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ARE THE CAREERS OF OLDER WORKERS 

BEING CUT SHORT BY AI? 

* Geoffrey T. Sanzenbacher is a research fellow at the Center for Retirement Research at Boston College and a professor of 
the practice of economics at Boston College 

Introduction 
Since the launch of ChatGPT in November 2022, AI’s 
potential impact on labor markets has been a growing 
worry. This concern has centered on the replacement 
of workers, with a special focus on younger people.1 

Recently, however, some anecdotal evidence has sug-
gested AI could be impacting those near retirement 
as well. Specifically, some late-career workers may be 
leaving work earlier than planned, either involuntarily 
due to job loss or voluntarily due to the challenge of 
learning a new technology.2 But anecdotal evidence is 
one thing. Does hard data support the notion that older 
workers exposed to AI are cutting their careers short? 

To answer this question, this brief combines Cur-
rent Population Survey (CPS) data with information on 
AI exposure from the Digital Planet Initiative at Tufts 
University. AI exposure is defined based on how well 
an occupation’s tasks can be performed by AI. The 
analysis uses the period before ChatGPT’s launch in 
November 2022 as a “pre-treatment period” for esti-
mating occupation trends before the recent explosion 
of AI. This approach is important since the jobs more 
exposed to AI today differed from the less-exposed jobs 
even before AI use became widespread. Specifically, 
then, the brief addresses whether workers ages 55+ 
who are more exposed to AI are leaving work more 
often than similar workers before ChatGPT’s launch. 
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The brief proceeds as follows. The first section 
provides background on the potential impact of AI 
on older workers. The second section describes the 
datasets and the empirical approach. The third section 
presents the results. The final section concludes that 
– since the launch of ChatGPT – older workers in jobs 
more exposed to AI are somewhat more likely to exit 
from work and transition to unemployment. Given 
the rapid growth of AI and the importance of longer 
careers to achieve a secure retirement, policymakers 
may want to take note of this pattern now. 

Background 
The impact of AI on any workers, let alone those 
near retirement, remains an open question. On the 
one hand, AI can automate certain tasks, potentially 
displacing workers with those job responsibilities.3 

For example, consider an editor of news articles. Such 
a worker has several tasks that could be automated 
by generative AI, including correcting spelling and 
grammar, verifying facts and figures, and evaluating 
the article’s readability.4 But, on the other hand, an 
editor’s job also requires developing new content and 
story ideas that consider audience interests, some-
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thing AI may struggle with. To the extent that gener-
ative AI makes editing and verification tasks easier, it 
could allow editors to become so much more pro-
ductive at developing content that demand for them 
goes up, not down…provided that they adopt the new 
technology.5 

This example suggests three ways that AI could 
impact older workers’ career trajectories – two that 
lead to exit and one that extends working lives. The 
first is replacement through automation that leads 
either to unemployment (i.e., out of work but still 
looking) or exit from the labor force entirely.6 Second, 
pressure to adopt AI could cause workers who want 
to avoid learning it to head for the exits, either to look 
for an AI-proof job or to retire. Some research has 
suggested that these sorts of adoption-related quits oc-
curred around the spread of personal computers.7 Or, 
third, generative AI could keep people working longer, 
as higher productivity increases wages and workers 
are able to focus on more engaging tasks. Indeed, 
other research on personal computers suggested that 
for those comfortable with their adoption, the result 
was longer, not shorter, careers.8 

Which of these possibilities plays out is important. 
Figure 1 uses Digital Planet data (discussed in detail 
below) to show workers’ exposure to generative AI. It 
turns out that workers near retirement are in jobs that 
are just as exposed to this technology as those in the 
middle of their careers. 

So, is there any evidence on whether exposure 
of older workers to AI is leading them to adopt this 
technology or avoid it? Here, evidence exists on both 
sides. Recent research suggests that a non-trivial frac-
tion of older workers are using AI. One survey found 
that 18 percent of workers ages 50-64 use generative 
AI.9 Another paper focused only on higher-ranked 
decision makers and found a 42-percent usage rate 
for those 55+.10 The downside is that both studies also 
found that these adoption rates were much lower than 
for workers in their 30s and 40s. An AARP survey cap-
tures some of older workers’ reticence. While 18 per-
cent of workers 55+ saw AI solely as an opportunity, 
28 percent saw it solely as a threat.11 The question is 
how these forces are playing out in the labor market. 

Data and Methodology 
This section starts with the data – the Current Popula-
tion Survey (CPS) and the Digital Planet AI Exposure 
Index – and then turns to the methodology. 

Current Population Survey 

The source of individual-level data used is the CPS’s 
Basic Monthly questionnaire, which the U.S. Bureau 
of Labor Statistics uses to estimate monthly unem-
ployment. Specifically, the analysis uses the panel 
nature of the CPS whereby respondents are surveyed 
for four straight months; then are out of the sample 
for eight months; and then re-enter the sample for 
another four months. The analysis looks at how the 
employment status of workers ages 55+ changed 
between their fourth month in the survey and their 
last month in the survey, one year apart (see Figure 2). 
The focus is on individuals who were first observed 

Note: Excludes self-employed and unpaid family workers. 
Source: Author’s calculations from IPUMS Current Popula-
tion Survey (IPUMS CPS) (2014-2026) and the Digital Planet 
Initiative (2026). 

Figure 1. Average Generative AI Exposure in 
Workers’ Occupations, by Age 

Figure 2. Longitudinal Design of the Current 
Population Survey 

Source: Author’s illustration. 
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between January 2014 and April 2025. Because jobs 
were impacted differently by COVID-19, the analysis 
excludes those whose second observation would have 
occurred from March 2020 to December 2021, as their 
continued employment would have been affected by 
the pandemic. 

The CPS also collects data on demographics and 
job characteristics that can be used to account for any 
changes in the population or nature of work before 
and after the launch of ChatGPT. Importantly, these 
job characteristics include workers’ occupations, 
which are used to merge the CPS data onto the Digi-
tal Planet AI Exposure estimates. 

Digital Planet AI Exposure Index 

The AI Exposure Index is not meant to measure 
simply how vulnerable a job is to replacement or auto-
mation. Instead, it aims to capture how well AI can 
perform the various tasks that make up the workload 
of that job. Clearly, this type of measure could be 
associated with worker replacement. But as discussed 
above, if AI does rote tasks well, exposure to AI could 
free up workers to focus on tasks that increase their 
productivity. The question this brief addresses is 
which outcome seems to be dominating so far. 

The AI exposure score runs from 0 to 100, and is 
the weighted average of measures from three separate 
studies that capture three different aspects of AI. The 
measures are presented below in order of their impor-
tance in the exposure metric:12 

1. Tasks Affected by Large Language Models (LLMs): 
captures the share of a job’s tasks that could 
experience time savings of over one half using 
LLMs. The authors asked both human experts 
and ChatGPT-4 to evaluate which tasks could 
experience such savings, with both sources 
estimating that 14 percent of tasks could have 
these reductions.13 

2. Tasks Suitable for Machine Learning: examines 
the share of a job’s tasks that could likely use 
machine learning tools successfully. For exam-
ple, it covers tasks with well-defined inputs and 
outputs, with no need for detailed explanations 
of how decisions were made, or with no special 
dexterity or physical skills required.14 

3. Abilities Exposed to AI Developments: looks at 
how AI beyond LLMs can mimic human abili-
ties required for jobs. For example, AI may ex-
cel at some sensory abilities required for tasks, 
like speech recognition, while struggling with 
others, like explosive strength. The authors 
use a crowd-sourced survey to evaluate which 
abilities are amenable to AI technologies.15 

Exposure scores run the gamut – the bottom 
fifth of workers have scores below 30 and the top 
fifth of workers have scores above 70. For illustrative 
purposes, Table 1 highlights the five highest and five 
lowest jobs by the Digital Planet AI Exposure score 
metric. The commonality among the highest five 
jobs seems to be working with data combined with 
coding. The lowest five jobs have tasks that require 
working physically with machinery or people. 

Table 1. Highest and Lowest Jobs by Exposure Score 

Source: Adapted from Digital Planet Initiative (2026). 

Highest five Score 

Web and digital interface designers 100.0 

Web developers 98.3 

Database architects 98.0 

Computer programmers 97.1 

Data scientists 96.9 

Lowest five 

Excavating/loading operations, mining 0.0 

Roof bolters, mining 0.0 

Orderlies 4.2 

Painting/spraying workers 5.0 

Fiberglass laminators and fabricators 6.3 

Methodology 

To estimate how AI exposure impacts late-career 
employment, workers in the CPS are first matched to 
their occupation exposure scores.16 The next step is to 
conduct a regression analysis estimating the proba-
bility of several employment changes. The broadest 
outcome is whether the person has stopped working 
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one year after being observed employed. Then, three 
more specific outcomes are examined, all of which are 
subcategories of “stopped working”: 1) not working 
due to unemployment (i.e., looking for work but can’t 
find it); 2) not working and not looking for work, 
which includes retirement; and 3) not working and 
claiming specifically to be retired. 

The regression analysis includes two measures of 
AI exposure: 1) the worker’s exposure score any time 
that the individual was observed; and 2) a variable 
taking on either a value of zero for workers first 
seen prior to the launch of ChatGPT or their actual 
exposure score otherwise.17 The first variable is meant 
to capture the fact that more exposed jobs likely had 
different work outcomes than less exposed jobs prior 
to ChatGPT’s launch. For example, a web developer 
(high exposure) is likely to have a longer career than a 
painter (low exposure) due to the less physical nature 
of the work. The second variable captures any change 
in job exit after ChatGPT’s launch associated with 
a higher exposure score. Did web developers see a 
relative increase or decrease in the rate at which they 
left their jobs compared to painters? 

Table 2 summarizes some of the key variables in 
the analysis separated by whether a worker is above or 
below the median exposure in the sample. The table 
shows that across the entire period examined, workers 
in high-exposure jobs were less likely to leave employ-
ment than their peers with less exposure (11.7 percent 

versus 14.1 percent, respectively). Exposed workers are 
also more likely to be White, much more likely to have 
a college degree, and also earn more than workers 
with low exposure. To account for these differences, 
which may drive those longer careers, the regression 
controls for both demographic/familial and job-related 
characteristics. The regression is: 

Probability of retiring = 
f (exposure score, exposure score post-ChatGPT 
launch, and demographic/job characteristics) 

Results 
Figure 3 shows the association between a one-stan-
dard-deviation increase in AI exposure and the 
different employment outcomes considered.18 The 
figure suggests that prior to the launch of ChatGPT 
(gray bars), older workers in AI-exposed jobs were 
significantly less likely to leave employment even 

Table 2. Select Characteristics of Workers Ages 
55+, by Exposure Status 

Note: Physical jobs were defined as jobs in construction, 
manufacturing, and raw material industries. 
Source: Author’s calculations from IPUMS CPS (2014-2026) 
and Digital Planet Initiative (2026). 

Exposure 
above median 

Exposure 
below median 

Moving to “not working” status 11.7% 14.1% 

Race/ethnicity 

   White 83.1 71.8 

   Black 6.2 10.7 

   Hispanic 4.9 10.8 

Bachelor’s or more 50.6 27.3 

Job 

   Working part time 9.8 16.7 

   Earnings per week $1,410 $869 

-0.55% 

-0.03% 

-0.54% 

0.11% 

0.50% 

0.28% 0.28% 

0.02% 

-1.0% 

-0.5% 

0.0% 

0.5% 

1.0% 

To not working To 
unemployment 

To out of labor 
force 

To retirement 

AI exposure (regardless of time) 
Post ChatGPT AI exposure 

To not 
working 

To 
unemployment 

To out of 
labor force 

To 
retirement 

Note: Solid bars are significant at least at the 10-percent level. 
Source: Author’s calculations from IPUMS CPS (2014-2026) 
and Digital Planet Initiative (2026). 

Figure 3. Percentage-Point-Change in 
Employment Exit Associated with One-Standard-
Deviation Increase in AI Exposure 

controlling for the characteristics in Table 2. However, 
after the ChatGPT launch (red bars), AI-exposed jobs 
saw relative increases in total transitions out of work 
and specifically to unemployment (but not out of the 
labor force). The types of jobs exposed to AI used to 
have a relative advantage with respect to career lon-
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gevity. In the post-ChatGPT era, the nearly offsetting 
bars for “not working” suggest that this advantage has 
been greatly reduced, with a significant share of the 
increase due to unemployment. 

Figure 4 attempts to put this result into context by 
showing how the model’s predicted transitions to out-
of-work status change for workers in six jobs ranging 
from low to high in AI exposure. These predictions 
are formed using the average characteristics for work-
ers in that job (e.g., race, education, marital status, 
earnings, etc.) and for an average economic period 
between 2014 and 2025. The predicted change in exit 
from work reflects only that associated with AI expo-
sure and does not reflect, for example, increases in ed-
ucation, pay, or economic conditions that could affect 
transitions out of work relative to the pre-period. 

The figure makes it clear that some jobs could see 
relatively large increases in transitions out of work, 
while others are mostly unaffected. For example, 
painters – with the lowest exposure score here – see 
just a 2-percent increase ((13.7-13.5)/13.5). For com-
puter programmers – on the other end of the spec-
trum – the increase is over 25 percent ((11.1-8.7)/8.7). 

And, unlike other recent types of automation, the 
impact of AI might be the biggest in higher-paying 
jobs (again, programmers vs. painters). Still, the fig-
ure suggests that jobs associated with longer careers 
before ChatGPT will not go away. After all, the more 
exposed jobs in Figure 4 still have lower transitions 
out of work than the less exposed jobs even after the 

predicted increases. This finding is likely due to their 
higher educational requirements and correspondingly 
lower physicality and higher pay. But, AI exposure 
may reduce the gap in career length between low- and 
high-paying jobs. 

Conclusion 
The analysis here suggests that older workers in jobs 
with greater exposure to AI have seen relatively large 
increases in job exit since the launch of ChatGPT. 
Like any early analysis of the impact of AI, caution is 
in order. For example, if government R&D cuts under 
the Trump Administration have hit AI-exposed jobs 
especially hard, it could exaggerate the estimated im-
pact of the AI explosion. Or, if the wave of AI start-ups 
is currently leading to rapid growth in AI-exposed jobs 
(like data scientists), the results here could understate 
what will happen when that growth stops or those jobs 
are themselves replaced by the AI being developed. 

Still, the analysis suggests that the issue of 
AI-exposed jobs and older workers is worth keeping 
an eye on. The significant increase in exit from work 
threatens older workers in exposed jobs with shorter 
careers if they cannot find new work.19 As policymak-
ers consider changes to Social Security that could 
necessitate longer careers, they should be aware that 
this new technology could be pushing some workers 
in the other direction. 

13.7% 
15.4% 

13.4% 
12.2% 12.1% 

11.1% 
13.5% 

14.8% 
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8.7% 
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Source: Author’s calculations from IPUMS CPS (2014-2026) and Digital Planet Initiative (2026). 

Figure 4. Predicted Change in Transitions to Non-employment Associated with AI Exposure, Select Jobs 
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Endnotes 
1  For one recent example, see Ember (2026). 

2  See Chow (2026) or Weber and Smith (2026) for 
examples. 

3  For an excellent discussion that informs this para-
graph, see Acemoglu and Restrepo (2019). 

4  See the O*NET Online summary for “Editor.” 

5  Acemoglu and Restrepo (2019) cite work by Bessen 
(2016) explaining how ATMs made tasks formerly 
done by tellers so cheap that more bank branches 
were opened, expanding demand for tellers who could 
handle non-automated tasks. 

6  See Briggs, Butrica, and D’Elia (2026) for a discus-
sion of the potential for age bias. 

7  See Hudomiet and Willis (2022) for work suggest-
ing that pressure to adopt the computer may have led 
to early retirement for some workers. 

8  See Friedberg (2003) for a study that suggests that 
computers made it more attractive to keep working 
for people who used them frequently. 

9  Bick, Blandin, and Deming (2025). 

10  Korst, Puntoni, and Purk (2024). 

11  Perron (2025). 

12  These weights are constructed using Principal 
Component Analysis, which is often used to combine 
different measures into a common index. 

13  This measure comes from Eloundou et al. (2024) 
et al., who defined tasks using the Detailed Work 
Activities from the O*NET 29.2 database. Digital 
Planet used the average of the human and ChatGPT-4 
estimates as inputs to their exposure score.  

14  This measure comes from Brynjolfsson, Mitchell, 
and Rock (2017), who also use the O*NET and De-
tailed Work Activities to define tasks within occupa-
tions. Their complete rubric has 21 points. 

15  This measure comes from Felten, Raj, and 
Seamans (2021), who use the 52 abilities defined 
by O*NET associated with occupational workplace 
activities. 

16  It’s worth noting that while the Digital Planet 
exposure data use Standard Occupational Classifi-
cation (SOC) codes from the U.S. Bureau of Labor 
Statistics, the CPS uses Census occupational codes. 
Crosswalks are readily available to merge across the 
coding systems, although the matching isn’t perfect – 
often the Census codes are less specific. For example, 
in the SOC occupational codes, loan officers and 
credit counselors are listed separately whereas in the 
Census codes they are combined into a single occupa-
tion. In these cases, a weighted average of the expo-
sure scores for the two separate occupations are used 
in the analysis, with the weights being the number of 
people employed in the SOC occupation. Such imper-
fect matching could cause the analysis to understate 
the impact of AI exposure. 

17  The analysis excludes workers first observed in 
December 2021 through November 2022, as the year 
in between the first and second observations includes 
both time before and after ChatGPT’s launch. 

18  Since Probit regressions are non-linear, this mar-
ginal effect is calculated at the mean exposure of 54 
and increasing exposure by 18, which is one standard 
deviation. The “to unemployment” and “to out of la-
bor force” bars do not add up to the “to not working” 
bar due to the non-linear nature of Probit marginal 
effects. 

19  See Munnell, Rutledge, and Sanzenbacher (2019) 
for evidence that, in fact, involuntary job separation 
often does lead to early retirement. 
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Table A1. Average Marginal Effects Following Probit Regression 

Non-employment Unemployment Out of labor force Retirement 

Exposure score -0.00032*** -0.00002 -0.00031*** 0.00006 

(0.00007) (0.00002) (0.00006) (0.00006) 

Exposure score x post ChatGPT Launch 0.00029** 0.00012** 0.00017 0.00001 

(0.00013) (0.00005) (0.00012) (0.00011) 

Black 0.01705*** 0.00306** 0.01406*** 0.00289 

(0.00364) (0.00129) (0.00345) (0.00315) 

Hispanic 0.00765* 0.00303** 0.00448 -0.01199*** 

(0.00392) (0.00134) (0.00374) (0.00358) 

Asian/Pacific Islander 0.00934** 0.00114 0.00812* -0.00272 

(0.00441) (0.00162) (0.00418) (0.00382) 

Other, Non-White -0.04130** 0.00174 -0.04579*** -0.04533*** 

(0.01729) (0.00553) (0.01687) (0.01562) 

Married -0.00286 -0.00587*** 0.00359 0.00793*** 

(0.00236) (0.00083) (0.00224) (0.00203) 

Spouse retired 0.04582*** -0.00340*** 0.04579*** 0.04444*** 

(0.00276) (0.00123) (0.00257) (0.00218) 

Number children -0.01013*** 0.00041 -0.01103*** -0.01425*** 

(0.00154) (0.00051) (0.00148) (0.00143) 

Bachelor’s or more -0.00203 0.00264*** -0.00503** -0.00122 

(0.00233) (0.00086) (0.00220) (0.00193) 

Part-time worker 0.04397*** 0.00238* 0.04079*** 0.03447*** 

(0.00318) (0.00124) (0.00296) (0.00256) 

Public sector 0.01261*** -0.00717*** 0.01888*** 0.02761*** 

(0.00264) (0.00112) (0.00247) (0.00214) 

Log weekly earnings -0.02454*** -0.00300*** -0.02135*** -0.01353*** 

(0.00140) (0.00052) (0.00132) (0.00115) 

Physical industry 0.01777*** 0.00484*** 0.01212*** 0.01112*** 

(0.00273) (0.00094) (0.00260) (0.00235) 

Nasdaq return in next year -0.00008 -0.04011* 0.04213 0.05831 

(0.05629) (0.02129) (0.05321) (0.04775) 

Age fixed effects Yes Yes Yes Yes 

Month-specific fixed effects Yes Yes Yes Yes 

Observations 102,097 102,097 102,097 102,097 

Notes: Standard errors in parentheses. *** p<0.01, ** p<0.05, * p<0.1. 
Source: Author’s calculations from the Current Population Survey accessed through IPUMS (2014-2026) and the Digital 
Planet Initative (2026). 
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