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Abstract

This paper documents how artificial intelligence has affected stocks and flows dynamics
of the U.S. labor market. Combining CPS and JOLTS data with occupation-level Al exposure
measures from OpenAl and Al adoption measures derived from Lightcast job postings,
we decompose labor force stocks, worker flows, and market tightness by Al exposure and
adoption. Since the introduction of LLMs, workers with high Al exposure and adoption have
experienced larger declines in job-finding and job-switch rates than other groups, while their
within-job activity switching has increased noticeably relative to others. The Al factors tend
to raise wage growth, and Al exposure is also associated with higher hours worked, but these
effects have attenuated since 2023, suggesting that LLM-driven reallocation has operated
through task reorganization within firms and a reconfiguration of labor input, alongside
weaker demand for workers highly affected by Al. To quantify LLM-driven reallocation
pressure, we construct individual-level hirability and separability indices and show that
dispersion in job-finding prospects has risen markedly since 2023, largely driven by the
Al factors. The natural rate of unemployment rate recovered from the trend components
of unemployment inflows and outflows by Al exposure and adoption is estimated to have
stepped up by about a quarter percentage point since the introduction of LLMs, albeit with
considerable uncertainty.
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We are suffering, not from the rheumatics of old age, but from the growing pains
of over-rapid changes, from the painfulness of readjustment between one economic
period and another. The increase of technical efficiency has been taking place faster
than we can deal with the problem of labour absorption. We are being afflicted with

technological unemployment. — Keynes (1930)

1 Introduction

The rapid diffusion of artificial intelligence—and large language models (LLMs) in particular—
has prompted significant debate about its consequences for the labor market. Whether Al will
predominantly complement human workers, substitute for them, or trigger broad reallocation
across occupations and industries remains deeply contested. A growing literature has examined
the productivity and employment effects of Al for specific worker groups and occupations using
micro-level data. However, much less is known about how LLMs reshape labor market reallo-
cation. In this paper, we examine the effects of LLMs on aggregate labor market dynamics and
functioning, focusing on their effects on labor market flows and stocks—particularly unemploy-
ment inflows and outflows—and the natural rate of unemployment. To this end, we integrate
traditional labor market data—such as CPS microdata, JOLTS, and O*NET—with nontraditional
data sources compiled by OpenAl, Anthropic, and Lightcast.

Our approach of measuring Al's effects has a few key aspects. First, we match individuals in
the CPS microdata with the detailed occupation measures of Al exposure and Al adoption at the
job. Specifically, we draw on occupation-level scores from Eloundou et al.|[2023] and Handa et al.
[2025], which characterize the extent to which generative Al can perform the tasks associated
with each occupation. For Al adoption, we compute the share of positions that explicitly require
Al-related skills from Lightcast job postings, capturing the extent to which firms have actually
integrated Al into production. In other words, Al exposure captures the supply of skills that can
be theoretically replaced by Al, and Al adoption measures actual demand of Al-related skills. By
assigning Al exposure and adoption scores to each individual in the CPS, we can directly assess

how Al has affected labor market stocks, flows, and outcomes in a comprehensive manner.



A key challenge in the matching process is missing occupation information. While all em-
ployed individuals report occupations, some unemployed individuals do not—particularly new
entrants or those without recent work histories. For E-to-U (EU), U-to-E (UE), and E-to-N (EN)
transitions between ¢ — 1 and ¢, we assign Al exposure and adoption using current-month (¢)
information when available, and otherwise use lagged (¢ — 1) values. This leaves fewer than 10
percent of unemployed individuals without Al information. For these cases, we impute values
using the individual-specific mean within the same CPS rotation-panel segment (MIS 1-4 and
MIS 5-8), and then assign the individual’s average across observed spells. After these steps, about
5 percent of unemployed individuals remain unmatched, primarily those without work histories
or persistent non-employment. We further assign group averages based on demographic and
educational characteristics of those who are employed for only one month during the survey. We
use information from workers with only one employment spell to incorporate those with the
weakest job attachment. This final step has negligible effects on the unemployment rate and on
EU, UE, and EN flows.

We apply the same procedure to the remaining labor market flows and the labor force
participation rate, although these measures are more affected by the final imputation step. We
interpret the imputed Al exposure and adoption for individuals without occupation information
as reflecting their potential exposure when employed or searching for a job.

Next, we estimate the market tightness by Al exposure and adoption to analyze the interaction
between labor supply and demand as well as the labor market slack and functioning. For this, we
combine individual-level stocks and flows by Al exposure and adoption with occupation-level
vacancy data constructed from JOLTS and Lightcast.

Our analysis produces four main findings. First, workers in high—Al-exposure and high-AlI-
adoption jobs have lower unemployment rates than those in low-exposure, low-adoption jobs,
primarily reflecting lower separation (EU) rates. Although Al exposure and adoption are associ-
ated with lower job-finding (UE) rates—consistent with longer search durations for higher-skilled
jobs—the reduction in separations more than offsets this effect.

Second, since the introduction of LLMs, however, job-finding rates have declined more for
workers in high—-Al-exposure and high—-Al-adoption jobs than for others. A similar pattern is

observed in job-to-job transitions, while job-loss rates show little differential change across



groups. Consistent with this pattern, market tightness for workers with high Al exposure and
adoption has remained below pre-COVID levels since 2023, while tightness for low-exposure
workers has largely returned to its pre-COVID level. These results suggest that LLMs have dispro-
portionately reduced labor demand for high-exposure, high-adoption workers, with adjustments
occurring primarily along the hiring margin rather than the separation margin, consistent with
prior microeconomic evidence [Brynjolfsson et al., 20254, Hosseini and Lichtinger, 2025].

Third, LLMs have reshaped labor allocation within firms. The rate of within-job activity
switching rises disproportionately for workers in high—-AI-exposure and high—-Al-adoption jobs,
pointing to increased task reorganization. Consistent with this, we find that the positive effects of
Al on nominal wage growth and hours worked attenuate markedly in the post-LLM period. In the
pre-LLM period, both Al exposure and adoption are associated with higher nominal wage growth,
and Al exposure is linked to longer hours. These effects weaken following the introduction of
LLMs, suggesting softer labor demand for highly exposed workers and a reconfiguration of labor
input.

Fourth, these uneven effects of LLMs suggest a potential buildup of reallocation pressure,
wherein workers are unable to move to sectors with better reemployment prospects due to
mismatch or other frictions. Reallocation pressure is traditionally measured with the cross-
sectional dispersion of job-finding rates, market tightness, and employment growth (e.g., Lilien,
1982, Jackman and Roper, 1987, |Sahin et al., 2014). To assess the reallocation pressure driven
by the Al factors, we construct individual-level hirability and separability indices that measure
an individual’s propensity of job finding from unemployment and of job loss, respectively. We
show that the cross-sectional dispersion in the hirability index has increased noticeably since
2023, with the Al factors accounting for nearly all of the rise. By contrast, the dispersion of
the separability index shows no comparable increase, consistent with LLMs primarily affecting
reallocation through the hiring margin.

Fifth, the overall empirical evidence points to upward pressure on the natural rate of unem-
ployment in the post-LLM period. To quantify these effects, we use EU and UE rates for four
worker groups defined by Al exposure and adoption (above/below mean exposure interacted
with above/below median adoption), and estimate their trend components using a Bayesian

trend-cycle decomposition. We then map these trends into group-specific natural rates using



Shimer| [2012]’s steady-state model of unemployment. Finally, we aggregate across groups using
labor-force shares to obtain the overall natural rate and its evolution in the post-LLM period.
Reflecting the modest weakening of the job-finding rate for high-exposure workers relative to
low-exposure workers, the natural rate is estimated to have risen by about a quarter percent-
age point between December 2022 and February 2026, albeit with considerable uncertainty
surrounding this estimate.

This paper distinguishes itself from the existing literature along several dimensions. While
most prior work examines Al'’s effects on specific occupations, firms, or demographic groups
[Brynjolfsson et al., 2018, Webb), 2020, [Felten et al., 2023, Eloundou et al., 2023, /Acemoglu et al.,
2022, Hampole et al., 2025, Brynjolfsson et al., 2025a, [Hosseini and Lichtinger, 2025, |Crane
and Soto), [2026], this paper provides the first systematic analysis of how Al shapes aggregate
U.S. labor market dynamics and functioning, drawing on a comprehensive examination of
labor force flows and job creation by Al exposure and adoption. Rather than focusing on a
single dimension of labor market outcomes—such as employment, productivity, or wages—our
approach decomposes all worker transition rates by Al exposure, providing a more complete
picture of how Al has reshaped the aggregate labor market.

This paper is also the first to construct individual-level hirability and separability indices
to assess the effects of Al on job-finding and job-loss propensities, and their contribution to
reallocation pressure. These indices extend the occupation-level adaptive capacity index of
Manning and Aguirre [2026] to the individual level. Another contribution is to incorporate Al
exposure and adoption directly into the estimation of the natural rate of unemployment, allowing
us to assess the effects of LLMs on labor market functioning.

Section [2] describes the datasets used for the empirical analyses. Section [3|reports demo-
graphics and labor market outcomes by Al exposure and adoption, focusing on stocks and flows
of workers and jobs. Section[4]introduces the individual-level separability and hirability indices
and analyzes the extent to which Al contributes to the dispersion in the likelihood of job findings
and job separations. Section [5]discusses implications for the natural rate of unemployment and

the trend labor force participation rate.



Related literature Our work contributes, first, to a rapidly growing empirical literature on the
labor market effects of artificial intelligence. One branch of this literature focuses on identifying
which occupations and industries are potentially exposed to Al-related disruptions based on their
task structures [Brynjolfsson et al., 2018, Webb, 2020, Felten et al., 2023, |[Eloundou et al., 2023].
Recent work in this vein leverages large-scale data on user interactions with LLMs to disentangle
which tasks Al may automate and which it may augment [Handa et al., 2025} Tomlinson et al.,
2025]. Moving beyond task exposure, [Manning and Aguirre, 2026] develop an occupation-level
adaptive capacity index that measures how capable workers are of adjusting to job displacement.
The hirability and separability indices we construct in this paper extend this idea to individual
workers and allow us to characterize the extent to which Al has already contributed to reallocation
pressure in the labor market.

Another branch of literature examines the employment effects of Al exposure for specific
occupations and demographic groups. Studies focusing on traditional Al and machine learning
applications have generally found small net employment effects and evidence of within-firm task
reallocation [Acemoglu et al., 2022, [Hampole et al., 2025]. Recent work focusing on the adoption
of generative Al, however, has documented adverse employment effects for early-career workers
in highly-exposed occupations [Brynjolfsson et al.,2025a, Hosseini and Lichtinger, 2025 and
reduced employment growth for coders in particular [Crane and Soto, 2026]. Consistent with
our findings, these negative employment effects appear to be the result of reduced hiring rather
than increased separations. Our paper complements this microeconomic evidence by providing
the first systematic analysis of Al's influence on the aggregate labor market, in particular, its
implications for structural unemployment.

In addition to employment effects and reallocation pressure, our analysis also speaks to
the effect of Al on structural productivity. Although a number of experimental and quasi-
experimental studies have shown that access to LLMs increase the productivity of individual
workers across a variety of domains [Brynjolfsson et al., 2025b, (Cui et al., 2024} Dell’Acqua
et al., 2023, Noy and Zhang, |2023], the implications of task-level gains for aggregate productivity
remain highly uncertain. Task-accounting approaches, for example, suggest a wide range of
potential contributions to TFP growth ranging from essentially zero [Acemoglu, |[2025] to as much

as percentage point over the next decade [Filippucci et al., [2025].



Finally, our paper contributes to a broader macro-labor literature on labor market realloca-
tion and the effects of technological change. To begin with the literature on effects of reallocation
on unemployment, Lilien! [1982] interprets increases in the dispersion of sectoral employment
growth during downturns as evidence of sectoral reallocation, implying that the associated rise
in unemployment is largely structural. In contrast,/Abraham and Katz [1986] argue that coun-
tercyclical dispersion can arise from heterogeneous sensitivities of sectors to aggregate shocks,
so that the comovement between employment dispersion and the unemployment rate does
not necessarily indicate an increase in structural unemployment during recessions. Different
from these views, Neumann and Topel [1991] claim that the low-frequency evolution of sectoral
employment shares captures permanent demand shift across industries, creating the persistent
reallocation pressure that drives up structural unemploymentE] Jackman and Roper [1987] argue
that dispersion in market tightness signals changes in structural unemployment. Building on
this framework, Sahin et al. [2014] construct a mismatch index. By showing that Al is the primary
source of dispersion in individual-level hirability, we demonstrate that LLMs can be an important

driver of reallocation pressure.

2 Data

We combine microdata from the Current Population Survey with information on occupations’ Al

exposure, demand for Al-related skills, and vacancy counts.

2.1 Al exposure and adoption

Al exposure We obtain our preferred measure of an occupation’s exposure to Al from Eloundou
et al. [2023], which we refer to as OpenAl exposure scores throughout this paper. This ranking
was constructed by labeling direct work activities and task descriptions from the Occupational
Information Network (O*NET) based on an assessment of whether access to an LLM or LLM-
powered system would reduce the time required to complete the activity or task by at least 50%
without loss of quality. We use the authors’ GPT-4 assigned 3 exposure measure, which considers

the use of complementary tools or software on top of LLMs. Occupation-level exposure scores

12 adopts the measure of Neumann and Topel| [1991] for the empirical investigation of wage Phillips curve.



are averages over task-level exposure, where supplemental O*NET tasks are assigned half the
weight of core tasks.

In robustness checks, we use an alternative measure of Al exposure based on data from the
Anthropic Economic Index [Handa et al., 2025]. This dataset provides descriptions of hundreds
of distinct Al applications derived from millions of prompts submitted to Claude. For each Al
application (e.g. “develop time series forecasting models”), we convert the text to a numerical
word embedding and do same for each O*NET task description. Following [Hampole et al.,[2025],
we consider a task exposed to Al if the cosine similarity between the task embedding and any Al
application embedding is above the 95th percentile of similarity across all task-application pairs.
We then aggregate task-level expose to occupations as described above. Beyond providing an
independent measure of Al exposure, the Anthropic data also allow us to distinguish between
applications that primarily automate versus augment human labor based on user interaction

patterns identified by Anthropic.

Al adoption Both the OpenAl and Anthropic exposure scores capture the extent to which
generative Al applications might feasibly perform the same tasks as a human worker. However,
the degree to which Al is actually being used to accomplish exposed tasks varies considerably
across occupations and has risen over time as the underlying technology has improved. We
therefore supplement our Al exposure scores with a measure of Al utilization constructed from
online job postings. Using data from Lightcast, we compute the share of job postings that
mention an Al-related skill requirement for each occupation and month. We consider a position
to be utilizing Al if Lightcast tags it with a skill that includes the terms “artificial intelligence” or

“machine learning” in its description.

2.2 Current Population Survey

We assign each individual in the CPS an Al exposure based on their reported occupation and
the indices defined in Section 2.1l When CPS occupation categories include more than one
detailed O*NET occupation, we use their average exposure score. We additionally harmonize
CPS occupations—which were revised to reflect the 2018 Standard Occupational Classification

starting in 2020:M1—to definitions that are fully comparable from 2011:M1 to 2025:M12.



Individuals without prior work experience—such as young labor force entrants—are missing
occupational information and therefore cannot be assigned an occupation-based Al exposure.
Yet it is precisely these workers who may be most affected by Al [Brynjolfsson et al., [2025a]. We
therefore we impute the Al-exposure score for individuals who do not report an occupation using
the average exposure of other individuals with the same gender, age, and educationE] This allows
us to define exposure for the full population, a necessary step when studying macroeconomic
aggregates. Al exposoure ranges from 0 (no exposure) to 1 (full exposure), similar to a probability.
By multiplying the score (and one minus the score) by the individual sampling weight, we
construct stocks and flows for fully exposed (high-exposure) and non-exposed (low-exposure)
workers. This approach preserves accounting identities for stocks and flows within exposure

groups and in the aggregate.

2.3 Vacancies

We compute vacancies by occupation using data from the Job Openings and Labor Turnover
Survey (JOLTS) and Lightcast. We start with the level of JOLTS openings by 2-digit industry
i in month ¢, denoted V;;. Because JOLTS does not contain information on occupations, we
allocate industry-level openings to occupations in proportion to share of Lightcast job postings
for occupation o in industry i, denoted L,;;. Finally, we sum across industries to recover the

count of vacancies by occupation,

L .
Vor=Y =——2— x V/OLTS, 2.1
iel Zoeo Loit

This imputation produces a series of vacancies by occupation that is fully consistent with level of

job openings from JOLTS when aggregated.

2.4 Imputations of missing Al exposure and adoption

Al exposure and adoption are task-based measures and therefore can be assigned only to indi-
viduals with available occupation information. Occupation data are observed for all employed

workers, but only partially for others. In particular, unemployed individuals who were pre-

2We further consider cohort, but this extension does not change the result materially.



viously employed report their past occupation, and a small fraction of individuals out of the
labor force also report prior occupation. In addition, some workers who were employed in the
previous month but become unemployed in the current month lack occupation information,
likely reflecting measurement error.

We adopt two imputation procedures.

For the unemployment rate and the EU, UE, and EN flows, we apply the following imputa-
tion procedure to maximize the use of each individual’s reported Al exposure with minimum

imputation.

1. Step 1: We first assign Al exposure using the current month’s occupation-based measure
when available, and otherwise use the individual’s lagged value. There are about 9.5% of

unemployed individuals who do not have Al information.

2. Step 2: For observations that remain missing, we impute exposure using the individual-
specific mean within the same CPS rotation-panel segment, defined separately for MIS
1-4 and MIS 5-8, thereby relying on information from nearby interviews within each panel

spell. After this step, about 7% of the individuals do not have Al information.

3. Step 3: Any remaining missing values are assigned the individual’s average exposure across
observed spells, incorporating information from both before and after the 8-month break.
After this step, all unemployed individuals are assigned Al exposure measures. After this

step, about 5% of the individuals do not have Al information.

It is important to note that this procedure produces flows and stock of unemployment
that are largely internally consistent. Therefore, for the analyses on unemployment, we use
this imputation procedure without the small fraction of unemployed individuals without Al
information. Without step 3, the results do not change signiﬁcantlyﬂ

The remaining unemployed individuals without Al information are the ones who do not
find a job or have work histories in the adjacent months, and hence are likely to be those
who continue to be unemployed or transition from and to nonparticipation. We consider the

following approach for these individuals:

3This observation is consistent with the view that workers tend to return back to the previous industries or
occupation after displacement (Hobijn et al.)
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1. For individuals with no usable employment history—such as those observed in only one
employment spell—we impute Al measures based on demographic characteristics and
educational attainment, capturing the lower labor market attachment of workers without

recent or near-term work histories.

We then extend this methodology to assign Al measures to observationally similar individuals

in nonparticipation.

2.5 Categorization of Al exposure and adoption

We classify workers into four exposure groups based on the share of current occupation’s tasks
exposed to Al: below 25%, 25-49%, 50-74%, and 75% or higher. For example, the 75-100% bin
contains around 20 occupations, but these make up less than 25% of total employment. Instead
of using employment-weighted quartiles, we adopt this approach because Al may have had
particularly large effects on changes in within-job activities and job switches among the most
exposed occupations such as software developers, telemarketers, and various clerical workers.

In addition, we define four adoption groups based on the share of Al-related terms in Light-
cast job postings: below the first quartile, between the first and second quartiles, between the
second and third quartiles, and the top quartile. These categorizations reveal the effects of Al
more clearly than traditional approaches.

Last, we plot 12 month moving averages to smooth through some of the month-to-month

noise and to handle seasonality.

3 Stocks and flows by Al exposure and adoption

3.1 Stock and flows of unemployment and employment

This section reports the estimated stocks and flows of workers by Al exposure and Al adoption.

Unemployment rate, job findings and job losses Panel A of Figure|l|displays the unemploy-

ment rate for four groups defined by Al exposure (left) and Al adoption (right)E]

4Other statistics, including the LFPR, EPOP, and flows involving nonparticipation, are reported in the appendix.
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Figure 1: UNEMPLOYMENT RATE, AND UE AND EU RATES
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Source: Authors’ calculation
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Figure 2: UNEMPLOYMENT RATE AND FLOWS BY Al EXPOSURE AND ADOPTION
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Source: Authors’ calculation.
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Several patterns emerge. First, both Al exposure and adoption are generally associated with
lower unemployment rates, primarily through lower separation rates. Meanwhile, higher Al
exposure and adoption are associated with lower job-finding probabilities. Workers with low
Al exposure and adoption tend to have less stable employment and higher turnover, which
raises their job-finding rates accompanied by high job-loss ratesE] In contrast, job-finding spells
may be longer for workers with high Al exposure and adoption, consistent with lower matching
efficiency and, consequently, lower job-finding probabilities.

Second, the job-finding probabilities of workers with the highest Al exposure and adoption
declined more than those of other groups following the introduction of LLMs. This pattern sug-
gests a disproportionately larger decline in labor demand for these workers after the introduction
of LLMs. The separation rate of top exposure group also rose a little faster than the other groups,
but the difference is not noticeable. All told, reflecting this weakness in the hiring margin, the
unemployment rates of top exposure and adoption group rose a bit faster than the other groups,

although the difference is small.

Switches of employers and job activities Figure[3|presents the job-switch rate (Panel A) and the
activity-switch rate (Panel B) by Al exposure and adoption. The CPS asks respondents whether
they, if employed in two consecutive months, changed employer since last month, which is used
to compute the job-to-job transition rate. The CPS also asks respondents who have not changed
employer whether they experienced changes in their work activities, which is used to compute
the activity switch rate.

Consistent with reduced hiring among workers with high Al exposure and adoption, job-
switch rates—another indicator of labor demand—declined more for high-exposure workers
than for other groups. Job-switch rates fell across all exposure and adoption groups, likely
reflecting weaker demand for them. Although overall job-switch rates began to recover in the
second half of 2025, they continued to decline for the high-exposure group. Moreover, the
job-switch rate of the top quartile of Al adoption is well below the pre-pandemic level, while

those of the other groups are above their pre-pandemic levelsﬁ

SConsistently, job creation and destruction rates are higher in the industries with low exposure.
5The job-to-job transition rate is about 0.5 percentage point higher in occupations with an Al-exposed task share
of 25 percent or less than in other occupations. Meanwhile, the job-switch rates of the other groups are broadly
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Figure 3: SWITCHES OF JOBS AND ACTIVITIES BY Al EXPOSURE

A. Job-to-job transition rate (%)
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Source: Authors’ calculation
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Meanwhile, the activity-switch rate paints a markedly different picture of LLMs’ reallocation.
Across the four exposure groups, activity-switch rates are similar through 2024. However, starting
around 2025, the highest-exposure group exhibits a noticeably faster increase in activity-switch
rates than the other groups. A similar pattern is observed among the top quartile of Al adop-
tion. This pattern suggests that LLM-driven reallocation has increasingly taken place within
establishments and within current jobs.

All told, the evidence suggests that Al has not increased reallocation through job-to-job
transitions; instead, it has dampened job switching, likely reflecting particularly weaker demand
for these workers in a low-hiring environment. Rather, adjustment has occurred within jobs:
while job-switch rates indicate reduced reallocation for the highest-exposure and adoption
group—activity-switch rates rise disproportionately for that group. This pattern points to a
buildup of unresolved reallocation pressure that is being absorbed through within-job task

reorganization.

3.2 Market tightness by Al exposure and adoption

We compute market tightness for four groups of workers defined by above- and below-mean Al
exposure and above- and below-median Al adoption shown in Figure[4] Panel A reports estimates
based on OpenAl’s Al exposure measure, while Panel B uses Anthropic’s measure.

Overall, workers with high Al exposure exhibit higher market tightness, consistent with their
lower unemployment rates and lower EU transition rates. In addition, workers in occupations
with higher Al exposure and adoption tend to experience higher market tightness. Despite this,
their job-finding rates are lower than those of other groups, reflecting lower matching efficiency
and generally longer job-search spells among high-skilled workers.

However, a notable divergence emerges over time. Market tightness for high-exposure
workers—particularly those with both high exposure and high adoption—has remained below
its pre-COVID level since 2023, while market tightness for low-exposure workers has largely
returned to around its pre-COVID level. that the evolution of tightness across groups cannot be

fully explained by aggregate cyclical conditions.

similar. Given that low Al exposure occupations tend to be lower skilled, this pattern is consistent with the evidence
that job-to-job transitions are more frequent among workers in low-skilled or less stable jobs (Ahn et al.}[2023).
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Figure 4: MARKET TIGHTNESS BY AI-EXPOSURE AND ADOPTION
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Instead, the market tightness among high-exposure workers points to structural forces
associated with Al adoption. While these workers continue to experience relatively favorable
labor market conditions in cross section, the persistent shortfall relative to pre-COVID levels
indicates weaker vacancy creation in high-exposure occupations. This is consistent with firms
adjusting labor demand through task reorganization and partial substitution of labor with Al
technologies.

Evidence from market tightness is consistent with patterns in unemployment flows, job-
switching, and activity-switching rates, pointing to uneven effects of LLMs and a potential
buildup of reallocation pressure, whereby workers are unable to move to sectors with better

reemployment prospects due to mismatch or other frictions.

3.3 Wage inflation and hours worked

We discuss the effects of Al and Al-driven reallocation on wages and hours worked.

Consider a regression model for the wage growth:

wi; = PropenAli;+ P (openAl;; x llm_dumy)
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+ B3 ai_skilly; + By (ai_skilly x llm_dumy)
+ P50 + Ps ageir + frage;,

/
+Y Xir+6:+1j0) +€iry

where w;; is the 12-month nominal hourly wage growth of individual i at time ¢, openAl;;
denotes the individual’s Al exposure, ai_skill;; captures Al adoption at the individual’s industry,
llm_dum; is a dummy variable equal to one for 2023 onward, 6;; denotes market tightness,
age;; and ageft are the individual’s age and its square, X;; includes gender and education
controls, §, represents time fixed effects, and n j( denotes industry fixed effects.

Table[1]reports the regression results. Al-related factors are important determinants of wage
inflation: Column (1) reports the result without industry fixed effects (ind1990) and column (2)
reports the result with industry fixed effects. Both Al exposure and Al skill share are positively
and statistically significantly associated with wage inflation, suggesting that workers in more
Al-exposed occupations and industries with higher Al adoption experience faster wage growth.
However, the interaction terms with the LLM period are negative and statistically significant,
implying that these positive effects are attenuated after the introduction of LLMs. Quantitatively,
the coefficients indicate a substantial reduction in the marginal impact of both Al exposure
and Al skill share on wage inflation in the post-LLM period. This pattern is consistent with the
interpretation that while Al initially complements high-exposure workers and boosts their wages,
the diffusion of LLM technologies may compress wage growth by facilitating task substitution or
reducing hirings for these workers. The inclusion of time fixed effects, industry fixed effects, and
industry-level market tightness suggest that the negative effects of LLM’s are unlikely to reflect
cyclical weakness in labor demand.

We replace the wage growth with hours worked to assess Al's effects on hours worked. Table
reports the regression results of hours worked. Overall, Al exposure is positively and significantly
associated with hours worked, indicating that workers in more Al-exposed occupations tend to
supply more labor and work longer hours. However, the interaction with the LLM period (2023
onward) is negative and highly significant, suggesting that this positive relationship weakens
following the introduction of LLM technologies. In contrast, Al adoption—as captured by

the Al skill share—has a negative baseline effect on hours worked, consistent with automation
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reducing labor input. Importantly, the interaction with the LLM period is positive and statistically
significant, indicating that this negative effect is attenuated, and partially reversed, in the post-
LLM period. These findings suggest a shift in the role of Al from labor-substituting to more
labor-complementary along the adoption margin, while the labor-supply effect associated with
Al exposure diminishes over time. The similarity of these patterns in the post-2023 sample
reinforces the interpretation that LLM technologies have materially altered how Al exposure and
adoption translate into labor input decisions.

All told, AT’s normal upside effects on nominal wage growth and hours worked attenuated
from 2023, all suggesting that LLM-driven reallocation has occurred through task reorganization
within firms and reconfiguration of labor input alongside a decline in demand for workers with

high Al exposure and high Al-adoption jobs.
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Table 1: DETERMINANTS OF WAGE INFLATION

(1) 2)
Al exposure 3.283***  3.097"F
(0.401) (0.432)
Al exposure x LLM period -1.518" -1.538*
(0.855) (0.854)
Al skill share 51.14***  37.43***
(13.55) (12.76)
Al skill share x LLM period -33.42** -24.23
(15.84) (15.08)
Market tightness 0.0157***  0.0135**
(0.00547)  (0.00549)
Age -0.219***  -0.364***
(0.0271) (0.0285)
Age squared 0.00131*** 0.00274***
(0.000308) (0.000321)
Female -1.686***  -1.106***
(0.149) (0.169)
High-school graduation 1.583*** 1.264***
(0.237) (0.241)
Some college and associate degree  1.258***  0.840***
(0.241) (0.247)
College graduation 2.258***  1.739***
(0.287) (0.297)
Observations 297788 297788
R-squared 0.00451 0.00684

Standard errors in parentheses

Standard errors are clustered at the individual level (cpsidp).

’

Month fixed effects are included in all columns.

’

Industry fixed effects are included in column (2).

* p<0.10,** p <0.05,*** p<0.01
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Table 2: DETERMINANTS OF HOURS WORKED

(1) 2)

Al exposure 3.625%%F 32117
(0.0446) (0.0478)
Al exposure x LLM period -0.709***  -0.721***
(0.0947) (0.0924)
Al skill share -9.641%**  -9.674***
(0.500) (0.502)
Al skill share x LLM period 5.139%** 5.409***
(0.656) (0.652)
Market tightness 0.00661***  0.00469***
(0.000330) (0.000324)
Age 0.990*** 0.894***
(0.00416) (0.00411)
Age squared -0.0108*** -0.00984"**
(0.0000481) (0.0000474)
Female -4.701***  -3.797**F
(0.0169) (0.0186)
High-school graduation 2.782%** 2.549%**
(0.0357) (0.0350)
Some college and associate degree ~ 2.491*** 2.388***
(0.0369) (0.0364)
College graduation 3.577*** 3.772%**
(0.0369) (0.0374)
Observations 7836194 7836194
R-squared 0.0845 0.108

Standard errors in parentheses

Standard errors are clustered at the individual level (cpsidp).
Month fixed effects are included in all columns.

Industry fixed effects are included in column (2).

* p<0.10,** p<0.05, *** p<0.01
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4 Indices of hirability and separability and the latent realloca-
tion pressure

This section formally analyzes the effects of Al exposure and adoption on job finding and job
loss. While the preceding analysis documents differences in labor market outcomes by Al
exposure and adoption, these differences may reflect factors correlated with Al measures, such
as education and industry composition. The purpose of this section is twofold. First, we examine
the effects of individual characteristics, along with Al exposure and adoption, on an individual’s
likelihood of job finding and job loss. Second, we assess the extent to which Al exposure and
adoption account for the dispersion in job-finding and job-loss prospects across individuals.
To address these issues, we estimate individual-level regressions of job-finding incidences on
Al exposure and Al adoption, controlling for a range of worker characteristics. Based on these
estimates, we construct an individual-level hirability index that captures an unemployed indi-
vidual’s latent propensity to find a job. Analogously, we construct an individual-level separability
index that captures an employed individual’s latent propensity to lose a job. Using these indices,

we examine the implications of Al-driven disparities on the build-up of reallocation pressure.

4,1 Models

Regression models Consider the baseline pooled regression:

UEi, = a+p1AIX; + P2 AlA;+ 3 AIA%, + B4 4.1)

+ Psagei,+ Poage;, + Brsex; + Pgedu; + Pomisi; + €y, (4.2)

where UEj; is an indicator for transitions from unemployment to employment between ¢ — 1
and t, equal to 1 if the individual finds a job and 0 if the individual remains unemployed or exits
the labor force (including cases with missing status in the following month); mis;; denotes the
month-in-sample indicator; AIX;; measures Al exposure, while AIA;; and Al A?t denote the Al
adoption rate and its squared term, respectively; 0; ;_; is lagged market tightness (vacancies-to-

unemployment ratio) in the individual’s industry; age;; and age?t capture age and its quadratic
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term; sex;, indicates gender; and ed u;; represents education categories (less than high school,
high school graduate, some college or associate degree, and college graduate); ¢;; is the error
term. We consider mis;; to control potential rotation group bias in the reported employment
and unemployment status (Ahn and Hamilton, 2022). We restrict our sample period from 2023
onward, because the observations of Al adoption in the job postings are large enough during
this period [’

After we estimate the model, we recover the fitted value UE;; based on the estimated coeffi-
cients for all i and . We call ﬁit “the hirability index.”

To assess the contribution of Al exposure and Al adoption, we compare the hirability index

with “Al-purged” hirability index UE;, , which we define as follows:
UE;," =UE;;— P1 AIXi; — B2 AL A; — B3 AL A3, 4.3)

We also construct analogous measures for EU transitions, defined as an indicator that takes
the value one if a worker becomes unemployed, and zero if the worker remains employed, exits
the labor force, or becomes missing from the survey. Using the same pooled regression in
equation ([@.2), we construct the separability index, denoted EU;;. We then apply equation

to obtain the “Al-purged” separability index, denoted Eﬁiuzo.

Cross-sectional dispersion over time We then measure the dispersion of the hirability index
across individuals over time to capture the reallocation pressure that individuals face. Higher
dispersion implies that a larger subset of individuals would have difficulty in moving to sectors
with more favorable demand for them and higher market tightness. In the next section, we for-
mally examine the implications of increased dispersion in job-finding probabilities for structural
unemployment.

The weighted cross-sectional standard deviation is

i Wit(@it—#?))z

sd”(UE) = S
i Wit

) (4.4)

"We consider the squared Al exposure, but the coefficient is not statistically significant.
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where w;; is the individual weight at ¢ and hence the cross-sectional mean of the individual-level

hirability index as follows:
2iwitUEj;
2 Wit

Analogously, the weighted cross-sectional standard deviation of “Al-purged” hirability index

pY(UE) = (4.5)

is written as follows:

— Wo

L2
2 wit(UEit _:ut,wo)
2i Wit

where the cross-sectional mean of “Al-purged” hirability index is defined as:

sdV°(UE) = : (4.6)

ZiwitUEit

wo
(UE) =
ot i Wiy

4.7)

4.2 Estimated coefficients

Table (3| reports estimates of the determinants of job-finding (UE) and job-separation (EU)
probabilities from 2023. A central result is that Al exposure is negatively associated with both
transitions. The coefficient is economically and statistically significant for job finding, indicating
that workers in more Al-exposed occupations are less likely to transition from unemployment
to employment. A smaller but still significant negative effect is also present for separations,
suggesting that Al exposure is associated with slightly lower job loss probabilities. Taken together,
these patterns suggest that Al exposure tends to reduce labor market fluidity for highly exposed
workers, with particularly pronounced effects on job-finding rates.

Al adoption exhibits a nonlinear relationship with both hirability and separability aligning
with the evidence from the UE and EU transition rates by Al adoption quartile. The linear term
enters negatively in the UE regression but positively in the EU regression, while the squared
term reverses these effects. This implies a convex relationship for job-finding probabilities and
a concave relationship for separations. At low levels of adoption, greater Al use is associated
with lower job-finding rates and slightly higher separations, consistent with displacement effects.
However, at higher levels of adoption, the positive quadratic term in the UE equation suggests
some recovery in job-finding prospects, potentially reflecting complementarities or productivity

gains that raise labor demand. Conversely, the negative quadratic term in the EU regression
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implies that separation rates decline at higher adoption levels.

Market tightness plays a limited role in explaining job-finding probabilities in this specifi-
cation, with a small and statistically insignificant coefficient in the UE regression. In contrast,
tighter labor markets are associated with significantly lower separation probabilitiesﬂ Note that
industry-level heterogeneity and supply-demand conditions are captured by 6;;. In addition,
since Al exposure varies at the occupation level, the model also accounts for an individual’s
occupation as well.

Overall, the results suggest that the diffusion of Al is associated with a reconfiguration of labor
market dynamics, primarily through reduced job-finding rates for highly exposed workers and
nonlinear effects of adoption. These findings suggest a decline in matching efficiency for high-
exposure groups and provide micro-level evidence supporting a modest increase in structural

unemployment in recent years.

8Demographic controls display expected patterns: job-finding probabilities decline modestly with age, while
separations decrease more sharply with age but at a diminishing rate, as captured by the positive quadratic
term. Education gradients are more pronounced in separations than in hirability, with more educated workers
experiencing significantly lower job loss probabilities. Gender differences are modest, with women exhibiting
slightly higher job-finding probabilities and no statistically significant difference in separations.
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Table 3: DETERMINANTS OF HIRABILITY AND SEPARABILITY

(1 2)

UE EU

Al Exposure -0.0565***  -0.0114***
(0.0137) (0.000534)

Al Adoption -0.696™** 0.0178***
(0.135) (0.00408)

Al Adoption?® 1.167*** -0.0224**
(0.331) (0.00880)

Market Tightness -0.0000686  -0.0000155***

(0.000105)  (0.00000172)

Age -0.00121 -0.000728***
(0.000799) (0.0000406)

Age2 -0.00000257 0.00000631***
(0.00000905) (0.000000422)
Female 0.00892* -0.000185
(0.00478) (0.000184)
High School -0.0109 -0.00442***
(0.00743) (0.000540)
Some College / Associate ~ 0.0153* -0.00661***
(0.00814) (0.000533)
College Graduate 0.0103 -0.00842***
(0.00859) (0.000521)

Observations 42729 1197389
R-squared 0.00574 0.00294

Standard errors in parentheses
Constant and coefficients on MIS are not reported.

* p<0.10,** p<0.05,*** p<0.01
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Figure 5: HIRABILITY INDEX BY THE QUARTILE OF Al EXPOSURE AND Al ADOPTION
B: Al adoption
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Figure 6: DISPERSION OF HIRABILITY INDEX WITH AND WITHOUT Al FACTORS
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4.3 Estimated indices and their dispersion

In Figure[5} Panel A plots the mean hirability index by quartile of Al exposure. The mean hirability
index is lower for individuals with higher Al exposure. Moreover, the top two exposure quartiles
exhibit a more pronounced decline after the introduction of LLMs (vertical dashed line), with a
particularly sharp drop in 2024, while the lower quartiles remain relatively flat.

Panel B of Figure |5 plots the mean hirability index by quartile of Al adoption. The mean
hirability index is lower for individuals in higher Al adoption quartiles. Notably, while the top Al
adoption quartile exhibits a decline in hirability, the third quartile has risen steadily since 2016.
This divergence becomes more pronounced after 2023 (vertical dashed line): hirability in the
top adoption group declines further, whereas the third quartile continues to increase, reaching
levels comparable to the bottom quartile. These patterns suggest that workers employed in firms
with high Al adoption have experienced a deterioration in reemployment prospects.

Figure |§] displays the standard deviation of the hirability index (sd;’ (UE)). The dispersion
remains largely flat prior to 2023, then rises steadily and accelerates from 2024 onward, indicating
a marked increase in reallocation pressure following the introduction of large language models.
In contrast, the dispersion of the AI-purged hirability index (sd;"°(UE)) remains essentially
unchanged over the entire period. This pattern suggests that Al is the primary driver of the
increase in hirability dispersion and the associated rise in reallocation pressure.

Figureplots the separability index (sd;’ (EU)) by quartiles of Al exposure and AI adoption.
In contrast to the hirability index, the separability index by Al exposure shows no notable change
following the introduction of LLMs (vertical dashed line). However, beginning in 2025, the
separability index rises for workers in high—Al-adoption occupations, while it declines for those
in low-Al-adoption occupations. This observation suggests that high-adoption firms may be
reallocating tasks, downsizing certain roles, or restructuring workflows, increasing separations.

Figure[8|plots the dispersion of the separation index. Relative to the dispersion of the hirability
index, the dispersion of the separation index shows no noticeable change after 2024:Q4 and
remains broadly similar to that of the separation index constructed without Al-related factors.
These results suggest that Al-driven reallocation pressures operate primarily through the hiring

margin rather than through separations, at least through late 2025, consistent with the findings
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Figure 7: SEPARABILITY INDEX BY THE QUARTILE OF Al EXPOSURE AND Al ADOPTION

A: Al exposure

B: Al adoption
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Figure 8: DISPERSION OF SEPARABILITY INDEX WITH AND WITHOUT AI FACTORS
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of[Hosseini Maasoum and Lichtinger [2026].
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5 Implications for the natural rate of unemployment

The overall empirical evidence points to upward pressure on the natural rate of unemployment in
the post-LLM period. To assess the effects of LLMs on the NRU, we estimate group-specific NRUs
for high- and low-Al-exposure workers using the trend components of their unemployment
inflow and outflow rates, and then aggregate these estimates using their respective labor force
shares. Specifically, we extract trend components of unemployment flows rates using a Bayesian
trend—cycle decomposition and feed them into Shimer| [2012]’s steady-state unemployment
framework, which is adopted by Tasci [2012], Crump et al.| [2019],/Ahn|[2023]]. We interpret this
empirical exercise as providing directional evidence on the risks to natural rate estimates that

abstract from Al-driven reallocation effects.

Trend-cycle decomposition by Al exposure and adoption group. Let g € {1,2,3,4} index the
four worker groups: low exposure/low adoption, low exposure/high adoption, high exposure/low
adoption, and high exposure/high adoption. For each group g, let EUg; denote the unemploy-
ment inflow rate and UE, the unemployment outflow rate. We decompose each series into

trend, cyclical, and measurement-error components:

E E E

EUgi =75 +cgf +r180, (5.1)
UE UE UE

UEgi=Tg, +Cgp +Tg; (5.2)

EU
where Tt

In the empirical implementation, the trend in the unemployment inflow rate is modeled as

and TgtE are mean-zero Gaussian measurement errors.

alocal level, whereas the trend in the unemployment outflow rate is modeled as a local linear

trend:

EU _ _EU EU

Tgr =Tgr1tVgrs (56.3)
UE _ _UE UE UE

Tgy _Tg,t—1+ﬂg,t—1+vgt’ (5.4)
UE _ pUE UE

ﬁgt _ﬁg,t—l"_th ’ (5.5)
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where ,BgUtE denotes the slope of the trend in UEg,;. The cyclical components are modeled as

stationary autoregressive processes:

L =g Ci t Wyl (5.6)
Cor _¢UE Sl gl (5.7)

All innovations are assumed to be Gaussian and mutually independent.
The model is estimated separately for each group using Bayesian methods. To avoid having
unprecedented pandemic movements distort the estimated latent components, observations

from March 2020 through July 2020 are excluded from the estimation sample.

Group-specific natural rate. Given the posterior draws of the trend components, the group-

specific natural rate of unemployment is defined draw by draw as

TEU

* gt
gy =100 (5.8)

gt 8t

We then report the posterior mean of u ; for each group and date.

Aggregate natural rate. Let wg, denote the labor-force share of group g at time ¢, where

4
Z — (5.9)

The aggregate natural rate is constructed as the labor-force-share-weighted average of the group-

specific natural rates:
4

Uf =) Wgrlly,. (5.10)

g=1
In the estimation, this aggregation is carried out draw by draw using time-varying labor-force
shares, so that posterior uncertainty in the group-specific natural rates is propagated into the
posterior distribution of the aggregate natural rate. Labor force shares remain largely stable,

averaging 42 percent for low-exposure, low-adoption; 9 percent for low-exposure, high-adoption;

22 percent for high-exposure, low-adoption; and 28 percent for high-exposure, high-adoption.
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Figure 9: EU AND UE TRENDS BY Al EXPOSURE AND ADOPTION
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Note to figure: This figure displays unemployment inflow (EU) and outflow (UE) rates by Al exposure and adoption.
The black lines represent the observed data, the blue lines denote the posterior median estimates, and the shaded
blue areas indicate the 68 percent posterior intervals.

Note to figure: Authors’ calculation.
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Note to figure: Authors; calculation.

33



Figure 11: TREND UNEMPLOYMENT FLOWS AND U-STAR SINCE LLMS

Aggregate u*

0.3 T T T T T
— Aggregate u*
025 = = =+ Counterfactual (Group 4 frozen) i
N
N
& o2 ]
(&}
a
c 0.15 1
o
=
o 041 ‘4
(o))
o
©
S 005 1
Q
(o8
0 4
S '
-0.05 L L L L L L L L
Jan 2022ul 2022an 2023ul 2023an 2024ul 2024an 2025ul 2029an 2026
UE trend
0.5 T T T T T T T T
0
N
S
N -05
(&}
a
c -1
o
o -1.5
()]
o
(]
S 2
Q.
Q Low Exposure / Low Adoption
25+ e | OW Exposure / High Adoption
High Exposure / Low Adoption
High Exposure / High Adoption

-3
Jan 2022ul 2022an 2023ul 2023an 2024ul 2024an 2025ul 2028an 2026

pp change from Dec 2022

pp change from Dec 2022

EU trend
0.1 T T T T T T T T
= N _ . |
T \’W
011 1
Low Exposure / Low Adoption
Low Exposure / High Adoption
High Exposure / Low Adoption
High Exposure / High Adoption
02 L L L L L L L L
Jan 2022ul 2022an 2023ul 2023an 2024ul 2024an 2023ul 2029an 2026
Group u*
0.6 T T T T T T T T
s | OW Exposure / Low Adoption
Low Exposure / High Adoption
05+ High Exposure / Low Adoption —
High Exposure / High Adoption
L L L L L L L L

-0.1
Jan 2022ul 2022an 2023ul 2023an 2024ul 2024an 2025ul 2029an 2026

Note to figure: The upper-left panel displays the aggregate natural rate and a counterfactual series in which the
natural rate of the high-exposure, high-adoption group is held fixed. The upper-right panel shows the EU trends for
the four groups. The bottom-left panel presents the UE trend rates for the four groups, and the bottom-right panel

displays the estimated natural rates for each group.
Note to figure: Authors’ calculation.
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Figuredisplays the unemployment inflow (EU) and outflow (UE) rates and their estimated
trends by Al exposure and adoption. We do not seasonally adjust the EU and UE flow rates, as
standard seasonal adjustment procedures applied to series with large COVID-era swings may
introduce additional noise and distort the underlying dynamicsﬂ

EU trends remain largely flat over the sample period. In contrast, UE trends increase across
all four groups through the end of 2019, plateau until around 2022, and then begin to decline.
Notably, the post-2022 decline in UE trends varies across groups, with the largest decrease
observed for the high-exposure, high-adoption group relative to the others. One might argue
that these differences reflect varying cyclical sensitivities in job-finding rates across the four
groups. However, workers in high—Al-exposure and high—AI-adoption jobs typically have more
stable employment, and thus their job-finding rates should be least responsive to adverse cyclical
shocks. Instead, we observe the opposite pattern, suggesting that the larger decline in job-finding
probabilities for these workers is unlikely to be driven by cyclical or aggregate uncertainty shocks.

Figure[A.6|displays each group’s estimated natural rate along with its 68% posterior interval.
Given the relatively short sample period—about 15 years—and the large fluctuations during the
COVID episode, the trend components of EU and UE are estimated with considerable uncertainty,
resulting in wide posterior intervals for the natural rate. The high-exposure, high-adoption group
exhibits a somewhat larger increase than the other groups.

Figure[A.7|zooms in on the period following the introduction of LLMs, normalizing all esti-
mates to zero in December 2022. The upper-left panel displays the aggregate natural rate (solid
line) alongside a counterfactual in which the natural rate of high-exposure, high-adoption work-
ers is held constant (dashed line). Between December 2022 and February 2026, the aggregate
natural rate is estimated to have increased by about 0.25 percentage points. Most of this increase
is attributable to a rise in the natural rate of high-exposure, high-adoption workers—captured by
the gap between the solid and dashed lines and shown by the orange line in the bottom-right
panel—contributing roughly 15 basis points. This increase is primarily driven by a faster decline
in the trend UE rate (orange line in the bottom-left panel). The natural rate of workers in the

low-exposure, high-adoption group also rises (red line in the bottom-right panel), reflecting a

9We consider the 12-month moving average flows rates instead of the seasonally unadjusted data, and found that
the results are overall robust. See appendix for more details.
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faster decline in their trend UE rate relative to low-exposure workers (red line in the bottom-left
panel). However, because their labor force share is below 10 percent, their contribution to the
aggregate increase is only three basis points. The remaining groups each contribute about three
basis points to the aggregate natural rate.

In addition, the differing contributions to the aggregate natural rate primarily reflect variation
in the pace of decline in trend UE rates rather than in trend EU rates. This pattern is consistent
with previous evidence emphasizing the role of the hiring margin, rather than the separation
margin, in LLM-driven reallocation. Nonetheless, the estimates are subject to considerable
uncertainty, and we therefore interpret our results as indicating potential upside risks to the

natural rate of unemployment associated with LLMs.

6 Conclusion

In this paper, we provide a comprehensive assessment of how the rapid diffusion of Al—particularly
large language models—has reshaped aggregate labor market dynamics in the United States.
By integrating traditional labor market data with novel measures of Al exposure and adoption,
and by tracing their effects through stocks and flows in the labor market, we uncover a set of
evidence suggesting rising reallocation pressure and structural unemployment.

Workers in highly exposed and adopting jobs continue to exhibit lower unemployment rates,
largely due to lower separation rates. However, since the introduction of LLMs, these work-
ers have experienced a disproportionate decline in job-finding rates and job-to-job mobility,
alongside persistently weaker market tightness, indicating that adjustment has occurred pri-
marily along the hiring margin. At the same time, we document clear evidence that LLMs are
reshaping the allocation of labor within firms. The rise in within-job activity switching among
highly exposed workers suggests that firms are reorganizing tasks rather than simply replacing
workers, consistent with a reconfiguration of production processes along with reduced demand
for workers with high Al exposure and high Al-adoption jobs.

Taken together, these patterns indicate a buildup of reallocation pressure in the post-LLM
period. The sharp rise in the dispersion of job-finding propensities—captured by our hirability

index and largely driven by Al-related factors—suggests that workers are increasingly differen-
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tiated in their ability to transition into employment. The absence of a comparable increase in
separation risk further underscores that the primary friction lies in matching workers to jobs,
rather than in job destruction.

Taken together, these patterns suggest a buildup of reallocation pressure in the post-LLM
period. The increase in the dispersion of job-finding propensities—driven largely by Al-related
factors—indicates rising frictions in matching workers to jobs. These dynamics have important
macroeconomic implications. By embedding Al exposure and adoption into a flow-based frame-
work for unemployment, we show that the uneven decline in job-finding rates among highly
exposed workers has likely exerted modest upward pressure on the natural rate of unemployment
since late 2022. While the estimated increase is relatively small and subject to uncertainty, it is
consistent with a labor market in which structural frictions—rather than cyclical weakness—play
a growing role.

More broadly, our results suggest that the impact of Al on the labor market is best understood
not simply in terms of substitution or complementarity, but as a process of gradual and uneven
reallocation. The extent to which the labor market can efficiently reallocate workers in response
to Al-driven changes in labor demand will be critical in determining the longer-run effects of
LLMs on employment, productivity, and economic welfare. Future work should continue to
track these dynamics as Al adoption deepens and as institutions, firms, and workers adapt to the

evolving technological landscape.
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A Stocks and Flows in the Participation Margin

We further examine the labor force participation rate and the employment-to-population ratio,
along with flows between employment and nonparticipation and between unemployment and
nonparticipation. These stocks and flows by Al exposure and adoption are significantly affected
by our imputation for missing occupation.

Figure displays the EN and UN rates by Al exposure (left panels) and Al adoption (right
panels), capturing outflows from the labor force. Note that the EN rates are less affected by
the imputation than the UN rates. Overall, both EN and UN rates are lower for workers with
higher Al exposure and higher Al adoption. Al exposure and adoption are associated with a lower
likelihood of exiting the labor force overall.

Figure[A.2|displays the NE and NU rates by Al exposure and Al adoption. Although workers
with higher Al exposure and adoption tend to exhibit higher NE and NU rates, the relationship
between Al factors and inflows into the labor force is nonlinear. In particular, both NE and NU
rates are higher in the lowest Al quartiles than in the middle quartiles, while workers in the
highest quartiles tend to exhibit the highest NE and NU rates overall. One exception is the NU
rate by Al adoption, where the top quartile exhibits a lower NU rate than the bottom quartile.

This pattern likely reflects heterogeneity across worker types: low-skilled workers, who
tend to be concentrated in low—-Al-adoption jobs, are more likely to cycle between the labor
force and nonparticipation, while workers in high-Al-adoption jobs exhibit stronger labor-force
attachment, as the returns to job search are higher than remaining out of the labor force. However,
it is notable that both NE and NU rates for workers in the highest Al-adoption quartile has
declined relative to other groups, potentially suggesting that Al adoption may have discouraged
job search or weakened labor force attachment among nonparticipants.

Figure[A.3|displays the LFPR and EPOP of workers by AI exposure and adoption. Reflecting
the nonlinear relationship between NE/NU rates and Al factors, both LFPR and EPOP initially

decline with increases in Al exposure or adoption and then rise, resulting in the highest levels for



workers in the top quartiles of Al exposure and adoption. Following the COVID pandemic, LFPR
and EPOP stepped down among workers in the top Al-adoption quartile, consistent with the

reduced NU and NE rates for this group.

Al’s effects on the worker reallocation So far, we have examined six different flow rates. To
provide a comprehensive measure of worker reallocation and its magnitude, we compute the
fraction of all six labor force status transitions between ¢ — 1 and ¢ out of the civilian noninsti-
tutional population at ¢ — 1, which we refer to as the worker reallocation rate of the flows per
capita.

Figure[A.4]displays the worker reallocation rate by Al exposure. In general, there is a nonlinear
relationship between worker reallocation and Al exposure and adoption. Workers with the lowest
Al exposure and adoption exhibit greater reallocation, reflecting higher churn associated with
job instability. Meanwhile, groups with the highest Al exposure and adoption also show greater
reallocation than the middle groups—specifically, those with 25-49% Al exposure and the third
quartile of Al adoption. The higher reallocation among the top groups relative to the middle
groups suggests stronger job and labor force attachment, as these workers are more likely to find
jobs or return to the labor force from nonparticipation.

It is notable that worker reallocation in industries with low AI adoption picked up and
remained elevated relative to the pre-COVID period. As discussed earlier in the context of higher
LFPR and EPOP ratios among workers in firms with low Al adoption, these firms may have

continued to hire—potentially drawing from workers with higher Al exposure.



Figure A.1: EN AND UN FLOWS
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Note to figure: Panels A and B display the EN and UN rates, respectively. The left panels present the breakdown by
Al exposure, while the right panels present the breakdown by Al adoption.
Source: Authors’ calculation



Figure A.2: NE AND NU FLOWS RATES
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Al exposure, while the right panels present the breakdown by Al adoption.

Source: Authors’ calculation



Figure A.3: LFPR AND EPOP RATIO WITH/WITHOUT Al EXPOSURE
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Figure A.4: WORKER REALLOCATION RATE: FLOWS PER CAPITA (12-MONTH MOVING AVERAGE)
Panel A. Al exposure
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B Bayesian Trend-Cycle Decomposition

B.1 Data and setup

We partition workers into four groups g € {1,2, 3,4}, defined by combinations of Al exposure
(low/high) and Al adoption (low/high). For each group, we construct monthly unemployment
inflow and outflow rates, denoted EUg; and UEj;.

To mitigate the influence of extreme pandemic movements, observations from March 2020

through July 2020 are excluded from estimation.

B.2 Model

For each group, we decompose the observed series into trend, cycle, and measurement error:

EU , .EU , _EU

EUgr=7g; +Cqp +€47, (B.1)
UE , .UE  _UE

UEgr =74, +Cgp +€g;, (B.2)

where measurement errors are Gaussian.

Trend. The inflow rate follows a local level, and the outflow rate follows a local linear trend:

Tol =Th 1 +Ver (B.3)
UE UE

Tgt - gt l+ﬁgt 1+Vgt: (B.4)

Bgtl = Baiy +xgl - (B.5)

Cycle. Cyclical components follow AR(1) processes:

= PgCei ) + Wy, (B.6)

F=dgegr, +ogl, (B.7)



with ¢ = 0.90.

All innovations are Gaussian and mutually independent.

State-space form. Let yg; = (EUgy, UEgt)’ and define the state vector

!
—|-EU _UE QUE .EU _.UE
Xgt = Ter Tgr gt Cgr Cgr |-
The model can be written as
Vgr=HXgr+ g1, (B.8)
Xgr = ngg,t—l +Ngr (B.9)
with Gaussian errors.
B.3 Prior specification
Innovation variances follow inverse-gamma priors:
O'?,EU'g ~ I (ay, byg), (B.10)
Topu o ~ G ag, by,g), (B.11)
0%ur g ~ G ax, b, (B.12)
02 ~ 9% ae, b), (B.13)

with

an:30, ar =35, ax=2, a;=2.

To align priors with the scale of the data, the inflow-related scale parameters are adjusted

acCross groups:
b Var(EUg) Var(EUg)
18~ 1 Nar(EUY) ©& = " Nar(EUy)



B.4 Estimation

Conditional on parameters, the model is linear and Gaussian. The likelihood is evaluated using

the Kalman filter:
T

pyrr10) =[] Pl y1:-1,0). (B.14)
t=1
We estimate the model separately for each group using Bayesian methods. Posterior simula-
tion is conducted via a Gibbs sampler that alternates between: (i) drawing latent states using
a simulation smoother and (ii) drawing variance parameters from their conditional posterior
distributions.

We generate 6000 draws, discard the first 1500 as burn-in, and retain every fifth draw for

inference.

B.5 Natural rate of unemployment

For each posterior draw m, the group-specific natural rate is defined as

‘L'EU’(m)
*,(m) _ . 8!
Ug; =100 EGGn) OB (B.15)
Tg Tg

Posterior means and credible intervals are computed from the retained draws.

B.6 Aggregate natural rate

Let wg; denote the time-varying labor-force share of group g, with Z‘é:l wgr = 1. The aggregate

natural rate is computed draw by draw:
gt

4
=N wgul™. (B.16)
g=1

This procedure propagates uncertainty in group-specific estimates into the aggregate natural

rate.



Figure A.5: EU AND UE TRENDS BY Al EXPOSURE AND ADOPTION
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Note to figure: This figure displays unemployment inflow (EU) and outflow (UE) rates by Al exposure and adoption.
The black lines represent the observed data, the blue lines denote the posterior median estimates, and the shaded
blue areas indicate the 68 percent posterior intervals.

Note to figure: Authors’ calculation.
Remark. Because the natural rate is a nonlinear function of latent trend components, posterior
simulation provides a convenient way to obtain its full distribution without relying on linear

approximations.
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Figure A.6: U-STAR ESTIMATE BY Al EXPOSURE AND ADOPTION
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Note to figure: This figure displays the unemployment rate and the estimated natural rate for the four groups
defined by Al exposure and adoption. The black lines represent the observed data, the blue lines denote the
posterior median estimates, and the shaded areas indicate the 68 percent posterior intervals.

Note to figure: Authors; calculation.
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Figure A.7: TREND UNEMPLOYMENT FLOWS AND U-STAR SINCE LLMS
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Note to figure: The upper-left panel displays the aggregate natural rate and a counterfactual series in which the
natural rate of the high-exposure, high-adoption group is held fixed. The upper-right panel shows the EU trends for
the four groups. The bottom-left panel presents the UE trend rates for the four groups, and the bottom-right panel
displays the estimated natural rates for each group.

Note to figure: Authors’ calculation.

11



	Introduction
	Data
	AI exposure and adoption
	Current Population Survey
	Vacancies
	Imputations of missing AI exposure and adoption
	Categorization of AI exposure and adoption

	Stocks and flows by AI exposure and adoption
	Stock and flows of unemployment and employment
	Market tightness by AI exposure and adoption
	Wage inflation and hours worked

	Indices of hirability and separability and the latent reallocation pressure
	Models
	Estimated coefficients
	Estimated indices and their dispersion

	Implications for the natural rate of unemployment
	Conclusion
	Stocks and Flows in the Participation Margin
	Bayesian Trend–Cycle Decomposition
	Data and setup
	Model
	Prior specification
	Estimation
	Natural rate of unemployment
	Aggregate natural rate


