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Abstract

We study how well widely used occupation-level “Al exposure” measures predict
actual Al adoption by workers and propose a new adoption index based on compara-
tive advantage. Using the representative German DiWaBe employee survey linked to
worker and establishment information, we compare worker-reported Al use to promi-
nent exposure measures and find that the relationship is weak. Motivated by this gap,
we develop a framework in which adoption depends not only on technical feasibility—
AT’s absolute advantage measured by exposure—but on profitability—AI’s comparative
(dis)advantage relative to a specific worker—balancing AI productivity against Al user
costs and worker productivity against wages. We operationalize this framework at the
task level by (i) estimating worker productivity relative to pay, (i) mapping exposure
indices into Al productivity, and (iii) inferring task-specific Al user costs from revealed-
preference adoption. The resulting occupation-level index accounts for 60% of cross-
occupation variation in observed AI adoption, compared to 14% for an exposure-only
model. The two approaches diverge substantially for approximately 30% of workers,
highlighting that comparative advantage—mnot exposure alone—is crucial for assessing
AT’s labor-market impact.

*The data access was provided via on-site use at the Research Data Centre (FDZ) of the German Federal
Employment Agency (BA) at the Institute for Employment Research (IAB) and remote data execution.



1 Introduction

Artificial intelligence (AI) has rapidly become one of the most transformative technological
inventions of the last decades—hailed by some as a new engine of growth and feared by
others as a force that could fundamentally change the workplace. Across academic, policy,
and public debates, a common concern has emerged: Al may not merely change how tasks
are performed, but in some settings, replace human labor altogether.

To assess the labor market consequences of this technological innovation, a fast-growing
body of literature aims to predict the labor market effects of Al relying on occupation-level
exposure measures. These exposure measures are summary indices that assign each occupa-
tion a predicted “degree of exposure” to Al, typically based on how closely the tasks performed
in that job align with what Al systems can plausibly automate, augment, or substitute. In
practice, researchers combine information on the task content of occupations (often from
standardized databases on job activities) with external indicators of Al capabilities (e.g.,
which tasks current AI models perform well, or which technologies are being developed and
deployed).[] The resulting exposure scores are then used as proxies for how strongly different
jobs are affected by Al, allowing empirical work to compare labor market outcomes—such as
employment, wages, hours, and job transitions—across more- versus less-exposed occupations
over time. Relying on these occupational exposure measures has become the dominant em-
pirical strategy for predicting the labor market responses to Al:|Acemoglu et al.| (2022) study
employment and wage effects; (Georgieft and Hyee (2022) and |Pizzinelli et al.| (2023) provide
cross-country evidence; Hyman et al.| (2025) analyze retraining outcomes in exposed occu-
pations; Brynjolfsson et al. (2018) emphasize task reorganization; Freund and Mann| (2025)
and |Althoff and Reichardt (2025)) quantify heterogeneous earnings effects using structural
models; and |Acemoglu (2025) examines aggregate productivity implications.

We find, however, that the empirical link between occupation-level Al exposure and ac-
tual Al adoption by workers is weak—the central observation that motivates this paper. We

systematically compare widely used AI exposure measures with the actual worker-level Al

1Various measures of Al exposure have been proposed, including approaches capturing broad Al-related
technologies and occupational characteristics (Webb, [2019; |Felten et al., 2021) and more recent measures
reflecting advances in generative Al (Eloundou et al. 2024; Handa et al.| [2025; Tomlinson et al., |2025]).



adoption behavior observed in German data from the DiWaBe survey. DiWaBe is a represen-
tative employee survey conducted in 2024 that covers more than 9,000 workers and is linked
to establishment-level information. In particular, DiWaBe collects information on respon-
dents’ use of Al at work, alongside their occupations, which allows us to directly compare
occupation-level Al exposure measures from the literature to individual adoption decisions
in our data. To measure occupational exposure to Al, we primarily rely on the task-based
measure developed by [Eloundou et al. (2024), which quantifies the technical feasibility of
performing specific tasks within occupations using AI. This measure aligns well timing-wise
with our survey data on actual Al adoption in the DiWaBe since it takes into account the
capabilities of large language models. We check robustness with respect to several alternative
exposure measures proposed by [Felten et al.| (2021), [Handa et al.| (2025), and Webb (2019)).
Felten et al.| (2021) map Al application domains to occupation-specific abilities using expert
assessments; Handa et al.| (2025)) quantify Al adoption using data on interactions with gen-
erative Al tools; and Webb| (2019)) construct exposure based on textual similarity between
Al patents and occupational task descriptions.

Figure [I] presents binscatter plots relating actual worker-level adoption rates to the four
discussed occupational Al exposure measures. The estimated slopes and thus correlations
are modest: Focusing on Panel 1, a 10 percentage point increase in the share of tasks that
can be performed by Al according to the exposure measure of Eloundou et al. (2024) is
associated with only a 4.6 percentage point increase in the probability of actually adopting
Al We find that this relationship is largely unaffected by the inclusion of controls. More
importantly, Al exposure measures explain very little of the variation in adoption behavior:
The corresponding regressions yield an R? of only 0.008, indicating that occupation-level
exposure is a poor predictor of actual Al use by workers. Weak correlations and limited
predictive power persist when we consider alternative occupational Al exposure measures
(Panels 2-4).

This gap between predicted Al exposure and realized Al adoption is the central motiva-
tion for our analysis, since understanding and predicting actual Al adoption is a necessary
first step for assessing the labor market effects of this new technology. We examine the

sources of this gap and develop a framework for predicting Al adoption that combines expo-
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Figure 1: Relation between Actual Adoption by Workers and Al Exposure Measures

Note: The figure relates worker-level Al adoption from DiWaBe to various occupation-level measures of Al
exposure. Workers reporting Al use sometimes or more frequently are classified as adopters. We use four
alternative exposure measures. For |[Eloundou et al.| (2024 and Handa et al.|(2025), exposure is measured as
the share of tasks within an occupation exposed to AI; for [Felten et al.| (2021) and Webb (2019), measures
are converted to percentile ranks of occupational Al exposure. Exposure measures defined at the O*NET
occupation level are mapped to German KIdB 5-digit occupations using occupation crosswalks. Data Sources:
DiWaBe for adoption rates and [Eloundou et al| (2024)), Handa et al) (2025]), [Felten et al| (2021) and [Webb)|

(2019) for exposure measures.

sure measures with worker-level factors and technological costs—margins that jointly shape
adoption decisions—and thereby improves predictive accuracy.

The primary contribution of this paper lies in measurement. We start from the premise
that AI adoption depends not only on technological feasibility—or the absolute advantage in
performing a task proxied by Al exposure measures—but also on profitability captured by
AT’s comparative (dis)advantage vis-a-vis a specific worker performing the task. We formalize
this idea in a simple framework in which each worker ¢ in occupation o combines a set of
task-level outputs, weighted by task importance, to produce overall output. Each task-level
output can be produced by either labor or Al according to a linear technology. The worker

uses Al for task £ if Al has a comparative advantage over labor in producing the task,

worker Al
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where Z¥o%r and Z2! denote the productivity of worker and Al, respectively, w;, is the
wage of worker ¢, and r; denotes the user cost of Al services in task k. While tasks that
are more exposed to Al—reflected in higher AI productivity Z}/—are more likely to be
adopted, the adoption decision ultimately hinges on profitability. That is, even when a task
is technically feasible for Al (indicated by Z,CAI > 0), adoption may not occur if the user cost
of Al is sufficiently high or if production by labor remains more cost-effective. Task-level
comparative advantage determines where Al would be used conditional on adoption—the
intensive margin. The worker then adopts Al at the extensive margin only if the resulting
profit gain, aggregated across those tasks, exceeds the fixed adoption cost.

Our measurement approach proceeds in three steps to recover all components of the
adoption condition for each task, enabling us to predict—based on task composition—AI
adoption at the occupation level.

In the first step, we start with measuring worker productivity relative to labor cost—
the left-hand side of the adoption condition introduced above—using German administrative
data. Because task-level worker productivity is not directly observed, we introduce a parsi-
monious wage-setting framework based on a competitive labor market, in which wages are
given by the value marginal product of the worker. Thus, log wages are determined by
occupation-specific prices and a weighted average of a worker’s task-specific productivities,
where task weights capture the relative importance of different tasks within an occupation.
Given occupation-specific task weights, we estimate occupation-level wage regressions to re-
cover predicted worker productivity at the task level relative to worker pay, ZJoT /w,.
Intuitively, our approach highlights that this ratio is high—and thus AI adoption becomes
less likely—if the worker has a comparative advantage in task k relative to other tasks k&’ # k,
if pay in the occupation is comparably low, or if the worker’s pay is unexpectedly low com-
pared to the worker’s systematic productivity.

In a second step, we construct a measure of Al productivity at the task level, Z ;;” , using
the widely used occupational exposure indices discussed above. We posit that tasks with
greater Al exposure are associated with larger time savings from Al use relative to some
reference human, and therefore with higher AI productivity.

In a third step, using structural estimation, we infer the task-specific user cost of Al



1, (along with moments of the distribution of AI overhead cost) from revealed-preference
adoption behavior. Conditional on worker productivity relative to pay as well as Al produc-
tivity, variation in Al adoption reflects differences in user costs. We thus recover task-level
user costs by finding 7 for each task k to best fit the occupation-level Al adoption shares
observed in the data. We are further investigating the extent to which estimated AI user
costs depend on task-level determinants such as privacy regulation and safety concerns, as
well as on characteristics such as industry and firm size—an analysis that will allow us to
characterize the circumstances under which Al adoption is more or less likely.

Our model fits the observed adoption choices well. Based on our preferred goodness of fit
measure—a pseudo R? that captures the share of cross-occupation dispersion in observed Al
adoption rates our model is able to account for—our simple model rationalizes almost 60% of
the variation of observed adoption behavior. We systematically do model selection, comparing
our full model with task-level heterogeneity in Al user cost and worker productivity to nested
variants that shut down (i) worker heterogeneity and additionally (ii) user cost heterogeneity
implying that only Al productivity /exposure affects adoption. Our model outperforms these
nested models by a significant margin: The model that relies only on exposure measures
captures 14% of the variation of observed adoption behavior, while the model with added
user cost heterogeneity—but without worker heterogeneity—captures 47%, compared to the
60% explained by our full model in which comparative advantage drives adoption.

Our full structural model that predicts Al adoption based on Al profitability thus signif-
icantly outperforms the most restricted version that captures only task-level heterogeneity
in Al productivity, which we interpret as Al exposure. To understand the wedge between
exposure and actual Al adoption, we perform a series of diagnostic exercises using the esti-
mated model. We first compare exposure-based measures of Al productivity at the task level
to Al productivity per unit cost, the object relevant for profitability. The two are not well
aligned. For example, “information processing” ranks among the tasks with the highest Al
productivity, yet its productivity per unit cost falls below that of “coordinating and develop-
ing”, because its user costs are relatively high. We then examine Al’s comparative advantage
over labor—the cost-effectiveness of Al relative to workers—which introduces an additional

source of divergence. “Information processing” again illustrates this point, as its comparative



advantage is attenuated by relatively high labor productivity in that task. Together, these
exercises clarify the economic forces behind the wedge between technical feasibility and real-
ized adoption, and underscore that exposure alone is insufficient for predicting where Al is
actually adopted.

We then compare our model’s occupation-level adoption predictions against those of the
exposure-based approach. We classify occupations into four groups based on whether their
predicted adoption rate and Al exposure are above or below their respective averages. We
find that about 30% of employment, a substantial share, falls into occupations where the two
diverge. An analysis relying solely on Al exposure measures would have drawn systematically
incorrect conclusions about AI’s impact for this large share of workers. This underscores the
importance of incorporating AI’s comparative advantage over labor for accurately predicting
both which workers adopt Al and which workers are most affected by it.

The main outputs of our framework, which we will make available to the research com-
munity, include (i) task-level adoption probabilities and their aggregation to occupation-level
adoption measures, (ii) an occupation-level adoption-intensity index, and (iii) an occupation-
level adoption-gain index. These measures complement existing Al exposure measures by
incorporating Al’s comparative advantage relative to human labor. They are designed to
improve predictions of Al adoption within and across occupations by jointly leveraging in-
formation on worker productivity and the cost of technology. Furthermore, we provide a
framework for assessing how task-specific advances in Al technologies—through productivity
improvements or reductions in user costs—translate into changes in adoption behavior.

In sum, we emphasize that predicting Al adoption from absolute Al productivity in a given
task—captured by standard Al exposure measures—provides an incomplete picture. Adop-
tion is inherently a relative decision: It depends on Al productivity relative to the user cost
of Al, compared with worker productivity relative to labor costs. Both margins—the technol-
ogy side and the worker side—are central for understanding observed and predicting future

adoption patterns.

The Literature. We contribute to the growing literature on the far-reaching impact of Al

on workers and jobs.



Most work on AT and labor markets studies how worker outcomes—especially employment
and wages—are affected by Al. A relatively small set of papers finds displacement effects.
Bonfiglioli et al.| (2025) find lower employment growth in more Al-exposed local labor mar-
kets, with losses concentrated among lower-skill and production workers. Hui et al.| (2024)
show that, after the release of ChatGPT, freelancers in more exposed occupations on Upwork
experienced declines in employment and earnings. |Grennan and Michaely| (2020)) document
negative effects for security analysts, consistent with Al substituting for part of high-skill in-
formation processing, while Brynjolfsson et al.| (2025a)) provide recent payroll-based evidence
that any early employment losses are concentrated among young or entry-level workers in
highly exposed occupations. By contrast, a larger set of studies finds modest aggregate dis-
placement effects so far. |Gathmann et al. (2024) show that in Germany Al changes task
content and induces worker reallocation, but employment effects remain small. [Humlum and
Vestergaard (2025) estimate precise near-zero effects on hours and earnings over the first
two years after chatbot adoption in Denmark. Related work emphasizes changes in hiring,
task mix, and mobility rather than immediate job destruction: |Acemoglu et al.| (2022)) show
that Al adoption changes vacancy composition and reduces non-Al hiring at adopting es-
tablishments; |Georgieft and Hyee| (2022)) and [Pizzinelli et al.| (2023) document substantial
cross-country heterogeneity in Al exposure and impacts; and Hyman et al.| (2025) study
whether workers in exposed occupations can retrain into more Al-intensive jobs.

A second strand studies firms and productivity. |[Hampole et al.| (2025) use employee
resume data to proxy firm-level Al adoption and show that Al-exposed tasks have lower
labor demand, shifting attention from workers’ exposure to firms’ technology choices. In
parallel, a growing micro literature finds positive but heterogeneous productivity gains from
AT across settings. Generative Al raises customer-support productivity in [Brynjolfsson et al.
(2025¢)), improves professional writing in Noy and Zhang (2023), boosts performance on many
consulting tasks in |Dell’Acqua et al.| (2026), and speeds software development in [Peng et al.
(2023) and |Cui et al.| (2026). Related evidence points to gains in other specialized settings,
such as taxi driving Kanazawa et al., 2020, legal work (Choi et al., [2024, and radiology
Goldsmith-Pinkham et al., 2026E] Macro interpretations are more cautious. |Acemoglul (2025)

2By contrast, Otis et al.| (2024) show more uneven effects for Kenyan small-business entrepreneurs based



argues that aggregate gains depend jointly on the share of tasks affected and task-level cost
savings, especially in hard-to learn tasks, yielding modest productivity gains over the next
10 years; similarly, Jones and Tonetti| (2026]) predict that AT will accelerate economic growth
but only slowly.

What unifies much of this work is the measurement of the AI shock. Fxposure mea-
sures serve as the empirical proxy for the underlying technological shock in this literature,
translating Al capabilities into predicted impacts at the task, occupation, industry, or lo-
cal labor-market level. Ability-based measures link observed Al progress or applications
to O*NET abilities and aggregate these to the occupation level (Felten et al., 2018 [2021}
Brynjolfsson et al. 2018; |[Felten et al., 2023)). Patent-based measures infer exposure from
overlap between Al patents and job tasks or from industries’ use of Al patents (Webb, 2019;
Gathmann et al.| [2024). LLM-era measures annotate tasks more directly: Eloundou et al.
(2024) combine human and GPT-4 assessments to assess task exposure to large language
models, while |[Handa et al.| (2025) and Tomlinson et al. (2025]) use large-scale usage logs on
claude.ai to measure actual usage which they link to occupations. Finally, Bonfiglioli et al.
(2025) proxy local exposure with growth in Al-related occupations identified from software
requirements in job postings, and [Hampole et al.| (2025) map Al-related activity in workers’
resumes to occupational tasks.

Yet, as we show, exposure—based on technical feasibility of Al—is not the same as adop-
tion, which is based on the profitability of AI. The focus on exposure measures clearly reflects
a data constraint: actual adoption is typically unobserved | We overcome this limitation by
using worker-level data on actual Al adoption from the German Diwabe survey, linked to
administrative data that allow us to measure a wide range of worker and firm characteristics
with high precision. Using these data to estimate our structural model of Al adoption, we
address an important gap in the literature: the limited evidence on realized Al adoption and

its connection to profitability, which is shaped by comparative advantage between workers

on experimental evidence.

3Rare exceptions in this literature that also rely on adoption data are Humlum and Vestergaard| (2025),
who link actual chatbot adoption to Danish administrative data, and Bick et al.| (2026]), who measure worker-
level generative-Al use directly in representative surveys. Both papers, however, have a fundamentally
different focus from ours.



and AIM

2 Descriptive Evidence

2.1 The Data

The central input to our analysis is a survey that assesses actual Al adoption of workers in
Germany, a dataset we can link to administrative records. We here describe this dataset
along with other auxiliary data sources we use in our estimation. Further details on data

construction and sample definitions are provided in Appendix [D]

AT adoption. Our primary data source is the Digital Transformation and the Changing
World of Work (DiWaBe 2.0) survey, a nationally representative employee survey conducted
in Germany in 2024. The survey covers 9,835 workers and provides detailed information on
technological change at the workplace level, with a particular focus on the diffusion and use
of artificial intelligence (Al); see |Arntz et al.| (2025] 2026) for a detailed description.

A key feature of the DiWaBe survey is that it collects direct information on workers’
use of Al at work, and can be linked to rich administrative records, allowing us to combine
self-reported Al adoption with high-quality labor market information. We thus have data
on individual-level Al adoption as well as aggregated adoption rates to the occupation level.
Moreover, the DiWaBe survey builds on an earlier firm-level survey (BIZA II) conducted in
2021, enabling links between worker- and firm-level information. Finally, DiWaBe can be
linked to administrative worker records from the Integrated Employment Biographies (IEB),
which allows us to obtain information on worker compensation and productivity.

While an earlier wave of DiWaBe was conducted in 2019 (DiWaBe 1.0) and is available
for research use (see Miller et al. (2023) for details), the 2024 wave used in this paper is
currently confidential but will become available through the Research Data Center (FDZ) at

4To our knowledge, the only other paper that attempts to measure the profitability of AI, rather than
exposure based on technical feasibility, is|Svanberg et al.| (2024])). Its focus, however, is different. They measure
the cost of AI adoption from observables in vision tasks (making up 1.6% of US non-farm compensation)
while assuming that technology and humans are equally productive in the exposed tasks. By contrast, we
estimate these costs within a structural model of the whole economy allowing for productivity gaps between
AT and workers, and systematically compare AT profitability with commonly used exposure measures.



a later point.

Al exposure measures. To measure occupational exposure to Al, we primarily rely on
the task-based measure developed by [Eloundou et al.| (2024), which quantifies the technical
feasibility of performing specific tasks within occupations using AI. This measure is particu-
larly well suited for our setting, as it focuses on capabilities of generative Al, closely aligning
with the type of Al adoption captured in the DiWaBe 2.0 survey. We assess robustness using
several alternative exposure measures proposed by Webb| (2019), [Felten et al| (2021), and
Handa et al.| (2025).

Task weights. We adopt the standard view that each occupation consists of various tasks,
each of which can be performed either by labor or by Al. To measure the importance of tasks
within occupations, we use data from O*NET, the most widely used source of occupational
task information and the basis for Al exposure measures| O*NET organizes job content
hierarchically from detailed tasks to broader work activities. We focus on clustered General-
ized Work Activities (GWAS), resulting in nine task categories in our analysis. To construct
task weights, we use the importance scale (IM), which measures how critical each task is
for job performance in the occupation. These scales are commonly used in the literature
as a measure of how central a descriptor (task, work activity, skill, or ability) is within an
occupation (e.g., Blinder, 2007; |[Firpo et al., 2011; Autor and Dorn} 2013} Vona et al., [2015}
Deming), 2017)).

Occupations and occupation crosswalk. Because O*NET is defined for U.S. occupa-
tions, we need a cross-walk linking it to German occupations. We map German occupation
codes (KldB 2010) to O*NET using standard crosswalks via ISCO-08 and SOC classifica-
tions. If a German occupation is matched to several U.S. occupations, we aggregate O*NET
task weights using simple averages. This way, each of our occupations still has nine tasks

and corresponding weights. We use 3-digit occupations for our analysis.

5Germany has a comparable survey to O*NET, the Survey of the Working Population on Qualification
and Working Conditions in Germany (in short, BIBB), but we prefer the O*NET since it is used as the basis
of most exposure measures.
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Linked employer-employee data. Additionally, we use the LIAB, a large linked employer—
employee panel dataset for Germany provided by the Research Data Centre (FDZ) of the
German Federal Employment Agency. The data are based on administrative social security
records and contain detailed information on wages and employment histories. We use this
dataset to estimate occupation-level wage regressions in order to predict wages and worker

productivity in our linked DiWaBe-IEB dataset [

2.2 The Nature of AI Adoption

We begin with summary statistics on the central novelty of our survey: Al adoption choices.

Al adoption by task. Our main variable of interest is Al adoption, constructed from
survey answers in the DiWaBe 2.0 on the frequency of Al use across six task types. Table
documents the prevalence of Al use across task types. For each task, we report the share of
workers who use Al “at least sometimes”, which corresponds to our definition of AI adoption.
Text generation is the most common use case with an adoption share of 33.4%. Spoken lan-
guage, diagnostic/analytical, images/videos tasks follow, while cooperative work, and other
tasks exhibit much lower adoption rates. Under our baseline definition—a worker is classified
as an Al adopter if she uses Al at least sometimes for at least one task—42.3% of workers in
the sample have adopted AI. Restricting to workers who use Al “frequently or more” for at

least one task yields a more conservative adoption rate of 21.2%.

ATl adoption by occupation. While our main analysis exploits variation at the 3-digit
occupation level, we first document the broad distribution of Al adoption across 1-digit oc-
cupation groups. Table [2]reports Al adoption rates across nine occupation groups. Adoption
rates vary substantially across occupations. Natural sciences, geography, and informatics ex-
hibit the highest adoption rate at 60.5%, closely followed by humanities, media, art, culture,
and design at 57.4%. Commercial services, sales, and tourism also display a notably high
adoption rate of 49.7%. At the other end of the distribution, adoption is lowest in construc-

tion, architecture, and technical services and in agriculture, forestry, and farming—at 23.9%

5We do not estimate occupation-level wage regressions in the DiWaBe-IEB dataset directly due to its
limited size (~ 9000 observations).
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and 18.7%, respectively—a pattern consistent with prior expectations.

Table 1: AT Adoption by Task

Task AT adoption share (%)
Text 33.42
Spoken language 15.06
Images/videos 11.83
Diagnoses/analyses 12.63
Cooperative work 5.04
Other 6.83

Notes: The Al adoption share is the share of workers using Al at least sometimes for each task type. The
frequency scale ranges from never to rarely, sometimes, often, and always. A worker is classified as an Al
adopter if she uses Al at least sometimes for at least one task. Each observation is weighted by survey
weights. Data Source: DiWaBe 2.0.

Al adoption by industry. Table (Appendix reports Al adoption rates across
six industry groups. Adoption rates vary substantially across sectors. Knowledge-intensive
services exhibit by far the highest adoption rate at 56.9%; within this group, information and
communication features the highest adoption rate at 72.3%. Most remaining sectors show
intermediate adoption rates between 33% to 43%. By contrast, adoption is lowest in primary

industries and utilities, where only 24.9% of workers report using Al

Table 2: Al Adoption by Occupation Group

Occupation AT adoption share (%)
Agriculture, forestry, and farming 18.7
Production, raw materials, and manufacturing 43.0
Construction, architecture, and technical services 23.9
Natural sciences, geography, and informatics 60.5
Traffic, logistics, safety, and security 29.2
Commercial services, sales, and tourism 49.7
Business, accounting, law, and administration 44.3
Health care, social sector, teaching, and education 36.6
Humanities, media, art, culture, and design 57.4

Notes: Al adoption share at the 1-digit KldB occupations, weighted by survey weights. Data Source:
DiWaBe 2.0.

12



2.3 Predictive Power of AI Exposure Measures

A growing literature uses occupation-level Al exposure measures as a proxy for the Al shock
in order to study the labor market effects of this new technology. We show, however, that
these measures have limited predictive power for actual Al adoption, which is our central

motivation of proposing a different approach to measure the technology shock.

Occupation-level evidence. We begin by examining the relationship between occupation-
level AT exposure and Al adoption. Specifically, we regress occupation-level adoption rates
(at the 3-digit KIdB level) on standard exposure measures. Table |3| reports the results.

The estimated coefficients are small: a 10 percentage point increase in the share of tasks
that can be performed by AI (based on the measure proposed by [Eloundou et al., [2024])
is associated with only a 4.6 percentage point increase in adoption (column 1). Flexibly
allowing for nonlinearities (e.g., higher-order polynomials) increases explanatory power only
marginally, indicating that exposure measures explain little of the cross-occupation variation
in Al adoption. Alternative Al exposure measures have even more limited explanatory power
for actual Al adoption (columns 2-4). Table replicates these specifications with worker
controls (gender, age, education); while the R? increases modestly, the limited explanatory
power of the exposure measures remains.

A key limitation of existing exposure measures is that they summarize the technical
feasibility of Al at the occupation level, but abstract from how profitability—the comparative
advantage of Al relative to labor—varies across tasks within the occupation. Motivated by
this observation, we examine whether the task composition of an occupation—which tasks are
performed and how intensively—contains predictive content for AI adoption beyond what is
captured by exposure measures. We find that it does: replacing the scalar exposure measure
with task importance weights raises the R? from 0.08 to 0.15 at the occupation level. This
result suggests that what matters for adoption is not only how exposed an occupation is on
average, but also which tasks make up that occupation. Put differently, the composition
of tasks within occupations contains information about the distribution of Al profitability
across tasks. While reduced-form evidence based on task weights cannot by itself identify

the underlying comparative-advantage objects, it is consistent with the view that adoption is
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shaped by task-level profitability rather than by technical feasibility at the occupation level

alone.
Table 3: AI Adoption and Sources of Variation (Occupation-level)
Al Exposure Measure
(1) (2) (3) (4) (5)
Eloundou et al. Felten et al. Handa et al. Webb  Task Weights
AT exposure 0.4627%** 0.358%** 0.297** -0.031 —
(0.138) (0.088) (0.122) (0.105)

Observations 129 129 127 129 129
R? 0.081 0.114 0.045 0.001 0.152
Corr. 0.285 0.338 0.213 0.026 0.390

Notes: The dependent variable is the occupation-level Al adoption share. Columns (1)—(4) include alternative AI exposure
measures constructed by |[Eloundou et al.| (2024), [Felten et al.|(2021), Handa et al.[(2025), and Webb| (2019). Column (5) replaces
exposure measures with occupation-level task importance weights. Standard errors are reported in parentheses. All variables
are constructed at the 3-digit KIdB occupation level. Significance levels: * p < 0.10, ** p < 0.05, *** p < 0.01. Data source:
DiWaBe 2.0.

Individual-level evidence. We next examine the relationship between AI exposure and
adoption at the individual worker level. Table [4] reports regressions of an indicator for
AT adoption on exposure measures. The estimated coefficients are small, implying that
exposure measures have limited explanatory power for individual adoption, consistent with
the occupation-level evidence.

We then augment the specification with worker characteristics. We find that younger,
more educated, and male workers are more likely to adopt Al, consistent with [Arntz et al.
(2026)). These variables improve model fit substantially. While the exposure measure of
Eloundou et al.| (2024) remains a statistically significant predictor, worker heterogeneity
accounts for a comparable share of the variation in adoption.

Finally, we incorporate task weights on the right-hand side, as in the occupation-level
analysis. This improves predictive performance, with the R? increasing from 0.037 to 0.048.
Including worker characteristics in this specification further improves fit, indicating that both

task structure and worker heterogeneity are important determinants of Al adoptionﬂ

Motivated by this evidence, we develop a structural model in which Al adoption depends

"The results are qualitatively similar for the alternative exposure measures, although their predictive
power is generally lower than that of [Eloundou et al.| (2024). See Table

14



Table 4: Al Adoption and Sources of Variation (Individual-level)

(1) (2) (3) (4)
Eloundou et al. Eloundou et al. Task Weights Task Weights
AT exposure 0.468*** 0.445%** — —
(0.099) (0.080)
Worker controls Yes Yes
Observations 6105 6105 6619 6619
R? 0.037 0.059 0.048 0.064

Notes: The dependent variable is an indicator for worker-level Al adoption. Columns (1) and (2) use the Eloundou et al. Al
exposure measure constructed at the 5-digit KIdB occupation level. Columns (3) and (4) use occupation-level task importance
weights. Standard errors are reported in parentheses. Worker controls include gender, age, squared age, and education (3
groups). Significance levels: * p < 0.10, ** p < 0.05, *** p < 0.01. Data source: DiWaBe 2.0.
on task-level comparative advantage of Al relative to labor, and occupation-level adoption
is obtained by aggregating these task-level profitability terms using occupation-specific task
weights. This implies that two occupations with similar average AI productivity—proxied
by average Al exposure—may nevertheless exhibit different adoption rates if their task com-

position differs. We will use this model to decompose the determinants of Al’'s comparative

advantage across tasks into technology and worker components.

3 Conceptual Framework

We develop a simple model, in which AI adoption is guided by its profitability vis-a-vis
labor. Our framework is a static partial equilibrium model of Al adoption, in which each
occupation achieves a required production level by combining output from various tasks. In
turn, each task can be performed by labor or Al: Al is adopted if it lowers the unit costs

compared to labor.

3.1 Setting

Workers. The economy is populated by a continuum of workers indexed by i. Each worker
is endowed with a vector of task-specific productivities {Z}*'},  where k € {1,..., K}
indexes tasks, as well as by several observable characteristics such as gender, education etc,
which we summarize in vector X;. Workers are matched to exogenously given production

opportunities in occupation o, which is composed of various tasks. Conditional on occupation
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o and on the required occupation-level output y, worker ¢ can supply labor across tasks.
The labor input [;;. denotes labor allocated by worker ¢ to task &, and is a conditional input
requirement for producing task output. We assume that worker ¢ earns wage wj, for providing
her services, which is determined in the background in a competitive labor market and thus

a function of the worker task productivities.

Production. Production takes place at the level of production lines within firms. Each

production line is associated with a given worker type {Z}orker

, X;} in occupation o, which
needs to render output yioﬁ The price of occupation-level output is denoted by p,.
We first describe production in the absence of Al adoption. To produce output ;,,

task-level outputs {y;x}r are combined according to

K
Yio = H(yik)QOka
k=1
where a,;, denotes the importance of task & in occupation o, with ), a,, = 1. Task-level

output is produced using labor according to the linear technology

Yik = Zi" i

Production may also take place with AI. When adopted, Al augments production but
entails an additional multiplicative overhead cost. Specifically, AI adoption introduces a
worker-specific cost factor exp(e;) > 1, which scales variable costs. The term &; > 0 captures
adoption frictions such as learning, compliance, and workflow integration. We assume &; ~
F.(- | Xi), where this distribution can depend on worker characteristics X;. Formally, let
CAl(y) denote the minimum variable cost of producing y units when Al is adopted. The
effective variable cost is

Cal(y) = exp(er) CA(y).

8We model Al adoption at the production-unit level, while the data measure adoption at the worker
level. Because worker types are defined at a granular level, this distinction is unlikely to be quantitatively
important.
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With AI adoption, production at the task level is
Zworkerl + Z]?I Kik’7

where Z2 denotes task-specific Al productivity and Ky, is the Al input used in task k.

3.2 The AI Adoption Choice

For a given required output in a production line of an occupation, ¥;,, the firm chooses how
much task output y;, to assign to each task; and for each task, which input supplies that task
output at least cost: worker labor or AI. It thereby chooses for each production line whether

Al is adopted based on cost considerations.

ATl demand at the task level. We start by characterizing the firm’s cost minimization
problem with and without Al Detailed derivations are provided in Appendix [A] Let D; be
an indicator with D; = 1 if Al is adopted and D; = 0 otherwise.

Absent Al the firm seeks to allocate labor optimally across tasks to minimize production

costs:

l;1>0

min wallk s.t. H (Z7OR ) %ok > i, (2)
k

Our model is thus in partial equilibrium: Firms solve for the cost of producing a given output
Yio, taking prices as given, and we abstract from determining the production scale. We focus
on unit costs, as total costs scale linearly with output under constant returns to scale. The

unit cost without AI resulting from (2)) is

ok
ve =11 (gens)
ZWOI‘ er o
ik ok

k

With Al the firm solves

min  w;, Zlik + ZrkKikz s.t. H( Workerl k)* > Yo (3)
k k

lix>0,K;; >0 3
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where r;, denotes the unit cost of Al for task k. When Al is available, firms can choose
between labor and Al for each task. Define KM as the set of tasks where Al is used. When
adopting Al, we show that the task-level adoption decision depends on task-level comparative

advantage: Al is used in task k if and only if it has lower unit cost than worker 7

(4)

worker Al
/C;‘”:{keicz Zi" " G }

Wio Tk
Due to the linear task output function, the unit cost of producing task-level output is given
by the minimum of the two input-specific costs.

In turn, the unit cost of producing output is
_ . w; Tk 1\ %k
uckhi=t = min< —e— —_ % )
10 rk[ Zly;;orker Z]?I ok

Al adoption. Problem characterizes the ‘intensive margin’ Al choice. That is, it
asks conditional on Al being used D; = 1, which tasks is it used for. In turn, on the
‘extensive margin’, the decision to adopt at all compares the aggregate gain from Al to the
overhead cost ¢;. That is, Al is adopted if and only if the effective unit cost is smaller, i.e.,
UCP = exp(e;) < UCY=". With some rearrangement, this condition leads to the following

probability of Al adoption

Z}?I Zy]\éorker
Pr(D; =1)=Pr ;aok max {log <Z) — log ( w, ) ,0} >e |- (5)

Expression has an intuitive interpretation, whereby at the task level Al is adopted

based on comparative advantage. Specifically, the term inside the max{-, 0} is a task-level
comparative-advantage gap. If the gap is positive, Al has lower unit cost than worker ¢ in task
k; if the gap is negative, Al is not used in task k and contributes zero to the cost reduction.
The occupation weights a,; aggregate these task-level advantages into a log reduction in unit

cost of producing occupation output when Al is available.
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The corresponding occupation-level adoption rate is
So := E[Pr(D; = 1)|0], (6)

where the expectation is taken over the distribution of worker productivities within occupa-

tion 0. Equation () is the key estimation equation we will fit to the data below.

Nested Models. Our model nests two variants, which we will test against our baseline

model that features both heterogeneous worker productivities and user costs across tasks.
The first variant abstracts from the impact of worker heterogeneity, by setting Z}rker = 1

and assuming a single wage in all occupations, thereby isolating the role of Al-specific factors.

Specifically, we consider the following estimation equation:

sy = Pr (; (Vo TNAX {log (i—’fj) ,o} > a) . (7)

On top of this, the second variant shuts down user cost heterogeneity. When also user

costs are equal across tasks r, = r, the occupational adoption share simplifies to

sy = Pr (; (Vo NAX {log (ZTkM> ,o} > ei> , (8)

and is thus purely driven by Al productivity in the various tasks, which we think of as closely
related to the discussed exposure measures.

Fitting (7) and (§) to the data and comparing them with () will allow us to assess how
much predictive power for Al adoption is gained by allowing for heterogeneity in workers
and user costs, beyond heterogeneity in Al productivity alone—and thus by accounting for

profitability rather than only exposure.

Alternative models. In Appendix [B] and [C| we present several alternative models of Al
adoption and show that they yield essentially the same estimation equation as . We
consider three alternatives. In the first model, we assume the same production structure as

in our baseline model but impose a labor constraint that allows us to pin down the scale of
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production despite constant returns to scale in production and competitive labor markets,
and thus flesh out the full equilibrium. In the second model, we assume that task-level output
is produced by Cobb-Douglas function combining labor and non-Al (old) capital. After Al
adoption, workers can use Al capital or non-Al capital. Hence, Al is replacing old capital
and complementing labor for task-level production. In the third model, we assume labor
is the only input; Al adoption increases the labor productivity at the task-level production
rather than replacing labor.

All models yield an AT adoption probability of the same form as (7). This shows that our
estimation is robust to a variety of different assumptions on the micro-foundations underlying
AT adoption, both as far as the functional form and the role of Al in production is concerned.

However, the interpretation of estimates 6, := log (%) differ. In our baseline model
and the first alternative, it measures the comparative advantage of Al over labor. In the
second alternative, it captures the comparative advantage of Al over old capital. In the third

alternative, it captures how much Al improves task-level labor productivity.

4 Estimation

Our goal is to estimate the model parameters in order to achieve the best fit between the Al
adoption rate implied by the model and the one observed in the data. To do so we proceed
in several steps: Outside the model, we will first estimate worker productivity and wages,
as well as Al productivity. We will then use the model to estimate Al user costs by fitting
occupational adoption shares (@ to the data.

4.1 Worker Productivity and Wages

Estimating Worker Productivity. We first estimate worker productivity across tasks,
{Zxorker}, " which enters the AT adoption decision. We do so outside of the model.
First, we parameterize task-specific productivity as a function of a J-dimensional vector of

worker characteristics Xy = { Xy ;}7_,, such that Z}9™" = Hy(X;;). We impose a log-linear
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specification:

log Hi(Xu) = > B Xir.
J

Second, we relate these productivities to observed wages. While in our partial equilibrium
theory, there was no need to spell out these details, we assume competitive labor markets
with free entry prior to the widespread adoption of Al in the background. As a result, wages
w;or equal the value of output p,y;; in the pre-Al period.

We further assume that the mapping from X;; to productivity Z}°™ is stable over time,

and that relative occupation-level prices are constant, i.e., p,y = p,FP:. Under these assump-

tions, we estimate the following wage equation,

logwiy = Y _ ok log Hi(Xir) + log po + FE; + vy
k

= B9Xi; + FE,+ FE + v where 87 = > g3}, (9)
J k
where v;; is a zero-mean measurement error.

Third, we recover the task-level coefficients that determine worker productivity across

tasks from the estimated wage regression. That is, we back out { B;“}, using the relationship

nk
/Bj(‘) = Zaokﬁja
k

where task weights a,; are treated as known and come from O*NET importance scores as
described in Section When the task-weight matrix has full column rank, this mapping
is invertible. In practice, we estimate {B]k} by choosing the values that best fit this system.
This procedure delivers estimates of task-level productivities {Z}°™°r}, . See Appendix
for more details.

A worker’s comparative advantage in task k relative to other tasks k' is determined by
labor productivity for task k per unit labor cost Z}°™ /w;, and, ceteris paribus, affects the
likelihood of Al adoption. This ratio is high when worker i is relatively productive in task
k compared to other tasks within occupation o, and thus highly productive in k relative to

overall compensation. In this case, adopting Al in task k is less likely. Conversely, adoption
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is more likely when the worker has relatively low productivity in task k.

Implementation. We use German administrative data from LIAB and pool observations
from 2015-2019, prior to the diffusion of generative AlL. This choice is motivated by sample size
considerations: while the DiWaBe-IEB does contain wage information, its sample contains
fewer than 10,000 observations. By contrast, the LIAB provides a substantially larger sample,
allowing for a more precise estimation of worker productivities. This is particularly important
given the large number of parameters we estimate, including occupation fixed effects in
the wage regression. Worker characteristics X;; include gender, education (three groups),
age and age squared, experience and experience squared, and task exposure. Experience is
constructed as the cumulative years of employment observed in the data. Task exposure is
constructed as the interaction between years worked in each occupation and task importance,
i.e., exposure, = ) (years worked in occupation o) - vy, which captures the effect of task-
specific human capital accumulation on pay. We use the estimated wage regression based on

LIAB to predict wages in our DiWaBe-IEB sample.ﬂ

Estimation results. We find substantial heterogeneity in worker productivity. The vari-
ance of the log worker productivity, measured by >, o, log Z3°™ | equals 0.132. Worker
heterogeneity is significant both across and within occupations. The variance of mean log
worker productivity across occupations equals 0.05, while the average within-occupation vari-
ance equals 0.08, exceeding the across-occupation variation.

Turning to heterogeneity across tasks, worker productivity varies substantially at the task
level. The average log productivity gap between the highest-ranked task (identifying objects)
and the lowest-ranked task (manual work activities) is approximately 3.7. Furthermore, pro-
ductivity varies considerably across tasks within workers; the average within-worker variance
of log productivity across tasks equals 1.98.

Finally, we find substantial heterogeneity in occupational prices. The variance of log p,

across occupations is 0.03, indicating an important role for occupational price differences in

9To account for wage variation outside the model, we include controls for industry (2-digit), log firm size,
firm age and its square, and state fixed effects in the wage regressions, as well as year and month fixed effects.
Those variables do not enter the prediction equation though.
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wage dispersion.

Construction of model inputs for AI adoption decision. To estimate @, we con-

struct predicted task productivities and wages for each worker in our DiWaBe-IEB sample,

_— worker

lOg sz = X;Blm lo/g\u}io = X{B + lgg\po'

We use predicted wages based on the LIAB from 2015-2019 to approximate pre-adoption

compensation, which is plausibly determined prior to the widespread use of generative Al

adoptionm

4.2 Al Productivity

We also construct a measure of Al productivity Zi! at the task level outside of our model.
Our goal is to capture, for each task k, the amount of task output that Al can produce per
unit of Al usage (e.g., per Al-hour).

We map task exposure into productivity using

Y

Zp = !
1—e
where e € [0, 1] denotes the exposure of task k from Eloundou et al.| (2024). This measure
proxies the extent to which Al can reduce the time required to perform task kE Importantly,
Al productivity in a task increases in the exposure of the task. We provide a microfoundation
for this functional form in Appendix [E.2]
By estimating Z;! outside of the model, we can in a final step use the model to estimate
Al user costs 7y, allowing us to disentangle exposure effects from Al costs in their roles of

impacting Al adoptionB

10Consistent with this assumption, in Figure we verify empirically that wages remain stable across
occupations over time (2015-19 versus 2023) despite heterogeneous changes in Al adoption rates.

HSpecifically, ex = 0 if there is little to no time saving (less than 50%), ex = 0.5 if Al combined with
human input can save at least 50% of the time, and e = 1 if Al alone can save at least 50% of the time.

12Note that our model does not separately identify Z{jl and 7k, but only their ratio Z;?I /7. Accord-
ingly, our separate construction of Z,’:‘I serves to disentangle exposure effects from Al costs; but the precise
parameterization of Z,f‘l is not critical for the estimation fit.
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4.3 Estimation Strategy

We estimate the model at both the occupation level-fitting @—and the individual level—
fitting . For both approaches, we assume that overhead cost ¢; follows a truncated normal
distribution, and that the cost distribution depends on shifter C'(X;), satisfying C'(X;) = X7,
where X; includes gender, age, and education (three categories).

Based on observed adoption rates, the model identifies only the relative but not the
absolute scale of productivity and cost components. To pin down the level, we normalize
the variance of ¢; to 1 and its mean to 10. In the specification without worker heterogeneity,
this mean is unconditional. In the extended specification with worker heterogeneity, this
normalized mean refers to the reference worker, defined as male, low-educated, and youngest
age while the mean overhead costs for other worker groups are shifted by C'(X;). Given this
normalization, we estimate a scaling parameter ¢ on the labor productivity term, such that
¥ - log ZXO™ker [,y is identified up to the normalization above, and we subsequently treat this

scaled quantity as log Z3°™ /w;;, throughout.

Occupation-level estimation. We construct observed Al adoption shares at the 3-digit
occupation level, denoted by s, Let s,(6) denote the corresponding model-implied adop-
tion share for occupation o that depends on parameters © := {ry,...,7x, %, v}, obtained by
integrating the individual-level adoption probability over the distribution of worker charac-
teristics and shocks; see @ We estimate the parameter vector © by minimum distance.

Specifically, we choose © to minimize
O carg min Q(©), where Q(0) = (s —5(0))Q (s — 5(0)).

Here, sdata = (sfata  gdata)! and s(0) = (51(0),...,50(0)) are vectors of observed and
model-predicted adoption shares across occupations. The weighting matrix €2 is diagonal,

with elements

data _ odata
Q = ding (So (1W So )) |
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where W, denotes the sum of sample weights for workers in occupation o[

Individual-level estimation. Let D; € {0,1} be an indicator equal to one if worker ¢
adopts Al, and let
pi(©) = Pr(D; = 1| Z7™  wyo, X;; O)

denote the model-predicted adoption probability; see E Assuming conditional indepen-

dence across workers, the log-likelihood is

N
(0) = Zwio [Dilogpi(0) + (1 — D;) log(1 — pi(6))] ,
i=1
where w;, denotes the sampling weight of observation i. We estimate the parameter vector,

O, by maximizing this log-likelihood:

O € arg mgxé(G).

4.4 The Determinants of ATl Adoption

To understand the determinants of AI adoption and assess the relative importance of different
mechanisms, we proceed from the most restricted versions of our model to progressively richer
specifications, based on the nested models we discussed above. We thus sequentially introduce
additional components and evaluate the improvements in model fit.

We begin with an FEzposure specification that abstracts from heterogeneity in Al costs
and worker productivity by imposing Z%"*¢" = 1 and r, = r, so that adoption is driven
solely by task-level exposure Z,f‘l and task importance weights {aog }r, which corresponds
to occupational adoption rate . We next introduce task-specific Al costs {7}y, yielding
the User Cost specification, in which adoption is determined by the relative advantage of Al

across tasks, while workers remain homogeneous, which corresponds to .

13n practice, we bound s3#* between 0.1 and 0.9 when computing the weighting matrix to prevent any
single occupation from receiving disproportionate weight.

1At the individual level, we use task shares a,; constructed at the 5-digit (rather than 3-digit) level
occupation level since we do not need to worry about sparse cells in the aggregation to occupation-level
adoption shares.
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We then incorporate heterogeneity in worker productivity {Z3°™%}, ;. vielding the Com-
parative Advantage specification. In this specification, workers with a comparative advantage
in a given task—i.e., those who are highly productive relative to their pay, compared with
Al productivity relative to its cost—are less likely to adopt Al. Finally, we allow for het-
erogeneous adoption shifters C'(X;) in the overhead cost, capturing differences in the ease of
adopting Al across workers, independently of their labor productivity. We refer to this as
the Full specification, which nests all the previously discussed model variants.

We evaluate model performance using standard measures of fit. For the occupation-level
estimation, we assess the predictive performance of each specification using the total variation

explained by each model,

N 2
5t (50(6) = sie)
- Z Q;l (Sgata _ gdata>2 ’

0

R2=1

where Q! denotes the diagonal element of the weighting matrix Q~1, and 59 is the weighted

data
o

mean of s We additionally report the correlation corr(sgata, so(@)) To guide model

selection among our nested models, following |Andrews and Lu/ (2001), we compute
MAIC = Q(©) + 2No,  MBIC = Q(O) + Ne log O,

where Q(é) is the minimized objective function, O is the number of occupations, and Ng
is the number of parameters. Lower values indicate a better performance, while balancing
increased fit with penalized model complexity.

For the individual-level estimation, we evaluate the model fit using statistics based on
the log-likelihood. We compare log-likelihood values across model specifications and conduct

likelihood ratio (LR) tests, defined as
LR = —2(logly — logly),

with associated p-values. [y and [; are the likelihoods of two nested models evaluated at their

respective MLE estimates, where [y is likelihood under the restricted model and [; is the
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likelihood under the unrestricted model.

We also compute the McFadden pseudo-R?, defined as

1(©)

Ri/[CF =1- l
null

I

where [, is the log-likelihood under the null model, which assigns each individual the average

AT adoption rate. Finally, we report standard information criteria,
AIC = —2I(6) +2Ng,  BIC = —2I(6) + Ng log W,

where W = . wj, is the sum of individual weights.

4.5 Estimation Results

We first compare the performance of our nested specifications in predicting actual Al adop-
tion; and then discuss the parameter estimates. Since both the occupation and individual-
level estimations yield similar results, we focus on occupation-level estimates in the text and

discuss individual-level results in Appendix as robustness.

Model fit. Table [5| reports the occupation-level fit statistics. The Ezposure specification
delivers weak predictive power for Al adoption at the occupation level, with an R? of 0.14
and a correlation between actual and predicted occupational adoption shares of 0.56. This
is consistent with the reduced-form evidence in Section [2| where a linear regression of actual
adoption rates on the exposure measure yielded similarly modest explanatory power.

Moving to the User Cost specification, the model fit improves substantially. The R?
increases from 0.14 to 0.47 and the correlation between actual and predicted adoption shares
rises from 0.56 to 0.69. This highlights that Al adoption is importantly driven by user cost
heterogeneity across tasks and thus occupations rather than by Al productivity alone, which
is crucially shaped by Al exposure. The sharp improvement in fit indicates that these two
objects—exposure/Al productivity and user costs—are not well aligned in the data, a result
we return to below.

Allowing for worker heterogeneity in our Comparative Advantage specification further
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improves the fit from R? 0.47 to 0.52, and correlation performance measure from 0.69 to
0.72. This suggests that differences in comparative advantage across workers matter for
adoption decisions. Workers with a weaker comparative advantage (low Z%°™*¢" /w;,) in tasks
where Al is more cost effective (high Z&!/r;) are more likely to adopt AL However, the
incremental improvement is modest relative to the gains associated with moving from the
FEzxposure to the User cost specification. This indicates that task-level variation in AI user
costs, interacted with differences in task importance across occupations, is the primary driver
of adoption patterns.

Finally, the Full specification delivers additional gains in predictive power: the R? in-
creases from 0.52 to 0.56, and the correlation measure from 0.72 to 0.75. These improvements
are comparable to those from adding labor productivity heterogeneity, suggesting that worker
heterogeneity matters both through task-specific comparative advantage and differences in
overall adoption propensity.

A different way of assessing performance of the nested models is through model selection
criteria, which indeed favor the Full Specification, see columns 3 and 4 in Table

Table (Appendix reports the results based on the individual-level estimation. The
patterns are very similar. The model fit improves as we relax the imposed restrictions, with
the largest gains when moving from the Fzposure to the User Cost specification. Moreover,
model selection criteria (AIC and BIC) favor the Full specification as in the occupation-level
estimation. Importantly, our conclusion that task-level variation in Al productivity relative
to user cost is the central predictor of Al adoption is robust to moving from occupation-
level to individual-level estimation. This indicates that the relatively smaller role of worker
heterogeneity is not driven by the use of aggregated moments at the occupation level.

Figure [2] visually compares the fit of the Ezposure specification and the Full model by
comparing model predicted occupational Al adoption shares to the data counterparts. The
full model delivers a substantially better fit, consistent with Table [} The improvement is
most pronounced for occupations with extreme adoption shares—hboth at the low and high

ends of the distribution.
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Table 5: Model Fit: Occupation-level Estimation

Model R?>  Corr. MAIC MBIC
Exposure 0.144 0.563 5083 5086
User Cost 0.474 0.689 3139 3164
Comparative Advantage 0.515 0.718 2900 2928
Full 0.561 0.749 2636 2679

Notes: The table reports model fit statistics from the occupation-level estimation. For each specification,
we report R2, the correlation between predicted and actual adoption rates, and model selection criteria (AIC
and BIC). Specifications are ordered from the most restricted (Exposure) to the least restricted one (Full).

> Exposure ° Full
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Actual adoption rate

Figure 2: Model Fit for Different Model Specifications: Exposure vs. Full

Notes: The figure plots occupation-level predicted Al adoption rates (vertical axis) against actual adoption
rates (horizontal axis) under (i) the Exposure specification (red) and (ii) the Full model (blue). Each dot
represents an occupation and is weighted by the sum of survey weights of workers in that occupation.

Estimated parameters. Table[f|reports the model estimates of task-level Al productivity,
costs, and their ratio, as well as parameters related to worker heterogeneity under the full
specification.

We find substantial heterogeneity in Al comparative advantage across tasks, indicated
by a large variation in ZTL[:I Cognitive tasks such as reasoning/decision (task 4) and tech-
nical activities (task 6) exhibit the highest productivity per unit cost, while manual and
communication-intensive tasks display substantially lower values. Quantitatively, the gap
between the highest and lowest tasks is large, with top tasks exhibiting nearly twice the

productivity per unit cost relative to the bottom ones.
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Table 6: Estimates of AI Productivity, User Costs and Worker Heterogeneity

Panel A: Task-level Al productivity and costs

Tasks Z,?I Tk log (Z%:I)
1 Information Input 1.657 2.382 -0.363
(1.117)
2 Identifying Objects 1.314 0.040  3.504%**
(0.453)
3 Information Processing 2.112  0.029  4.277%**
(0.323)
4 Reasoning/Decision 2.140 0.005  6.150%**
(0.334)
5  Manual Work Activities 1.038 0.095 2.388%**
(0.307)
6  Technical Activities 2.711 0.001  8.388***
(0.378)
7 Communicating and Interacting 1.544 0.013  4.809***
(0.299)
8  Coordinating/Developing 1.481 0.013  4.725%%*
(0.327)
9  Administering 1.767 0.009  5.282%**
(0.380)
Panel B: Task-level worker heterogeneity
Parameters Estimates
1 Weight on labor productivity heterogeneity 0.850%***
(0.062)
~v1 Female 0.513%**
(0.051)
v2  Age (/10) -0.274%*
(0.136)
v3  Age squared (/100) 0.047#**
(0.017)
v4 Educ: mid 0.130
(0.084)
~v5 Educ: high -0.349%**
(0.098)

Notes: The table reports estimates from the Full model specification. The top panel reports task-level Al
productivity (Zf1), AT user costs (ry), and their log ratio. The bottom panel reports parameters governing
labor productivity heterogeneity (1) and heterogeneity in AI adoption unrelated to worker productivity (),
which shapes C(X;) and thus the AT overhead cost distribution. Efficient standard errors are reported in
parentheses, computed using the Delta method. * p < 0.10, ** p < 0.05, *** p < 0.01.
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Importantly, a stronger comparative advantage does not necessarily arise from higher pro-
ductivity alone. Tasks with high exposure-based productivity rankings do not always exhibit
high productivity per unit cost once costs are taken into account. For example, task 3 (Infor-
mation Processing) has a higher exposure ranking than task 8 (Coordinating/Developing),
indicated by Z#f > Z{1 | yet exhibits a weaker comparative advantage Z31/rs < Z8/rg,
because of substantially higher user cost of Al, r3 > rs.

Turning to worker heterogeneity, our estimates yield intuitive results on how individual
characteristics such as age, gender, and education shape Al adoption. In line with existing
evidence, as well as our own findings from the DiWaBe survey, these attributes are important
predictors of Al adoption, independent of their effect on worker productivity: Younger and
highly educated individuals, as well as men, are more likely to adopt AI. Our model captures
this through lower means of the Al overhead-cost distributions for these groups.

Finally, the importance of worker heterogeneity across tasks for Al adoption is governed by
the estimate of ). The standard deviation of the labor productivity per unit cost log (%ﬁ)
scaled by 1 equals 1.01, which is of the same order of magnitude as that of the Al productivity

per unit cost, suggesting that the two sources of variation are broadly comparable. In Table

we report summary statistics of the labor productivity per unit cost across tasks.

5 Al Adoption Driven by Comparative Advantage

Comparative advantage of Al over labor. Our central finding is that Al adoption is
driven not by Al productivity alone, but by AI’s comparative advantage over labor, that
is, Al productivity per unit cost relative to worker productivity per unit cost. As shown in
equation , occupations in which Al has a stronger comparative advantage in key tasks are
more likely to adopt.

We now report summary statistics of log (Zp!/ry) — log (Z}°™ /w,,) for each task in
Table |7 capturing the strength of AI's comparative advantage. Overall, the ranking of
AD’s comparative advantage across tasks closely mirrors the ranking of Al productivity per
unit cost. For example, the task “technical activities” exhibits both the highest productivity

per unit cost and the highest comparative advantage over labor. The task “information
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processing”, however, departs from this pattern. Despite ranking highly in AT productivity
per unit cost, its comparative advantage is attenuated by relatively high labor productivity in
that task. By contrast, the task of “communicating and interacting” exhibits relatively low Al
productivity but substantially lower user costs, which amplifies AI’s comparative advantage

in those tasks.

Table 7: Comparative Advantage of Al over Labor by Task

Task Mean Std. Dev. Q1 Q2 Q3
1 Information Input -0.633 0.769 -1.125 -0.650 -0.185
2 Identifying Objects 1.609 1.119 0.903 1.636 2.322
3 Information Processing 4.455 0.533 4.190 4.502 4.772
4 Reasoning/Decision 5.786 0.665 5.368 5.885  6.238
5 Manual Work Activities 3.635 0.479 3.341  3.667  3.975
6 Technical Activities 8.647 0.924 8.138  8.597  9.078
7 Communicating and Interacting 4.896 0.554 4.522  4.844  5.237
8 Coordinating/Developing 5.472 0.795 4.961 5.432 5.895
9 Administering 5.159 1.079 4.475 5.123 5.879

Notes: This table reports summary statistics of the comparative advantage of Al over labor, measured by log ( Z?I /Tk) _
log (Z3°rker /w;,), for each task.

Exposure versus comparative advantage. In which occupations is Al adoption most
prevalent? The answer lies in the interaction between an occupation’s task composition
and task-level comparative advantage. Since Al’s comparative advantage varies across tasks,
occupations that are more intensive in tasks in which AI holds a stronger comparative ad-
vantage exhibit systematically higher adoption rates, a margin that exposure-based measures
fail to capture.

Figure [3] plots predicted AI adoption against the exposure measure. We can classify
occupations into four quadrants based on whether their adoption rate and exposure are above
or below their respective averages: (i) high exposure and high adoption, (ii) low exposure and
low adoption, (iii) high exposure but low adoption, and (iv) low exposure but high adoption.
Occupations in groups (i) and (ii) are well predicted by the exposure measure, while those
in groups (iii) and (iv) represent systematic deviations driven by variation in Al user costs
and worker productivity relative to labor costs across tasks.

The occupation “Accounting, controlling, and auditing” illustrates group (iii) with high
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exposure but low adoption: It is intensive in the information-processing task, which exhibits
high AI productivity yet a modest comparative advantage of Al over labor and, consequently,
lower adoption than exposure alone would predict. In turn, the occupation “Teachers in
schools of general education” illustrates group (iv) with low exposure but high adoption: It
specializes in the task of Coordinating/Developing where Al productivity is not particularly
high; yet AI holds a relatively strong comparative advantage, resulting in greater adoption
than exposure-based measures would suggest.

A substantial share of occupations falls into groups (iii) and (iv), together accounting
for nearly 30% of employment, which suggests that analyses of AI’s economic impact based
solely on exposure measures would yield inaccurate predictions for a large fraction of workers.
Group (iii) alone accounts for 21.4%, comprising occupations with high exposure—and thus
high AI productivity—yet modest comparative advantage of AI over labor and, in turn,
relatively lower observed adoption rates. These are precisely the occupations that the existing
literature, relying on exposure-based measures, would identify as most affected by AI; yet our
framework suggests that the impact of Al on these occupations may be considerably more

muted than previously thought.

Gains from AI adoption. Our task-based model, in which Al adoption is driven by
the comparative advantage or profitability of this new technology, gives rise to a natural
measure of the gains from adoption. We here quantify the gains from adopting Al both at
the aggregate and the individual level. Using our model notation, the expected gain for a

worker is given by

E[max{log UCY=0 —1og UCP=! —¢;, 0}],

which is the average log change in the effective unit cost of production.

At the aggregate level, the implied cost savings equal 32.31%, corresponding to an overall
productivity increase of approximately 47.72% stemming from Al adoption. The distribution
of gains exhibits substantial heterogeneity across workers, with a standard deviation of 0.234
among Al adopters. Moreover, gains are positively correlated with log wages, with a cor-
relation of 0.412, suggesting that Al may have important implications for inequality across

workers.
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Figure 3: Al Exposure and Predicted Adoption

Notes: The figure plots occupation-level predicted Al adoption under the full specifi-
cation against the exposure measure developed by |[Eloundou et al| (2024). Each dot
represents an occupation and is weighted by the sum of survey weights of workers in
that occupation.

6 Conclusion

In this paper, we show that standard occupation-level Al exposure measures are informative
about technical feasibility, but are only weak predictors of realized Al adoption by workers.
Using linked German survey worker data linked with administrative records, we can observe
actual Al adoption decisions—a rarity in this literature—and document a sizable wedge
between exposure and observed adoption. We propose a task-based framework that explains
this wedge through comparative advantage: Alis adopted not just based on its productivity—
i.e., exposure—but when its productivity per unit cost exceeds worker productivity per unit
cost in sufficiently important tasks.

We operationalize this idea in three measurement steps at the task level: (i) we estimate
worker task productivity relative to pay from occupation-specific wage regressions; (ii) we
map existing exposure indices into task-level Al productivity; and (iii) using the model, we
infer task-specific Al user costs from revealed-preference adoption, conditional on worker and
AT productivity. Our estimation results highlight that accounting for profitability substan-

tially improves predictive power. A model based only on Al exposure explains little of the
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cross-occupation variation in adoption, whereas allowing for heterogeneity in Al user costs
and worker productivity yields a much better fit to the data, improving performance by a
factor of 4. The largest improvement comes from introducing task-level user-cost hetero-
geneity, and worker heterogeneity delivers additional explanatory power, underscoring that
realized adoption depends on both the technology side and the worker side of the production
problem.

More broadly, our findings suggest that predicting the labor-market effects of Al requires
moving beyond exposure alone. What matters for adoption is not simply whether Al can do
a task, but whether it does so profitably relative to labor. While measuring this comparative
advantage is not trivial, it is central for understanding where Al is used today and where it

is likely to diffuse next.
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A Baseline Model: Derivations

A.1 Cost Minimization Problems

The model is solved in two nested stages: (1) task-level: for each task, compute the minimum
cost of producing a given y;;, with and without Al availability; and (2) occupation-level: given
per-task unit costs, minimize total cost of producing occupation output y;, under the Cobb-

Douglas aggregator.

Stage 1: Task-Level Cost Minimization. Fix worker ¢, task k£, and required task output

yir > 0. Without AI adoption, the task problem is

worker
Zik

min w;,l;,  s.t. Cire > Yig-

£i; >0

The constraint binds: £, = yix/ Zﬁ’corke’". Thus the minimized cost is linear in y;,. Define the
labor unit cost
Wio
Z@zorker ’
7.

(10)

L
Cik

which equals the minimized task cost without Al

When adopting Al, the task problem becomes

. worker Al
min wio&k + TkKik s.t. Zz‘k ézk + Zk Kik: 2 Yik-
4 >0, K20

Generically, the solution is a corner: the technology with the lower unit cost produces the
task. Define the Al unit cost

Ar Tk
o = : (11)
ZM

Then the minimized task cost with Al available is min{ck, ¢} y;;.. Define the set of tasks

in which AT is used when available:

Zworker ZAI
K;‘IE{]{GIC:C?I<CZ-L]€}:{]€EIC: ik < k}. (12)
Wio Tk
This is the task-level comparative-advantage condition in (4)).
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Stage 2: Occupation-Level Cost Minimization Given per-task unit costs, the occupation-
level cost-minimization problem for producing y;, = y units is, for each regime d € {D; =
07 -DZ = 1}7

., i S ochya st ] vt >
Yik=TIRER©) cx(0) keK (o)

where the relevant unit costs are

C%ZO _ Wjo ’ Cgizl — min Wio ’ Tk '
[ Zworker % Zworker ZAI
ik ik k

Let A be the multiplier on the production constraint (which binds at optimum). The

Lagrangian is
k k

FOC for each task k:

cfk = Aok = )\aoki, (13)

Yik Yik
where the second equality uses that the constraint binds, [ i yiaj”j =1.
Rearranging gives

Y
Yik = Aok~
Cik

Multiplying by yir vields

d
CiYik = /\Oéoky'

Summing over k and using Y, a,x = 1 implies total cost C%(y) = Y, ¢y satisfies
Cio(y) = My,
so expenditures satisfy the share rule
iy = aor Ch(y). (14)

Thus, in this Cobb Douglas setting, «, are both production exponents and cost shares.
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Substituting y;. = awC%(y)/c% from (14) into the binding constraint gives:

T (oS0 - et T (25)

k o\ Cik

Solving,

A.2 Al Adoption Decision

Define the log unit-cost reduction from having AI available (before overhead) as

Ay, = logUCE —logUCH!.
Taking logs of ,
log UCZ% = Z ok (log cfk — log aok) )
k
The constant — ), a), log ay, cancels between two regimes, so

JAVIRE= Z Aok (log cﬁizo — log cﬁ;’zl) i
kek
Plugging in the unit costs for two regimes,

D;=0
A, = Zaok max {log (Cgi:1> ,0} )

kek Ck

: D;=0 _ worker D=1 _ Al.
Substitute ¢;;/~" = w;,/Z}; and ¢, '~ =1y/Z00

D.=0 ker Al worker
il Wio/ 250" Z Z!
o (1) = 1o (LT ) =t (2 <o (P
§ <CkDFl> g ( o/ Z! *\ S\ i
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Thus

ZAI Z;uorker
A, = Z ol Max {log (#) — log <ZZ)T) ,0} ) (17)

kEK (0)

The term inside the max operator is a task-level comparative-advantage gap, which equals
the gap between the log of Al output per dollar in task and the log of worker-i output per
dollar in task. If the gap is positive, Al has lower unit cost than worker 7 in task k; If the
gap is negative, Al is not used in task k£ and contributes zero to the cost reduction. The
occupation weights o, aggregate these task-level advantages into a log reduction in unit cost
of producing occupation output when Al is available.

With a worker-specific cost factor exp(e;), the effective unit cost under adoption becomes

exp(e;))U Cﬁizl, while without adoption it is U Cgizo. Adoption is optimal if it reduces cost:
UCE=0 > exp(e,) UCE=!  «—  1logUCL=" —1ogUCE=! > ¢,
Using , we can define the adoption indicator D; as:

B Alternative Model with Labor Constraint

B.1 Setting

Workers. Time is static. The economy is populated by a continuum of workers indexed by
i. Each worker is endowed with a vector of task-specific productivities {Z3°™% "}, where k €
{1,..., K} indexes tasks. Workers choose an occupation o € 1,...,0. For each occupation,
worker ¢ draws an idiosyncratic preference shock {u;,}, and selects the occupation that
maximizes expected utility, E[w;, + u,], where w;, denotes the wage of worker in occupation

o, and expectations are taken over the distribution of potential wages and preference shocks.
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Production. We first explain the production without AI adoption. A worker i in occupa-

tion o combines task-level outputs {y; }r to produce overall output y; according to

K

vi = [ [ (vie)™*,

k=1

where o), denotes the importance of task k in occupation o, with >, o, = 1. The price of
occupation-level output is denoted by p,.

The key difference from Section 3] is that each worker is endowed with one unit of time
and allocates it across tasks, >, [ = 1.

Task-level output is produced using labor:

Yik = 237 .
Workers can adopt Al, which augments production. Prior to making the adoption de-
cision, worker i draws an idiosyncratic Al productivity, ZA! ~ F.(-|X;), where X; denotes

a vector of worker and firm characteristics, such as age, gender, industry, and firm size.

Conditional on adoption, output becomes

yi = ZM - T [ (o)

k

With Al adoption, workers can use both labor and Al inputs in each task. Task-level pro-

duction is given by
Yir = Z3 i, + Z K,

where Z2 denotes task-specific Al productivity and Ky, is the amount of AT input allocated
to task k.

Labor markets. We take a reduced-form approach to wage determination. Wages are
set prior to the Al adoption decision and depend on expected output, w; = E[p,y;]6;. The

parameter 6; captures wedges between marginal product and wages. This formulation nests
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both competitive labor market, 6; = 1, and labor market with frictions, 6; < 1.

B.2 Equilibrium
Labor allocation and AI demand. We begin by characterizing optimal task allocation
and AI usage at the worker level. All derivations are provided in Appendix [B.3

Absent Al, worker i in occupation o chooses labor allocation across tasks,

oli .t lz =1,
max poy; Xk:k

ik

where p, denotes the output price. Given the Cobb—Douglas structure, workers allocate time
proportionally to task weights,

Li, = ook,

Substituting back, the value of output equals

Doli = Do H (aokzﬂorker)aok . (18)
k

When adopting Al, workers choose both labor allocation and Al inputs

Max poYi — ZTkKik s.t. Z lig =1,
k k

ik, Kik

where r;, denotes the unit cost of Al for task k.
Define KAl as the set of tasks where Al is used. A key observation is that tasks can be
Al
ranked by m . ZTL, which captures the comparative advantage of Al relative to labor.
ik k
Hence, optimal Al usage follows a cutoff rule,

1 1 ZM
KA =<k < k 19
) { ‘ (1 o OéiAI>poyi Zi\zorker L ) ( )

where oM = > reical Qop, denotes the total task share using Al
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Conditional on K21, optimal inputs are

lik - &All{k ¢ ICiAI}, sz: - Oéokpoyi]_{k S ICZAI}
As before, workers allocate labor across tasks according to task importance weights, but now
only among tasks that use labor. Workers demand Al for tasks that belong to the adoption
set. The demand for Al is higher for tasks with larger weights ., and for tasks with lower

unit cost 7. Substituting into the objective, the output value net of Al user cost is given by

poyi = »_ 1k = (1= a})poy;
k

=z T fewz) ™ IT (an) 0
T

kICAT ket F

AT adoption. Worker ¢ adopts Al if and only if the value under adoption exceeds the
value under the no-Al benchmark ([18),

Al ;AI I % Z,?I :leu Kor Qo
(poZi )l—ai H (aokZ;]Z;()r er) " H (aok_) > Do H (OéokZZ]vgor er) ) (21)

Tk
kgICAT kekAl k

Let D; = 1 if worker i adopts Al and D; = 0 otherwise. After rearranging, the adoption

probability can be written as

Pr(D; =1) = Pr (Gi +In ZM > 0, KM # 0) (22)
1 ZAI K
where G, = Z aor | In ( — —k> + Inp, + Z Qo In (aok/ZiV,V;?rker)
kekcAL 2" T k=1

The occupation-level adoption rate is

s, = E[Pr(D; = 1)|0], (23)

where the expectation is taken over the distribution of worker productivities within occupa-

tion o.
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Reformulation of the adoption rule. The adoption condition in involves the set
K

7 )

which in principle requires solving a combinatorial problem over all subsets of tasks.
However, this is not necessary; The adoption decision admits an equivalent representation
that does not require explicitly characterizing 2!, which greatly simplifies computation. To
see this, note that worker ¢ adopts Al if and only if there exists a non-empty set K such that

holds. Equivalently, this condition can be written as
Gio(K) +log Z2 > 0,

where G;,(K) is defined as in (22)), but evaluated for an arbitrary subset K, rather than the
optimal adoption set KA. Importantly, this condition can be rewritten in a separable form

across tasks. In particular, the adoption decision is equivalent to

Al
Zk

K
Z o
Pr ( E Qo Max {ln " va)rker + E Qo ln(ozo,g/ZiV,Vg‘,)rker)7 0} +1n Zz'AI > O) '
k k ik

k'=1

This representation shows that the adoption decision depends only on tasks for which Al
has a productivity advantage, and avoids explicitly solving for AL We use this formulation
for estimation. It is important to note that this representation is purely auxiliary; the set
of tasks for which the expression inside the max operator is positive does not, in general,
coincide with the optimal adoption set JCAL

As in the nested model in Section , when we set Z}°™' = 1 and assume a single wage

and common prices across occupations, the estimation equation essentially simplifies to ([7]),

K ZAI
s, = Pr Zaok max{lni, 0} —i—logZiAI >0].
k=1 "k

Adoption set under zero profit condition. Suppose firms observe Z*! prior to hiring
and operate under free entry, so that profits are zero. Under this condition, wages coincide
with the shadow value of labor, w;, = (1 — a*)p,y;. This implies that the comparative

advantage condition can be expressed directly in terms of wages, rather than output, yielding
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a simplified characterization of task-level Al adoption, which is identical to ,

Kffz{k

Wio Tk

ke Al
Zly;zqor er - Zk }

B.3 Derivations
In the case of adopting AI, worker ¢ solves the following Lagrangian problem, choosing
{ Kk, Lir }:
L = poyi — ZTkKik + A <1 — th) ;
k k
where r;, denotes the unit cost of Al and p, the price of output.

Worker i adopts Al for task k if adoption is profitable. For k ¢ KA

zyerker), hence

. we have y;, =

(Ol poaokly_i = A (0K) poOéoklZymZéﬂ < Tk
ik kL

For k € KM, we have yi, = ZM Ky, hence

worker Yi
(Olik)  PoQok a7 ZAIK Zpm <A (0K) poaokK_ik =T

AT adoption set For any k; € KAl and ky ¢ KM, we have

Y/
—_— > an — < l.
Z:};(l)rker Thy Zl\z}grker

Thus, if tasks are ordered such that
k* such that KA = {1,... k*}.

From the FOC of labor CokPoy i ZW"rker = Qi pl‘zgl = A and constraint ), l;; = 1, we get

AI
W is decreasing in k, then there exists a threshold

A = (1 — a?)p,y;, where the term o' denotes the sum of task weights among tasks using

Al Plugging this value into the above conditions, we have the following Al adoption set:

Zworker ZAI
ICZAI =1k < Zk where afl = Z Qs -
(1 - Oé )poyz Tk
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To summarize, worker ¢ adopts Al for the tasks in which Al has a comparative advantage

over labor, measured by
Al
Zi\i};orker Tk ’

Order tasks k with respect to this ratio so that k; denotes the task with the largest value. If
Al —
maxy, {;Zk } > (poZPM T (v Zomker e ) " the adoption set is characterized by

Zzy;;orker T

1 ZAI 1 1 ZAI
ﬁ<...<—<... ki
worker Al worker :
ZikK 'K (1 — " )poyi szl Tk
no Al adoption AT adoption

Otherwise, the worker does not adopt Al.

For later, we also compute the output and revenue net of Al capital costs,

1
Qo Al Aok 1_a’iAI
worker  Qok QokPoZ
vi= |2 ] (Ziko ke 1_01“) I1 (_k>
AL - Al Tk
kK kek
PoYi — ZTkKk = (1= a")poyi

AL —la7 k —ok Z]?I 1?2’21
_ 1—a? worker\ 1—a? i
- T (o ] (oa

k
kg CAL keKAL

Al adoption. We finally characterize the condition under which a worker adopts Al
Worker ¢ adopts Al if Al adoption increases profit, i.e.,

AL\ TooAT Ker\ T2k Zpt\ el ker
1—at worker —at ? ok
(pOZi ) ¢ H (aokZik ) T H (Oéok ) > Po H (aokZ;;,gor er) .

kgICAT keKAL k
C DModels with Alternative Production Functions

We also present alternative models that yield the same estimation equation ([7)) of our re-

stricted baseline model.

Cobb-Douglas production for task-level output. Output is produced by combining

task-level outputs, each of which is produced using labor and capital based on a Cobb-Douglas
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technology (as opposed to the linear technology in Section :

vi = [ ) v = (Z3 ) (ZE K,
k

where Z[ is the productivity of (non-Al) capital. Let r¥ denote the unit price of capital.
Workers can either adopt Al or not. If a worker decides to adopt Al, this worker must devote
a fraction ¢ ~ F,(-) of her time to learning how to use Al. Hence, when adopting Al, the
worker’s total time decreases from 1 to 1 — ¢ and the labor constraint reads ), l;; =1 — c.

This specification implies that labor is allocated across tasks in fixed proportions. Con-
sequently, there is no reallocation of labor across tasks following Al adoption, and hence no
notion of Al replacing labor in a subset of tasks.

Solving the profit maximization problem without AL, max p,y; — >, rf K — w;, subject

to >, lix = 1, the output is given by

Q

ok

K\ €\ T-¢
yi(c =0, KFK(0); K) = (pog)%é H (aok(zivzorker)l—g (Z_Z) > .

k "k

In turn, when worker ¢ adopts Al, labor decreases to 1 — ¢, and productivity and unit

costs change from (Z5 ri) to (ZM,ry,). Workers adopt Al for task k if Al has a comparative
K Al

advantage over (non-Al) capital, i.e., f—}z < %
k:

The output becomes

Q

ok

b(e i) = (1 - o) [ | <aok<Z@-V,z°fkm">1£ (max {Z— Z—I’f}f) -

T T
A ke Tk

Then AI adoption increases the revenue net of capital costs, i.e., p,y;(c, Ki(c))—=>_, me s >
poyi(c =0, KFK(0); K) — >, i K[, which is equivalent to output being greater when adopt-
ing Al since the revenue net of capital costs equals a constant fraction 1 — & of revenue.

Hence, worker 7 adopts Al if and only if

5 AN o (2
qzk:aokmax log o — log E ,0 ¢ +log(l—c) >0.
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This condition motivates equation [7}

S, = Pr (Z Qo max{fy, 0} > 8) )
k

The term 6, represents the comparative advantage of Al over capital for each task, which

differs from the interpretation of the CD-linear model.

AT as labor productivity improvement We now consider an alternative role of Al. Task-
level output is produced by labor, yix = Z¥°™* [, before Al adoption as before. However,
we assume that Al adoption increases labor productivity from ZJ°™* to (1 + ky)Z3o™er | for
example by saving time, instead of fully replacing labor. Workers use Al for task k£ whenever
kr > 0. We continue to assume that Al adoption requires a fraction ¢ of time for learning.

Worker ¢ adopts Al if and only if

(1 - C)po H ((1 + max{/ik, O})Ozokzz};orker)a"k > Do H (aOkZZy;;orker)Oéok )
k k

AT adoption occurs if and only if, for some € ~ F,(+),
Z Qo log(1 + max{ky, 0}) > €.
k
Occupational adoption shares are given by

S, = Pr (Z Ao log(1 + max{rg,0}) > 5) =Pr (Z Qo max{fy, 0} > €>
k k

Thus, this condition motivates the same empirical estimation specification as in ([7]), although
the interpretation of estimates 6, differs; it captures how much AI improves labor produc-

tivity.
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D Descriptive Evidence: Additional Details

D.1 The Data

This section provides additional details on the construction of the data.

O*NET O*NET is a publicly available database that provides detailed information on U.S.
occupations, including task descriptions and task-level ratings. For our analysis, we use the
task statements, task ratings, and the work-activity hierarchy to construct occupation-level
task weights.

The database organizes job content hierarchically from detailed tasks to broader work
activities. We aggregate tasks to the level of Generalized Work Activities (GWAs) and
further collapse them by grouping parent categories, yielding a set of nine task clusters used
in the analysis.

O*NET reports measures of task intensity, including frequency (FT), importance (IM),
and relevance (RT). We use the importance scale (IM), which captures how critical each task
is for job performance and is reported as the mean rating on a 1-5 scale for each occupation—
task pair. For each occupation o and task k, we use the IM scores as raw weights and

normalize them within occupation to construct the task-weight matrix.

Occupation crosswalk. Because O*NET is defined for U.S. occupations, we map German
occupation codes (KI1dB 2010) to O*NET using standard crosswalks through ISCO-08 and
SOC classifications. The resulting mapping is many-to-many. We aggregate O*NET task

weights across mapped occupations using simple averages.
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D.2 Additional Descriptive Evidence

Table D.1: AI Adoption by Industry Group

Industry group AT adoption share (%)
Primary & Utilities (A, B, D, E) 24.9
Manufacturing (C) 43.1
Construction, Trade & Transport (F, G, H) 37.0
Knowledge-intensive services (J, K, L, M) 56.9
Education & Health (P, Q) 39.2
Other services (I, N, O, R, S, T-U) 32.9

Notes: Al adoption share across six industry groups, constructed from the 1-digit WZ2008 industry classi-
fication, weighted by the number of workers in each industry. Data source: DiWaBe 2.0.

Table D.2: Al Adoption and Sources of Variation (Occupation-level)

ATl Exposure Measure

(1) (2) (3) (4) (5)
Eloundou et al. Felten et al. Handa et al. =~ Webb  Task Weights
Al exposure 0.390** —0.070 0.236* 0.386%**
(0.160) (0.112) (0.129) (0.120)
Observations 129 129 127 129 129
R? 0.110 0.070 0.098 0.139 0.182

Notes: The dependent variable is the occupation-level Al adoption share. Standard errors are reported in
parentheses. Al exposure measures are constructed at the 3-digit KIdB occupation level. Worker controls
include the average female share, age, age squared, and education group shares (three categories) for each
occupation. Significance levels: * p < 0.10, ** p < 0.05, *** p < 0.01. Data source: DiWaBe 2.0.
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Table D.3: AI Adoption and Sources of Variation (Individual-Level)

AT Exposure Measure

(1) (2) (3) (4) (5)
Eloundou et al. Felten et al. Handa et al. =~ Webb  Task Weights

Panel A: No controls

AT exposure 0.468%** 0.399%** 0.256%** 0.157**

(0.099) (0.060) (0.079) (0.075)
Worker controls No No No No No
Firm controls No No No No No
Observations 6,105 6,105 6,042 6,105 6,619
R? 0.037 0.053 0.017 0.007 0.048
Panel B: Worker controls
AT exposure 0.445%** 0.403%** 0.227%%* 0.089

(0.080) (0.055) (0.065) (0.075)
Worker controls Yes Yes Yes Yes Yes
Firm controls No No No No No
Observations 6,105 6,105 6,042 6,105 6,619
R2 0.059 0.072 0.040 0.028 0.064

Notes: The dependent variable is an indicator for worker-level Al adoption. Columns (1)—(4) use alternative Al exposure
measures constructed by |[Eloundou et al.| (2024)), |[Felten et al.| (2021), Handa et al.| (2025), and (Webb| (2019), measured at the
5-digit KIdB occupation level. Standard errors are reported in parentheses. Worker controls include gender, age, squared age,
and education (3 categories). Significance levels: * p < 0.10, ** p < 0.05, *** p < 0.01. Data source: DiWaBe 2.0.

E Estimation: Additional Details

E.1 Estimation of Worker Productivity

This appendix provides additional details on the estimation of task-specific worker produc-
tivity.
From Section , we have 7 = >k Qok Bf Stacking this relationship yields

(Bf)JxK(Oéok)Kxo = (BJQ)Jxo,

where K denotes the number of tasks; O the number of occupations; and .J the dimension of

X;.
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One approach is to estimate { BJ’“} directly using interacted regressors:

logwir = Y B¥ (aorXir;) + FEo + FE; + €31,
jk
For j =1, X3 ; = 1, and thus Bf and FE, cannot be separately identified from this regression.

Hence, we choose Bf to best fit the estimated FE,, and attribute the remainder to log p,.

Stability of wages. To assess whether Al adoption has affected wages, we compare occupation-
level wages between 2015-2019 and 2024. Figure plots mean log wages at the 3-digit
occupation level across the two periods. The observations lie close to the 45-degree line,
indicating that, despite heterogeneous changes in Al adoption across occupations, relative
wages have remained largely stable. This supports our assumption that wages relevant for

hiring decisions have not yet been substantially affected by Al adoption.

50

-50

Demeaned mean wage, Dec 2023
s

-100
T T

T T
-100 -50 0 50
Demeaned mean wage, 2015-2019 (pooled)

Circle size proportional to occ3 cell count in Dec 2023
Dashed line: 45-degree reference

Figure E.1: Wages across Occupations: 2015-2019 vs. 2024

Notes: The figure plots occupation-level mean log wages (demeaned within each period).
Marker size is proportional to employment. Some occupations appear clustered due to
disclosure restrictions and small sample sizes. Data Sources: DiWaBe 2.0, with wages
matched from the TEB.
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E.2 AI Productivity

This appendix provides a microfoundation for the mapping from task exposure to Al pro-

ductivity. We introduce a reference human for each task k with baseline productivity
Z&  (units of task k per hour).

This serves as a normalization; Al productivity is measured relative to the output of this
reference human. Let 7/ = 1/Z/ denote the time required for the reference human to
complete one unit of task k prior to Al adoption. Suppose Al reduces the time required to
perform task k by a fraction Ay. Then Al completion time is 7! = (1 — Ag)7E, implying
Al productivity

oz

ZAl— _—_ — . 24
k TkAI 1—Ak ( )

We parameterize time savings as Ay = key, where e, € [0, 1] is the share of tasks that
can be performed by Al and k € (0, 1] scales the effectiveness of Al. Moreover, because the
model depends only on relative productivity, i.e., Z2! relative to its cost ry, we can normalize

ZH =1 without loss of generality. This gives

7t = L
1 — rey,

Our baseline specification sets Ay = e, where e is the Al exposure measure developed by
Eloundou et al.| (2024)).

We consider two alternative approaches. First, if the Al exposure measure is interpreted as
the share of tasks that can be replaced by Al, one can calibrate k < 1. For example, |[Acemoglu
(2025) uses k = 0.27, based on estimates from Noy and Zhang] (2023) and Brynjolfsson et al.

(2025b). Second, we can use survey-based measures of time savings. Let
T; = 1{worker reports time savings from Al},

and define T = % >, T;. Interpreting T as the probability that Al is effective, expected
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productivity can be written as

_ 1 _
ZM T 1-T
k‘ 1_€k+( )7

which, for small e, can be approximated by

1

ZN
1 —Tek

In our survey, the share of workers agreeing that Al has saved time among is T = 34.3%.

F  Additional Estimation Results

F.1 Individual-Level Estimations

Table F.1: Model Fit: Individual-level Estimation

Model log-likelihood LR p-val McF R?> AIC BIC
Exposure -4449 0.000 0.014 8900 8907
Comparative Advantage -4348 0.000 0.036 8714 8776
Labor Heterogeneity -4342 0.000 0.038 8704 8772
Full -4288 0.000 0.049 8607 8709

Notes: The table reports model fit statistics from individual-level estimation. For each specification, we
report the log-likelihood, the likelihood-ratio p-value for the model relative to the null of constant adoption,
McFadden’s R?, and model selection criteria (AIC and BIC). Specifications are ordered from the most

restricted (Exposure) to the least restricted (Full).

Table F.2: Labor Productivity per Unit Cost

Task Mean Std. Dev. Q1 Q2 Q3
1 Information Input 0.318 0.905 -0.210 0.338  0.896
2 Identifying Objects 2.229 1.317 1.390 2.197  3.060
3 Information Processing -0.210 0.627 -0.583 -0.264 0.102
4 Reasoning/Decision 0.429 0.783 -0.103  0.312  0.920
5 Manual Work Activities -1.467 0.564 -1.868 -1.505 -1.121
6 Technical Activities -0.305 1.088 -0.812  -0.245 0.294
7 Communicating and Interacting -0.102 0.652 -0.504 -0.041 0.337
8 Coordinating/Developing -0.879 0.936 -1.377  -0.832 -0.278
9 Administering 0.144 1.270 -0.703  0.187 0.949

Notes: This table reports summary statistics of labor productivity per unit cost, measured by log (Zﬁcorker /wio), for each task.
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Table F.3: Estimates of AI Comparative Advantage and Worker Heterogeneity

Panel A: Task-level Al productivity and costs

Tasks Z,?I Tk log (%)
1 Information Input 1.657 0.149 2.408
(0.561)
2 Identifying Objects 1.314 0.023 4.040
(0.595)
3 Information Processing 2.112 0.014 5.051
(0.441)
4 Reasoning/Decision 2.140 0.002 6.836
(0.443)
5 Manual Work Activities 1.038 0.031 3.498
(0.357)
6  Technical Activities 2.711 0.004 6.487
(0.502)
7 Communicating and Interacting 1.544 0.021 4.284
(0.349)
8  Coordinating/Developing 1.481 0.010 5.005
(0.388)
9  Administering 1.767 0.008 5.437
(0.510)
Panel B: Worker heterogeneity
Parameters Estimates
@ Labor productivity heterogeneity 0.316%**
(0.096)
~ Female 0.186***
(0.036)
Age -0.080
(0.135)
Age squared 0.020
(0.015)
Educ: mid 0.058
(0.054)
Educ: high -0.163%**
(0.060)

Notes: The table reports estimates from the full individual-level specification. The top panel reports task-
level Al productivity (Z,f‘,“)7 costs (rg), and their log ratio. The bottom panel reports parameters governing
labor productivity heterogeneity (1)) and heterogeneity in Al adoption (), which affects C(X;). Standard
errors are reported in parentheses, computed from the numerical Hessian evaluated at the estimates. All
estimates in Panel A are statistically significant at the 1% level. Significance stars shown in Panel B: *
p < 0.10, ** p < 0.05, *** p < 0.01.

27



	Introduction
	Descriptive Evidence
	The Data
	The Nature of AI Adoption
	Predictive Power of AI Exposure Measures

	Conceptual Framework 
	Setting
	The AI Adoption Choice

	Estimation
	Worker Productivity and Wages
	AI Productivity
	Estimation Strategy
	The Determinants of AI Adoption
	Estimation Results

	AI Adoption Driven by Comparative Advantage
	Conclusion
	Baseline Model: Derivations
	Cost Minimization Problems
	AI Adoption Decision

	Alternative Model with Labor Constraint
	Setting
	Equilibrium
	Derivations 

	Models with Alternative Production Functions 
	Descriptive Evidence: Additional Details
	The Data
	Additional Descriptive Evidence

	Estimation: Additional Details
	Estimation of Worker Productivity 
	AI Productivity 

	Additional Estimation Results
	Individual-Level Estimations


