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Abstract

This paper provides causal evidence that aging slows technology adoption and sheds
light on why. Using Lightcast job postings, we track local adoption of 15 software tech-
nologies following their releases, instrumenting local age composition with a Bartik-
style measure based on historical age structure and national survival rates. Employers
in older labor markets post increasingly fewer vacancies requiring the newest software:
at year 4, a one-standard-deviation increase in the older-worker share reduces new-
technology postings by about 15% of the mean pre-release legacy postings share. The
gap is also larger for more difficult technologies, which we measure using new LLM-
based difficulty indices. We then develop a model to separate three potential channels
through which aging affects technology adoption: shorter work horizon, legacy technol-
ogy experience loss, and reduced learning efficiency. Removing experience loss reduces
the age adoption gap by about 88%, more than removing differences in horizons or
learning efficiency. The model also shows that policies affecting workforce age struc-
ture have different implications for adoption. Relative to replacement-level fertility with
retirement at 70, and assuming zero net migration, a total fertility rate of 1.6 lowers
aggregate adoption by 7.5%, whereas raising the retirement age to 75 has almost no
effect.
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1 Introduction

Technology adoption is one of the main engines of economic growth. Cross-country variation
in technology adoption accounts for at least 25 percent of differences in income per capita
(Comin and Hobijn, 2010). But adoption is not automatic: it usually entails substantial
investment by requiring workers to acquire new skills and change their workflows. The will-
ingness to make this investment, however, may depend on workers’ age. First, older workers
may have accumulated more experience with incumbent technologies, part or all of which
is lost upon switching. Second, learning efficiency may fall with age as cognitive processing
speed and fluid reasoning decline. Finally, older workers have shorter remaining working
lives over which to recoup the investment (Ben-Porath, 1967). As workforces age across
advanced economies, these differences may thus increasingly shape the pace of technology
adoption. This is especially true for skill-complementary technologies, whose productivity
gains scale with workers’ proficiency. This paper asks whether workforce aging slows the
adoption of such technologies and, if so, why.

The main challenge with answering this question is measurement. Technology adoption
is difficult to observe as available data are usually coarse or span a short period of time. We
overcome this challenge by relying on job postings. For a firm to adopt a new technology, it
usually hires workers with relevant skills, so we interpret demand for frontier software skills
as a revealed-demand measure of local technology adoption. This approach builds upon
Contractor and Taska (2024) and Babina et al. (2024), who use the same dataset to identify
software adoption events and measure AI adoption, respectively. We restrict our attention
to IT software, which is strongly skill-complementary, for three reasons. First, IT is itself a
major source of U.S. productivity growth, accounting for more than one-third of the growth
in U.S. labor productivity from 2004 to 2012 (Byrne et al.), so the pace at which firms take
up new tools has ramifications for the whole economy. Second, it is well covered by job
postings, which name specific tools and thus allow us to date adoption at high frequency.
Lastly, IT technologies can be precisely dated and have staggered releases, allowing us to
exploit the variation in timing.

Using detailed online job postings data from Lightcast, we track firm demand for 15 ma-
jor IT software technologies released between 2012 and 2016 across U.S. commuting zones
from 2010 to 2019. For each modern technology, we also identify the relevant family of
legacy technologies that it supplanted or augmented, enabling us to examine both aggre-
gate demand for new technologies and substitution from old to new technologies in similar
task environments. To address potential endogeneity resulting from persistent factors that
affect both migration and adoption as well as reverse causality, we use a Bartik-style instru-
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ment to predict the local age composition of college-educated workers using historical cohort
structure and national survival rates, following Maestas et al. (2023). The instrument relies
on variation long prior to the release of the technologies, which rules out reverse causality
by construction and also assuages the persistence concern by limiting the remaining threat
to factors prior to 2000 that are persistent enough to affect adoption decades later. We
control for the most plausible such factors, including each commuting zone’s 2000 industry
composition and local skill supply.

Our estimates show that, within four years of release, employers in older labor markets
post progressively fewer vacancies requiring the newest software technologies. At year 4, a
one-standard-deviation increase in the share of college-educated workers aged 50–69 reduces
new-technology postings by about 15 percent of the mean pre-release legacy postings share.
We also find evidence of increasing substitution toward new technologies and away from
legacy technologies in younger labor markets. Furthermore, this gap increases with the
difficulty of the new technology, where difficulty is measured using an LLM-based index.
The index construction is informed by a focus group of IT professionals and is validated
against survey responses from computer scientists and software professionals.

To explain the empirical findings and evaluate policy counterfactuals, we develop and
calibrate a parsimonious quantitative model linking workers’ retraining decisions to firms’
demand for frontier-technology skills. The model formalizes and quantifies the three mecha-
nisms that can make retraining less attractive for older workers: a shorter horizon, experience
loss, and reduced learning efficiency. In the calibrated model, removing experience loss re-
duces the adoption gap between younger and older workers by about 88 percent, equalizing
horizons at 30 years reduces it by about 43 percent, and equalizing learning efficiency across
ages reduces it by about 3 percent. The model also shows that policy levers changing work-
force age structure can have different implications for technology adoption. Relative to an
economy at replacement-level fertility with retirement at age 70, a total fertility rate of 1.6
lowers aggregate adoption by 7.5 percent, while a rate of 2.8 raises it by 7.4 percent, as-
suming zero net migration. Raising the retirement age from 70 to 75 at replacement-level
fertility increases aggregate adoption by 0.45 percent. Longer careers encourage adoption,
but the higher share of older workers nearly offsets this increase.

These findings contribute to research on the economic consequences of aging, technol-
ogy adoption, and measurement using job postings. First, we provide causal evidence that
workforce aging can inhibit technology adoption, identifying local workforce age composi-
tion as a novel determinant. This complements work on aging and automation by studying
skill-complementary technologies. Second, we build a model that differentiates the channels
through which this can happen and quantifies their contributions to the adoption gap, show-
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ing that experience loss, rather than a shorter horizon or reduced learning efficiency, is the
main driver, with implications for demographic policy. Finally, we contribute to the mea-
surement literature by constructing an LLM-based difficulty index for technology transitions
that can be used in other settings.

2 Related Literature and Contribution

This paper is most directly related to work on the economic consequences of aging. A
recent but growing literature shows that demographic structure affects growth, innova-
tion, entrepreneurship, and technology use, but the underpinning mechanisms are not well-
understood.

The closest antecedents study how aging shapes technology and growth through related
but distinct channels. For instance, Acemoglu and Restrepo (2022) show that aging induces
greater automation. We differentiate from this paper by focusing not on skill-substituting
technologies like automation but skill-complementary technologies. Similarly, while Crouzet
et al. (2024) emphasizes a demand-side channel in which firms facing older consumers are less
likely to adopt new technologies because those consumers are less likely to adapt to them,
we focus on the supply side, asking whether the age composition of skilled workers affects
firms’ demand for production technologies. Other work shows that aging affects aggregate
productivity, innovation, entrepreneurship, and labor-market adjustment (Jones, 2010; Liang
et al., 2018; Aksoy et al., 2019; Maestas et al., 2023; Angelini, 2023; Mohnen, 2025), but it
does not quantify the mechanisms through which aging can impact these outcomes.

A key micro-foundation for our hypothesis comes from Deming and Noray (2020), who
show that returns to experience decelerate in fast-changing occupations as accumulated skills
become obsolete. This suggests that more experienced workers face a friction in adopting
new skills. Specifically, if a worker cannot transfer her skills with the legacy technology to
a new technology, then an older worker who has accumulated extensive experience with the
legacy technology may not adopt the new one.

The paper also contributes to the literature on technology adoption and diffusion. There
has been a long tradition of work studying uneven diffusion across regions, pointing to
factors such as learning costs, social transmission, and local conditions (Griliches, 1957;
Mansfield, 1961; Foster and Rosenzweig, 1995). More recent work similarly stresses that
adoption depends on firm capabilities, organizational constraints, uncertainty, and workforce
composition (Bloom et al., 2021; Shahin et al., 2024). Closest to our mechanism, Chari and
Hopenhayn (1991) model human capital as specific to a technology vintage, so that the
accumulated skills of experienced workers themselves slow the diffusion of newer vintages,
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but does not quantify its contribution relative to other channels. Overall, we contribute to
this strand of literature by proposing another channel that generates local adoption friction.

Finally, this paper adds to the literature on using job postings as a high-frequency mea-
sure of skill demand and technology diffusion. In the past decade, job postings have emerged
as an useful source of data for empirical researchers. For instance, Hershbein and Kahn (2018)
use online vacancy data to track the evolution of skill demand over time, while Acemoglu
et al. (2022) use this approach to study how AI exposure changes labor demand across dif-
ferent occupations. We build upon this literature to study a different margin, technology
adoption.

3 Data and Measurement

3.1 Job postings and geography

The primary data come from Lightcast (formerly Burning Glass Technologies), a commer-
cial provider of real-time labor market intelligence. Lightcast collects a near-universe of
online job postings by scraping more than 220,000 online sources, including employer ca-
reer pages, job boards, and posting aggregators. It then applies a two-step deduplication
procedure that filters repeated advertisements both within sources and across sources. For
each posting, the data record detailed information on the job title, employer, industry, oc-
cupation, required skills, educational requirements, experience level, location, and, when
available, posted wages. These features allow us to track demand for software technologies
across different labor markets over time. We aggregate the raw postings to the commuting-
zone-by-year level and construct a stacked panel in which each observation corresponds to
a commuting zone, a technology, and time since first stable release. This stacked design
is conducive to an event study design that tracks how labor demand for new technologies
evolves before and after release.

Throughout the analysis, job postings serve as a proxy for local technology adoption.
When firms advertise for workers with a given modern technology, we interpret this as evi-
dence that firms are using, piloting, or actively incorporating the technology into production
and organizational workflows. In the text, we thus use “technology adoption” interchange-
ably with demand for labor. Of course, this proxy is imperfect, for there are many factors
that can impact firms’ decision to post vacancies. We therefore examine several complemen-
tary outcomes to assess whether this demand signal is consistent with technology adoption.
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3.2 Technology Sample Construction

We construct a sample of software technologies that became broadly available between 2012
and 2016. This window is driven by the span of our job postings data over 2010 to 2019, to
ensure that we have at least two years of observations before introduction and three after
introduction of each technology, allowing us to study how usage diffuses.

We begin with the full universe of software terms identified in Lightcast, which contains
roughly 8,800 technologies spanning a wide range of use cases, including HR, accounting, and
IT. From this universe, we restrict our attention to major IT technologies by cross-checking
Lightcast software terms against the union of technologies featured in the 2016–2024 Stack
Overflow Developer Surveys,1 a large annual survey series of software developers that reports
commonly used programming languages, frameworks, databases, and development tools. We
then further restrict the sample to technologies whose first stable public release occurred
between 2012 and 2016. Note that we chose first stable release as the event of interest, not
first public release, to ensure that the technology is production-ready.

Ultimately, our sample includes fifteen technologies in major categories including data
processing systems, front-end frameworks, programming languages, DevOps tools, and ma-
chine learning libraries. For each modern technology, we also match it to its legacy tech-
nologies, which are incumbent tool or workflow released at least five years prior to the new
software that a developer or firm would most naturally use for similar production tasks.
Appendix Table 7 lists all major technologies included in our sample, along with their dates
of introduction and descriptions of the comparable legacy technologies used in the analysis.

3.3 Local Characteristics

To characterize baseline workforce composition, we use annual American Community Sur-
vey (ACS) microdata to compute a set of demographic characteristics of interest at the
local level, using information on workers’ age, education, industry and occupation of em-
ployment, earnings, and public-use microdata area (PUMA) of residence. We map PUMAs
to 1990 commuting zones using David Dorn’s PUMA-to-commuting-zone crosswalks (Autor
and Dorn, 2013; Autor et al., 2019).2 These data allow us to characterize regional labor
markets prior to the diffusion of the technologies in our sample and to construct the main
demographic variables used in the analysis.

The main demographic variable is the share of college-educated workers who are ages
1We start in 2016 because this is the first survey year with a separately documented public-use schema.
2We use the 2000-vintage PUMA crosswalk for the 2000 Census and 2005–2011 ACS files, and the 2010-

vintage crosswalk for later ACS files. When a PUMA is split across commuting zones, the allocation factor
apportions the relevant person weights across destination commuting zones.
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50–69, motivated by the fact that these technologies are all used disproportionately in oc-
cupations that are intensive in IT skills and other high skills. We take the cutoff of 50 to
approximate the 75th percentile of the age distribution of IT workers.

Figure 1 shows the geographic distribution of the age structure of the college-educated
workforce in 2011. Older CZs are concentrated in some areas of the Midwest and North-east
as well as Florida; younger CZs are found in some metro CZs, areas of the South and the
West outside of coastal areas. Figure 2 shows the corresponding cross-CZ dispersion.

3.4 Outcome measures

Our main outcome, the modern-technology share of all ads, is the share of all job postings
that mention a modern technology:

ads in c, t mentioning modern technology j

all job postingsct

.

where c indexes commuting zones, j indexes technologies, and t indexes calendar years. This
outcome normalizes by local online vacancy volume.

As secondary substitution evidence, we also construct a matched-pair modern share.
For each technology, this is the number of postings that mention the modern technology,
including postings that mention both modern and legacy tools, divided by the number of
postings that mention either the modern or the legacy technology:

modern-only adscjt + both adscjt

modern-only adscjt + legacy-only adscjt + both adscjt

.

Since postings for a specific software are rare occurrences, we weigh this regression by the
2010–2011 legacy matched-pair posting weights so that identification is not driven by noisy
cells with little baseline exposure to the legacy technology. This outcome holds the task
domain fixed and thus is indicative of how much firms substitute legacy for new technologies,
but it is more sensitive to technology-specific denominator movements.

We use two additional outcomes for robustness. The first is the number of ads using
modern-technology relative to local labor force (ads per 100,000 workers). This outcome
accounts for local labor market size when measuring demand for modern-technology, and
so captures absolute changes in adoption (rather than just changes in composition). Our
other robustness outcome is the share of firms in a commuting zone-year that ask for modern
technology in at least one job ad. This measure captures whether modern technology use is
spreading among many employers, or if just a few technology intensive employers are hiring
heavily.
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Figure 1: Geographic distribution of baseline workforce aging. Commuting zones are grouped by
quartile of the 2011 share of older workers among college-educated workers.

Figure 2: Cross-commuting-zone distribution of baseline workforce aging. The dashed vertical line
marks the median 2011 share of older workers among college-educated workers.
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To examine substitution, we match each new technology to legacy technologies used for
similar production tasks and were available for production use at least five years before
its release. We then measure the share of postings mentioning the new technology among
postings mentioning either the new technology or its matched legacy alternatives.

4 Descriptive Evidence

As illustrated by Figure 3, postings for frontier software are negligible prior to the soft-
ware release and rise sharply afterward. Nevertheless, the pace of adoption differs dramati-
cally across commuting zones by local workforce age structure. When commuting zones are
grouped by their baseline aging quartile in 2011, the youngest quartile exhibits the fastest
post-release increase in modern-technology postings as a share of all postings, while the oldest
quartile exhibits the slowest. The age gradient is clear in the averages across technologies.

Although this is purely descriptive evidence since older commuting zones may differ sys-
tematically from younger commuting zones in other unobserved ways relevant to technology
adoption, this pattern motivates the causal analysis below.

Figure 3: Modern-technology postings as a share of all postings by commuting-zone aging
quartile. Lines report averages across technologies.
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5 Identification Strategy

5.1 Empirical Specification

Our main empirical design is a stacked event-study that compares technology adoption
around the release of each software technology across commuting zones with different base-
line age structures. Let c index commuting zones, j index technologies, and t index calendar
years. Define event time as

τ = t − Tj,

where Tj is the first stable public release year of technology j. We omit event time τ = −1
as the reference period. We present the event-study specification for event times −4 ≤ τ ≤
4. The fixed-technology-composition exercise uses its separately specified common-support
window, −3 ≤ τ ≤ 3.

Our baseline specification is

Ycjt = αcj + γjτ + λs(c)t +
∑

τ∈{−4,...,4}\{−1}
βτ

[
1{τjt = τ} × OldSharecol

c

]
+ X ′

ctδ + εcjt. (1)

The outcome Ycjt is a proxy that measures local demand for frontier technology. In the
main specification, it is the share of all postings that mention modern technology j. We will
henceforth dub this outcome the main outcome. In additional specifications, it is either the
number of postings mentioning the modern technology per 100,000 workers or a firm-level
adoption margin such as the share of posting firms that mention the modern technology.
Our main measure of local age composition is the share of older workers in the college-
educated working-age population. We focus on the college-educated workforce because the
technologies studied in this paper are disproportionately used in high-skill occupations which
employ overwhelmingly college-educated workers.

We control for a rich set of fixed effects. The term αcj, the CZ-by-technology fixed
effect, absorbs all time-invariant differences across regions and technologies. The term γjτ

denotes technology-by-event-time fixed effects, which absorb the common diffusion profile
of each technology around release. Lastly, we control for λs(c)t, the state-by-calendar-year
fixed effects, which absorb state-level shocks, policies, and business-cycle conditions that
vary over calendar time. We employ state-by-calendar-year fixed effects rather than CZ-by-
calendar-year fixed effects because the latter would absorb too much of the variation in the
variable local age composition, as technology releases are concentrated between 2012 and
2016, resulting in substantial overlap of post-release windows in calendar time. In contrast,
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state-by-year fixed effects can only remove broad state-level shocks but preserve variation
across commuting zones within states. These flexible controls allow different sectors and
baseline education composition to have different adoption paths over event time.

The vector Xct contains 2000 industry employment shares and the 2000 college share
among workers ages 20–59 in commuting zone c, each interacted with event-time indicators.
The sector groups are agriculture; mining, utilities, and construction; manufacturing; whole-
sale, retail, and transportation; finance and real estate; professional services; information and
communications; education, health, and arts; and other services and public administration.
In robustness checks, we further control for university capacity and manager age structure,
each interacted with event time.

Our coefficient of interest is βτ , which measures the differential change in technology
adoption at event time τ associated with a one-unit increase in the baseline old-worker
share among the college-educated workforce, relative to the omitted pre-period τ = −1. A
negative coefficient means that commuting zones composed of older college-educated workers
experience slower post-release adoption of frontier technologies. The sequence of coefficients
{βτ } traces the evolution of this adoption gap before and after release.

5.2 Instrumental Variable

The age structure was measured in 2011, before the stable release of our technologies. This
should eliminate most of the concern about reverse causality, although some technologies had
their initial releases a couple of years prior. A second concern remains, however. The age
structure in 2011 is itself the product of migration and economic processes over the preceding
decade. If the factors driving those processes also encourage technology adoption—stronger
technology ecosystems, faster-growing software sectors, more research university pipelines, or
more innovative firms—then they generate a spurious negative relationship between work-
force age and technology adoption even in the absence of a causal effect of age structure
itself. Note that this concern is distinct from firms relocating in response to the local supply
of young workers, which is considered part of the equilibrium response being measured.3

To address it, this study follows Maestas et al. (2023) and Mohnen (2025) by employing a
Bartik-style demographic instrument constructed with historical age composition. Because
it is built from variation predating the releases by more than a decade, the instrument com-
pletely rules out any potential reverse causality from initial releases. The only remaining
threat is the possibility that the 2000 cohort structure is itself correlated with local char-
acteristics persistent enough to still predict adoption more than a decade later, which we

3Hopenhayn et al. (2022) provides evidence that population growth induces firm entry.
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address with the controls described below.
The intuition behind the instrument is simple. We build it by aging local college-educated

cohorts by ten years using national survival rates, while keeping migration patterns fixed.
Let N col

c,h,2000 denote the number of college-educated individuals in commuting zone c, age bin
h, in 2000, and let S10(h) denote the national ten-year survival rate for cohort h. For age
groups whose education is already observed in 2000, the predicted size of cohort h + 10 in
2010 is

Ñ col
c,h+10,2010 = S10(h) N col

c,h,2000.

For illustration, suppose the predicted number of college-educated individuals aged 50–54
in commuting zone c in 2010 is

Ñ col
c,50–54,2010 = S10(40–44) N col

c,40–44,2000.

One problem with the formulation above is that final educational attainment is not yet
fully observed in 2000 for younger entrant cohorts. For these cases, college attainment is
imputed using 2000 commuting-zone-specific college attainment for the 25–29 age group.
Specifically, let pcol

c denote the share of individuals aged 25–29 in commuting zone c with a
college degree in the 2000 Census. This rate is measured prior to the technology releases
in the sample and is therefore predetermined with respect to our softwares’ diffusion. For
entrant cohorts, the predicted future size is :

Ñ col
c,h+10,2010 = S10(h) Nall

c,h,2000 pcol
c .

Define the college-educated working-age population as

W = {20–24, 25–29, . . . , 65–69},

and define older college-educated workers as

O = {50–54, 55–59, 60–64, 65–69}.

The predicted number of older college-educated workers in commuting zone c in 2010 is

Ñ col
c,O,2010 =

∑
h∈O

Ñ col
c,h,2010,
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and the predicted number of college-educated working-age individuals is

Ñ col
c,W,2010 =

∑
h∈W

Ñ col
c,h,2010.

The instrument is defined as the predicted old-worker share among the college-educated
workforce:

̂OldShare
col
c,2010 =

Ñ col
c,O,2010

Ñ col
c,W,2010

.

Note the one-year difference between the endogenous 2011 baseline age share and the
year of cohort size that the IV predicts. This discrepancy reflects a data limitation: while
2011 immediately precedes the technology releases and is thus the most appropriate baseline,
we only have 10-year survival rates, not 11-year. Nonetheless, local age structure is highly
persistent at the annual frequency, so this incongruence does not affect the strength of the
first stage. The first stage should therefore be interpreted as relating the predicted 2010 age
structure to the actual baseline age structure in 2011.

As discussed earlier, the 2000 cohort structure, or the baseline college-attainment rate
used to impute entrants, may be correlated with persistent time-varying local characteristics
that also predict later technology adoption. For instance, a CZ may comprise strong IT-
intensive industries, or that the existing labor supply is already high-skilled. To address
this concern, we condition on both a rich set of fixed effects and a rich set of covariates:
each commuting zone’s 2000 employment shares across broad industries and the 2000 college
share among workers ages 20–59, both interacted with event times.

To reassure ourselves further, we run a balance test of our IV against a range of 2000
characteristics that potentially affect technology adoption. Table 2 reports balance diag-
nostics for the predicted old-college-worker share. After these controls, the instrument is
not strongly related to median wage-income levels, wage-income growth, unemployment, or
baseline science, engineering, and computer employment. University capacity remains sig-
nificantly related to the instrument, but the magnitude is modest, so robustness checks are
also reported that add university capacity as control. Although a balance check is by no
means a definite test for exogeneity, it serves as a reassuring first pass.

Appendix Figure 22 presents a Rotemberg-style decomposition of this cohort-survival IV,
following Goldsmith-Pinkham et al. (2020), to better understand the source of the variation
in our IV. As observed, older bins contribute directly to the future old-worker share, while
younger bins primarily influence the projected college-educated workforce denominator.

For each event time τ , the endogenous regressor is the interaction between the event-time
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indicator and the actual old-worker share,

Zcjtτ = 1{τjt = τ} × OldSharecol
c .

The excluded instrument is the corresponding interaction with the predicted old-worker
share,

Ẑcjtτ = 1{τjt = τ} × ̂OldShare
col
c ,

where ̂OldShare
col
c is constructed from lagged cohort structure and national survival rates.

The stacked first stage projects the full vector of endogenous event-time interactions on the
full vector of excluded predicted-aging interactions:

Zcjtτ =
∑

τ ′∈{−4,...,4}\{−1}
πττ ′Ẑcjtτ ′

+ X ′
ctρ + αcj + γjτ + λs(c)t + ucjtτ . (2)

The second stage is given by equation (1), with the set of Zcjtτ terms instrumented by the
corresponding set of Ẑcjtτ terms. Standard errors are clustered at the commuting-zone level.
Although the second-stage equation is reminiscent of a staggered difference-in-differences
regression, the resemblance is merely because we employ an event-study design to trace the
adoption path around each technology’s release. The identifying variation comes from our
instrument, conditional on controls and fixed effects, not from a parallel-trends comparison
across older and younger commuting zones.

Because equation (2) interacts both the endogenous age-structure variable and the ex-
cluded instrument with event time, the first stage is not a single equation but a system: one
equation for each endogenous interaction Zcjtτ . This creates a well-known difficulty for as-
sessing instrument strength, which Buchheim and Watzinger (2023) confront in an identical
setting, instrumenting a time-invariant cross-sectional regressor interacted with date dum-
mies. By construction, Ẑcjtτ is the only excluded instrument with explanatory power for the
equation whose dependent variable is Zcjtτ ; every other event-time interaction is uninforma-
tive for that equation. Adding event times therefore mechanically depresses any statistic for
the joint significance of the full instrument vector, so a single joint first-stage F understates
instrument strength by an amount that grows with the number of event times. Critical
values for weak-instrument tests with many instruments and many endogenous regressors
are in any case unavailable (Stock and Yogo, 2005).

We therefore follow Buchheim and Watzinger (2023) and assess relevance from the cross-
section. Because the instrument, the endogenous variable, and the controls are all time-

13



invariant objects interacted with event-time indicators, the system in equation (2) closely
resembles a repeated cross-section, with one equation per event time. Its identifying variation
is almost entirely cross-sectional, so the strength of the instrument is summarized by the
cross-sectional relationship between the predicted and actual old-worker shares.

Table 1 reports that relationship. Alongside the F -statistic we report the Shea partial
R2 of the excluded instrument, which is far less sensitive than the F -statistic to the unin-
formative instruments that the event-time interactions introduce and is therefore the more
stable bridge between the cross-sectional diagnostic and the full system.

Absorbing state fixed effects (Column (2) ) attenuates the coefficient from 0.412 to 0.276
and reduces the Shea partial R2 from 0.165 to 0.076. The within-state first stage, however,
remains strong, with an F -statistic of 50.3, and the within-state Shea partial R2 of 0.076.
Our instrument strength is thus comparable to Buchheim and Watzinger (2023)’ instrument
in their most demanding specification, where they judge the instrument sufficiently strong
on the same criterion.

Appendix Table 10 supplements this with equation-specific effective F -statistics for each
event time, which reports instrument strength separately for each first-stage equation, using
only the variation relevant to that equation.

Table 1: First-stage relationship between predicted 2010 and actual 2011 baseline age struc-
ture

Actual old-worker share in 2011 (%)
(1) (2)

Predicted old-worker share in 2010 (%) 0.412 0.276
(0.036) (0.039)

State fixed effects No Yes
R2 0.287 0.466
Shea partial R2 0.165 0.076
First-stage F -statistic 128.9 50.3
Commuting zones 665 663

Notes: Both the actual and predicted old-worker shares are expressed as percentages (0–100) of the
college-educated workforce, so the coefficient gives the percentage-point increase in the actual 2011 share
associated with a 1-percentage-point increase in the instrument. Standard errors are in parentheses.
Both columns control for the baseline 2000 industry shares and the 2000 share of workers ages 20–59
with a college degree. Column (2) additionally includes state fixed effects. The two commuting zones
dropped in column (2) are singletons within the state, thus removed when state FEs are included.
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5.3 Results

Figures 4–8 present the preferred and secondary IV results. As observed, prior to the sta-
ble release of the technologies, the coefficients are close to zero and statistically imprecise,
which is expected as the software had not been released for production use yet. However,
after release, there is a divergence between the young and old commuting zones where the
old commuting zones progressively lag behind, as reflected in the increasingly negative co-
efficients. This gap is evident across all outcomes examined. The weighted matched-pair
outcome provides secondary evidence suggesting substitution away from legacy and into
newer technologies in younger commuting zones.

Figure 4 plots our main outcome: modern-technology postings as a share of all job
postings in the commuting-zone year. A one-standard-deviation increase in the older-worker
share reduces new-technology postings at year 4 by about 15 percent of pre-release legacy
postings.

Figure 4: Event-study estimates for modern technology postings as a share of all job postings

As a robustness check, we also examine other outcomes as proxies for adoption. Re-
assuringly, workforce-normalized vacancy counts and the share of firms posting vacancies
requiring modern technologies also show the same pattern as the main outcome. At year 4,
a one-standard-deviation increase in the older-worker share implies about 4.9 fewer modern-
technology postings per 100,000 workers. This is approximately 28 percent of the mean
pre-release legacy-only posting rate of 17.5 per 100,000 workers. For the firm margin, the
year-4 effect is a decline of 0.098 percentage points, approximately 16 percent of the mean
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pre-release legacy-only posting-firm share of 0.625 percent. Both benchmarks are unweighted
means across commuting-zone–technology pairs in the year before release (τ = −1); the ef-
fects use the cross-CZ standard deviation of the baseline older-worker share, 5.90 percentage
points. 4

Figure 5: Modern technology postings per
100,000 workers

Figure 6: Share of firms demanding modern
technologies

Figure 7 reports the matched-pair modern share, defined as the share of postings men-
tioning the modern tool among postings mentioning either the modern or legacy tool in
the same technology family. This outcome compares demand for a modern tool to demand
for its legacy alternative. As such, the matched-pair modern share is in some sense the
ideal proxy outcome to study, although its smaller denominator means that it is more noisy
in practice: just one or two job postings can greatly affect this share. Therefore, all re-
gressions using the matched-pair outcomes are weighted by each CZ-by-technology’s initial
(i.e. fixed at its 2010–2011) level of legacy matched-pair job postings, which downweights
CZ-by-technologies with small numbers of matched job postings (where the outcome me-
chanically fluctuates greatly) and puts relatively more weight on the CZ-by-technology-level
labor market shares in each technology where there was meaningful exposure to the legacy
tool pre-release.

Estimates based on this noisier outcome confirm the negative age gradient post-release,
and thus the slower pace of substitution away from legacy towards modern tools, in older
labor markets. We view evidence using the matched-pair modern share as providing evidence
about substitution while we focus on the legacy, firm, posting-count, and all-ad shares to
understand broader patterns of diffusion.

4Appendix Figure 17 reports weighted versions of the all-ad-share, posting-count, and firm-level outcomes.
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Figure 7: Weighted matched-pair IV event-study estimates with state-by-year fixed effects
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Figure 8: IV event-study estimates with state-by-year fixed effects: legacy-only share of job
postings

The legacy results reinforce this interpretation. Legacy technologies are defined as tech-
nologies that were used for similar tasks as the new technologies, and predate the modern
alternative by at least five years so that they are already well established by the time the new
technology appears. The latter criterion ensures that our comparison is between old and new
technologies, and not contemporaneous rivals. Figure 8 suggests that older commuting zones
remain more reliant on these legacy technologies after the release of the modern alternative.

One concern in interpreting our empirical results is that job postings measure the flow of
new hiring rather than the stock of technology already in use; therefore, older regions might
appear to have weaker adoption simply because they adopted these technologies earlier
and therefore need fewer additional hires once the release window begins, or because their
workforce is already equipped with these new software skills and thus no longer needs to
hire new workers. We argue that this is implausible: the technologies in the sample are
new enough that large installed stocks before stable release are unlikely, although prerelease
experimentation, piloting, or organizational preparation could still occur.

5.4 Balance and Robustness Checks

Table 2 reports selected balance diagnostics for the cohort-survival instrument. Each row
reports how a one-standard-deviation increase in the predicted old-worker share is related to
the listed predetermined CZ characteristic, scaled by the standard deviation of that charac-
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Table 2: Selected balance diagnostics for the predicted old-worker share

Outcome
SD-scaled
association p-value N

Log median wage income, 2000 Census -0.020 0.451 663
Log median wage-income growth, 2000–2010 -0.027 0.451 663
Unemployment rate (ages 18+), 2000 0.014 0.712 663
Science, engineering, and computer occupation
share, 2000

-0.031 0.181 663

Number of colleges and universities, 2000 -0.086 0.003 663

Notes: Each row reports a separate commuting-zone-level regression of the listed variable on the
predicted old-worker share among college-educated workers. The reported association is the effect
of a one-standard-deviation increase in the predicted old-worker share divided by the standard
deviation of the outcome. All regressions include state fixed effects, baseline 2000 industry-share
controls, and the 2000 college share among workers ages 20–59. Wage income is annual wage-and-
salary income: the 2000 Census reports income for 1999, while the 2010 ACS reports income over
the preceding 12 months. Growth is the difference in log median nominal wage income between the
two surveys. Standard errors are heteroskedasticity robust.

teristic. The instrument is not strongly related to median wage-income levels, wage-income
growth, unemployment, or baseline science, engineering, and computer employment after
our controls. On the other hand, there appears to be a statistically significant correlation
between our IV and university capacity, although the imbalance is rather modest: a one-
standard-deviation increase in the IV is associated with about 0.7 fewer institutions.

We report two additional robustness checks targeted at the remaining balance and in-
terpretation concerns. First, given that the university network variable is significant in the
balance check, we add the number of local colleges and universities in 2000, interacted with
event time, to absorb baseline university capacity and related research infrastructure. Sec-
ond, we also add the 2011 share of managers age 50 and older, interacted with event time,
to address the possibility that the estimated workforce-aging effect is actually that of older
decision makers. Appendix Figures 19 and 21 report these checks. The all-ad-share, posting-
count, and firm-level outcomes remain negative under the university-capacity robustness. In
the manager-age robustness check, which uses the same set of controls as the main specifica-
tion, the manager-age coefficients are close to zero and statistically insignificant, while the
workforce-aging coefficients remain negative and statistically significant for these outcomes.

6 Mechanism

What explains the gap in diffusion between old and young commuting zones? The most
obvious explanation, going back to Ben-Porath (1967), is that older workers have shorter
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remaining working lives over which to recoup potential adoption benefits relative to young
workers. Indeed there is evidence suggestive of this mechanism. Previous literature has
shown that a change in the pension system which extends workers’ working life induces
more on-the-job training (Montizaan et al., 2010; Fürstenau et al., 2023). Another reason is
loss of experience with legacy technologies. Frontier software often requires workers to learn
new conceptual abstractions, new tooling, and new workflows. Older workers, having accu-
mulated more experience with legacy technologies, may face greater losses of accumulated
legacy experience. Lastly, older workers may also face higher direct learning costs as they
have reduced learning efficiency due to cognitive decline.

All three channels imply a larger gap for more difficult technologies. A more difficult
technologies usually means longer transition, which leaves even less time to recoup the in-
vestment, makes the loss of a larger stock of legacy experience even longer to rebuild, and
imposes a heavier burden on workers who learn more slowly. To test the presence of any
of these channels, we need to construct two technology-level indices for each legacy–modern
technology pair: a difficulty index and a benefit index. To this end, we need to make techni-
cal comparisons that require deep knowledge of the underlying tools. We argue that LLMs
are well suited to this task: trained on a broad corpus of software usage documentation and
code, they not only possess deep knowledge of this software but also enable us to apply a sin-
gle, consistent rubric across all software stacks. Nonetheless, LLM-based measures must be
treated with caution, as they can be sensitive to model choice, which can affect downstream
empirical conclusions (Yin et al., 2026). To validate these measurements, we compare the
results across model providers and also validate them against independent human survey
ratings.5

For each legacy–modern pair, we ask the LLM (ChatGPT 5.4) to evaluate how difficult it
would be for a worker with two years of experience in the legacy technology to independently
complete routine productive tasks with the modern technology. The model rates the difficulty
of this move based on the conceptual shift required and the new tooling or environment
burden. We standardize this direct difficulty score across the 15 technology pairs. Higher
values therefore indicate modern technologies that require a larger conceptual and tooling
adjustment from the legacy starting point. Appendix Figure 11 shows the distributions of
the standardized difficulty and adoption-benefit indices across the fifteen technology pairs.

To construct the benefit index, we ask the model to rate the practical advantage of
the modern technology over the legacy technology along six dimensions: code simplicity,
runtime efficiency, feasibility at production scale, maintainability, safety and reliability, and

5Our baseline ratings use an OpenAI model. As described below, we cross-check these against ratings
from another model provider, as well as independent human survey ratings, to assess robustness.
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flexibility.6 Unlike the difficulty measure, benefits can be negative if the new technology
is inferior to the legacy technology in certain aspects. The score thus ranges from -5 to 5.
We average these six scores and standardize the resulting pair-level index across the fifteen
technologies. Higher values thus indicate technologies for which the modern stack offers
larger practical benefits relative to the legacy stack.

The mechanism specification is a triple-difference extension of the event study. The
mechanism test uses the continuous standardized difficulty and adoption-benefit indices,
denoted Dj and Bj. We estimate

Ycjt = αcj + γjτ + λs(c)t +
∑

τ ̸=−1
βτ

[
1{τjt = τ} × OldSharecol

c

]
+
∑

τ ̸=−1
θτ

[
1{τjt = τ} × OldSharecol

c × Dj

]
+
∑

τ ̸=−1
λτ

[
1{τjt = τ} × OldSharecol

c × Bj

]
+ X ′

ctδ + εcjt. (3)

The endogenous age-composition terms are instrumented using the aforementioned Bartik
instrument. Specifically, each interaction involving the local old-worker share is instrumented
with the corresponding interaction using the predicted old-worker share. The coefficients θτ

and λτ measure the change in the old-workforce adoption penalty associated with one stan-
dard deviation increase in the difficulty and benefit indices, respectively. Figure 9 reports the
implied old-workforce effect at −1 and +1 standard deviation of the difficulty index, holding
the benefit index at its mean. Appendix Figure 12 reports the corresponding comparison
for the benefit index. The outcome is modern-technology ads as a share of all job ads. The
specification uses the same preferred controls as the main all-ad-share event study.

The triple-difference results align with the difficulty hypothesis. For modern ads as a
share of all job ads, the implied aging penalty is more negative for technologies one standard
deviation above the mean difficulty index than for technologies one standard deviation below
it, especially in the later post-release years. Higher-benefit technologies also show a steeper
old-workforce adoption penalty at year 4, but we interpret this pattern more cautiously
because the benefit interaction is not robust to our permutation test robustness check.

6These dimensions were chosen based on focus-group interviews with technology professionals about the
main practical margins along which new software tools improve on older ones.
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Figure 9: Implied old-workforce adoption penalties at −1 and +1 standard deviation of the
difficulty index

Appendix Table 9 reports two robustness checks for the heterogeneity exercise. First,
since our technology sample is quite small, we conduct a permutation test to check whether
the observed interactions are unusually large relative to placebo assignments of the same
technology-level scores. We randomly permute the paired difficulty and benefit labels across
technologies 1,000 times and re-estimate the joint triple-difference specification for each
permutation. Second, we want to ensure that the results are not driven by a single technology
outlier by running a leave-one-technology-out test. The difficulty-index pattern passes both
tests. In the permutation test, the year-4 difficulty interaction has a two-sided permutation
p-value of 0.006, and the coefficient remains negative in all fifteen leave-one-technology-out
estimates. The benefit interaction, on the other hand, is less robust: its permutation p-values
are large, and its leave-one-out coefficients are also highly unstable.

An alternative interpretation of the adoption gap is that it reflects adoption frictions other
than learning costs, such as information or risk. These stories, however, cannot explain all of
our empirics. A pure information friction or pure risk story does not naturally predict that
the age gradient should be steeper specifically for technologies that require larger conceptual
and tooling transitions from the legacy stack, nor it is consistent with a progressively larger
gap, given that information friction or uncertainty should diminish with time.

Lastly, it is possible that local age structure is highly correlated with the age structure
of managers within firms, and that it is the age structure of managers that drives the results
rather than that of the workforce. To address this alternative explanation, we run an ad-
ditional regression controlling for the interaction between event time and the share of older
managers in the CZ, while retaining the full set of preferred controls and state-by-year fixed
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effects. The results, reported in Appendix Figure 21, show that the manager age-structure
coefficients are close to zero and statistically insignificant, while the workforce coefficients
remain robust.

6.1 Validation of LLM Measures

We check whether the LLM estimates are stable across model providers and whether they
align with independent human judgments. ChatGPT and Claude (Sonnet 4.6) scores produce
similar technology rankings: the difficulty measures have Pearson and Spearman correlations
of 0.93 and 0.92, and the benefit measures have correlations of 0.86 and 0.86.

In addition to the cross-provider comparison, we also assess the indices using an ongo-
ing survey of computer scientists, IT professionals, and students. We sent out an online
Qualtrics survey to the Yale Computer Science community as well as IT communities on
social media. We also exclude observations flagged for suspiciously short survey completion
times, repetitive responses, or belonging to IP or browser address clusters that have a high
incidence of observations with low CAPTCHA scores. More details about data screening
criteria can be found in Appendix C.

After removing unusable observations, we are left with 710 completed surveys. Of those,
438 surveys have difficulty and benefit ratings for at least one legacy-modern pair. When
rating a technology pair, survey respondents are first asked to rate the extent to which
the modern technologies in a pair required substantially new thinking, tools and knowledge
of new technical ecosystems compared to their legacy counterparts (i.e. , the difficulty
rating). Respondents are presented with 5 ordinal choices with text descriptions evenly
spaced and coded between 0 to 5. They are then asked to rate the modern technologies
on the six characteristics rated by the LLM relative to their legacy counterparts (i.e. , the
benefit ratings), choosing from 5 ordinal responses between much less beneficial to much
more beneficial. We average respondents’ available ratings of each index for each technology
pair, center these indices for each respondent by their mean index rating over all technology
pairs that they rated and then average centered observations for each technology pair.

The LLM-constructed difficulty index agrees with respondent-centered human ratings.
Among the twelve pairs with at least 20 human ratings, the Pearson and Spearman cor-
relations are 0.75 and 0.75, respectively. Agreement is weaker for the benefit index, with
corresponding correlations of 0.21 and 0.28. The disagreement, however, does not alter our
main triple-difference conclusion for the difficulty index, as shown in Appendix D. We there-
fore view the survey as providing stronger support for the difficulty index and interpret the
benefit measure more cautiously.
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7 Model

Our empirical results are consistent with three mechanisms: a shorter remaining work hori-
zon, greater loss of accumulated legacy experience upon switching, and a higher learning
burden due to reduced learning efficiency.

To quantify these three mechanisms, we construct a parsimonious model that links work-
ers’ retraining decisions with firms’ adoption decisions.

7.1 Environment

This paper considers a single technology cycle: an incumbent technology already in use, and
a frontier technology that arrives to replace it.

Workers enter the labor market at age zero and retire at age T . Thus, a worker of age a

has T −a working years remaining. Workers initially use the incumbent technology, denoted
I, and accumulate experience with it.

At time t = 0, a superior frontier technology, denoted F , with difficulty ϕ, arrives.
Workers choose whether to learn the new technology or stay with the incumbent. The
decision is irreversible. New workers face the same decision at entry.

Frontier and incumbent technologies are perfect substitutes. The firms’ production func-
tion takes the form

Yt = A (LI,t + LF,t)θ , (4)

where LI,t and LF,t denote effective labor employed with the incumbent and frontier tech-
nologies at calendar time t, respectively, A > 0 is aggregate productivity, and θ > 0 is the
output elasticity of effective labor. Thus, under competition, wages per unit of effective
labor are

wI,t = wF,t = wt = Aθ (LI,t + LF,t)θ−1 . (5)

7.1.1 Workers’ Problem

Let a ∈ [0, T ) denote a worker’s age when choosing between the two technologies, and let
s ∈ [0, T − a] denote time since that choice. Each worker has a learning efficiency µ(a),
which measures experience gained per year and declines with age:

µ(0) = 1, µ(a) > 0, µ′(a) ≤ 0.
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If the worker stays with the incumbent technology, accumulated experience is:

XI(a, s) =
∫ a+s

0
µ(v) dv. (6)

If the worker switches to the frontier technology, accumulated experience is lost because
experience is technology-specific:

XF (a, s; ϕ) = 1
1 + ϕ

∫ a+s

a
µ(v) dv, ϕ ≥ 0. (7)

The more difficult the new technology, the slower experience accumulates and the later the
worker receives its benefits. The learning rate is

∂XF (a, s; ϕ)
∂s

= µ(a + s)
1 + ϕ

.

Productivity depends on experience through K(X), with K(0) = 1, K ′(X) > 0, and
K ′′(X) ≤ 0. Each worker has an aptitude zi > 0 for the frontier technology that makes
the worker more or less productive with it. The frontier technology provides a common
productivity gain α > 1. Workers have perfect foresight about the calendar-time wage path
{wt}t≥0 and take it as given when choosing their technology. For a worker choosing at t = 0,
earnings s years after the choice are

yI,i(a, s) = wsK
(
XI(a, s)

)
, yF,i(a, s; ϕ) = wsαziK

(
XF (a, s; ϕ)

)
.

Workers also face a one-time nonpecuniary learning burden c(a, ϕ) that increases with
age and the difficulty of the technology. Measured in units of discounted earnings, this cost
satisfies

c(a, ϕ) ≥ 0,
∂c(a, ϕ)

∂a
≥ 0,

∂c(a, ϕ)
∂ϕ

≥ 0. (8)

The worker compares discounted earnings from staying with the incumbent and switching
to the frontier, net of the learning cost. With discount rate r > 0, the value of staying is

VI(a) =
∫ T −a

0
e−rswsK

(
XI(a, s)

)
ds, (9)

and the value of switching is

VF (a, zi; ϕ) = αzi

∫ T −a

0
e−rswsK

(
XF (a, s; ϕ)

)
ds − c(a, ϕ). (10)
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Let BI(a) ≡ VI(a) and

BF (a; ϕ) =
∫ T −a

0
e−rswsK

(
XF (a, s; ϕ)

)
ds.

Since BF (a; ϕ) > 0 for a < T , this comparison gives an aptitude threshold above which the
worker adopts:

VF (a, zi; ϕ) ≥ VI(a) ⇐⇒ zi ≥ z∗(a; ϕ) ≡ BI(a) + c(a, ϕ)
αBF (a; ϕ) . (11)

The worker adopts when discounted frontier earnings are sufficient to cover the earnings
given up under the incumbent technology and the learning cost. New entrants face the same
decision at a = 0, with no accumulated incumbent experience.

There are three forces that make adoption less attractive for older workers. First, the
shorter horizon means that they will have less time to recoup the investment cost, as in
Ben-Porath (1967). Second, the learning burden increases with age due to reduced learning
efficiency. Third, they have to give up more incumbent experience to adopt the frontier
technology.

On the other hand, greater technology difficulty may reduce the value of adoption more
for younger workers because they remain employed longer. As illustrated in Figure 10,
frontier earnings may initially exceed incumbent earnings, but slow accumulation of frontier
experience may subsequently reverse this relationship. Older workers may retire before
incumbent earnings overtake frontier earnings, whereas younger workers bear the resulting
earnings losses. If these later losses are sufficiently large, even after discounting, the value
of adoption may be lower for younger workers. This scenario requires both a sufficiently
high aptitude zi or frontier advantage α to generate an immediate productivity gain from
switching, and extremely high wages in the additional working years for the subsequent losses
to outweigh that gain. Under single crossing assumption where frontier earnings path can
only cross incumbent earnings once from below, we can show that younger workers are more
likely to adopt than older workers.

26



Figure 10: An illustrative reversal of the age ranking in adoption
Notes: Panel (a) shows earnings profiles for a young and old worker using I and F. Panel (b) shows
cumulative discounted earnings gains net of the learning cost. Net gains are positive for the older worker
and negative for the younger worker.

7.1.2 Aggregation and Equilibrium

Effective labor under each technology is the sum of the productivity supplied by workers
choosing that technology. Incumbent workers supply K(XI), while frontier workers supply
αzK(XF ). Aggregation includes initial workers who have not retired and subsequent entrants
who are still working, taking account of their age and aptitude. Future entrants choose
between the two technologies at entry, on the basis of earnings over their remaining working
lives.

Given the initial age distribution and the sequence of entering cohorts, a perfect-foresight
equilibrium consists of a wage path, workers’ technology choices, and effective labor under
each technology. Workers maximize discounted lifetime earnings given the anticipated wage
path; effective labor supplied by their choices equals firms’ demand under each technology;
and firms pay the marginal product of effective labor in equation (5) at every date. The
wage path workers anticipate is the one generated by these choices. We solve for equilibrium
separately in each commuting zone. Appendix K gives the cohort aggregation formulas and
numerical solution procedure.

7.2 Calibration

The calibration treats each commuting zone as a separate labor market. Initial age distri-
butions are taken from the pooled 2010–2011 ACS sample of college-educated workers ages
20–69, with each initial workforce normalized to one. Workers enter at age 20 and retire at
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age 70, so T = 50. We set the annual discount rate to 4% and the annual growth rate of
entering cohorts to 0.7%, matching observed US population growth over the sample period.

The functions governing learning efficiency, the return to experience, and the learning
burden are respectively:

µ(a) = 1
1 + λχa

,

K(X) = exp
[
Kmax

(
1 − e−ρKX

)]
,

c(a, ϕ) = ϕ

µ(a) .

(12)

With this specification, declining learning efficiency increases the learning burden as well as
the time required to accumulate experience. We assume that frontier aptitude is lognormally
distributed, with mean one:

zi = exp
(

εi − σ2
ε

2

)
, εi ∼ N(0, σ2

ε). (13)

We set Kmax = 0.883 and ρK = 0.131, using the fit to the 2011 ACS hourly-wage profile
of college-educated computer workers. To obtain the age profile of learning efficiency, we use
problem-solving scores from the Programme for International Assessment of Adult Compe-
tencies (PIAAC), a survey of adult problem-solving skills in a technology-rich environment.
7 We regress standardized problem-solving scores on age, controlling for sex, education, and
survey wave. Using the estimated age gradient, we set λχ = 0.0171 in µ(a) = 1/[1 + λχa],
normalizing learning efficiency at age 20 to one. This specification implies that a worker
aged 65 accumulates about 56% as much effective experience per year as a worker aged 20.
Appendix J reports the PIAAC profile and the ACS experience–earnings comparison.

The remaining parameters, α, σε, and ϕ, are chosen to match three moments measured
at empirical event year 4, which we treat as the date of the model’s initial adoption decision.
The first is the frontier posting share, 24.94%, measured as the share of postings mentioning
the frontier technology among postings mentioning either the frontier or its matched legacy
technology. This moment helps pin down the frontier advantage and the difficulty as it
restricts the overall return to adoption relative to its cost. The second is the event-year-4
age coefficient, −0.230, from the weighted matched-pair IV event study reported in Figure
7. We calculate its model counterpart by regressing simulated adoption on the share of
workers aged 50 and above across commuting zones. This moment governs how strongly

7PIAAC assesses adults’ problem-solving skills with digital tools. Tasks involve simulated computer
applications, such as navigating websites, managing emails, which often required respondents to coordinate
several steps across applications. The assessment aims to capture the joint use of reasoning and computer
skills.
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adoption costs differ with age. The third moment is the frontier log-earnings premium,
0.0779, estimated from Lightcast posted wages with technology-pair-by-commuting-zone-
by-occupation-by-seniority fixed effects. This moment helps identify both the productivity
advantage of the frontier and the distribution of workers’ aptitude. To validate the model,
we check its fit for an untargeted moment – the standard deviation of frontier residual log
earnings.

For each candidate set of parameters, we calculate age-specific adoption cutoffs and ag-
gregate adoption and earnings using the observed local age distributions. We choose the
parameters that minimize the sum of squared differences between model and data moments.
We set θ = 2/3, so production exhibits diminishing returns. Worker choices and the compet-
itive wage path are determined jointly. We normalize A so that the wage per unit of effective
labor equals one when effective labor is at its national reference level with all workers using
the incumbent technology.

Table 3 reports the estimates and the corresponding model moments. The model matches
the three targets and also approximates the untargeted moment reasonably well: it produces
a standard deviation of 0.251, compared with 0.232 in the data.

Table 3: Calibration parameters and fit

Data Model

Estimated parameters
Frontier productivity advantage α — 1.517
Aptitude dispersion σε — 0.436
Technology difficulty ϕ — 1.579

Targeted moments
Frontier posting share (%) 24.94 24.94
Cross-market age coefficient −0.230 −0.230
Frontier log-earnings coefficient 0.0779 0.0779

Untargeted moment
Frontier residual log-earnings SD 0.2323 0.2514

Alternative calibration without experience loss

One may be curious as to whether a model with only cognitive decline and shorter horizons
can explain the data, or question the mapping from PIAAC test scores to learning efficiency.
We thus allow the learning efficiency gradient to vary and re-estimate the remaining param-
eters to match the targeted moments. The resulting cognitive decline parameter λχ implies
that learning efficiency at age 65 is only 15% of its age-20 level, compared with 56% under
our current specification. Additionally, even with such a steep cognitive-decline gradient, the

29



untargeted earnings dispersion is still not well-matched. Appendix L reports the exercise.

7.3 Channels Decomposition

We next use the calibrated model to examine how the age difference in adoption changes
when experience loss, reduced learning efficiency, or differences in remaining work horizons
are removed separately. First, we shut down the experience loss channel by allowing workers
to retain their accumulated incumbent experience when switching. Frontier experience then
starts at XI(a, 0), while difficulty continues to slow subsequent learning. Second, we shut
down cognitive decline by equalizing learning efficiency across ages by setting µ(a) = 1 at
every age. Experience then accumulates at the same rate across ages, and the learning
burden is ϕ for all workers.Third, we give every worker a remaining work horizon of H = 30
years, replacing T −a with H in both earnings integrals. while leaving the other two channels
intact. 8

Table 4 shows that the shutdown of the experience loss channel substantially reduces
the age difference in adoption. The difference falls from 32.3 to 3.9 percentage points, a
reduction of about 88 percent. Equalizing remaining horizons at 30 years reduces the gap to
18.6 percentage points, a reduction of 42.5 percent, indicating moderate importance of the
channel. Giving all workers 20 or 40 remaining years reduces the gap by 41.3 or 43.5 percent,
respectively. Meanwhile, shutting down cognitive decline barely has any effect on the gap,
suggesting that it plays a minor role in explaining adoption gap. Among these separate
comparisons, experience loss is the most important mechanism driving adoption gap.

Table 4: Adoption with each channel removed separately

All workers Age 20–34 Age 50–69 Old–young gap
(%) (%) (%) (pp)

Full model 24.9 41.8 9.5 −32.3
No experience loss 68.3 64.9 61.1 −3.9
Equal learning efficiency 30.8 46.0 14.5 −31.4
Equal remaining horizons (30 years) 26.9 38.5 19.9 −18.6

Notes: Aggregate adoption uses observed age shares and posting weights across commuting zones. The
gap is older minus younger adoption. Channels are removed one at a time.

7.4 Counterfactuals

Workforce aging can result from lower fertility, which slows the inflow of young workers, or
from later retirement. Both increase the share of older workers, but their implications for

8We also try setting H = 40 and H = 20, and the results remain largely unchanged.
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adoption differ. Lower fertility increases the share of older workers but only affects worker
choices through the wage feedback. On the other hand, later retirement not only changes
the age distribution but also changes workers’ behavior directly by increasing the return to
skill investment. It is thus interesting to understand the net effect of each source of aging.

We hold the calibrated parameters fixed and compare economies at the same date of
frontier arrival. Let g denote the annual growth rate of successive entering cohorts and R

the retirement age in calendar years. Initial age shares are given by

hg,R(a) = (1 + g)−a∑R−21
j=0 (1 + g)−j

, a = 0, . . . , R − 21, (14)

where a is years since entry at age 20. Our benchmark economy has zero population growth
rate, i.e g = 0 and retirement age set to 70.

For easier interpretation, we can translate the population growth into fertility rate since
the total fertility rate is the policy-relevant. If we assume zero net migration, a fixed low-
mortality schedule, and a generation length of 30 years, then in the long run, a cohort growth
rate g then corresponds to a total fertility rate of approximately TFR ≈ 2.1(1 + g)30. An
economy with g = 0 corresponds to TFR at replacement rate (2.1), while annual contraction
and growth of 1% correspond to total fertility rates of roughly 1.6 and 2.8.

In the reference economy, fertility is at replacement level and workers retire at age 70.
Initial frontier adoption is 23.39%.

Table 5: Demographic counterfactuals relative to replacement-level fertility and retirement
at age 70

Change in adoption

TFR = 1.6 −7.5%
TFR = 2.8 +7.4%
Retirement at 75, TFR = 2.1 +0.45%

Notes: Fertility rates are the illustrative long-run equivalents of annual cohort growth rates g =
−1%, 0, +1% under zero net migration, a fixed low-mortality schedule, and a 30-year generation length,
using TFR ≈ 2.1(1 + g)30.

Table 5 shows that population growth matters substantially for adoption. Relative to an
economy at replacement-level fertility, a total fertility rate of 1.6 lowers aggregate adoption
by 7.5%, while a rate of 2.8 raises it by 7.4%. By contrast, raising the retirement age by
five years has little effect on aggregate adoption because longer remaining work horizons
encourage adoption, while the higher share of older workers lowers it (Table 6).
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Table 6: Decomposition of the effect of raising the retirement age from 70 to 75

Component Change in adoption (%)

Longer work horizon, reference wages and age distribution +9.62
Wage response, reference age distribution −0.04
Change in age distribution −9.13

Total effect +0.45
Notes: Entries are changes expressed as percentages of reference adoption. Fertility is fixed at replace-
ment rate (g = 0). The decomposition first changes the work horizon while keeping wages and age
weights fixed, then substitutes the counterfactual wage path, and finally substitutes the counterfactual
age distribution.

8 Conclusion

Workforce aging hampers technology adoption. Within four years of a new technology’s
release, there emerges a divergence between young and old commuting zones that widens
over time. This pattern is robust across multiple proxies of adoption, and is driven by a
differential adoption cost between young and old commuting zones.

Building on the empirical evidence, we develop a parsimonious model linking worker be-
havior to firms’ technology adoption decisions, which separates three distinct mechanisms
driving the difference between old and young workers: shorter remaining work horizons, ex-
perience loss, and reduced learning efficiency. The calibrated model shows that demographic
policies can affect technology adoption in different—even opposing—ways. Falling fertility,
which slows the inflow of younger workers, lowers adoption by shifting the workforce age
distribution older: holding net migration at zero, moving from replacement-level fertility
to a total fertility rate of 1.6 reduces aggregate adoption by 7.5 percent. Raising the re-
tirement age has a more subtle effect: it makes the measured workforce older on average,
but also lengthens workers’ remaining horizon, which can increase adoption. Given how
common aging-related policies are, and how important technology is as a driver of growth,
policymakers need to think carefully before implementing policies that shift a region’s age
composition, since such policies do not all affect technology adoption in the same way.

Several limitations remain. We use job postings requiring software skills as a proxy for
direct technology use inside firms, and our analysis focuses on major IT software technologies
as canonical examples of skill-complementary technologies. While we believe the analysis
extends naturally to all skill-complementary technologies, this remains to be verified. The
model also abstracts from general equilibrium responses and focuses on retraining and adop-
tion following the arrival of one new technology. Future work should extend the framework to
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successive arrivals. Another promising direction is studying how generative AI by changing
the nature of learning costs themselves may reshape these dynamics. More broadly, the open
question is whether aging economies simply need different policy levers to sustain adoption,
or whether adoption capacity, once lost to an aging workforce, is difficult to recover.
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Appendix

A Technology Sample

Table 7: Modern technologies in the main sample and their legacy comparisons

Modern
technology

Release Category Legacy comparison

Apache Spark 2014 Data processing Hadoop MapReduce
React 2013 Front-end frame-

work
JavaScript / jQuery

Docker 2013 DevOps / deploy-
ment

Virtual machines / on-prem
deployment

Rust 2015 Programming
language

C/C++

Keras 2015 Machine learning Theano
Apache Hive 2012 Data query en-

gine
MapReduce / SQL work-
flows

Go 2012 Programming
language

C/C++

TypeScript 2012 Programming
language

JavaScript

Angular 2014 Front-end frame-
work

JavaScript / jQuery

Vue.js 2014 Front-end frame-
work

JavaScript / jQuery

Swift 2014 Programming
language

Objective-C

Kubernetes 2015 Container orches-
tration

Virtual machines / manual
deployment

Kotlin 2016 Programming
language

Java

Elasticsearch 2014 Search / indexing Apache Solr / Lucene
Ansible 2013 Infrastructure au-

tomation
Puppet
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B Index Distributions

Figure 11: Distributions of the difficulty and adoption-benefit indices

C Stability and Validity of LLM Measures

One concern is that LLM-based measures are sensitive to model choice or model vintage
and therefore not reliable enough on their own. Yin et al. (2026) show that LLM-based
occupational AI-exposure scores vary substantially across frontier models, and that these
differences can change downstream empirical conclusions. To address this concern, we check
the robustness of our LLM-based technology rankings across frontier model providers, Ope-
nAI and Anthropic, and validate the resulting indices against independent human survey
ratings.

The provider comparison is reassuring. For the difficulty index, OpenAI and Claude are
strongly aligned across the fifteen technology pairs, with a Pearson correlation of 0.93 and a
Spearman rank correlation of 0.92. The benefit indices are also strongly correlated, with a
Pearson correlation of 0.86 and a Spearman rank correlation of 0.86. Thus, while provider
choice changes some pair rankings, the overall ordering of technologies is stable enough that
the heterogeneity results are unlikely to be driven by arbitrary LLM noise.

Nonetheless, we might still be worried that the training materials or algorithms con-
tain shared biases. We therefore assess the LLM-based indices using an online survey of IT
professionals and students. The survey was distributed to the Yale Computer Science com-
munity and IT communities on Reddit, Discord, and LinkedIn. Data collection is ongoing,
and respondents include students, industry professionals, and professors.

To ensure response quality, we exclude incomplete responses as well as responses sus-
pected to be automated. We first remove any response with a CAPTCHA score, as de-
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termined by Qualtrics, of 0.6 or below out of 1.9 We next exclude responses completed
suspiciously quickly, defined as those with at least 16 answered rating items and a total
survey duration averaging under two seconds per answered rating item. We then drop exact
duplicates, along with near-identical responses completed within one hour of one another.
Two responses are considered near-identical if they share at least 24 of the 127 possible non-
missing rating items, covering at least 80% of each respondent’s answered items, and agree
on at least 95% of those shared ratings. Finally, we remove respondents with repeated an-
swer patterns—those who give the same answers across different technology pairs—as these
may indicate inattentive responding.

We additionally remove bursts of low-quality responses on suspicion of automation. We
flag all 60-second intervals containing at least five survey starts, at least half of which have
observed CAPTCHA scores below 0.5, and drop every response within such an interval.
After these exclusions, our sample contains 710 completed responses, of which 438 provide
usable difficulty and benefit ratings for at least one legacy–modern technology pair.

For each pair that a respondent can assess, we ask how much the modern technology
requires them to think in a fundamentally new way relative to the legacy technology and
how much new tooling and ecosystem knowledge must be learned. These two questions are
intended to parallel the LLM difficulty prompt. Each component is scored on a scale of 0
to 5. For benefits, respondents also evaluate the six components assessed by the LLM, from
"Much less beneficial" to "Much more beneficial." We then take the average of the available
items within each index and respondent–technology pair. Because respondents have their
own scale of evaluation given their knowledge of different technology pairs, we subtract each
respondent’s mean across the pairs they rated and then average these centered scores within
each technology pair.

The difficulty index is positively related to human judgments. Among the twelve pairs
with at least 20 human ratings, the respondent-centered difficulty index has a Pearson cor-
relation of 0.75 and a Spearman rank correlation of 0.75 with the LLM difficulty index.
Both survey components show positive agreement with the overall LLM difficulty index: the
corresponding correlations are 0.62 and 0.64 for new ways of thinking, and 0.79 and 0.73 for
new tooling and ecosystem knowledge.

Agreement is weaker for benefits, which is unsurprising given that respondents may have
different usage cases. Among the same twelve pairs, the respondent-centered benefit index
has a Pearson correlation of 0.21 and a Spearman rank correlation of 0.28 with the LLM
benefit index. When we examine the correlations of each component of the benefit index,
we find variability. Human ratings of code efficiency (number of lines needed to complete

9Responses with missing CAPTCHA scores are retained.
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the same task) are strongly correlated with the LLM’s code-simplicity scores, with Pearson
and Spearman correlations of 0.78 and 0.71, respectively, whereas the correlations for other
components are much smaller. This may be because code simplicity is easier to assess
consistently, whereas other components depend heavily on usage case and our sample size
is too small to capture all usage cases. Since we do not know whether the LLM benefit
index or the human-evaluated benefit index is more accurate, we re-ran the triple-difference
regressions with the latter as a check, as presented in Appendix D. The main conclusion for
the difficulty index remains robust. Overall, the survey provides stronger support for the
difficulty index than for the benefit index. The Table 8 summarizes the correlations for pairs
with at least 20 human ratings.

Table 8: Survey validation of LLM indices

Index Minimum ratings Pairs Pearson Spearman

Difficulty 20 12 0.75 0.75
Benefit 20 12 0.21 0.28

Notes: The sample contains 710 completed responses after the quality exclusions described
above, with 438 respondents contributing to each index. We average available items within each
respondent–technology pair, subtract each respondent’s mean across their rated pairs, and average
centered scores within pairs with equal respondent weights. Single-pair respondents contribute zero
after centering. Correlations are calculated across the twelve pairs with at least 20 distinct respon-
dents, giving each pair equal weight.
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D Additional Triple-Difference Results

Figure 12: Implied old-workforce adoption penalties at −1 and +1 standard deviation of the
benefit index, holding difficulty at its mean

The main text reports continuous-index triple-difference estimates for the preferred outcome:
new-technology ads as a share of all job ads. This appendix presents the corresponding
estimates for two secondary outcomes: new-technology ads per 100,000 workers and the
share of posting firms advertising for a new technology.
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(a) Difficulty index, postings per worker
(b) Benefit, postings per worker

(c) Difficulty index, firm margin
(d) Benefit, firm margin

Figure 13: Implied old-workforce adoption penalties at −1 and +1 standard deviation of the
continuous indices for secondary outcomes

Table 9 assesses sensitivity of the triple-difference results to permutation inference and the
exclusion of individual technologies. For both posting-based outcomes, the year-4 difficulty
interaction remains negative in every leave-one-technology-out specification, with permu-
tation p-values of 0.006 and 0.014. The year-4 benefit interactions, by contrast, are not
statistically distinguishable from zero under permutation inference. We therefore interpret
the benefit results cautiously.
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Table 9: Permutation and leave-one-out diagnostics for mechanism estimates

Outcome Index Year-4 coeff. Perm. p LOO range Same sign

Modern share of all ads Difficulty -0.0228 0.006 [-0.0245, -0.0189] 15/15
Modern share of all ads Benefit -0.0010 0.916 [-0.0056, 0.0007] 13/15
Modern ads per 100,000
workers

Difficulty -1.888 0.014 [-2.442, -1.511] 15/15

Modern ads per 100,000
workers

Benefit -0.250 0.776 [-0.955, -0.088] 15/15

Notes: The table reports year-4 coefficients from the continuous-index IV triple-difference spec-
ification for the two modern-technology outcomes. “Perm. p” is the two-sided randomization
p-value from 1,000 joint permutations of the technology-level difficulty and benefit scores across
technologies. “LOO range” is the minimum and maximum coefficient from re-estimating the spec-
ification after omitting each technology in turn. “Same sign” reports the number of leave-one-out
estimates with the same sign as the baseline estimate. Both outcomes are unweighted.

D.1 Human-Rated Benefits

As a further robustness check, we replace the LLM-based benefit index with the respondent-
centered human benefit index described in Appendix C, while retaining the LLM-based
difficulty index. We restrict the analysis to the twelve technology pairs with at least 20
usable human benefit ratings. Figure 14 reports the human-benefit specification for new-
technology ads as a share of all job ads. The difficulty gradient remains increasingly negative
after release when we control for human-rated benefits.
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Figure 14: Triple-difference estimates using human-rated benefits: new-technology share of
all ads
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Figure 15: Triple-difference estimates using human-rated benefits: new-technology ads per
100,000 workers
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Figure 16: Triple-difference estimates using human-rated benefits: share of firms posting
new technology

E Weighted Results

Figure 17 reports weighted versions of the all-ad-share, postings-per-worker, and firm-share
outcomes. The weights vary by outcome: total job postings for all-ad shares, workforce size
for postings per worker, and the number of posting firms for firm shares. Each weight is
summed over the available pre-release years in the event window and held fixed over time,
avoiding weights that depend on post-release changes in these denominators.
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Figure 17: Weighted IV event-time estimates

F Fixed Technology Composition

Because release years differ across technologies, longer event-time horizons are supported by
different sets of technologies. Our estimates may therefore mix the actual causal effect with
technology composition effect. As a common-support check, Figure 18 restricts the sample to
the thirteen technologies observed in every event year from −3 through 3: Ansible, Docker,
Elasticsearch, Hive, Keras, Kotlin, Kubernetes, React, Rust, Spark, Swift, TypeScript, and
Vue. The qualitative results remain the same.
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(a) Modern share of all ads (b) Modern ads per 100,000 workers

(c) Firm margin (d) Matched-pair modern share

Figure 18: Common-support IV event-study estimates using a fixed set of technologies from
event time −3 through 3

G Other Robustness Checks

Figure 19 reports a robustness check that adds the number of local colleges and universities in
2000, interacted with event time, to the preferred IV specification. This addresses one of the
main remaining balance concerns: older predicted-age CZs show some remaining difference
in baseline university capacity and research infrastructure.
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Figure 19: IV event-time estimates additionally controlling for university capacity

Figure 20 compares the estimated age gradient for the college-educated workforce with
the corresponding gradient for workers with less than a high school degree across the all-
ad-share, posting-count, and firm-level outcomes. The negative age gradient is concentrated
in the college-educated margin, while the less-than-high-school coefficients are small and
statistically insignificant. This pattern is consistent with the high-skill nature of the frontier
software technologies studied here.
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Figure 20: IV event-time estimates by education margin: college-educated versus less-than-
high-school aging

Figure 21 reports a robustness check that augments the preferred state-by-year spec-
ification, beyond the baseline industry and college-share controls, with the local share of
managers age 50 and older in 2011 interacted with event time. The manager-age coeffi-
cients are indistinguishable from 0 across all outcomes, while the estimated coefficients on
the college-educated old-worker share remain close to the baseline results.
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Figure 21: IV event-time estimates additionally controlling for manager age structure

H Event-Time First-Stage Diagnostics

Table 10 reports equation-specific effective first-stage F -statistics following Montiel Olea and
Pflueger (2013). These statistics describe instrument strength in each first-stage equation.

46



Table 10: Event-time-specific effective first-stage statistics

Event time Effective F

-4 104.6
-3 111.3
-2 115.1
0 118.1
1 117.7
2 115.8
3 110.9
4 102.9

Notes: The sample contains 84,455 observations in 665 commuting zones. The estimation sample is
restricted to −4 ≤ τ ≤ 4. All eight excluded event-time interactions enter each first stage; the reference
period is t = −1. Controls and fixed effects match the preferred stacked IV specification. Let Z
denote the excluded instruments residualized against these controls and fixed effects, π̂k the first-stage
coefficients for endogenous interaction k, and ûck the corresponding residuals in commuting zone c.
We report Feff,k = π̂′

kQπ̂k/ tr(Q−1Ŝk), where Q = Z ′Z and Ŝk =
∑

c Z ′
cûckû′

ckZc. Covariances are
clustered by commuting zone, without finite-sample corrections.

I Rotemberg Weight Decomposition

Following Goldsmith-Pinkham et al. (2020), we assess which source cohorts actually iden-
tify the cohort-survival IV by decomposing the college-aging instrument into cohort-level
Rotemberg weights. Figure 22 plots the absolute cohort weights ordered by source age. The
four largest source cohorts account for about 59 percent of total absolute weight, and the
six largest account for about 80 percent, so the identifying variation is quite concentrated.
Lagged shares of older workers feed directly into the future old-worker share, while lagged
shares of younger workers reduce it through the denominator.
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Figure 22: Absolute Rotemberg weights for the college-aging IV

J External Calibration Profiles

Figure 23 compares the controlled PIAAC age profile with the data and shows the implied
learning-efficiency mapping. The score regression controls for sex, education, and survey
wave. The estimated decline is 0.0171 standard deviations per year. The right panel translate
this into learning profile under our current mapping assumption.
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Figure 24 shows the original ACS experience–earnings fit used to obtain Kmax = 0.883
and ρK = 0.131. The sample comprises college-educated computer workers working full-time
and full-year in the 2011 ACS. The age profile controls for commuting zone, occupation,
education, sex, and race.

Figure 24: ACS age–earnings profile and the original experience-profile fit
Notes: Points are coefficients for five-year age groups, relative to ages 22–26; bars show 95% confidence
intervals.

K Model Aggregation and Numerical Solution

K.1 Cohort Aggregation

Calendar time t measures years since the frontier arrives, while s measures years since a
worker’s technology choice. For an initial worker, these coincide. A worker entering at date
u > 0, however, faces wages wu+s. Define discounted earnings at decision date u by

BI(a; u) =
∫ T −a

0
e−rswu+sK

(
XI(a, s)

)
ds,

BF (a; u, ϕ) =
∫ T −a

0
e−rswu+sK

(
XF (a, s; ϕ)

)
ds.

(15)
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The aptitude cutoff at that date is

z∗(a; u, ϕ) = BI(a; u) + c(a, ϕ)
αBF (a; u, ϕ) . (16)

At u = 0, this is the cutoff in equation (11). Future entrants have to make the decision at
entry. Once chosen, the decision is irreversible.

For computation, we represent ages and entry cohorts at annual intervals. Let n0(a)
denote the initial mass of workers aged a, with ∑T −1

a=0 n0(a) = 1, and let nu be the mass
entering at date u ≥ 1. Let G(z) be the aptitude distribution, common across ages and
entry cohorts. Define

qI(x) = G(x), qF (x) =
∫ ∞

x
z dG(z).

The first term is the fraction choosing the incumbent technology. The second is frontier
aptitude summed over adopters per unit of cohort mass; it incorporates both the fraction
adopting and their aptitude. With continuous aptitude, ties at the cutoff have zero proba-
bility.

Effective labor under the incumbent technology is

LI,t =
T −t−1∑

a=0
n0(a) qI

(
z∗(a; 0, ϕ)

)
K
(
XI(a, t)

)

+
t∑

u=max{1,t−T +1}
nu qI

(
z∗(0; u, ϕ)

)
K
(
XI(0, t − u)

)
,

(17)

and effective labor under the frontier technology is

LF,t = α
T −t−1∑

a=0
n0(a) qF

(
z∗(a; 0, ϕ)

)
K
(
XF (a, t; ϕ)

)

+ α
t∑

u=max{1,t−T +1}
nu qF

(
z∗(0; u, ϕ)

)
K
(
XF (0, t − u; ϕ)

)
.

(18)

In each equation, the first sum covers initial workers who have not retired, and the second
covers subsequent entrants still working at date t. Empty sums are zero. The initial-worker
terms therefore disappear once t ≥ T .

K.2 Numerical Solution

The default numerical horizon represents wage paths at annual dates from t = 0 through
t = 150. Within each annual interval, wages are interpolated linearly, and discounted life-
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time earnings are evaluated using four-point Gauss–Legendre quadrature. To evaluate the
earnings of workers whose careers extend beyond the final date, we extend log wages at the
rate (θ − 1) log(1 + g), where g is the annual growth rate of entering cohorts. This is the
wage growth rate implied by equation (5) when effective labor grows at rate g.

For each parameter vector, we initialize log wages at zero. Given a wage path, we calcu-
late adoption cutoffs for initial workers and future entrants using equation (16), aggregate
effective labor using equations (17)–(18), and obtain an implied wage path from equation (5).
Let ℓ

(k)
c,t be the current log wage in commuting zone c, and let ℓ̂

(k)
c,t be the log wage implied

by the resulting labor supply. We update wages according to

ℓ
(k+1)
c,t = ℓ

(k)
c,t + 0.45

(
ℓ̂

(k)
c,t − ℓ

(k)
c,t

)
.

The default stopping criterion is

max
c,t

∣∣∣ℓ̂(k)
c,t − ℓ

(k)
c,t

∣∣∣ < 2 × 10−10.

The solver allows at most 600 iterations and reports a failure if this criterion is not met.

L Alternative Calibration Without Experience Loss

This appendix reports the alternative calibration summarized at the end of Section 7.2.
Table 11 reports the results. Column (2) reproduces the baseline calibration from Table 3.

Column (3) imposes no experience loss while holding learning efficiency at the PIAAC-based
value λχ = 0.0171. This specification cannot match the targets: the frontier advantage α is
driven to its lower bound of one, the cross-market age coefficient is essentially zero (+0.001
against a target of −0.230), and the frontier earnings premium is overstated by roughly
60%. Without experience loss, and with learning efficiency declining only as fast as mea-
sured problem-solving performance, the model generates almost no cross-market relationship
between workforce age and adoption.

Column (4) instead lets λχ adjust. The resulting parameter implies that a worker aged 65
is only 14.6% as effective in learning as an entrant worker, against 56.5% under the PIAAC
mapping. The restricted model also fares worse on the untargeted moment. The standard
deviation of frontier residual log earnings falls to 0.099 from the baseline 0.251, compared
with 0.232 in the data. Additionally, the aptitude dispersion is also heavily compressed,
down to 0.032 from 0.436. This exercise supports our overall conclusion that experience loss,
not cognitive decline, is the major driver of the age-related adoption gap.
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Table 11: Calibration without experience loss

No experience loss

Data Baseline λχ at PIAAC λχ free
(1) (2) (3) (4)

Learning efficiency
Cognitive decline λχ — 0.0171 0.0171 0.1300
Multiple of PIAAC value — 1.00 1.00 7.59
Learning efficiency at age 65 — 0.565 0.565 0.146

Estimated parameters
Frontier productivity advantage α — 1.517 1.000† 1.102
Aptitude dispersion σε — 0.436 0.081 0.032
Technology difficulty ϕ — 1.579 0.614 0.804

Targeted moments
Frontier posting share (%) 24.94 24.94 27.14 24.94
Cross-market age coefficient −0.230 −0.230 0.001 −0.230
Frontier log-earnings coefficient 0.0779 0.0779 0.1234 0.0779

Untargeted moment
Frontier residual log-earnings SD 0.2323 0.2514 0.1286 0.0988

Notes: Column (2) is the baseline calibration of Table 3. Columns (3) and (4) remove the loss of
incumbent experience upon adoption. Column (3) fixes λχ at its PIAAC-based value while column (4)
searches over λχ and reports the value at which all three targeted moments are matched.

M LLM Index Construction

The construction uses OpenAI GPT-5.4 for the rating while the cross-comparison provider
uses Anthropic Claude Sonnet 4.6. This appendix describes the prompting protocol used
to construct the difficulty and adoption-benefit indices. The implementation uses the same
template for every legacy–modern technology pair, replacing only the legacy and modern
technology names.

M.1 Difficulty Index

For each technology pair, the model is asked to act as an expert technical instructor designing
a workforce training plan. It is given the legacy technology, the modern technology, and a
common learner profile: a developer with two years of professional experience in the legacy
technology, strong computer-science fundamentals, debugging ability, and approximately ten
focused learning hours per week while working.

The model is asked to rate two components on a zero-to-five scale. The first component is
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the conceptual shift: whether the move mainly involves syntax and API changes, or instead
requires a substantially different mental model, architecture, or debugging approach. The
second component is tooling and environment burden: whether the move uses essentially
the same development environment, or instead requires a new operational stack, deployment
workflow, observability setup, or infrastructure ecosystem.

M.2 Adoption-Benefit Index

For each technology pair, the model is asked to act as an expert software engineer assessing
the practical benefit of the modern technology relative to the legacy technology in typical
real-world production use. The model is instructed to evaluate the use cases that most
plausibly motivate adoption of the modern technology, not to reward popularity or trendiness
by itself, and to ground ratings in concrete technical differences.

The model rates six dimensions on an eleven-point scale from −5 to 5, where negative
values mean the modern technology is deemed worse than the legacy technology, zero means
no meaningful benefit, and positive values mean the modern technology is better. The six
dimensions are:

1. code simplicity: reductions in code complexity, verbosity, boilerplate, or implementa-
tion burden;

2. runtime efficiency: improvements in speed, throughput, latency, or resource use;

3. feasibility at production scale: whether the modern technology makes important pro-
duction tasks feasible, robust, or scalable when the legacy technology would require
major workarounds;

4. maintainability: improvements in long-run support, tooling, libraries, documentation,
testing, debugging, upgrades, observability, and developer availability;

5. safety and reliability: reductions in bugs, crashes, data corruption, security vulnera-
bilities, race conditions, memory errors, or operational failures;

6. flexibility: the ability to define custom logic, modify workflows, compose components,
adapt to nonstandard requirements, or avoid reliance on fixed pre-built solutions.

For each pair, the benefit index averages the six dimension scores and then standardizes
the resulting pair-level value across the fifteen technology pairs. Higher values therefore
indicate modern technologies that offer larger practical production advantages relative to
their legacy counterparts.
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