. 7.18 p.p. 13.67 p.p.
Capital Share 5.5 p.p. 5.5 p.p. 5.5 p.p. 10.2 p.p.
Output 9.6% 9.6% 10.6% 20.7%
Mean Wages 0.2% 0.1% 0.2% -0.5%
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6 Efficiency Inequality Trade-Off

Now that we have endogenized the capital share and the adoption of new technologies, we

can meaningfully examine the trade-off policy makers face between reducing inequality and

maximizing efficiency in this setting.

As we have shown in the previous section, unfettered adoption of these new technologies

is likely to lead to significant wealth inequality. However, a trade-off arises because policies

aiming to reduce inequality by limiting adoption (or taxing the gains of adoption) will also

reduce output by inefficiently lowering the adoption of more productive technologies and

inducing misallocation between labor and capital. An additional interesting nuance in the

case of AI is that high adoption could lead to lower wage inequality, further confounding the

trade-off.

6.1 Implementing a Capital Tax

A natural policy response to the rising wealth inequality we document above would be to

implement taxes that directly tax the capital income driving this wealth inequality. This

could take the form of a capital tax, which we consider here. Such taxes may reduce in-

equality both directly, by lowering capital returns, and indirectly, by discouraging technology

adoption. However, they also induce misallocation by distorting firms’ input choices between

capital and labor.

Other tax instruments could also be used to potentially address rising inequality from

AI adoption. Progressive labor income taxes, for instance, could also be used to redistribute

income without distorting the return on capital, potentially offering efficiency advantages

over capital taxation. However, they wouldn’t directly address the growing disparity in

capital returns that drives much of the wealth inequality in our model, and could also

introduce distortions in the labor market. A wealth tax represents another alternative that

would target accumulated wealth rather than capital income flows. While our model suggests
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that any policy that raises the effective cost of capital would be qualitatively similar to the

capital taxes we study in reducing AI adoption and associated inequality, a more detailed

model with heterogeneous assets, returns, and entrepreneurial abilities would be needed

to fully capture the differences between these policy instruments.9 These considerations

highlight the complex tradeoffs policymakers face when designing redistribution policies in

response to technological change, though a full optimal tax analysis is beyond the scope of

this paper.

In our model, a capital tax τK raises the effective cost of capital to (1+τK)R. This affects

firms’ decisions through multiple channels, as shown in Table 5. First, by raising the cost of

capital relative to labor, it reduces the threshold q∗ below which firms use capital instead of

labor to perform tasks. This creates misallocation even for firms that don’t adopt the new

technology. Second, it reduces the intensive margin of technology adoption n∗ by making

capital investment less attractive. Finally, although it does not directly affect the adoption

threshold qmin, by lowering q∗ it will also indirectly lower adoption at the extensive margin.

Together, these effects not only lower the adoption of productivity-enhancing technologies,

but also induce misallocation among non-adopting firms by distorting their capital/labor

input mix (Hsieh and Klenow, 2009; Restuccia and Rogerson, 2008).

9While our model does not fully capture the nuanced differences between capital income taxes and
wealth taxes, we can think of them as qualitatively similar in terms of their impact on equilibrium capital
use and technology adoption, as both would increase the effective cost of capital and potentially discourage
wealth accumulation. However, it’s important to note that these taxes operate differently in practice. As
discussed in Hebous et al. (2024), wealth taxes are equivalent to taxing a fixed rate of return rather than
actual capital income flows. This means wealth taxes treat investments with different yields differently -
high-yielding investments face relatively lighter taxation (as a percentage of income), while low-return or
loss-making investments bear heavier tax burdens. If modeled explicitly, these distinctions might lead to
different impacts on AI adoption patterns across sectors with varying risk-return profiles.
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Table 5: Impact of Tax on Capital Use and Technology Adoption

Decision Tax Impact

Capital Share q∗ = max

((
wz

(1+τK)R

) 1
λ
, b

−βz
λ

(
wz

(1+τK)R

) 1+βz
λ

)
Extensive Margin Zzq

λ
min = κ

1/βz
0 b(β−1

z + 1)
1+βz
βz

Intensive Margin n∗ =
(

1
b(1+τK)R

κ0Zzq
λ
) 1

1+βz

6.2 Policy Simulations

To quantify the impact of the capital tax considered above on output and inequality, we

introduce a government sector that collects tax revenue and redistributes it to households in

the form of a Universal Basic Income (UBI).

The government’s budget constraint is given by:

T = τKRK

where T is the total tax revenue and K is the aggregate capital stock. Assuming a

balanced budget, total government transfers to households in the form of UBI are also equal

to T .

We also modify the household’s budget constraint to include the UBI (represented as a

lump-sum transfer each period) and the tax on capital income:

daz,t + dbz,t = (rKaz,t + rBbz,t + wz − cz,t +
T

N
)dt+ az,tvdWt

where N is the total number of households and T/N is the per-period lump sum transfer

that accrues to each household.

We consider the impact of the tax in the case of automation and AI in turn. We impose a

15 percent tax rate, which would raise tax revenue equal to 4.8 percent of pre-tax GDP under
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automation, and equal to 5.6 percent of pre-tax GDP under AI.10 For both automation and

AI, we examine what the expected impact of each tax would be on inequality, the capital

share, output, and wages, relative to the final stead states presented above absent any policy

interventions.

Table 6: Tax Impacts on Inequality, Aggregate Productivity and Output

Scenario: τK: Auto τK: AI

Wage Gini -0.34 p.p. 0.70 p.p.
Wage + UBI Gini -3.83 p.p. -3.44 p.p.
Wealth Gini -2.12 p.p. -3.74 p.p.
Capital Share -0.80 p.p. -1.60 p.p.
Output -15.5% -26.9%
Mean Wages -8.7% -11.8%

Table 6 summarizes the results of these policy simulations, showing the impact of the

proposed tax and UBI on a range of aggregate outcomes. For automation, the capital tax

reduces the wage Gini by 0.34 percentage points pre-transfer, and by 3.83 percentage points

after accounting for the impact of UBI. As a result, the wealth Gini falls by 2.12 percentage

points. However, these reductions in inequality come at a substantial cost: output falls by

15.5 percent and mean wages decline by 8.7 percent. Note that the decline in output is larger

than the increase in output due to automation. That reflects the dual impact of the capital

tax on output - it not only suppresses output through reduced technology adoption, it also

lowers the output of non-adopting firms by inducing misallocation by distoring their input

mix away from capital.

Figure 13 illustrates how these aggregate effects are distributed across workers. For

automation (Figure 13a), the capital tax reduces pre-transfer wages across the distribution,

to a largely similar extent. Once accounting for UBI, the lowest-income households are

ultimately better off. But the average post-transfer wage remains lower than the average

pre-tax pre-transfer wage.

10At this tax rate, we are still on the increasing side of the Laffer curve in both scenarios.
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Figure 13: Changes in Pre and Post-Transfer Wages Following Capital Tax

% Change in Wages

% Change in Wages + UBI

(a) Automation

% Change in Wages

% Change in Wages + UBI

(b) AI

Notes: Both figures show the percent change in wages in the presence of the capital tax relative to no capital
tax. The black line shows the change in wages not accounting for the uniform transfers, and the red line
shows the change in post-transfer wages. Figure (a) shows this exercise for our automation scenario, and
Figure (b) shows the results for the AI scenario.

The trade-off becomes even starker in the case of AI. While the wealth Gini falls by 3.74

percentage points, wage inequality actually increases pre-transfer (rising 0.70 percentage

points) as the tax particularly dampens the adoption of AI in high-wage occupations where

it would have had the largest productivity benefits. Although the UBI ultimately reduces

post-transfer wage inequality by 3.44 percentage points, the economic costs are severe -

output falls by 26.9 percent and mean wages decline by 11.8 percent. Figure Figure 13b

shows that the pre-transfer wage effects are most negative for low-income workers, as reduced

AI adoption particularly limits productivity gains in their sectors. Again the lowest income
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workers ultimately benefit from the UBI, but even after transfers, the average worker is

substantially worse off due to the large decline in output.

These results highlight the difficult trade-off policymakers face, particularly in the context

of AI adoption. While capital taxes can help reduce wealth inequality and protect the lowest-

income households through redistribution, they come at a significant cost to overall economic

output and average living standards. Even though many households would have higher total

incomes following the policy, the deadweight loss to society is large - the total income lost

across all households exceeds the tax revenue raised by more than a factor of two. This cost

appears to be even larger for AI than for previous waves of automation, highlighting the

importance of considering the potential impact on adoption and efficiency of any policies

aiming to mitigate the distributional impacts of these new technologies.

In practice, the pace and scale of AI adoption will likely also be influenced by political

economy considerations. Labor market disruptions and widening wealth inequality could

generate political resistance that slows adoption through regulatory restrictions or other

policy interventions. Conversely, the productivity benefits might create constituencies that

accelerate adoption. These political feedback loops could lead to adoption patterns that

differ from our model’s predictions and potentially affect both the efficiency and equity

implications of AI.

7 Conclusion

AI is likely to profoundly affect many aspects of the economy, but its implications for

inequality are highly debated. In this paper we argued that resolving this debate involves rec-

ognizing that AI may have different effects on inequality via multiple channels: AI may both

decrease wage inequality via labor market disruption while increasing wealth inequality via

higher capital income for wealthy households. Moreover, AI-induced aggregate productivity

could increase the share of workers who are unconditionally better off without fundamentally
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altering the inequality implications of technological change.

In support of these diverse effects, we documented that high-income workers are much

more likely to work in occupations exposed to new AI technologies. While roughly 60 percent

of workers at the 90th income percentile are in an occupation where a large share of tasks can

be performed by AI, at the 10th percentile only 15 percent of workers are in this situation.

At the same time, in the upper decile workers have the lowest share of their total income

from wages, the largest wealth holdings, and the largest share of their wealth in risky but

high-return assets such as equity. As such, high-income workers are not only better placed

to insure themselves against potential adverse labor market impacts from AI, but also stand

to benefit most from a possible AI-driven rise in capital returns. Moreover, the high-income

workers most exposed to these new technologies are also more likely to be complementary

with them. This might suggest that rather than being simply displaced by these technologies,

as often happened to low-income workers affected by automation, the workers exposed to

this latest wave of innovation may face a lower risk of job loss.

In our structural analysis, we show that under the baseline assumption that occupational

exposure to AI is associated directly with task displacement, the model predicts a decrease in

the Gini coefficient for wage inequality of 1.73 p.p. Wealth inequality, however, is predicted to

widen, with the wealth Gini rising 7.18 p.p. For comparison, the model calibrated to routine-

biased automation produces a substantial increase in both wage and wealth inequality, with

the Gini rising by 2.05 p.p. and 6.89 p.p., respectively. Allowing for complementarity

between labor and AI mitigates the fall in wages expected for high-income workers, limiting

the extent to which inequality may fall (if decreasing at all). Moreover, an increase in

aggregate productivity unleashed by AI would partially compensate for the negative effect

of task displacement, thus increasing the share of workers who are unconditionally better off

from AI diffusion, and further raising capital returns.

Finally, we show in our extended model that for policymakers wishing to respond to

the inequality impacts of such technological change, there is an inherent welfare trade-off
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between equity and aggregate productivity they must take into account. This model suggests

that the ability of AI to automate high-wage tasks may lead to higher adoption rates than

observed in previous waves of automation. This amplified adoption intensifies both the

potential productivity gains and the inequality impacts of AI. For policymakers, this presents

a starker trade-off between reducing wealth inequality and promoting productivity growth

than seen with previous technologies. Our policy simulations suggest that while a 15 percent

capital tax could substantially reduce post-transfer inequality, the associated costs to output

and productivity would be nearly twice as large for AI as for previous waves of automation.

These results highlight the importance of carefully considering the efficiency implications

of redistributive policies in response to AI adoption, though we leave a full optimal policy

analysis to future work.
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A Model Details

A.1 Endogenizing the Capital Share

This appendix provides the detailed model derivations discussed in Section 5. For the firm’s

problem, we adapt the task model of Moll et al. (which follow Acemoglu and Restreppo)

to endogenize the capital share. To do, we assume that the economy produces a final good,

which is itself a Cobb-Douglas aggregate of perfectly competitive intermediate goods. These

intermediate goods are combined from a continuum of tasks, performed by capital and labour,

using a Cobb-Douglas aggregator. Our key assumption is that tasks vary in complexity (with

a Pareto distribution). And while the labour required to complete a given task is flat in the

complexity of the task, the capital requirements for a task are upward sloping in complexity,

giving an optimal level of capital use.

A.1.1 Final Good

Households consume the final good Y , which is produced from the intermediate outputs of

each sector z via Cobb-Douglas aggregation:

Y = A
∏
z

Y ηz
z (14)

where ηz gives the share of each intermediate good in the production of the final good,

and
∑

z ηz = 1.

A.1.2 Intermediate Good

Each intermediate good is itself the Cobb-Douglas aggregate of a continuum of tasks, each

with complexity q:

lnYz =

∫ ∞

0

lnYz(q)dq (15)

We assume that all tasks can be produced with either capital or labour, but that low-

complexity tasks are cheaper to perform with capital, and high-complexity tasks are cheaper

to perform with labour, due to the capital requirement for tasks being upward sloping in

complexity q:

kz(q) = Zzq
λ (16)

lz(q) = Zz (17)
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This means that below some threshold q∗ tasks will be automated, and above that thresh-

old tasks will use labour:

Yz(q) =

kz(q) if q ∈ [0, q∗]

ψzlz(q) if q ∈ (q∗,∞).
(18)

The price of producing each task will therefore be:

pz(q) =

RZzqλ if q ∈ [0, q∗]

wz

ψz
Zz if q ∈ (q∗,∞).

(19)

The threshold q∗ will be determined endogenously, as the complexity of task for which it

costs the same to produce it with either capital or labour:

q∗ =

(
wz/ψz
R

) 1
λ

(20)

A.1.3 Factor Shares and Market Clearing

From Cobb-Douglas aggregation, we know that in equilibrium, the marginal product of

capital = αz
yz
kz

and of labour = (1 − αz)
yz
lz
. Further, because we assume the intermediate

goods market is perfectly competitive and the capital and labour markets must clear, we

know that capital and labour will be paid its marginal product, thus:

R

pz
= αz

yz
kz

(21)

wz
pz

= (1− αz)
yz
lz

(22)

where αz is the capital share, R is the rental rate of capital, wz is the wage in sector z,

and pz is the price of the intermediate good in sector z.

From the threshold q∗ found above, we then also can express the factor intensities as

integrals over the task space. To do so, we assume that tasks in each sector are Pareto

distributed with:

gz(q) = ξq−ξ−1

where 0 < ξ < λ.
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Integrating, we can then express factor intensities as:

kz
yz

= Z

∫ q∗

0

qλdG(q) = Z

∫ q∗

0

qλ−ξ−1dq = Zq∗λ−ξ
ξ

λ− ξ
(23)

lz
yz

= Z

∫ ∞

q∗
1dG(q) = Z

∫ ∞

q∗
1−ξ−1dq = Zq∗−ξ (24)

Letting Zz =
λ−ξ
λ
, and using our expressions for factor prices above, we have:

kz
yz

= αz
pz
R

= q∗λ−ξ
ξ

λ
(25)

lz
yz

= (1− αz)
pz

wz/ψz
= q∗−ξ

λ− ξ

λ
(26)

Eliminating q∗ from these equations gives us:

Yz =

(
kz
ξ/λ

) ξ
λ
(

ψzlz
1− (ξ/λ)

)1− ξ
λ

(27)

From this we can see that αz =
ξ
λ
. From this we can further derive pz as:

pz = α−1
z Rq∗λ−ξ

ξ

λ
= Rq∗λ−ξ

pz = R
ξ
λ

(
wz
ψz

)1− ξ
λ

Equivalently, note that we can express the labour and capital shares as a function of q∗

as:

αz =
R

pz
q∗λ−ξ

ξ

λ
(28)

(1− αz) =
wz/ψz
pz

q∗−ξ
λ− ξ

λ
(29)

Finally, in order to ensure the aggregate capital market clears, we need an expression for

aggregate K =
∑

z kz. Following Moll et al., we normalize the price of the final good to 1,

such that pzYz = ηzY . We can therefore express the demand for kz in terms of aggregate

output as:

kz =
αzpzYz
R

=
αzηzY

R
(30)
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where from above, αz =
ξ
λ
. Using α =

∑
z αzηz, we therefore have:

K = α
Y

R
(31)

where:

Y = AKα
∏
z

(ψzlz)
(1−αz)ηz (32)

where: A = Aα−α∏
z(ηz(1− αz))

−ηz(1−αz)
∏

z η
ηz
z

A.1.4 Endogenous Technology Adoption

We now introduce the possibility for firms to adopt a technology that reduces their capital

requirements. For each task complexity q, firms can pay an adoption cost bn to reduce

capital needs by κ(n), where n represents the intensive margin of adoption (e.g., the power

of AI models). The capital requirement for a task of complexity q is:

kz(q) =

Zzqλ without adoption

κ(n)Zzq
λ + bn with adoption

(33)

where κ(n) = κ0β
−1n−β with 0 < β < λ− 1, κ0 > 0, κ < 1

Firms face adoption decisions on both the intensive and extensive margins. On the

intensive margin, they choose optimal technology investment by solving:

min
n≥0

κ(n)Zzq
λ + bn

subject to:

κ(n) = κ0β
−1n−β

From the first order condition, firms will optimally choose:

n∗ =

(
1

b
κ0Zzq

λ

) 1
1+β

(34)

The price of producing each task will then be:

pz(q) =


RZzq

λ if q ∈ [0, q∗], q < qmin

R(κ(n∗)Zzq
λ + bn∗) if q ∈ [0, q∗], q > qmin

wz

ψz
Zz if q ∈ (q∗,∞)

(35)
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Where:

R(κ(n∗)Zzq
λ + bn∗) = R(κ0b

βZzq
λ)

1
1+β (β−1 + 1)

On the extensive margin, firms decide whether to adopt by comparing:

min(Zzqλ, κ(n∗)Zzqλ + bn∗)

Plugging in our expression for n∗ and equalizing the two arguments defines the threshold

qmin below which firms will not adopt:

Zzq
λ
min = κ

1/β
0 b(β−1 + 1)

1+β
β (36)

This implies that the threshold q∗ below which firms use capital becomes piece-wise:

q∗ =


(
wz/ψz

R

) 1
λ

if q∗ ≤ qmin(
Z

β
1+β
z

κ0bβ(β−1+1)
wz/ψz

R

) 1+β
λ

if q∗ > qmin

(37)

Let:

Z
β
λ
z

κ
1/λ
0 (β−1 + 1)

1+β
λ

= 1

Then we can express this more compactly as:

q∗ = min

((
wz/ψz
R

) 1
λ

, b
−β
λ

(
wz/ψz
R

) 1+β
λ

)
(38)

The adoption decision leads to different production functions for adopting and non-

adopting firms. Let me derive each case:

A.1.5 Production Functions Under Endogenous Adoption

For Firms That Do Not Adopt

For non-adopting firms, we can express factor intensities by integrating over the task

space:

kz
yz

= Z

∫ q∗

0

qλdG(q) = Z

∫ q∗

0

qλξq−ξ−1dq = Zq∗λ−ξ
ξ

λ− ξ
(39)

lz
yz

= Z

∫ ∞

q∗
1dG(q) = Z

∫ ∞

q∗
1ξq−ξ−1dq = Zq∗−ξ (40)
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Using Zz =
λ−ξ
λ

and our earlier expressions for factor prices:

kz
yz

= αz
pz
R

= q∗λ−ξ
ξ

λ
(41)

lz
yz

= (1− αz)
pz

wz/ψz
= q∗−ξ

λ− ξ

λ
(42)

For Firms That Adopt

For adopting firms, factor intensities require integrating over three regions:

kz
yz

= Z

∫ qmin

0

qλdG(q) + Z

∫ q∗

qmin

(κ0b
βZzq

λ)
1

1+β (β−1 + 1)dG(q) (43)

= Z

(
qλ−ξmin

ξ

λ− ξ

)
+ (κ0b

βZz)
1

1+β (β−1 + 1)
[
(q∗)

λ
1+β

+ξ − (qmin)
λ

1+β
+ξ
] 1 + β

λ+ ξ(1 + β)
(44)

The labor intensity remains:

lz
yz

= Z

∫ ∞

q∗
1dG(q) = Zq∗−ξ (45)

We can eliminate pz by combining these expressions to get:

αz =

(
1 +

lz/yz
kz/yz

wz/ψz
R

)−1

(46)

Where the ratio of factor intensities is:

lz/yz
kz/yz

=

[
ξ

λ− ξ
qλ−ξminq

∗ξ + (Z−βκ0b
β)

1
1+β

ξ
λ

1+β
− ξ

1 + β

β

(
q∗

λ
1+β − q

λ
1+β

−ξ
min q∗ξ

)]−1

(47)

In both cases, this yields the production function:

Yz =

(
kz
ξ/λ

) ξ
λ
(

ψzlz
1− (ξ/λ)

)1− ξ
λ

(48)

A.2 Impact of Capital Taxes

We now consider how the introduction of a capital tax affects technology adoption decisions

and factor shares.
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A.2.1 Capital Income Tax Effects

Let τK be the tax rate on capital income. This raises the effective cost of capital to:

Rafter−tax = (1 + τK)R

This affects firm decisions through multiple channels:

1. Task Assignment: The threshold q∗ between capital and labor use becomes:

q∗ = min

((
wz

(1 + τK)R

) 1
λ

, b
−βz
λ

(
wz

(1 + τK)R

) 1+βz
λ

)
(49)

2. Technology Adoption – Intensive Margin: The optimal adoption intensity be-

comes:

n∗ =

(
1

b(1 + τK)R
κ0Zzq

λ

) 1
1+βz

(50)

3. Technology Adoption – Extensive Margin: The threshold for adoption becomes:

Zzq
λ
min = κ

1/βz
0 b(1 + τK)R(β

−1
z + 1)

1+βz
βz (51)

These changes affect the production cost for each task:

pz(q) =


(1 + τK)RZzq

λ if q ∈ [0, q∗], q < qmin

(1 + τK)R(κ(n
∗)Zzq

λ + bn∗) if q ∈ [0, q∗], q > qmin

wz

ψz
Zz if q ∈ (q∗,∞)

(52)

The resulting factor intensities become:

kz
yz

= αz
pz

(1 + τK)R
= q∗λ−ξ

ξ

λ
(53)

lz
yz

= (1− αz)
pz

wz/ψz
= q∗−ξ

λ− ξ

λ
(54)

A.2.2 Government Budget and Transfers

Tax revenue funds a Universal Basic Income (UBI). The government budget constraint is:

T = τKRK (55)

where T is total tax revenue and K is the aggregate capital stock.
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The household’s budget constraint now incorporates both the capital tax and UBI trans-

fer:

daz,t + dbz,t = ((1− τK)rKaz,t + rBbz,t + wz − cz,t +
T

N
)dt+ az,tvdWt (56)

where N is the total number of households and T
N

is the per-household UBI transfer.

The equilibrium wage in each sector becomes:

wz = (1− αz)
ηz
lz
A

1
1−α

(
α

(1 + τK)R + δ

) α
1−α ∏

z

(lzψz)
ηz(1−αz)

1−α (57)

The capital market clearing condition becomes:

K = α
Y

(1 + τK)R
(58)

This gives aggregate output under the capital tax as:

Y = AKα
∏
z

(ψzlz)
(1−αz)ηz (59)

where the productivity term A now reflects the tax distortion:

A = Aα−α(1 + τK)
−α
∏
z

(ηz(1− αz))
−ηz(1−αz)

∏
z

ηηzz (60)

B Additional Results

B.1 Empirical Results

Figure B.1: Household Exposure to Automation and AI by Income Percentile
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B.2 Model Fit for Automation

For the automation case, we can compare the prediction of both models to the observed

change in wages in the UK between 1980 and 2014, using estimates from the ASHE (annual

survey of hours and earnings). We can see that both models fit the observed change in

the wage distribution relatively well. The main feature they miss is the relatively smaller

decline in wages for the lowest income workers in the actual data. But this is thought to in

part reflect the impact of the National Minimum Wage over this period, which would not be

captured by the models.

Figure B.2: Comparison of Baseline and Extended Model Fit for Wages

B.3 Scenario Analysis

Alternative Scenarios: Displacement and Productivity

Scenario analysis suggests the results are robust to a range of parameters. A different

change in the aggregate capital share changes the ‘tilt’ of wage impacts, whereas a change

in the aggregate productivity impact just shifts the change in wages curve higher, meaning

that higher productivity is better for all, with no impact on inequality (Figure B.3).
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Figure B.3: Predicted Impact of AI on Wages, 2014-2048
Alternate Paths for the Aggregate Capital Share and Productivity

(a) Different Changes in Aggregate Capital Share

(b) Different Cost Savings From Adoption

Alternative Scenarios: Capital Supply Elasticity

In contrast, a lower capital supply elasticity leads to lower wages overall. This is because

a higher cost of capital reduces output. However, the return to capital is higher in this

scenario, boosting total income for the highest-income workers (Figure B.4).
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Figure B.4: Predicted Impact of AI on Wages and Total Income, 2014-2048
Lower Capital Supply Elasticity

(a) Different Changes in Aggregate Capital Share

(b) Different Cost Savings From Adoption

C Calibration Robustness

Below we calibrate the extended model to match the aggregate capital share and data ag-

gregates for 1980 rather than 2014. Doing so produces very similar results in terms of the

implications for inequality and adoption, as shown in Figure C.1.
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Figure C.1: Change in Wages by Income Percentile

Notes: Figure C.1 shows the percent change in wages by total income percentile for the baseline AI scenario
in red, relative to the results of the extended model in black, calibrated to 1980 initial conditions.
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