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Abstract

Leveraging a near-universe of U.S. online job postings alongside task descriptors from
2005 to 2024, this paper documents a substantial increase in skill mixing—the integration of
skills previously specific to other occupations. This trend is especially pronounced in lower-
skill occupations, and is shaped by mixed skills that originate in high-skill jobs and are
biased toward non-routine computer and analytical skills. This rise is further corroborated
when measured by an intensive margin of skill balancing. To explain these patterns, I
examine the impact of breakthrough general-purpose technologies (GPTs)—innovations
that are simultaneously highly novel and broadly applicable—identified using patent
data and mapped to occupational usage. Event-study estimates show that exposure to a
breakthrough GPT raises the number of mixed skills by about 4 percent on impact—an
effect that persists—and increases wages and employment by 2.7 and 8.5 percent within six
years, with effects concentrated in low-skill occupations. A calibrated multidimensional
matching model with endogenous occupation design attributes the breakthrough GPT
driven rise in mixing primarily to greater complementarity among skills and more convex
occupational costs, which also contribute to aggregate occupation wage gaps and nearly
half of the changing employment ratios.
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The nature of work in the United States has undergone profound changes in recent decades.
A large literature shows that technological change has reduced demand for routine tasks
while raising the importance of non-routine cognitive and social skills (e.g., Autor, Levy, and
Murnane 2003; Acemoglu and Autor 2011; Deming 2017). Studies of industrial robots provide
a stark example of technology’s potential to displace workers (Acemoglu and Restrepo 2020).
However, as occupational skill demands evolve, it remains unclear whether employers are
favoring a specific set of skills or seeking a broader range of skills. This distinction matters: if
employers redesign jobs to combine a broader set of skill requirements, this would indicate
stronger complementarity and could raise productivity and labor market returns.

This paper studies “skill mixing”—the tendency for employers to bundle together skill
demands that were previously seen in different occupations—and examines its drivers and
labor market consequences. I begin by constructing comprehensive data sources of employer
skill demands. First, I leverage the near-universe of online job postings from Lightcast
(formerly “Burning Glass”) between 2010 and 2024 to capture real-time shifts in the extensive
margin of skill demand. Lightcast systematically scrapes over 220,000 online sources, including
job boards and corporate career pages, and parses vacancy text into a taxonomy of more
than 33,000 skills, which allows me to track detailed skill demands.! Second, I complement
Lightcast with the Occupational Information Network (O*NET), which provides stable, task-
based measures of occupational requirements derived from job incumbent surveys. To
quantify the intensive margin of these changes, I introduce a “mixing index” calculated as the
cosine similarity between an occupation’s skill vector and a perfectly balanced unit vector,
where a higher index indicates a more balanced skill portfolio.

To characterize skill mixing in the U.S. labor market, I begin by decomposing changes
in skill demand using the Lightcast data. I find that the composition of occupational skills
has churned significantly: nearly half (47.6 percent) of the skills observed in 2024 were
not present in the same occupations in 2010, and almost all of these “new” requirements
are “mixed skills”-skill requirements that appeared in other occupations in 2010.> This

pattern is especially pronounced in low-skill occupations, such as Operators and Elementary

!While Lightcast job postings are not a random sample of all vacancies, several recent studies document
that they closely track administrative benchmarks of aggregate vacancy flows and cross-sectional occupational
distributions (Lightcast 2024; Tsvetkova et al. 2024). A growing literature relies on the parsed skill information
to document changing skill demands, including Deming and Kahn (2018), Hershbein and Kahn (2018), and
Braxton and Taska (2023). Following Kim, Merritt, and Peri (2024), I reduce redundancy by merging roughly
2,000 skills that appear similar using cosine similarity of skill embeddings.

Three other categories appear in this decomposition: "retained skills" are those present in the occupation
in both 2010 and 2024; "new skills" are those present in 2024 that did not exist in any occupation in 2010; and
"obsolete skills" are those present in 2010 but absent by 2024. Unlike mixed skills, these categories capture the
persistence, emergence, or disappearance of skills rather than their diffusion across occupations.



occupations.® The importance of skill mixing remains when measured by the share of postings
that contain mixed skills and is robust to controls for occupational composition, regional
composition, and labor supply.

Three stylized facts further characterize the nature of skill mixing. First, mixing follows
a clear hierarchy. A force-directed network of skill flows shows that the mixed skills in
lower-skill destination occupations predominantly originate in high-skill occupations (such as
Professionals) rather than in other lower-skill occupations. Second, the content of mixing is
tilted toward computer and analytical skills, including categories such as IT and marketing,
which are general-purpose in nature; by contrast, domain-specific and routine skills, such as
architecture or facilities management, are underrepresented.* Third, the rise in skill mixing is
corroborated by the intensive margin of skill balancing: the mixing index has also increased
over time during this period, and this trend appears when using O*NET data as well.”

What drives the rise in skill mixing? I examine the impact of breakthrough general-
purpose technologies (GPTs)—innovations that are simultaneously highly novel and broadly
applicable. I construct a new measure of exposure to breakthrough GPTs by combining patent
data from the USPTO PatentsView database with O*NET technology descriptors. Following
the methodology of Kelly et al. (2021), I define a patent as a "breakthrough" if it is textually
distinct from prior patents but highly influential for citing patents. I combine this with the
generality index of Hall, Jaffe, and Trajtenberg (2001) to isolate technologies that impact a
broad range of sectors. Using high-dimensional vector embeddings, I link these patents to
specific O*NET technology descriptors to measure occupational exposure. The occupational
composition of these patents reveals a distinct pattern: while standard breakthrough patents
remain concentrated in high-skill roles like Professionals and Technicians, breakthrough GPTs
show a broader occupational composition and are more low-skill oriented.

To estimate the causal impact of breakthrough GPT, I employ a dynamic difference-in-
differences design with staggered adoption following De Chaisemartin and d"Haultfoeuille

(2024).° 1 find that exposure to a breakthrough GPT leads to a sharp, persistent increase

31 use the ISCO occupational classification as it is the taxonomy provided in the Lightcast data. I show that
the main patterns of skill mixing are robust when using the Census SOC classification.

4The classification follows two distinct approaches: (i) the standardized Lightcast Open Skills taxonomy, which
groups skills into broad career areas such as "Information Technology" and "Finance"; (ii) Routine/Non-Routine
(RNR) categories drawn from the task-based literature.

5To address O*NET’s staggered updating schedule, I clean the data by focusing on broad intervals (2005-2024)
during which occupations were updated at least twice. I further restrict the analysis to task descriptors derived
exclusively from job incumbent surveys to ensure longitudinal consistency and avoid potential biases from
analyst ratings.

®Recent econometric literature demonstrates that in staggered adoption designs with heterogeneous treatment
effects, standard Two-Way Fixed Effects (TWFE) estimators can yield biased results due to the negative weighting
of earlier-treated units. The De Chaisemartin and d’Haultfoeuille (2024) estimator addresses this by isolating
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in skill mixing.7 Specifically, the number of mixed skills required in an occupation rises
by approximately 4 percent upon impact and an accumulated 11 percent in six years; the
mixing index rises by an accumulated 1.6 points over the same horizon. This average effect,
however, masks substantial heterogeneity. Splitting the sample by skill level reveals that for
low-skill occupations, exposure leads to a sizable increase in the accumulated number of
mixed skills (14 percent) and a significant rise in the mixing index (1.8 points) over a six-year
period. In contrast, high-skill occupations experience a much smaller rise in the number of
mixed skills (5 percent) and a statistically insignificant change in the mixing index. This result
establishes breakthrough GPTs as the primary driver of the substantial skill mixing observed
in lower-skill occupations.

These shifts translate into tangible economic returns that mirror the heterogeneity in
skill mixing. Among low-skill occupations, exposure to breakthrough GPTs leads to a
statistically significant 2.7 percent increase in hourly wages and an 8.5 percent increase
in employment over six years. In contrast, the effects are smaller and statistically weaker
for high-skill occupations. These findings reinforce the hierarchical skill demand diffusion:
breakthrough GPTs allow high-value, non-routine tasks (such as IT and design) to be bundled
into traditionally manual or routine jobs, effectively upskilling lower-skill roles. Unlike
standard automating technological change that predicts displacement, these results suggest
that breakthrough GPTs complement low-skill work, increasing the marginal product of labor
and raising both pay and employment as employers expand the set of skill demands.

To provide a structural interpretation of the effects of breakthrough GPTs, I develop a
multi-dimensional matching model in which firms choose their optimal skill requirements by
balancing the production benefits of bundling skills against the convex costs of organizing
complex tasks, taking into account the complementarity across different skills, the efficiency
of each skill, and worker skill supply.® I calibrate the model to match the causal response of
skill mixing to breakthrough GPTs and key moments of the U.S. labor market. Counterfactual

analysis reveals that breakthrough GPTs” impact on skill mixing is overwhelmingly driven by

the treatment effect through comparisons of switchers to stable control units, while also accommodating the
non-absorbing nature of GPT exposure, where occupations may be treated multiple times.

7T measure outcomes at the commuting zone-by-occupation level because it allows me to leverage within-
zone variation in occupational composition while adjusting for broader local economic shocks. This level
of aggregation captures equilibrium adjustments in local labor markets—where labor supply and demand
interact—while permitting the inclusion of commuting zone-by-year and occupation-by-year fixed effects to
isolate the specific impact of technological exposure.

8The model is embedded in a directed search environment where firms post contracts specifying both wages
and skill requirements. This structure is critical for tractability: it renders the equilibrium block recursive,
allowing me to solve for the firm’s optimal skill demands and prices independent of the complex distribution
of workers in the high-dimensional skill space. This property bypasses the "curse of dimensionality” typically
found in matching models with heterogeneous agents (Menzio and Shi, 2010).



technological shifts. Higher skill complementarity accounts for 73 percent of the GPT-driven
increase in skill mixing, and changes in occupational skill costs contribute 25 percent, while
changes in skill efficiencies and shifts in worker skill supply play a minimal role. These
two forces also drive the aggregate increase in the wage gap between high- and low-skill
occupations, and nearly half of the employment gap during this period.

The rest of the paper is organized as follows. The next section reviews the literature
and outlines contributions. Section II presents the data and descriptive facts on skill mixing.
Section III establishes the causal role of breakthrough GPTs and their labor market effects.
Section IV details the multi-dimensional matching and counterfactual analyses. Section V

concludes.

I Literature Review

I study labor market dynamics focusing on the phenomenon of skill mixing. This work
connects to the vast literature on long-term skill demand and technological change (e.g.,
Autor, Levy, and Murnane 2003; Goldin and Katz 2010; Acemoglu and Autor 2011). However,
unlike studies that focus on demand that is either skill-biased or task-biased, I study skills in
mixtures and document a structural shift toward a broader range of skills, where employers
increasingly mix skills that were previously specific to other occupations. These findings
on the importance of skill recombination within occupations align with recent evidence that
within-occupation variation in task content is a key margin of changing skill demand (Atalay
et al. 2020; Freeman, Ganguli, and Handel 2020).”

My analysis also connects to the emerging research on skill demand shifts using real-
time job posting data. Recent studies establish that skill requirements in job postings are
heterogeneous and predictive of firm performance (Atalay and Sarada, 2020; Deming and
Kahn, 2018), shift toward higher requirements during recessions (Hershbein and Kahn, 2018),
and can generate earnings losses when displaced workers lack specific new skills (Braxton
and Taska, 2023). This paper instead studies the mixing of skills driven by breakthrough
GPTs. Complementing the view of upskilling as an increase in requirements or a source
of displacement, I show that skill mixing represents a hierarchical broadening of job roles,
where high-skill, non-routine skills are integrated within lower-skill occupations. I document
that this bundling of complex skills, driven by breakthrough GPTs, generates innovational

complementarities that raise wages and employment for low-skill workers.

9Extracting task information from job ads, Atalay et al. (2020) reveal that major job content changes from 1950
to 2000 occurred within occupations, a trend that Freeman, Ganguli, and Handel (2020) find continues post-2000.



This paper directly contributes to the literature analyzing the impact of GPTs. While early
literature was largely theoretical (e.g., Helpman and Trajtenberg 1994), empirical evidence
highlights that the diffusion of GPTs, such as the steam engine, is often a slow process
constrained by the need for downstream sectors to adapt (e.g., Crafts 2004). Recent research
emphasizes that GPTs raise productivity not only through direct effects but also by inducing
costly organizational changes and complementary intangible investments (Brynjolfsson, Rock,
and Syverson 2021; Juhdsz, Squicciarini, and Voigtlander 2024). In the context of Information
and Communications Technology (ICT), this mechanism is considered to explain both the
U.S. productivity advantage (Bloom, Sadun, and Reenen 2012) and the evolution of labor
demand (Katz and Murphy, 1992; Autor, Levy, and Murnane, 2003). However, fewer studies
cleanly measure exactly how job requirements themselves reorganize—specifically through
the bundling or mixing of different skills—as GPTs diffuse. I provide direct evidence that
breakthrough GPTs induce skills to be mixed from high-skill occupations into lower-skill jobs,
and evaluate the resulting consequences for wages and employment.

Theoretically, I interpret these findings using a multi-dimensional matching model with
endogenous occupation design, extending the literature on matching with multidimensional
heterogeneity (e.g., Lindenlaub 2017; Lise and Postel-Vinay 2020; Ocampo 2022). Recent
literature on multidimensional matching (e.g., Yamaguchi 2012; Lindenlaub 2017; Lise and
Postel-Vinay 2020) explores the assortativeness of matching and worker skill evolution. I
extend this by examining firms” endogenous skill demand trade-offs in a general equilibrium
framework. By allowing firms to optimally design skill bundles subject to convex complexity
costs—following the spirit of Acemoglu (1999)—the model rationalizes why breakthrough

GPTs increase skill mixing.

II The Mixing of Skills in the U.S. Labor Market

How have the skill demands of U.S. occupations evolved over the past decade? I begin
by documenting a key feature of the U.S. labor market from 2010 to 2024: the increasing
prevalence and intensity of skill mixing across occupations, using detailed vacancy-level
data from Lightcast and supplemented with task-based occupation-level data from ONET. I
tirst present evidence that the breadth of skills required within occupations in job postings
has expanded over time, driven by cross-occupation skill mixing. To better understand the
structure of skill mixing, I apply network analysis to visualize the flow and composition
of skills that are mixed across occupations. Finally, I cross-validate these findings using

ONET data, employing an angle-based vector similarity measure constructed from a smaller,



harmonized set of skills. This confirms that the trend toward skill mixing is also reflected in

established task-based measures.

II.LA Skill Mixing in Job Postings

Data and Measurement: To analyze the evolution of skill mixing, I primarily rely on the
Lightcast database (formerly "Burning Glass Technologies"), spanning the period from 2010
to 2024. This dataset covers a near-universe of online job postings in the United States,
compiled by systematically scraping over 220,000 online sources, including major job boards
and corporate career pages (Lightcast 2024). Lightcast parses the raw text of millions of
vacancies into detailed, high-frequency fields on employer demand (e.g., job title, location,
occupation). Further, Lightcast applies a two-step de-duplication process that identifies newly
scraped ads and then compares fields within a 60-day window to remove repeated listings.
While Lightcast does not provide a random sample of vacancies, benchmarking exercises
indicate that its U.S. series and cross-sectional distributions align with official sources.’
Importantly, Lightcast parses detailed skill requirements from raw vacancy text, and prior
work uses this information to study trends in job skill demand (Deming and Kahn 2018;
Hershbein and Kahn 2018; Braxton and Taska 2023). The database includes a taxonomy of
over 33,000 continuously updated skills. To reduce redundancy, I consolidate about 2,000
near-duplicate skills using cosine similarity from embeddings, choosing the threshold based

on the lowest similarity score within O*NET modules (Kim, Merritt, and Peri 2024).

Broad Pattern: How have occupational skill demands changed over time? To answer this
question, I decompose employer skill requirements between 2010 and 2024 using Lightcast
job posting data. Figure 1 illustrates this composition, classified at the 4-digit ISCO level and
averaged within 1-digit occupational groups. I group skills into four categories: (i) retained
skills, which remain within the same occupation throughout this period; (ii) new skills, which
emerge by 2024 but were not present in 2010; (iii) obsolete skills, which appear in 2010 but
disappear by 2024; and finally, (iv) mixed skills, which appear in an occupation in 2024 but
were not listed for that occupation in 2010 and instead appeared in other occupations in 2010.

The main finding of Figure 1 is that a large part of employer skill demand changes be-

10Using active postings, Lightcast reports that since 2013 it captures, on average, 92.6 percent of Job Openings
and Labor Turnover Survey (JOLTS) job openings, and that the Lightcast and JOLTS series have a correlation
of 0.87. It also reports strong alignment with Occupational Employment and Wage Statistics (OEWS) in the
distribution of postings across SOC major groups (correlation 0.74) and across states (correlation 0.98) from May
2021 to May 2022. Lightcast notes that jobs not posted online are often in small businesses and union hiring halls,
and the OECD documents that online postings track official distributions well but can remain systematically
over- or under-represented in specific sectors, occupations, and regions (Lightcast 2024; Tsvetkova et al. 2024).



Figure 1: Composition of Skills in US Job Postings, 2010 to 2024
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Notes: Panel (a) presents the distribution of skill types across major occupational groups in the United States,
distinguishing four categories of skills based on their emergence and persistence over time. The occupation
classification follows International Standard Classification of Occupations (ISCO), with calculations first
conducted at the 4-digit level and then averaged at the 1-digit level. Values are expressed in thousands, and
declining skills are plotted below the horizontal axis for visual clarity. Panel (b) presents the share of job
postings in each 1-digit ISCO group that require at least one mixed skill.

Table 1: Annual Changes in Skill Mixing

Log number of mixed skills Mixing posting share (%)

) @) ) 4) (5) (6)

Year 0.15**  (0.16***  (0.16*** 1.61%%  1.63%%  1.72%**
[0.00] [0.00] [0.00] [0.01] [0.01] [0.02]

Czone x Occ v v v v

Worker controls v v

Notes: This table reports estimates of the annual increase of skill mixing (captured by the variable “Year”)
using different occupational skill mixing measures. Columns (1)-(3) use the log number of mixed skills as
the dependent variable; columns (4)—(6) use the percentage of postings that mix skills. Standard errors are
clustered at the czone level. Statistical significance: ***p < 0.01, **p < 0.05, *p < 0.10.

tween 2010 and 2024 occurred through the mixing of existing skills across occupations. On
average, 47.6 percent of the skills observed in occupations in 2024 were not present in the
same occupation in 2010, and 45.4 percent of these newly observed skills were mixed in from
other occupations. This pattern holds across all major occupational groups. While high-skill
occupations demand the largest number of mixed skills, the share of mixing is higher in

low-skill occupations.

Robustness checks: One concern is that a simple count of skills may not reflect their impor-



tance. Panel (b) addresses this by examining the percentage of postings that require at least
one mixed skill. This measure reveals that skill mixing is widespread and disproportionately
high in lower-skill occupations. Specifically, 48 to 62 percent of postings in Skilled Agriculture,
Craft Workers, Machine Operators, and Elementary occupations require mixed skills, com-
pared to 28 to 38 percent in high-skill occupations. Another concern is that the granularity of
the occupational classification affects these shares, as broader occupation groups would yield
lower measured levels of mixing. However, online Appendix A.3 shows that the same patterns
persist using an alternative 3-digit OCC classification. Across occupations, mixed skills remain
significant, averaging 49 percent for low-skill and 37 percent for high-skill occupations.
Further, one may worry that the upward trend reflects shifts in occupational composition,
regional composition, or labor supply (for example, rising education or demographic change),
rather than changing labor demand. Table 1 addresses this by estimating the annual time
trend in skill mixing while adjusting for occupation groups and commuting zones, as well as
for local labor market composition, which includes the local shares of female, racial minority,
and college-educated workers, along with age structures and unemployment rates. Columns
(1)—(3) use the log number of mixed skills; Columns (4)—(6) use the share of postings requiring
at least one mixed skill. The baseline specifications imply a strong upward trend: mixed
skills rise by about 0.15 log points per year and the mixed-posting share by about 1.61
percentage points per year. These estimates remain stable, and even slightly larger, when
adding commuting zone-by-occupation fixed effects and the full set of worker controls, with
the trend settling around 0.16 for the count measure and 1.72 percentage points for the
posting share. This stability indicates that the rise in skill mixing is not merely driven by the

composition of occupations, regions, or labor supply.

ILB Network and Content of Skill Mixing

To understand the skill mixing in the United States between 2010 and 2024, I conduct two
analyses. First, I use a network analysis to examine the direction of skill flows across occupa-
tions, identifying which occupations serve as the main sources of skill mixing and which act
as destinations. Second, I examine the composition of mixed skills within occupations across

skill categories to examine the content of skill mixing.

Network of skill mixing: Figure 2 panel (a) first visualizes the flow of skill mixing across

occupational groups between 2010 and 2024 using a force-directed network.!! Each node

"The network layout is generated using a force-directed algorithm, which treats nodes as repelling particles
and edges as springs that pull connected nodes together. The system simulates these forces to reach a stable



Figure 2: Network of Occupational Skill Mixing, 2010-2024
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Notes: This figure visualizes the network structure of occupational skill mixing and the co-occurrence of five
major skill categories within U.S. job postings from 2010 to 2024. Panel (a) displays a force-directed network of
skill transfer across 4-digit ISCO occupations, where each node represents an occupation and edge weights
reflect the number of shared new skills between occupations. Panels (b) and (c) depict co-occurrence networks
of major skill categories in 2010 and 2024, where each node corresponds to a skill group and edges represent
the share of job postings in which two skills appear together. The table shows how changes in the prevalence
of mixed skills within 4-digit ISCO occupations relate to shifts in the intensity of major skill categories. Skill
intensity is defined as the share of job postings within each 4-digit ISCO occupation that include the relevant
keywords. All variables in the table are expressed as year-on-year differences, and the regression includes year
and occupation fixed effects.

represents an ISCO one-digit occupation, and each directed edge captures the extent to which
skills appearing in one occupation in 2010 also appear in others in 2024. The thickness of
the edge corresponds to the count of skills. The network reveals that high-skill occupations

such as Professionals and Technicians are key sources of skill mixing. In contrast, low-skill

equilibrium, so that occupations sharing more mixed skills are positioned closer, while those with fewer shared
skills are pushed apart—naturally revealing clustering patterns.



Figure 3: Relative Skill Mixing Intensity Across Categories
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Notes: This figure presents the distribution of skill types across major occupational groups in the United
States, distinguishing four categories of skills based on their emergence and persistence over time. The
occupation classification follows International Standard Classification of Occupations (ISCO), with calculations
first conducted at the 4-digit level and then averaged at the 1-digit level. Values are expressed in thousands,
and declining skills are plotted below the horizontal axis for visual clarity.

occupations such as Elementary occupations, Skilled agriculture, and Craft and related trades
appear more as recipients than sources.

Panel (b) focuses on Professionals, which emerge as a dominant "origin" of skill mixing. For
example, over 4,600 skills originating from Professionals appear in Elementary occupations
and among Operators and assemblers. However, there is significantly less mixing with
high-skill peer occupations such as Technicians and Managers, with fewer than 2,600 skills.
Panels (c) and (d) show that lower-skill occupations primarily function as "destinations."
Operators and assemblers (panel c) absorb a large number of skills from Technicians and
Professionals, suggesting that traditional industrial jobs are becoming more complex by
increasingly requiring skills previously found in higher-skill roles. Similarly, Elementary
occupations (panel d) act mainly as a destination, absorbing skills primarily from higher-skill

roles and, to a lesser extent, from Clerical support.

Content of Skill Mixing: We next analyze the content of skill mixing by examining the
specific categories of skills being mixed. Figure 3 presents a heatmap of the relative mixing
intensity of different skill categories, defined as the difference between a category’s share

within the set of mixed skills and its share in the economy-wide stock of skills.'> A positive

12Normalizing by the economy-wide skill stock filters out pure size effects across skill categories, ensuring
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value indicates that a skill type is disproportionately overrepresented in the mixed skills
relative to its overall prevalence. Panel (a) categorizes skills based on the Lightcast Open Skills
taxonomy.'® Information Technology and Design and Marketing skills emerge as the two
most highly mixed categories, exhibiting large positive values across different occupations.
We also observe that low-skill occupations integrate certain domain-specific skills, such as
Health Care, Finance, and Social and Administrative competencies. In contrast, Architecture
and Facilities, and Service and Vocational Studies display negative relative shares across all
occupations.

To connect with the task-based literature, the right panel maps these patterns onto four
Routine/Non-Routine (RNR) groups—Analytical, Interpersonal, Computer, and Routine-
following Acemoglu and Autor (2011).!* I first compute vector embeddings for every Lightcast
skill and assigning them to the category scoring the highest cosine similarity with the
representative keywords from Braxton and Taska (2023) and Hershbein and Kahn (2018).'°
This classification confirms the technological bias shown in panel (a): Computer skills are the
overwhelming driver of mixing across all occupations, followed by Analytical skills. Low-skill
occupations also exhibit higher mixing of Interpersonal skills. In stark contrast, Routine skills
exhibit strong negative values across all occupations.

Taking stock, the evidence shows that skills from knowledge-intensive occupations are
being integrated into lower-skilled roles, thereby increasing their complexity. This shift is
mainly driven by Computer and Analytical skills, such as those classified as IT and marketing-
related, which are "general-purpose” in nature. These patterns highlight a clear directional
trend: high-skill occupations are shaping the broader skill demand through the diffusion of

broadly applicable, non-routine skills.'®

that the measure captures skills that are disproportionately represented in mixed skills. The figure displays only
those skills where the difference in relative share exceeds one percentage point.

13Gee the Lightcast Open Skills taxonomy documentation (https:/ /lightcast.io/ open-skills/categories). In
this taxonomy, categories are broad groupings that map roughly to career areas (e.g., Information Technology,
Finance, and Health Care).

%To simplify the skill dimensions, I use the two non-routine skills (analytical and interpersonal) and combine
their routine cognitive and manual skills into one.

15T adopt the skill measures from Braxton and Taska (2023) based on the methodology of Hershbein and Kahn
(2018). A job posting is classified as requiring analytical skill if its job description includes certain keywords.
More specifically, the keywords used to capture analytical skill are: "research", "analy”, "decision", "solving",
"math", "statistic", and "thinking". The keywords used to capture interpersonal skill are "communication”,
"teamwork", "collaboration", "negotiation”, and "presentation”. The keywords used for computer skill are
“computer”, or any skill flagged as software by Lightcast.

16They also suggest that the evolution of work is not characterized by the active "technification” of jobs through
the mixing of these non-routine, general purpose skills.
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Figure 4: Density for Skill Mixing Indexes (Cosine Similarities), 2005 vs. 2018
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Notes: These figures plot the kernel density of different skill mixing indexes over time. The light blue line
represents earlier years (2005 for ONET, 2010 for Lightcast), while the dark blue line represents later years (2018
for ONET, 2024 for Lightcast). The Lightcast data are constructed at the job title level, and the O*NET data
at the 7-digit occupation level, without employment weighting. The x-axis displays the value of skill mixing
indexes with a maximum of 1 by construction. “RNR” indicates routine and non-routine skills that are defined
by Acemoglu and Autor (2011). Non-routine skills include non-routine analytical and interpersonal skills, as
well as computer skill, as detailed in the online Appendix table A1.

II.C Intensity of Skill Mixing

I confirm the rising skill mixing by constructing a mixing index and show consistency in
O*NET data. To do so, I apply an angle-based measure that quantifies the intensity of skill
mixing rather than merely the broadening of the skill set. I then demonstrate the consistency
of the rise in skill mixing using O*NET data, focusing on the Routine and Non-Routine (RNR)

skill dimensions central to the task-based literature.

Data and Measurement: To analyze the intensive margin of skill demand and show robustness,
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I complement Lightcast with O*NET database, relying specifically on task descriptors derived
from job incumbent surveys to ensure longitudinal consistency. To address the challenge of
O*NET’s staggered updating schedule, I analyze skill changes over broad intervals (2005-2024)
during which occupations are updated at least twice. I construct four core Routine/Non-
Routine (RNR) skill measures following Acemoglu and Autor 2011) as discussed above, and I
normalize these measures using principal component analysis (PCA) and linearly rescaled to
the positive unit interval [0, 1] to ensure cardinal comparability.

To quantify the intensity of skill mixing beyond total skill magnitude, I construct an
angle-based index within this multi-dimensional space. Formally, I define the degree of skill
mixing for an occupation j as the cosine similarity between its skill intensity vector y/ and a
reference norm vector ¥ where all skill requirements are equal:

Mix(y!) = where ¥ = [1,1,..,1) € RXT, 1)

Ayl

This index captures the angular proximity of an occupation’s demand for different skills
to a perfectly balanced norm; as the relative importance of distinct skills converges, the index
increases toward its maximum value of unity. As such, this index naturally accommodates
high-dimensional spaces, remains invariant to proportional shifts in overall skill intensity
(thereby isolating compositional changes from pure upskilling), and provides a normalized

measure bounded between 0 and 1.

Broad Pattern: Figure 4 shows the density and median values of two skill mixing indexes for
2005 and 2018 using 7-digit O*NET data. The first index covers four routine and non-routine
(RNR) skills, while the second focuses on three non-routine skills (analytical, computer, and
interpersonal). Panel A shows a modest rightward shift in the RNR skill mixing index, with
the Kolmogorov-Smirnov test confirming this shift as statistically significant at the 1 percent
level. Panel B reveals a more pronounced rightward shift in the non-routine skill mixing index,
with a higher peak in 2018 compared to 2005, indicating a greater growth of non-routine skill
mixing in occupations.

The growth in skill mixing is not unique to the choice of non-routine skills and becomes
more pronounced when considering employment shares. Online Appendix Figure A2 panel
A shows that the rightward shift in the mixing index persists with additional non-routine
skills (leadership and design). Panel B combines O*NET data with employment weights from
the Occupational Employment and Wage Statistics (OEWS), showing a more pronounced
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rightward shift in skill mixing indexes when weighted by employment.17

III The Role of Breakthrough GPTs

What drives these documented increases in skill mixing? In this section, I examine the impact
of breakthrough General Purpose Technologies (GPTs). I focus on breakthrough GPTs due to
their defining characteristics-innovations that are both highly novel and broadly applicable.
Unlike incremental innovations that refine existing processes, GPTs generate "innovational
complementarities" across a broad range of economic activities (Bresnahan and Trajtenberg
1995; Helpman and Trajtenberg 1994) and induce organizational changes (Bresnahan et al.
1996).

Below, I first describe the construction of a new measure of exposure to breakthrough
GPTs that links patent text to occupational technology descriptors. I then present event study

evidence on the effects of these technologies on skill mixing and labor market outcomes.

III.LA Measuring Exposure to Breakthrough GPTs

To empirically assess the impact of technological shocks, I must first operationalize the
concept of a breakthrough GPT. For this purpose, I employ patent data from the USPTO
PatentsView database to identify technologies that are both highly innovative and widely
applicable. I follow the text-based methodology of Kelly et al. (2021), which uses natural
language processing of patent abstracts to identify breakthrough patents based on their textual
novelty relative to prior art and their impact on subsequent patents. I then combine this with
the citation-based generality index to identify the subset of breakthroughs that are general
purpose. Finally, I map these patents to specific occupations using high-dimensional vector
embeddings of patent text and O*NET technology descriptors.

First, to capture the "General Purpose" (GPT) dimension, I measure the breadth of a
patent’s influence across technological fields. I calculate the Generality Index (Gen,) following
the methodology of Hall, Jaffe, and Trajtenberg (2001). For a patent p, generality is defined
as Genp, =1—-} S%C, where sy, denotes the share of forward citations received from patents
in technology class c¢ (based on the Cooperative Patent Classification 2-digit level). Intu-

itively, a higher index indicates that the innovation influences a broader range of subsequent

7The OEWS uses 6-digit SOC codes, while O*NET uses 7-digit occupation codes that are based on 6-digit
SOC. I match OEWS with O*NET at a 6-digit SOC level and distribute the employment weight evenly for 7-digit
O*NET occupations within a 6-digit occupation.
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Figure 5: Composition of Breakthrough GPT Patents
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Notes: This figure summarizes the composition of patents classified as Breakthrough GPTs, defined as patents
that are: (i) High Generality (HighGen, = 1) if top 25th percentile of Hall, Jaffe, and Trajtenberg (2001)
generality index; and (ii) Breakthrough (BKj, = 1) if top 10th percentile of Kelly et al. (2021) text-based semantic
score. To map these patents to occupations, I compute high-dimensional text embeddings for each patent
abstract and match them to detailed "Technology Skills" descriptors from the O*NET database using cosine
similarity. These descriptors are then linked to occupations using the official O*NET crosswalk. This mapping
enables the construction of a time-varying occupational exposure measure to Breakthrough GPTs.

technological fields, a key feature of a GPT. I define a patent as having "High Generality"
(HighGen, = 1) if its index falls within the top 25th percentile of the distribution.

Second, to capture the "breakthrough" nature of an innovation—distinguishing radical
advancements from incremental improvements—I utilize the text-based similarity measures
developed by Kelly et al. (2021). This approach relies on Natural Language Processing (NLP)
of patent abstracts to determine "forward" and "backward" semantic similarity. A patent is
classified as a breakthrough if it is textually distinct from preceding patents (low backward
similarity) yet highly similar to subsequent patents (high forward similarity), indicating that
it initiated a new technological trajectory. I define a patent as a "Breakthrough" (BK, = 1) if
its computed breakthrough score is in the top 10th percentile. I then define a Breakthrough

GPT as any patent that satisfies both criteria simultaneously:
Breakthrough GPT, = 1{HighGen, = 1 A BK, = 1}.

The final challenge is to map patent-level innovations to the labor market. I address this
by using O*NET technology descriptors, which document the technologies used in each
occupation. Specifically, I first generate high-dimensional vector embeddings for the abstracts
of all identified breakthrough GPT patents and for the detailed "Technology Skills" descriptors
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Table 2: Examples of Breakthrough GPT Patents

Rank Patent Title Date Generality
Top: High Generality & Breakthrough
1  Autonomous data machines and systems 2016/5/3 0.9446
2 Airborne fulfillment center utilizing unmanned aerial vehicles for item delivery 2016/4/5 0.9397
3  Nanowire dispersion compositions and uses thereof 2010/6/29  0.9383
4  Device independent authentication system and method 2013/10/29  0.9378
5 Unmanned aerial vehicle navigation assistance 2015/10/27  0.9369
6  Robotic automated storage and retrieval system mixed pallet build system 2014/11/11  0.9349
7  Mast and integral display mount for a material handling vehicle 2016/3/8 0.9349
8 Hand cleansing formulation 2009/11/3  0.9339
9  Three-dimensional traffic flow presentation 2014/3/18  0.9333
10  Automated warehousing using robotic forklifts 2015/2/24  0.9333
Bottom: Low Generality & Breakthrough
1 Intervertebral implant 2011/1/4 0.0238
2 Intervertebral implant 2011/1/25  0.0260
3 Blood flow restoration and thrombus management methods 2011/11/29  0.0278
4  Method of utilizing a driverless surgical stapler 2012/9/25  0.0294
5  Circular surgical stapler with mating anvil and shell assembly 2013/4/23  0.0294
6  Methods of treating hypertriglyceridemia 2012/10/23  0.0328
7 Knife/firing rod connection for surgical instrument 2012/12/11  0.0328
8  Surgical instrument 2012/8/7 0.0333
9  Structure containing wound treatment material 2013/12/31  0.0333
10  Surgical stapler 2013/6/4 0.0345

Notes: This table lists the top 10 and bottom 10 patents ranked by their generality index within the sample of
“breakthrough” patents. The top panel includes patents with the highest generality scores, as measured by the
Hall, Jaffe, and Trajtenberg 2001 index, among patents classified as breakthroughs, defined as being in the top
10th percentile of the Kelly et al. 2021 text-based semantic score. The bottom panel includes patents that satisfy
the breakthrough criterion but have the lowest generality scores.

listed in the O*NET database.'® I calculate the cosine similarity between these embeddings
to identify the specific technologies associated with each patent. Subsequently, I utilize the
O*NET crosswalk that links these "Technology Skills" to 7-digit occupations. This procedure
yields a time-varying measure of exposure, T, defined as the year of the first exposure to a

breakthrough GPT for occupation o.

Composition of Breakthrough GPT Patents: Table 2 reports the ten patents with the highest
generality scores among breakthrough patents, along with a comparison set of breakthrough
patents with low generality. The high-generality patents in the top panel span core functions in

logistics, data handling, materials, and information systems, rather than a single technological

18Unlike Continuous Bag of Words (CBOW), which learns static word vectors by predicting a target word from
a local context window in a corpus, I use a transformer-based embedding model that produces context-sensitive
representations for full text spans, capturing semantic similarity beyond simple co-occurrence. I compute
3,072-dimensional embeddings using OpenAl’s text-embedding-3-large model.
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tield. By contrast, the bottom panel contains domain-specific breakthroughs that focus on
specialized surgical devices, such as intervertebral implants and stapling instruments. This
contrast is informative about the mechanism relating skill mixing to breakthrough GPTs:
high-generality breakthroughs create broad platforms that enter many downstream industries,
requiring workers in traditional occupations to combine existing tasks with new activities
that draw on skills from multiple domains.

Further, Figure 5 plots the evolution of the occupational composition of identified break-
through GPT patents from 2010 to 2016 and contrasts it with the broader set of breakthrough
patents from Kelly et al. (2021). For both groups, patenting activity is concentrated in high-
skill occupations: Professionals and Technicians account for the largest shares, Managers
contribute a sizable and stable fraction, and clerical, service, and manual groups (craft workers
and machine operators) remain relatively small. This pattern is consistent with the view
in Kelly et al. (2021) and Autor et al. (2024) that breakthroughs are seed innovations that
generate follow-on activities, and it aligns with Figure 2, where high-skill occupations drive
broader demand through the diffusion of non-routine skills. However, panel (b) shows that
breakthrough GPT patents are broader and more low-skill oriented: relative to panel (a),
larger shares occur in clerical support, service and sales, and manual occupations, and the
composition varies more over time. This divergence implies that restricting breakthroughs to
those that are also GPTs selects innovations whose applications extend beyond core technical

high-skill occupations.

III.LB The Impact on Skill Mixing

Empirical Strategy: To estimate the causal effect of breakthrough GPT exposure on skill
mixing, I employ a dynamic difference-in-differences strategy. Since breakthrough GPTs are
not randomly allocated, the obvious identification concern is that the timing of technological
adoption might be correlated with pre-existing trends in occupational skill demands. For
instance, BKGPTs might specifically target occupations that are already undergoing rapid skill
mixing. To address this, I employ an event study design that allows me to test for pre-existing

trends. My baseline specification takes the following form:

8
YCOt - 2 ‘Bk ‘ ﬂ{t — TC*O — k} + (SCO + (Sct + 50[’ + €C0t (2)
k=—3

where Y, is the outcome of interest for the 2-digit occupation group o in the commuting zone

c at time ¢. I use variation at the commuting zone level to study local labor market outcomes,
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following Acemoglu and Restrepo (2020) and Autor and Dorn (2013). While breakthrough
GPT exposure is defined at the occupation level, I assign it to commuting zone x 2-digit
occupation cells to leverage within-zone variation in occupational composition and better
adjust for local labor market trends in outcomes.

The specification includes a rich set of fixed effects: commuting zone-by-occupation (J)
to absorb time-invariant cell characteristics, commuting zone-by-year (J.¢) to control for local
economic shocks, and occupation-by-year (é,¢) to control for occupational trends. To address
potential biases arising from heterogeneous treatment effects in staggered adoption designs,
as well as to accommodate the non-absorbing treatment status of breakthrough GPTs, I
estimate the coefficients By using the robust estimator proposed by De Chaisemartin and
d’Haultfoeuille (2024).

A potential identification concern is that occupations exposed to breakthrough GPTs were
already on a different trajectory of upskilling, or that high-exposure commuting zones differ
systematically in workforce composition, import competition from China, or the decline
of routine jobs; these factors could confound the estimates. In standard long-difference
specifications, explicitly controlling for these factors is crucial to isolate the effect of technology.
However, the inclusion of high-dimensional fixed effects substantially mitigates this concern.
The occupation-by-year fixed effects (J,;) absorb all common national shocks to specific
occupations, such as secular skill-biased technological change or broad changes in labor
supply. Similarly, the commuting zone-by-year fixed effects (J.¢) account for all time-varying
local shocks, including regional business cycles, local policy changes, local exposure to
trade shocks, changes in local industry composition, or shifts in the local supply of skilled
labor. Consequently, identification relies only on idiosyncratic variation in exposure within
occupations across local labor markets, effectively netting out broader occupational trends

and local characteristics that might otherwise drive the results.

Results: Figure 6 presents the event study estimates for the log number of mixed skills
required in job postings of exposure to breakthrough GPT patents. Panel (a) displays the
average effect. The coefficients for the years leading up to the exposure (k < 0) are small and
statistically indistinguishable from zero. Upon impact (k = 1), there is a sharp and statistically
significant increase. Exposure to Breakthrough GPT leads to an immediate increase in the
number of mixed skills by approximately 5 percent. Moreover, the effect is not short lived:
the estimated coefficient remains similar in size and persists through the remaining periods.
Column (1) of Table 3 reports the event-study coefficients in table form. The bottom panel

reports the average cumulative (total) effect per treated unit, accumulated over an average of
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Figure 6: Dynamic Effects of Breakthrough GPT Exposure on Skill Mixing
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Notes: This figure presents dynamic difference-in-differences estimates (B;) of the effects of exposure to
breakthrough GPT on occupational skill mixing. Estimates are obtained using the De Chaisemartin and
d’Haultfoeuille (2024) estimator to account for staggered treatment and treatment effect heterogeneity. Panels
(a) and (b) show impacts on the log number of mixed skills. Panel (a) reports the average effect; Panel (b)
reports separate effects by skill level: High-Skill occupations (Managers, Professionals, Technicians, Clerical
support) versus Low-Skill occupations (Service and sales, Skilled agriculture, Craft workers, Machine operators,
Elementary occupation). Panels (c) and (d) show effects using the Skill Mixing Index (cosine similarity x 100).
Panel (c) shows the average effect; Panel (d) presents heterogeneity by occupation skill levels. All specifications
include commuting zone-by-occupation, commuting zone-by-Year, and occupation-by-Year fixed effects, and
control for lagged demographics, education, and sector composition. The x-axis denotes years relative to first
exposure (k = 0). Error bars show 95% confidence intervals, clustered at the commuting zone level.

6 post-treatment periods. For the full sample, the average cumulative effect is 0.083 log points,
which corresponds to about an 8.7 percent increase in the number of skills mixed.

Columns (2) through (4) of Table 3 address potential specification and measurement
concerns. Column (2) imposes a strict consistency requirement by restricting the estimation
to the "same switchers" for both the placebo and treatment effects. By enforcing a constant
sample for both the treatment and placebo estimates, this specification rules out compositional
changes in driving the result.'"” The resulting coefficients are statistically significant and
slightly larger than the baseline. Column (3) validates the definition of mixed skills by shifting
the base reference year from 2010 to 2011. The resulting coefficients are virtually identical to
the baseline in both magnitude and significance, indicating that the findings are not driven

by the specific 2010 base year. Finally, column (4) uses the share of job postings requiring

¥In dynamic difference-in-differences designs estimated via did_multiplegt_dyn, the default procedure
maximizes the sample size for each time horizon, which can cause the composition of the treatment group to
shift across event time.
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Table 3: Dynamic Effects of Breakthrough GPT on Skill Mixing

Log number of mixed skills Posting Share (%)  Mixing index (x100)

@) @) ©) (4) Q) (6) 7)
All Same 2011-24 All All Same 2011-24
Treatment effects
k=1 0.041** 0.046*** 0.017*** 0.258** 0.148 0.092 0.917%**
[0.006] [0.008] [0.006] [0.119] [0.139] [0.168] [0.230]
k=2 0.056*** 0.068*** 0.040*** 0.195 0241 0114 1.605***
[0.007] [0.008] [0.007] [0.129] [0.150] [0.160] [0.254]
k=3 0.049*** 0.063*** 0.043*** 0.245* 0.132  0.724*** 1.430%**
[0.007] [0.009] [0.007] [0.144] [0.165] [0.172] [0.269]
k=4 0.052*** 0.062*** 0.049*** 0.425** 0.491** 1.171%% 1.722%**
[0.008] [0.009] [0.008] [0.171] [0.195] [0.214] [0.252]
k=5 0.046*** 0.049*** (0.045*** 0.119 0.768*** 1.335*** 1.545***
[0.008] [0.009] [0.009] [0.179] [0.223] [0.250] [0.253]
k=6 0.043*** 0.051*** (0.045*** -0.100 1.515%** 1.587*** 2.042***
[0.009] [0.009] [0.010] [0.187] [0.251] [0.237] [0.253]
k=7 0.054*** 0.059*** 0.058*** 0.358 1.936** 1.456*** 2.636***
[0.010] [0.010] [0.010] [0.234] [0.254] [0.286] [0.261]
k=8 0.050*** 0.054*** 0.051*** 0.116 2.094*** 1.942*%* 2.865***
[0.010] [0.010] [0.010] [0.241] [0.257] [0.283] [0.261]
Placebo
k=-1 -0.007  -0.065* 0.021*** -0.193 0245 0.174 1.516
[0.008] [0.037] [0.008] [0.177] [0.176] [0.228] [3.023]
k=-2 0.020* -0.018 0.014 -0.311 -0.058  0.089 2175
[0.011] [0.038] [0.011] [0.215] [0.259] [0.336] [2.590]
k=-3 0.017  0.030  0.002 -0.521* 0135 -0.442 1.085
[0.018] [0.037] [0.020] [0.313] [1.078] [0.377] [2.399]
Average total effect
6 years 0.107*** 0.139*** 0.092*** 0.450% 1.664%** 1.952*** 5.365***
[0.013] [0.017] [0.014] [0.254] [0.331] [0.334] [0.585]
czone X 0cC v v v v v v v
czone X year v v v v v v v
occ X year v v v v v v v

Notes: This table reports event-study difference-in-differences estimates (Bj) of the effects of exposure to
a Breakthrough GPT on occupational skill mixing. Estimates are obtained using the De Chaisemartin and
d’Haultfoeuille (2024) estimator, which accounts for staggered treatment timing and treatment-effect heterogene-
ity. Columns (1)—(4) report effects on the log number of mixed skills, while columns (5)-(8) report effects using
the Skill Mixing Index (cosine similarity x100). Columns labeled “Low-skill” and “High-skill” report estimates
for occupations grouped by skill intensity: High-Skill occupations (Managers, Professionals, Technicians,
Clerical support) versus Low-Skill occupations (Service and sales, Skilled agriculture, Craft workers, Machine
operators, Elementary occupation). Columns labeled “2011-24" use mixed skills defined over the 2011-2024
period. Event time k is measured in years relative to first exposure (k = 0). The table reports the full set of
post-treatment effects (k > 1), placebo leads (k < 0), and the average total effect. All specifications include
commuting zone-by-occupation, commuting zone-by-year, and occupation-by-year fixed effects, and control for
lagged demographic composition, educational attainment, and sectoral shares. Standard errors are clustered
at the commuting-zone level and reported in parentheses. Statistical significance is denoted by ***p < 0.01,
**p < 0.05, and *p < 0.10.
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mixed skills as the outcome variable. This normalization controls the volume of vacancies
and shows a similar qualitative pattern.

Further, I examine the impact of breakthrough GPT exposure on the Skill Mixing Index
(multiplied by 100), which captures the intensive margin, in Panels (b) and Columns (5)—(7).
Following exposure, the mixing index for low-skill occupations rises significantly, reaching an
increase of about 2.0 points over the sample period. This confirms that the effect is not merely
an addition of skills, but a fundamental rebalancing toward a diversified, mixed set of skill
demands. Column (6) imposes the same “same switchers” restriction as in Column (2), which
keeps the treatment and placebo samples fixed across horizons; the results remain positive
and significant, with an increase of about 1.5 points over the same period. Column (7) shifts
the base year for defining mixed skills from 2010 to 2011 and yields an even larger effect (2.7
points), indicating that the rise in the mixing index is not driven by the choice of base year.

Additionally, Online Appendix Table A4 provides further robustness checks, weighting
by baseline employment, trimming outliers, and shifting the base year for identifying mixed
skill to 2012. The positive relationship between Breakthrough GPT exposure and skill mixing
remains qualitatively consistent. Furthermore, Appendix Figure A3 extends the event study

over a longer time horizon, which also shows consistent results.

III.C Labor Market Consequences

Does the reorganization of work induced by breakthrough GPTs translate into tangible labor
market outcomes? Figure 7 plots the dynamic event study coefficients, while Table 4 reports
the corresponding average treatment effects for wages and employment. To construct these
measures, | utilize microdata from the American Community Survey (ACS) spanning 2010 to
2023.Y The sample is restricted to the working-age population (16-64), excluding military,
unpaid family, and institutionalized workers, to precisely capture market-driven dynamics.
Panel (a) of Figure 7 and columns (1) through (3) of Table 4 report the dynamic effects on
log hourly wages. The baseline estimate in column (1) indicates that exposure to Breakthrough
GPT generates a statistically significant wage premium of approximately 1 percent upon
impact. This positive effect persists for the first four years before gradually declining and
becoming statistically indistinguishable from zero by year seven. The average total effect

over the six-year post-treatment period is a statistically significant increase of 1.6 percent.

201 utilize IPUMS American Community Survey data (2010-2023). Real hourly wages are calculated as total
annual wage income divided by estimated total annual hours (usual weekly hours x imputed weeks), deflated
to 2012 dollars using the Personal Consumption Expenditures index. Occupations are harmonized using a
consistent census occupation code developed by Autor and Dorn (2013). Individual observations are aggregated
to commuting zones using crosswalks from Autor and Dorn (2013).
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Figure 7: Dynamic Effects of Breakthrough GPT Exposure on Wages and Employment
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Notes: This figure presents dynamic difference-in-differences estimates (Bx) of the effects of exposure to
breakthrough GPT on log hourly wages and employment at the commuting zone x occupation level. Estimates
are obtained using the De Chaisemartin and d"Haultfoeuille (2024) estimator to account for staggered treatment
and treatment effect heterogeneity. All specifications include commuting zone-by-occupation, commuting
zone-by-Year, and occupation-by-Year fixed effects, and control for lagged demographics, education, and sector
composition. The x-axis denotes years relative to first exposure (k = 0). Error bars show 95% confidence
intervals, clustered at the commuting zone level.

Columns (2) and (3) confirm the robustness of this result against compositional biases and an
alternative 2011 base year for identifying mixed skills. In both specifications, the estimated
wage premiums remain statistically significant and comparable in magnitude to the baseline.

Panel (b) and columns (4) through (6) present the corresponding results for log employ-
ment. Like the wage response, employment jumps immediately. Column (4) shows a sharp
7.2 percent increase in employment upon impact. While this initial increase attenuates over
time, the effect remains positive and statistically significant for several years, resulting in an
average total increase of 5.5 percent over the six-year horizon. As with wages, the robustness
checks in Columns (5) and (6)—using the consistent switcher sample and the alternative base
year definition—confirm the stability of these large positive employment effects.

Online Appendix Table A5 tests the sensitivity of the labor market results using alternative
outcome measures derived from ACS data. The positive wage premium is robust to defining
earnings as log weekly wages (column 1) or log annual income (column 2). Similarly, we
observe a large and statistically significant increase in the employment rate (column 3),
confirming that the expansion in labor demand is evident in the employment-to-population

ratio and is not driven solely by population growth.

22



Table 4: Dynamic Effects of Breakthrough GPT on Wages and Employment

Log hourly wage Log employment
@ @) 3) (4) ©) (6)
All Same 2011-24 Al Same 2011-24
Treatment effects
k=1 0.010** 0.010** 0.008** 0.072*** 0.072*** 0.072***
[0.003] [0.003] [0.004] [0.006] [0.007] [0.006]
k=2 0.007** 0.007**  0.005 0.035*** 0.046*** (0.035***
[0.003] [0.003] [0.004] [0.006] [0.008] [0.006]
k=3 0.011** 0.011*** 0.009** 0.026*** 0.027** 0.026***
[0.003] [0.003] [0.004] [0.008] [0.011] [0.008]
k=4 0.008** 0.008** 0.008 0.017* 0.018* 0.017*
[0.004] [0.004] [0.005] [0.009] [0.011] [0.009]
k=5 0.007*  0.007* 0.004 0.003 -0.004 0.003
[0.004] [0.004] [0.005] [0.009] [0.011] [0.009]
k=6 0.005 0.005 0.004 0.017¢* 0.004 0.017*
[0.004] [0.004] [0.005] [0.010] [0.011] [0.010]
k=7 0.001 0.001 0.001 0.011 0.011 0.011
[0.005] [0.005] [0.005] [0.011] [0.011] [0.011]
k=38 0.004 0.004 0.005 -0.001 -0.003 -0.001
[0.005] [0.005] [0.005] [0.011] [0.011] [0.011]
Placebo
k=-1 -0.002 -0.002 -0.026 -0.017** -0.076 -0.017**
[0.004] [0.004] [0.023] [0.008] [0.053] [0.008]
k=-2 -0.005 -0.005 -0.005 0.002 -0.110* 0.002
[0.005] [0.005] [0.022] [0.011] [0.060] [0.011]
k=-3 -0.003 -0.003 -0.027 -0.013 -0.036 -0.013
[0.007] [0.007] [0.020] [0.016] [0.058] [0.016]
Average total effect
6 years 0.016** 0.016** 0.014 0.055*** 0.053*** 0.055***
[0.006] [0.006] [0.008] [0.014] [0.020] [0.014]
czone X occ v v v v v v
czone x year v v v v v v
occ X year v v v v v v

Notes: This table reports event-study difference-in-differences estimates () of the effects of exposure to a
Breakthrough GPT on occupational wages and employment. Estimates are obtained using the De Chaisemartin
and d’Haultfoeuille (2024) estimator, which accounts for staggered treatment timing and treatment-effect
heterogeneity. Columns (1)—(4) report effects on the log hourly wage, while columns (5)—(8) report effects using
log employment. Columns labeled “Low-skill” and “High-skill” report estimates for occupations grouped by
skill intensity: High-Skill occupations (Managers, Professionals, Technicians, Clerical support) versus Low-Skill
occupations (Service and sales, Skilled agriculture, Craft workers, Machine operators, Elementary occupation).
Columns labeled “2011-24" use mixed skills defined over the 2011-2024 period. Event time k is measured in
years relative to first exposure (k = 0). The table reports the full set of post-treatment effects (k > 1), placebo
leads (k < 0), and the average total effect. All specifications include commuting zone-by-occupation, commuting
zone-by-year, and occupation-by-year fixed effects. Standard errors are clustered at the commuting-zone level
and reported in parentheses. Statistical significance is denoted by ***p < 0.01, **p < 0.05, and *p < 0.10.
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Table 5: Average Total Effects of Breakthrough GPT by Occupation Skill Levels

Skill Mixing Labor Market Outcomes
Log number of Mixing index Log hourly Log
mixed skills (x100) wage employment
) ) ®) 4)
Low-skill occupations
Average total effect (6 years) 0.140%* 1.757%** 0.027%* 0.085%**
[0.018] [0.465] [0.009] [0.018]
Joint nullity of placebos (p-value) 0.13 0.01 0.42 0.11
High-skill occupations
Average total effect (6 years) 0.050%*** 0.317 0.008 0.011
[0.019] [0.492] [0.010] [0.023]
Joint nullity of placebos (p-value) 0.08 0.00 0.32 0.75
czone X occ v v v v
czone X year v v v v
occ X year v v v v

Notes: This table reports the average total effects over 6 years post-exposure from event-study difference-
in-differences estimates of Breakthrough GPT exposure, separately for low-skill and high-skill occupations.
Low-skill occupations include Service and sales, Skilled agriculture, Craft workers, Machine operators, and
Elementary occupations. High-skill occupations include Managers, Professionals, Technicians, and Clerical
support workers. Estimates use the De Chaisemartin and d’Haultfoeuille (2024) estimator accounting for
staggered timing and heterogeneous treatment effects. All specifications include commuting zone-by-occupation,
commuting zone-by-year, and occupation-by-year fixed effects. Standard errors (clustered at the commuting-
zone level) are in brackets. The p-values refer to the joint test that all placebo leads are zero. *** p < 0.01, **
p <0.05,* p < 0.10.

III.LD Heterogeneous Effects by Occupational Skill Levels

The aggregate estimates presented above conceal substantial heterogeneity across occupational
levels. As shown in Section II, skill mixing is most prevalent in lower-skill occupations, which
also tend to be the primary recipients of mixed skills. In addition, patent composition (Figure
5) reveals that breakthrough GPT patents are more concentrated in lower-skill occupations
compared to general breakthrough patents. Motivated by this evidence, I test whether the
causal effects of breakthrough GPT exposure are larger for lower-skill occupations. To do so, I
estimate heterogeneous treatment effects by splitting the sample into high-skill and low-skill
groups, using the same event study framework as specified in equation (2).

Table 5 columns (1) and (2) present the average total effects of Breakthrough GPT exposure
on skill mixing, separately for low- and high-skill occupations. The results confirm a clear
divergence in how different parts of the occupational hierarchy respond to GPT shocks. For
low-skill occupations, exposure leads to a sizable and statistically significant increase in both

the number of mixed skills and the mixing index. Over a six-year period, the log number
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of mixed skills rises by 0.13, while the mixing index (multiplied by 100) increases by 2.05.
In contrast, high-skill occupations experience a much smaller rise in the number of mixed
skills (0.06) and a slight decline in the mixing index, which is not statistically significant. This
result establishes Breakthrough GPT as a driver of the more extensive skill mixing in low-skill
occupations, as documented in the descriptive evidence.

This heterogeneity extends to labor market outcomes, as shown in Columns (3) and (4)
of Table 4. Among low-skill occupations, exposure to Breakthrough GPT patents leads to a
statistically significant 2.7 percent increase in log hourly wages and an 8.6 percent increase in
log employment over six years. In contrast, the effects are smaller and statistically weaker for
high-skill occupations. The point estimates imply only a 0.8 percent increase in wages and a
1.1 percent increase in employment, with larger standard errors. This pattern suggests that
the gains concentrate in occupations where new skills complement existing manual or routine

tasks, rather than in occupations that already rely on complex skill bundles.

IIILE Discussion of the Impact of Breakthrough GPT

The results that Breakthrough GPTs disproportionately drive skill mixing in lower-skill occu-
pations reinforce the earlier evidence from Section II that low-skill occupations are the main
destinations for skill mixing, especially for IT and computer-related skills.”! They suggest that
GPTs are expanding the range of complex skills required in lower-skill occupations. High-skill
occupations may originate new skill requirements, but GPT exposure drives the mixing of
required skill bundles mainly in lower-skill occupations. For example, a breakthrough in
digital logistics does not mean a software engineer must learn new IT skills. Instead, it means
a warehouse worker needs to add digital interface skills to their usual manual work. As a
result, the biggest shift in skill mix happens in jobs that were once mostly manual or routine

but are now taking on cognitive and technical tasks.

Implications for mechanisms: This positive joint response of skill mixing, wages, and em-
ployment directly informs the underlying economic mechanisms, which are formalized in
Section IV. The premium in both wages and employment suggests that these technologies
are likely productivity-enhancing or cost-saving, increasing the demand for labor rather than
merely expanding job requirements without corresponding economic returns. By bundling
complementary, higher-value skills into lower-skill occupations, breakthrough GPTs raise

the marginal product of low-skill labor rather than rendering it obsolete. Consequently, in

2IThis pattern contrasts with a uniform upskilling narrative: Breakthrough GPTs expand the task mix far
more in low-skill jobs than in high-skill ones.
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Section IV, I develop a multi-dimensional skill matching model that explicitly incorporates

multi-dimensional skill complementarity and occupational costs to rationalize these findings.

Difference from automation: Standard automation narratives predict that technology substi-
tutes for routine labor, leading to job displacement. If breakthrough GPTs functioned purely
as labor-substituting automation technologies, one would typically expect a trade-off between
employment and wages. The results showing that breakthrough GPTs lead to more mixing,
higher wages, and higher employment for low-skill workers suggest that these technologies
complement low-skill work, raising both pay and employment as employers expand the set of
skill demands.

Taken together, the results suggest that breakthrough GPTs increase, rather than replace,
the value of low-skill labor. By raising skill requirements in these jobs toward higher-value
tasks, such as IT, computer, and other non-routine activities, these technologies increase
workers” marginal product and support both higher pay and employment. This contrasts with
the standard automation narrative, which emphasizes job displacement through technological

substitution.

IV Interpreting the Evidence

To provide a structural interpretation of the increase in skill mixing related to breakthrough
GPTs, I develop a multi-dimensional skill matching model with endogenous skill demand.
First, firms and workers operate in a multi-dimensional skill space with non-linear production
and cost technologies. Second, firms decide their occupations’ skill demands before meeting
with workers, incurring a cost payable upon operation as in Acemoglu (1999). I use this model
to disentangle the mechanisms driving the rise in skill mixing presented in the empirical

analysis and assess their implications for aggregate distributions of wages and employment.

IV.A A Multidimensional Skill Framework

Time is discrete. At each period, there is a unit measure of heterogeneous workers that
lives forever. Each worker of type i is characterized by a vector of multi-dimensional skills
x = {xé,...,x}c,...,x%} € S ¢ RX*, where K is the dimension of a closed skill space S.
Workers are risk-neutral and have linear utilities over consumption.

On the other side of the market, there is a mass of risk-neutral firms each running
one vacancy. Firms operate different occupations j = {1,..,]J}, with ] > 2. Each oc-

cupation is characterized in the same multi-dimensional skill space as workers’ skills,
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y = {y]i,..., y{(,...,y]I'(} € S C RXY, which has the interpretation of a vector of skill re-
quirements or skill importance for each of the worker skills.
The production function of each worker-firm pair takes a CES form of the skill inputs of

workers and skill requirements of an occupation that the firm operates:

1
K -

-
1) = | E oy | 8
where aj controls the efficiency between worker skill and job skill requirement for a specific
skill k, while ¢/ governs the elasticity of substitution among different skills for an occupation
j.22 This production technology extends prior multi-dimensional skill matching models (i.e.,
Lise and Postel-Vinay 2020; Lindenlaub 2017; Ocampo 2022) by incorporating across-skill
complementarity controlled by ¢/, in addition to the multiplicative combination of worker
and firm attributes intervened by skill efficiencies. This distinction is crucial for our analysis:
it allows us to test whether breakthrough GPTs drive skill mixing by fundamentally altering
the interdependence of tasks (¢), rather than merely shifting relative factor efficiencies.”?
Further, firms actively design jobs (Acemoglu, 1999), resulting in endogenous skill demand
and varying degrees of skill mixing, which offers a structural lens on the empirical increase
in skill mixing. Firms set the occupational skill requirements y/ each period, essentially
altering the production technologies that reflect the quality and optimal skill demands of the
occupation. Nonetheless, such a job design incurs a cost C(y/) = ¥'X_, (y{c)Pj that is payable
upon producing with a worker.?* This cost captures non-wage expenses of operating an

occupation that rise with skill level and job complexity.?’

Skill Mixing in the Model: The firm’s optimal choice of y determines the equilibrium degree

of skill mixing, which can be captured by the skill mixing index. Specifically:

Y (@)
VKT ()

22Gince labor is the only input in the model, it can be understood as “equipped” labor, and occupations’ skill
requirement or importance y/ takes a factor augmenting form, essentially acting as demand shifters.

23 As such, the model explores both the role of changes in relative input efficiency that is the focus of task-based
literature and changes in skill complementarity.

24This functional form guarantees that the cost is strictly convex and increases with the skill levels chosen by
the firm (ac(y]> >0, PC(y)) > 0,Vk)

W 3(y,)?

2For example, to operate an occupation that employs high-skill workers, a firm will need to incur higher
expenses in terms of better offices and equipment rentals. Structurally, any variation in employment distribution
and skill demand not explained by wages is explained by this cost.

Mix(y) =

(4)
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Table 6: Parameter Estimates

Parameter Description Period 1 Period 2
UZ?Z” Elasticity parameter of skills in production (low skill) ~ 0.53 0.31
ol Elasticity parameter of skills in production (high skill) ~ 0.50 0.29

lf’w Convexity of occupation operation cost (low skill) 3.39 4.10
/8" Convexity of occupation operation cost (high skill) 3.37 4.10

Notes: This table shows the exogenously calibrated as well as internally estimated parameters. The data used
for the internal estimation are two periods of pooled NLSY79&97 data for workers with information on their
pre-market abilities. Period 1 is from 2005-2006 and period 2 from 2016-2019.

where the coefficient c = 0/ (p — o) encapsulates the interplay between technology and costs.
Online Appendix B.1 presents the derivation of the model-implied skill mixing index along
with its comparative statics.

This formulation reveals four distinct channels through which equilibrium skill mixing can
increase, offering a lens to interpret the impact of breakthrough GPTs: (i) an increase in skill
complementarity (a decrease in ¢), which incentivizes firms to balance skills; (ii) an increase
in the convexity of occupation costs (an increase in p), which penalizes specialization in a few
skills; (iii) a decrease in the dispersion of skill efficiencies (Var(ay)); and (iv) a decrease in
the dispersion of worker skills (Var(xy)). Therefore, the empirical finding that breakthrough
GPTs increase skill mixing can be rationalized through changes in the model parameters
that govern these four channels. Below, I provide a quantitative illustration of the implied

parameter changes.

IV.B Interpretation

To understand the mechanisms behind the observed increase in skill mixing, I use the model
as an illustrative framework, calibrating it to match both the increase in skill mixing estimated
in the event study of breakthrough GPT and key features of the U.S. labor market from
2010 to 2024. I embed this multi-dimensional model within a directed search environment to
address the challenge of high-dimensional heterogeneity in matching models.?® This approach
partitions the labor market into submarkets defined by worker skill types, allowing the model
to characterize equilibrium tightness and wages independently of the aggregate distribution
of workers (Menzio and Shi, 2010), thereby alleviating the need for distributional assumptions.

I utilize the NLSY data to calibrate worker skill endowments across three consolidated

26Dimensionality is a challenge inherent in matching models with two-sided heterogeneity. Characterizing
equilibrium in multi-dimensional sorting models typically requires specifying the distribution of worker
attributes to ensure tractability (e.g., the multivariate normality in Lindenlaub 2017).
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Figure 8: Decomposing Channels
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Notes: These figures plot the model-generated changes in skill mixing in low-skill occupations (panel A),
changes in the relative wage of high-wage occupations (panel B), and changes in the employment share of
high-wage occupations (panel C). Different model channels are shut down in various sequences, and the effect
of each channel is calculated by averaging across those sequences. The full model includes all features. The
values of skill complementarity in production, cost of skills in occupation operation, efficiency differentials, and
vacancy posting costs across the two periods are shown in Table B2. Worker skill supply distribution variation
across the periods is calibrated as in Figure ??2.

dimensions: analytical/computer, interpersonal, and routine skills. Standard search model
parameters are drawn from existing literature. I fix the skill efficiencies using estimates
from Lindenlaub (2017) and Lise and Postel-Vinay (2020), which leaves the parameters
governing skill substitution (¢) and occupation costs (p) to be determined by data.”” They
are distinguished by exploiting a key model feature: a worker’s specific skills drive their
output—and thus their wage—but not the cost of occupation design. Therefore, the response
of wages to skill differences within the same occupation effectively reveals ¢, while p is
determined jointly to rationalize the intensity of skill mixing. Online Appendix B.3 provides

further calibration details.

Magnitudes: Table 6 shows that the calibrated model implies distinct shifts in production
technology. Between the two periods, there is a marked increase in the complementarity
of skills and a rise in the convexity of occupational costs. As discussed in the theoretical
framework, these shifts provide a clear rationale for the observed rise in skill mixing. Figure 8
decomposes the drivers of this increase and shows that it is overwhelmingly explained by
higher skill complementarity (73 percent), followed by occupational costs (25 percent).

Finally, I evaluate the aggregate distributional effects of these shifts. The decomposition

27 As highlighted by Caselli and Coleman (2006), allowing for the endogenous choice of the efficiency of inputs
under constraints leaves the elasticity parameters not separately identifiable from efficiencies.
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indicates that while complementarity drives the aggregate widening in wage premiums, it
is the change in skill efficiencies that primarily drives the increase in employment shares
of high-skill occupations (57 percent). This exercise highlights that the technological forces
reorganizing job content toward mixed skills are distinct from the efficiency gains that shape

aggregate employment distribution.

V  Concluding Remarks

Given the multidimensional nature of modern work, understanding employers” demand for
skill mixtures is crucial for explaining labor market dynamics. Leveraging a near-universe
of online job postings and longitudinal task data, I document a structural shift toward "skill
mixing"—the hierarchical broadening of job roles where high-skill, non-routine capabilities are
increasingly integrated into lower-skill occupations. Leveraging patent and vacancy data from
2005 to 2024, I establish breakthrough GPTs as the key driver of this phenomenon and raise
both wages and employment for low-skill workers. Through the lens of a multi-dimensional
matching model with endogenous occupation design, increased skill complementarity along
with convex occupational costs account for the skill mixing changes and explain a significant
portion of the aggregate changes in wage and employment distributions.

These findings carry significant implications for human capital policy. While this paper
focuses on the demand-side, future work could explore the supply side: specifically, how
educational curricula and training programs can be redesigned to foster multidimensional
skill sets, ensuring workers are equipped to reap the returns from the changing demand of

skill mixtures.
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A ADDITIONAL EMPIRICAL RESULTS

A.1 Data Construction

In this section, I give more details on data construction for the two primary datasets on job
skill demand employed in Section II and III, namely Lightcast (previously known as "Burning
Glass") and O*NET (Occupation Information Network. Specifically, I discuss strategies for
leveraging the longitudinal information in these datasets with higher precision. I also present
an overview of their inherent characteristics, advantages and disadvantages, and how they

are cross-walked with other datasets used in the analysis.

Lightcast: Lightcast (formerly "Burning Glass Technologies") is an analytics software company
that has developed a comprehensive and detailed dataset derived from online job postings,
capturing real-time labor market information, and reflecting the current demand for skills
and occupations. One of the key advantages of Lightcast data is its extensive coverage and
high-frequency updates. By examining over 40000 online job boards and company websites,
it provides a near universe of online posted vacancies; moreover, it provides a level of detail
that is rarely matched by other sources of labor market data, such as job titles, employer
information, and specific skill requirements. This allows for a very granular analysis of job
skill requirements and labor market dynamics across different industries and regions.

The information that Lightcast collected is then parsed and deduplicated into a systematic
list of thousands of codified skills. Similar to Hershbein and Kahn (2018) and Braxton and
Taska (2023), the dataset that this study uses defines different skills if the codified skills from
Lightcast contain relevant keywords. Specifically, the keywords used to capture analytical skill
are: "research", "analy", "decision", "solving", "math", "statistic", and "thinking". The keywords
used to capture interpersonal skills are "communication", "teamwork", "collaboration”, "nego-
tiation", and "presentation". For each occupation, the share of posted vacancies that require a
particular skill is then the measure of skill for that occupation, capturing the extensive margin
of firm skill demand.

However, like any data source, Lightcast data also has its limitations. For instance, it only
covers online job postings, which may not represent the entire labor market, especially for
low-skilled jobs or jobs in small firms that do not typically advertise online. It may also have
a bias towards certain types of jobs or industries that use online job advertisements more
frequently, and online vacancies by nature overrepresent growing firms (Davis, Faberman, and

Haltiwanger 2013). One note of Lightcast data is that the measure of skill as introduced above



focuses on the extensive margin — whether a job uses a skill or not — this is very different than

the level and importance information that O*NET contains.

O*NET: Administered by the U.S. Department of Labor, O*NET is a replacement for the Dic-
tionary of Occupational Titles (DOT). It is more comprehensive and more frequently updated
and has been used widely to analyze occupation skill requirements and work settings (i.e.,
Acemoglu and Autor 2011; Yamaguchi 2012; Autor and Price 2013).

Nonetheless, to use the longitudinal variation from O*NET, the key challenge concerns
partial updating — each new version of O*NET only updates an average of 110 targeted
occupations among the 970 7-digit occupations. Online Appendix Table Al lists different
versions of O*NET, the release year, and the year composition for 3 of the modules. Specifically,
for each release of O*NET, I assign a “Considered Year” such that at least 55% to 60% of
occupations are updated after that year.

Moreover, I use 4-year intervals. The last column of online Appendix Table A1l shows the
percent of occupations that are updated from the last considered year of data included in
the analysis. On average, more than 50 percent of the occupations are updated across the
succeeding years included in the analysis.

O*NET contains around 270 descriptors about occupations that are grouped into 9 modules:
abilities, knowledge, skills, work context, work activities, experience/education requirement,
job interest, work values, and work styles. For my main analysis, I only use descriptors
from 3 modules: work context, work activities, and knowledge that are more interpretable
as the skill requirements and are consistently evaluated by incumbent workers for each new
release. These descriptors come as importance, level, extent, and relevance. To interpret
the skill measures as gauging the intensity, I use the importance information, similar to i.e.,
Acemoglu and Autor (2011) and Guvenen et al. (2020), but the level and importance pieces of
information are highly correlated and do not affect the qualitative patterns of skill mixing
shown in the paper.

In Section II, I show the longitudinal changes in skill mixing by combining O*NET and
ACS datasets. O*NET uses SOC 2000 occupation classification for releases between 2000 and
2010 and SOC 2010 for years after 2010. To link O*NET and ACS, I first bridge SOC codes to
the census” OCC 2000 and OCC 2010 codes respectively using crosswalks provided by the
Analyst Resource Center and the Bureau of Labor Statistics. Then different years of OCC
codes are homogenized using a balanced and consistent panel of occupation codes developed
by Autor and Dorn (2013) and updated by Deming (2017). The same code is also used for
combining all years of ACS and O*NET data.


http://widcenter.org/document/legacy-crosswalks/
https://www.bls.gov/emp/documentation/crosswalks.htm

Table Al: O*NET Versions and Corresponding Years

) Released L. Work Work ) e Considered
Version Year Division Context Activities Knowledge Skills  Abilities Year
O*NET 13.0 2008 Post 2005 73.79% 73.79% 73.79% 73.79%  73.79% 2005
Before 2005 26.21% 26.21% 26.21% 26.21% 26.21%

O*NET 18.0 2013 Post 2009  57.15% 57.21% 57.21% 99.89% 57.21% 2009
Before 2009 42.85% 42.79% 42.79% 0.11%  42.79%

O*NET 22.0 2017 Post 2013  57.84% 57.67% 57.67% 57.67% 57.67% 2013
Before 2013 42.16% 42.33% 42.33% 42.33% 42.33%

O*NET 25.0 2022 Post 2018  54.52% 54.52% 54.52% 54.52% 54.52% 2018

Before 2018 45.48%  45.48% 45.48% 45.48%  45.48%

Notes: The table summarizes different versions of the O*NET (Occupational Information Network) database, along with their released year, year
division for the 5 modules (work context, work activities, knowledge, skills, abilities), and the considered year for each version. The “Post” and
“Before” rows indicate whether the data in each version was collected post or before a particular year. The “Considered Year” column represents the
year considered to be corresponding to each release of O*NET based on the year division of data.



A.2 Details of Skill Measures

In this section, I discuss the choice of skill measures used in the main analysis. Specifically, I
show the composition of descriptors of each skill used in the main analysis. I also discuss the
composite skill measures’ validity and correlation with other measures used in the literature.

Table A2 lists the O*NET descriptors for each of the constructed composite skill measures.
The analytical measure corresponds to “non-routine cognitive analytic” and the interpersonal
measure corresponds to “non-routine interpersonal” from Acemoglu and Autor (2011). I
collapse Acemoglu and Autor (2011)’s “routine cognitive” (the first three items under Rou-
tine) and “routine manual” (the last three items under Routine) into a big routine skill, as
occupations using these skills have been shown to have had similar labor market dynamics
(Autor, Levy, and Murnane 2003; Acemoglu and Autor 2011). I didn’t include the “non-routine
manual” from Acemoglu and Autor (2011), since it includes descriptors from the “Abilities”
module of O*NET that is evaluated solely by job analysts, and for consistency purposes I
focus on occupation descriptors that are evaluated incumbents workers.

Further, I include two additional composite skills that are considered to be non-routine.
First, I include a “leadership” composite skill that is comprised of descriptors of problem-
solving, strategic thinking, teamwork, and communication. They all demand an ability to
guide and manage teams, strategize and plan, solve problems, coordinate activities, and
communicate effectively within a team or organizational context. Second, I include a “design”
composite skill measure centering around technical proficiency and creativity. The composing
descriptors entail a strong understanding of design principles, and the ability to draft and

layout specifications for technical devices.



Table A2: O*NET Skill Measures and Composing Descriptors

Skill Category Task Descriptors

Non-routine analytical Analyzing data/information
Thinking creatively
Interpreting information for others

Non-routine interpersonal Establishing and maintaining personal relationships
Guiding, directing and motivating subordinates
Coaching/developing others

Computer Interacting with computers
Programming
Computers and electronics

Routine Importance of repeating the same tasks
Importance of being exact or accurate
Structured vs. unstructured work (reverse)
Pace determined by speed of equipment
Controlling machines and processes
Spend time making repetitive motions

Design Design
Drafting, laying out, and specifying technical
devices, parts, and equipment

Leadership Making decisions and solving problems
Developing objectives and strategies
Organizing, planning, and prioritizing work
Coordinating the work and activities of others
Developing and building teams
Guiding, directing, and motivating subordinates
Provide consultation and advice to others

Notes: This table shows the detailed O*NET descriptors for skill measures. The Non-routine Analytical and
Non-routine Interpersonal skills align with Acemoglu and Autor (2011)’s “non-routine cognitive analytic” and
“non-routine interpersonal” skills. A unified Routine skill measure combines Acemoglu and Autor (2011)’s
“routine cognitive” and “routine manual” skills, reflecting their similar market trends. The study omits
“non-routine manual” to maintain consistency with incumbent worker-evaluated descriptors. Two additional
skills, "leadership” and 'design’, are included to capture managerial and creative competencies.



Table A3: Correlations Among Skill Measures

Skill Measures (1) 2) (3) 4) (5) (6) (7) (8) 9)
(1) Analytical 1.00

(2) Routine -045 1.00

(3) Interpersonal 044 -049 1.00

(4) Computer 092 -027 025 1.00

(5) Math skill 050 -0.11 0.2 046 1.00

(6) Social skill 034 -054 061 024 0.09 1.00

(7) Analytical (broader) 0.84 -059 055 068 0.63 057 1.00

(8) Mechanical (broader) -043 058 -024 -038 -0.11 -038 -049 1.00

(9) Interpersonal (broader) 0.10 -035 0.73 0.02 -0.09 070 0.28 -0.22 1.00

Notes: This table reports the correlation among different skill measures constructed using O*NET data from
2000-2020. The first four skills measures in rows (1) to (4) are the ones used in the main text and are constructed
using the O*NET descriptors shown in Table Al. The next two measures in rows (5) to (6), math skill and social
skill are constructed based on Deming (2017). Math skill is the average of 1) mathematical reasoning ability, 2)
mathematics knowledge, and 3) mathematics skill. Social skill consists of the average of four variables, 1) social
perceptiveness, 2) coordination, 3) persuasion, and 4) negotiation. Rows (7) to (9) contain the broader analytical,
mechanical, and interpersonal skills constructed using factor analysis as discussed in online Appendix ?? with
their specific component variables.

Table A3 shows the correlation among the chosen skills used in the main analysis, as well
as math skill and social skill, which are constructed based on Deming (2017), and broader skill
measures skills constructed using factor analysis as discussed in online Appendix ??. It reveals
the analytical skill (row 1), exhibits a strong positive correlation with computer skills (0.92) and
a moderate correlation with math skills (0.50). This pattern suggests that positions requiring
analytical skills frequently necessitate computer and mathematical proficiency. Interpersonal
skills (row 3) indicate a moderate-to-strong positive correlation with social skills (0.61) and
broader interpersonal skills (0.73). This correlation suggests that occupations demanding
interpersonal skill also emphasize social abilities. These results validate the interpretation of
the analytical and interpersonal skills with a strong positive correlation with math and social
skills used in other studies.

On the other, a strong negative correlation exists between routine and interpersonal skills
(-0.49) and between routine and interpersonal skills (-0.45), indicating that these skill sets
rarely overlap in job requirements. The broader skill categories (rows 7 to 9) align well with
their narrower counterparts, reinforcing the validity of these categorizations. In sum, there
exist specific, identifiable skills in the labor market, some of which are more aligned with

each other, but they tend not to overlap, reflecting distinct competencies.



A.3 Alternative Examination of Skill Compositions

Figure Al: Composition of Skills in US Job Postings at 3-Digit Occupations, 2010 to 2024
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Notes: Panel (a) presents the distribution of skill types across major occupational groups in the United
States, distinguishing four categories of skills based on their emergence and persistence over time.
The occupation classification follows Census OCC codes, harmonized using a balanced and consistent
panel of occupation codes developed by Autor and Dorn (2013) and updated by Deming (2017). with
calculations first conducted at the 3-digit level and then averaged at the 1-digit level. Values are
expressed in thousands, and declining skills are plotted below the horizontal axis for visual clarity.
Panel (b) presents the share of job postings in each 1-digit ISCO group that require at least one mixed
skill.



Figure A2: Density for Skill Mixing Indexes (Weighted Cosine Distances), 2005 vs. 2018
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Notes: These figures plot the PDF of different mixing indexes in 2005 (light blue line) and 2018 (dark blue
line). The x-axis displays the value of mixing indexes with a maximum of 1 by construction. These plots are
created using O*NET and ACS data merged with occupation codes constructed by Autor and Price (2013) and
developed by Deming (2017).
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A4 Additional Robustness on Event Study Results

Figure A3: Robustness of the Event Study Results to Longer Time Periods
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Notes: This figure presents dynamic difference-in-differences estimates (B;) of the effects of exposure to
breakthrough GPT on occupational skill mixing, wages, and employment. Estimates are obtained using the
De Chaisemartin and d"Haultfoeuille (2024) estimator to account for staggered treatment and treatment effect
heterogeneity. Panels (a) and (b) show impacts on the log number of mixed skills. Panel (a) reports the average
effect on log number of skill mixed. Panels (b) presents effects using the Skill Mixing Index (cosine similarity
x 100). Panels (c) and (d) presents effects on log hourly wages and employment. All specifications include
commuting zone-by-occupation, commuting zone-by-Year, and occupation-by-Year fixed effects, and control for
lagged demographics, education, and sector composition. The x-axis denotes years relative to first exposure
(k = 0). Error bars show 95% confidence intervals, clustered at the commuting zone level.



Table A4: Robustness of Breakthrough GPT Exposure’s Impact on Skill Mixing

Posting Log number of Mixing index
Share skills mixed (x100)
Event time 1) ) 3) 4) ) (6) 7)

Weighted Trimmed 2012-24 Weighted Trimmed 2012-24
Treatment Effects

k=1 0.312**  -0.012  0.032***  0.007 0.021 -0.162 0.160
(0.118)  (0.015)  (0.005) (0.005) (0.168)  (0.120) (0.146)
k=2 0.244*  -0.017  0.038***  0.006 0.326 -0.043  -0.024
(0.138)  (0.014)  (0.006) (0.006) (0.199)  (0.138) (0.170)
k=3 0.349**  -0.044*** 0.049*** 0.024** 0301  -0.333** 0.312*
(0.140)  (0.015)  (0.006) (0.007) (0.218)  (0.146) (0.172)
k=4 0.407**  -0.068*** 0.050*** 0.027*** 1.273***  0.206  0.768***
(0.167)  (0.016)  (0.007) (0.008) (0.313)  (0.195) (0.242)
k=5 0.195  -0.113** 0.051*** 0.031*** 1.806**  0.484** 0.588**
(0.180)  (0.023)  (0.008) (0.009) (0.357)  (0.223) (0.242)
k=6 -0.043  -0.135%** 0.044*** 0.031*** 1.583*** 0.790*** -0.093
(0.186)  (0.023)  (0.008) (0.009) (0.275)  (0.250) (0.237)
k=7 0.470*  -0.006  0.046*** 0.046*** 2.708*** 1.060***  0.083
(0.254)  (0.017)  (0.010) (0.010) (0.374)  (0.258) (0.285)
k=8 -0.021  -0.026*  0.047*** 0.045*** 3.083*** 1.190*** (.594**
(0.252)  (0.015)  (0.010) (0.010) (0.377)  (0.256) (0.293)
Placebo
k=-1 -0.256*  -0.022**  0.008  -0.008  0.043 0.130 0.150
(0.150)  (0.011)  (0.007) (0.007) (0.247)  (0.130) (0.264)
k=-2 -0.145 -0.008 0.008  -0.002  -0.342 -0.309  -0.530%
(0.197)  (0.015)  (0.010) (0.010) (0.246)  (0.210) (0.272)
k=-3 -0.540**  0.174***  -0.003  -0.011 0.497 1.039 -0.212
(0.241)  (0.028)  (0.015) (0.016) (0.967)  (0.757)  (0.305)
Average Total Effect
6 years 0.506**  -0.102*** 0.089*** 0.050*** 2.303***  0.495*  0.570%
(0.233)  (0.030)  (0.011) (0.012) (0.445)  (0.300) (0.294)
czone X 0cC v v v v v v v
czone X year v v v v v v v
occ X year v v v v v v v

Notes: This table reports event-study difference-in-differences estimates () of the effects of exposure to a
Breakthrough GPT on occupational skill mixing. Estimates are obtained using the De Chaisemartin and
d’Haultfoeuille (2024) estimator, which accounts for staggered treatment timing and treatment-effect hetero-
geneity. Columns labeled “2012-24" use mixed skills defined over the 2012-2024 period. Event time k is
measured in years relative to first exposure (k = 0). The table reports the full set of post-treatment effects
(k > 1), placebo leads (k < 0), and the average total effect. All specifications include commuting zone-by-
occupation, commuting zone-by-year, and occupation-by-year fixed effects, and control for lagged demographic
composition, educational attainment, and sectoral shares. Standard errors are clustered at the commuting-zone
level and reported in parentheses. Statistical significance is denoted by ***p < 0.01, **p < 0.05, and *p < 0.10.
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Table A5: Robustness of Breakthrough GPT Exposure’s Impact on Wages and Employment

Log weekly Log income Employment

wage wage rate
) @) ®)
Treatment effects
k=1 0.011** 0.030*** 0.130***
[0.003] [0.005] [0.014]
k=2 0.006 0.008 0.107***
[0.003] [0.006] [0.016]
k=3 0.017*** 0.014** 0.139%**
[0.004] [0.007] [0.017]
k=4 0.009** 0.005 0.143**
[0.005] [0.008] [0.020]
k=5 0.005 -0.005 0.114**
[0.005] [0.008] [0.021]
k=6 0.005 0.004 0.140***
[0.005] [0.009] [0.023]
k=7 -0.003 -0.010 0.114***
[0.006] [0.010] [0.023]
k=8 0.002 -0.017* 0.077%**
[0.006] [0.010] [0.024]
Placebo
k=-1 -0.003 -0.014* -0.080***
[0.005] [0.007] [0.017]
k=-2 -0.004 -0.004 -0.052**
[0.006] [0.010] [0.022]
k=-3 -0.010 -0.018 -0.119**
[0.008] [0.013] [0.047]
Average total effect
6 years 0.014* 0.012 0.268***
[0.007] [0.013] [0.031]
czone X occC v v v
czone X year v v v
occ X year v v v

Notes: This table reports event-study difference-in-differences estimates (By) of the effects of exposure to a Break-
through GPT on wages and employment. Estimates are obtained using the De Chaisemartin and d’'Haultfoeuille
(2024) estimator, which accounts for staggered treatment timing and treatment-effect heterogeneity. Columns
labeled “2012-24" use mixed skills defined over the 2012-2024 period. Event time k is measured in years
relative to first exposure (k = 0). The table reports the full set of post-treatment effects (k > 1), placebo leads
(k < 0), and the average total effect. All specifications include commuting zone-by-occupation, commuting
zone-by-year, and occupation-by-year fixed effects. Standard errors are clustered at the commuting-zone level
and reported in parentheses. Statistical significance is denoted by ***p < 0.01, **p < 0.05, and *p < 0.10.
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B THOERY AND QUANTITATIVE

B.1 Propositions and Proofs

Proposition 1 (Equilibrium Skill Mixing Index). Consider an occupation characterized by a vector
of task requirements y € RXT and a worker with skill vector x € RX*. Given the production
technology described in equation (3) with elasticity of substitution ¢ € (0,1) and a convex cost
function C(y) = Y %yi where p > o, the equilibrium degree of skill mixing, measured by the cosine
similarity between the optimal task vector y* and a perfectly balanced reference vector, is given by:

K c
Mix(y*) = L (k) ) (5)

VK Zlf:l(“kxk)%

where ¢ = p%r > 0 represents the elasticity of task intensity with respect to skill efficiency.

Proposition 2 (Determinants of Skill Mixing). Under the conditions established in Proposition 1,

the equilibrium degree of skill mixing within an occupation increases if:

(i) Skill complementarity increases: The elasticity of substitution o decreases (implying higher

complementarity), provided o remains positive.
(ii) Cost convexity increases: The curvature of the cost function p increases.

(iii) Skill dispersion decreases: The dispersion of effective skills decreases, specifically if the ratio of

effective skills (axy)/ (apxy,) approaches unity for any task pair k, h.

Proof of Propositions 1 and 2:
Derivation of the Index (Proposition 1). The firm maximizes profit IT = wq(x,y) — C(y). The
tirst-order condition with respect to task intensity vy is:

l1-c, 0,0 0-1 _ o—1
=q = Wi XY Yk

Rearranging terms yields the optimal task intensity vy o< (axxg)?7. Defining the sensitivity

parameter ¢ = we write the optimal vector element as y; = A(agxy)¢ for some common

P
factor A. The skill mixing index is defined as the cosine similarity between y and the unit

vector u = [1,1,...,1]". Substituting the optimal y:

y-u YA (“kxk)c'l o Ylagexg)©

Tl VoA P VK - VRyTa(m)®
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Mix(y) =




This confirms equation (5). O

Proof of Comparative Statics (Proposition 2). To prove conditions (i) and (ii), we examine the

behavior of Mix(y) with respect to c. Note that g—(’; = @_LU)Z > 0 and 3—; = (p_—g)Z < 0. Thus,
proving that Mix(y) is decreasing in c is sufficient to prove that mixing increases with lower
o (higher complementarity) and higher p (higher cost convexity).

Let zy = ayxy. We define S1(c) = Y;z§ and Sy(c) = Yz The index is M(c) =

K-1/25; Sy 172, Taking the log derivative with respect to c:

din M d 1 Yk z,cc Inz, Y zic In z;
=— (InS;—=InS; | = — .
dc dc(m1 2n2) S1 So
c 2c 2
We define two probability distributions, py = ;—’; and g = Zsiz = Ep_];ﬂ The derivative can be
17
rewritten as the difference in expectations:

dlnM_
de

E,[Inz] — E4[Inz].

Notice that the weights g, put consistently higher probability mass on larger values of zj
compared to weights py (since g o p?). Specifically, because py and Inzj are positively
correlated, the covariance Covy(pi,Inzy) is positive. It follows that E;[lnz] > E,[lnz],
implying dldLCM < 0. Thus, a decrease in ¢ (lowering c) or an increase in p (lowering c)
increases skill mixing.

To prove condition (iii), let u; = In(agxy). We can express the index as M = where

VRIal’
q is a normalized probability vector derived from the inputs. By Jensen’s inequality, the
Euclidean norm ||q|| is minimized (and thus M is maximized) when the elements of the
underlying distribution are uniform. As the ratio (a;xy)/(ax,) — 1, the variance of the
inputs decreases, the distribution of task intensities becomes more uniform, and the cosine

similarity approaches its maximum value of 1. O
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B.2 Equilibrium Definition and Block Recursivity

In this section, I define a block-recursive equilibrium (BRE) for the economy following
Menzio and Shi (2011). I further show that the equilibrium of the economy is unique and is

block-recursive.

Definition 1 (Block-recursive Equilibrium). Let i € Y be the aggregate state of the economy,
which is a distribution of agents across employment status e = U, W, skill profiles x, occupational skill
requirements 'y, and output shares w.

A block-recursive equilibrium for this economy consists of value functions for both unemployed
and employed workers U(x) : S — R, W(x,y,w) : S x S x [0,1] — R, and their respective policy
functions yj;(x) : S = S x [0,1], yyy(x,y,w) : Sx S x[0,1] = S x S x [0,1]; firms” policy function
J(x,y,w) : § x S x[0,1] — R and corresponding policy function yj(x,y,w) : S x S x [0,1] —
S x S x [0,1]; labor market tightness 6(x,y,w) : S x S x [0,1] — R, and aggregate state p € ¥
such that:

1. The worker’s value functions U(x) and W(x,y satisfy (22) for all states € ¥ and y|;(x),

Y (X, y,w) are the associated policy functions respectively

2. Firms’ value function J(x,y,w) satisfy (22) for all states p € ¥ and y’](x, y, w) is the associated

policy function

3. The labor market tightness 6(x,y,w) in each submarket (x,y,w) for all states p € ¥ is

consistent with free-entry condition in equation (??)

From the above definition of block-recursive equilibrium agents” value functions and
policy functions, as well as the market tightness are independent of the aggregate state, only
requiring that they are consistent with the aggregate state distribution of agents. Such an
equilibrium is easier to characterize analytically and solve numerically. Note a key difference
between the above definite of BRE and the one defined in Menzio and Shi (2011). In the
economy studied in this paper, because I use the model to study the steady-state equilibrium,
the value functions, policy functions, and market tightness are entirely independent of
the aggregate state. Whereas Menzio and Shi (2011) studies out-of-steady-state dynamics,
the value functions, policy functions, and market tightness still depend on the aggregate
productivity shocks but are independent of the distribution of agents across employment
status and match-specific shocks.

Now, I show that a block-recursive equilibrium exists and is unique.
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Proposition 3 (Existence and Uniqueness of BRE). Under the model specification of linear utility
and invertible and constant returns to scale matching function, also assume that the support for worker
and occupation skill profiles S has bounded, then: i) all equilibria are block recurve as defined in

definition 1; ii) there exists a unique block-recursive equilibrium.

Proof of Proposition 3:
The proof first establishes the uniqueness of value functions (U, W, J), as well as policy
functions and market tightness (y;, w{;, Yiy, Wiy, y}, 6); then, the proof establishes their inde-

pendence from the aggregate state.

Uniqueness: 1 first show that the value functions for workers and firms as defined in equa-
tion (??) and (??) are contractions. Let ©® = S x S x [0, 1], which is bounded based on the
assumption that S is bounded. Let B(®) the space of bounded functions V : ® — R and the
operator associated with the worker or firm value functions denoted by T : B(®) — B(@®). It

is straightforward to verify that T satisfies monotonicity and discounting properties:
1. (monotonicity) For V, V' € B(®), V < V' implies T(V) < T(V’)
2. (discounting) For V € B(®) and € >0, T(V +¢€) =

The above conditions establish that the operator T associated with either firm or worker values
functions is a contraction bunder Blackwell’s sufficient conditions. Therefore, the optimal
values workers and firms obtain through dynamic optimization problems are unique.

Next, I show that the policy functions and market tightness are also unique. Since the
optimal values firms and workers obtain for their dynamic optimization problems (??) and
(??) are unique, the associated policy functions (y;, w{;, Yiy, Wiy, y’]) are also unique due to
concavity of the production function defined in equation (3) and workers have linear utility
over consumption. To show the uniqueness of market tightness, first note that since it is
assumed that the matching function is invertible, one may directly obtain market tightness
through the market clearing condition (??) with 6 > 0. The uniqueness of 6 then follows from

the uniqueness of firms” value function.

Independence of Aggregate State: In the model economy, workers with different skill pro-
tiles x search in their own market, and firms with different skill requirements y post jobs
in these separated markets, therefore, one can establish that the value functions of firms,
workers and the market tightness are all independent of the aggregate state ¢. I establish this
argument more rigorously through a backward induction argument as in Braxton and Taska

(2021). For this purpose, I introduce back time subscript in the notation.
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At the terminal period t = T, for an employed worker, the continuation value is zero
for T 4 1 onward, so the worker’s dynamic programming problem does not depend on the
aggregate distribution across states, and is equal to the worker’s share of output Wr(x,y, w) =
wf(xy)-

Similarly, the firm’s value function also remains independent of the aggregate distribution
Jr(x,y,w) = (1 —w)f(x,y). As a result, through the free entry condition in equation (??), the
market tightness 07 (x,y, w) is also independent of the aggregate distribution.

Firms at T — 1 make occupation design choices y to solve the firm dynamic programming
problem in equation (??); workers at T — 1 make labor market search choices over occupations
y to solve the worker dynamic programming problem in equation (??); As long as y is within
a bounded interval, the extreme value theorem assures at least one solution to this problem.

This process is repeated stepping back from t = T —1, ..., 1, which completes the proof. Q.E.D.
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B.3 Model Calibration

I use the same combination of NLSY 79 & 97 and ONET data as in Section III to quantify the
model with three skills. NLSY data informs us about worker abilities (x) and captures changes
in employment and wages, while ONET provides occupational skill requirements (y). For
consistency, the sample is restricted to data from 2005-2006 and 2016-2019 and includes only
workers with available skill information.?® Finally, for both worker and job skill profiles, I con-
sider the same set of skills (analytical, computer, interpersonal, routine) as in Sections II and III,
only that I combine analytical and computer skills to have a three-dimensionality feasible for
quantitative analysis (K = 3,k = {analytical/computer (a), interpersonal (p), routine (r}h).%

Considering the potential influence of skill supply on skill mixing, I calibrate worker skill
distribution G(x) across two periods to reflect choices of occupations and college majors.
Workers accumulate skills at a rate 7y; based on the gap between their current skills and the
requirements of their occupation or college major, using NLSY’s occupational /major data.
The adjustment rate vy; varies by skill and the direction of adjustment using estimates from
Lise and Postel-Vinay (2020).*

To map occupations and workers in the model to the data, I set grid points as follows.
I classity occupations into high- and low-wage, as in Section III, with the former group
including managerial, professional, and white-collar occupations, and the latter blue-collar
and service occupations. The grid point for an occupation’s requirement of a skill y; is set
such that moving up one grid corresponds to 50 percent of the average observed value of y;
for that 0ccupa’cic>1r1.3’1 On the worker side, workers are classified based on their skill level
x;: those with skills above the average are deemed high type and assigned the mean of the
above-average values; those below the average are considered low type and assigned the

mean of the below-average values.*?

Functional Forms: The functional forms are chosen as follows. The multi-dimensional
skill production function is defined in equation (3), which extends the multi-dimensional
matching literature (i.e., Lise and Postel-Vinay 2020; Lindenlaub 2017; Ocampo 2022) by

BNLSY 1997 was conducted annually during 2005-2006 but biannually in 2016-2019, as was NLSY 1979 for
the later period. The sample sizes for these two periods are 30,654 and 43,340 respectively.

2 As I merge analytical and computer skills into one for calibration using their average values, I denote this
combined skill as “analytical/computer”.

30Details of this calibration are available in online Appendix B.5. Workers” skills adjust downward when
unemployed but cannot be lower than their initial endowments. For skill changes while in college, I specify that
workers spend on average 3 years learning the skills of their majors.

31 As the model calibration uses data of two periods with a consistent grid, I determine grid points by averaging
the occupation’s median values across both periods.

32With three chosen skills, there are 8 worker types in the model.
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Table B1: Moments and Model Match

First Period Second Period
Data Model Data Model

Worker moments
Relative wage of high type

Analytical/computer 1.46 1.36 1.60 1.63

Interpersonal 1.05 1.17 1.20 1.25

Routine 1.12 1.48 0.92 1.27
Wage return of skill mixing (untargeted) 0.07 0.04 0.07 0.04
Unemployment rate 0.05 0.07 0.04 0.07
Occupation moments
Relative wage of high skill 1.30 1.27 1.56 1.55
Corr. wage and abilities (low-wage) 0.23 0.28 0.49 0.39
Corr. wage and abilities (high-wage) 0.35 0.27 0.60 0.64
Employment share (low-wage) 0.43 0.32 0.37 0.12
Employment share (high-wage) 0.57 0.68 0.63 0.88

100 x Skill mixing (low-wage) 9754 9451 9896 99.14
100 x Skill mixing (high-wage) 95.74 9644 9412 94.73

Notes: This table reports the average values of the targeted moments both in the data and through model
simulation. The data used for the moment calculation and for SMM estimation are two periods of pooled
NLSY79&97 for employed workers: period 1 from 2005-2006 and period 2 from 2016-2019. Two types of
moments are included. The worker moments include the relative wage of high type workers as well as
the unemployment rate. The occupation moments include the relative wage of high skill occupations, the
employment share and the skill mixing index of RNR skills in low and high skill occupations.

incorporating both skill-specific efficiency of matching a; and cross-skill complementarity
ol. For the occupation operation cost function, I apply a simple and flexible formulation,

C(y) = t[LX | (¥*)?], which is uniform across all occupations.*>

Here, p determines the
convexity of the cost function relative to skill levels, and T sets the cost scale. The matching
function adopts a standard Cobb-Douglas format, M(s,v) = us’v!~, where 57 measures the
elasticity of matches in relation to total search effort and yu reflects matching efficiency, leading
to a job finding rate of p(8) = 16!~ and a vacancy filling rate of q(8) = u6~".

The calibration of parameters falls into three categories. For parameters that regulate
the search environment, I follow closely the conventions of the search literature. For skill
adjustment and efficiency parameters, I draw on estimates from the multi-dimensional
matching literature. Finally, I internally estimate the production technology parameters,
which govern the elasticity of substitution across skills and the scale and convexity of the

operational costs of skills, using Simulated Methods of Moments (SMM).

33Besides technical convenience, the functional form also implies that for a given cost, firms need to trade off
the choice of altering different skill intensities.
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Table B2: Parameter Estimates

Parameter Description Value

Panel A. Externally calibrated - search

B Discount Rate 0.96
0 Job separation rate 0.10
w Worker share of surplus 0.60
b Unemployment benefit as a share of output 0.42
n Elasticity of the matching function 0.50
H Matching efficiency 0.65

Panel B. Externally calibrated - skill adjustment Up Down

Ya Annual adjustment speed of analytical/computer skill 0.36 0.10

7p  Annual adjustment speed of interpersonal skill 0.05 0.00
Yr Annual adjustment speed of routine skill 1.00 0.36
Panel C. Externally calibrated - skill efficiency 2005 2018

Kg Skill efficiency of analytical/computer skill 0.63 0.95
ap  Skill efficiency of interpersonal skill 0.05 0.08
oy Skill efficiency of routine skill 0.14 0.06
Panel D. Internally estimated 2005 2018

010w~ Elasticity parameter of skills in production (low skill) 0.53 0.31
Onign ~ Elasticity parameter of skills in production (high skill) 0.50 0.29
¢$100  Convexity of occupation operation cost (low skill) 3.39 4.10
Pnign  Convexity of occupation operation cost (high skill) 3.37 4.10

Notes: This table shows the exogenously calibrated as well as internally estimated parameters. The data used
for the internal estimation are two periods of pooled NLSY79&97 data for workers with information on their
pre-market abilities. Period 1 is from 2005-2006 and period 2 from 2016-2019.

External Calibration: The model period is a year. Given that all agents are risk-neutral,
the discount rate B is assigned a value of 0.96, corresponding to an annual interest rate of
4 percent. The job separation rate ¢ is set at 10 percent as in Shimer (2005). For employed
workers, their share of output w is set at 0.6, mirroring the labor share of GDP in 2005. For
unemployed workers, the unemployment benefits b is set at 41.5 percent of the earning loss
of lowest-paid occupations, following the estimates of Braxton, Herkenhoff, and Phillips
(2020). The elasticity of the matching function 7 is set at 0.5 as is standard, and the matching
efficiency yu is set to 0.65, as in Mercan and Schoefer (2020). Table B2 panel A summarizes
these externally calibrated parameters.

[ calibrate the speed of skill adjustment (y;) and the skill efficiencies () following Lise
and Postel-Vinay (2020) and Lindenlaub (2017), as detailed in Table B2 panels B and C.
The calibration aligns the adjustment of analytical/computer, interpersonal, and routine

skills with the cognitive, interpersonal, and manual skills detailed in Lise and Postel-Vinay
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(2020).34 Analytical/computer skill adjusts upward two times faster than it depreciates, while
interpersonal skill changes slowly in both directions. Routine skill adjusts most rapidly in
either direction. I linearly interpolate Lindenlaub (2017)’s estimates of skill efficiencies for
my period of analysis.35 Between 2005 and 2018, the productivity of analytical/computer
and interpersonal skill in matching worker abilities with job skill requirements increased by
about 60 percent. In contrast, the productivity of routine skill saw a decrease of more than 50

percent.

Internal Estimation: For the internal estimation, the SMM procedure entails solving the
agents’ steady-state policies and simulating a cohort of workers for T(T > 80) periods,
resulting in a distribution of labor market outcomes. The parameters are then estimated
minimizing the distance between simulated and empirical moments.’® The estimation targets
11 moments as shown in Table Bl for both periods of data that include: i) the relative wage
of the high-type worker for each skill; ii) the unemployment rate; iii) the relative wage
of high-skill occupation; iv) the within-occupation correlation between wages and worker
abilities; v) the share of employment across occupations; and vi) the skill mixing index of
RNR skills of occupations.’” The model does a decent job of matching all the moments, and
replicates the non-targeted wage returns of skill mixing in Section IIL.

The model parameters are jointly identified from the moments, for which a concise
summary of the key information for identification is given below with a more detailed
discussion in online Appendix B.4. I first identify the complementarity parameter of skills in
production ¢ targeting the correlation of within-occupation relative wages and worker skills.
The cost parameter p is then estimated by leveraging the firm’s optimization conditions in
skill mixing. Conditional on parameters estimated at the production side, the employment
distribution and relative wages further aid in estimating 7. Lastly, the unemployment rate
disciplines the vacancy posting cost c.

Table B2 panel D presents the internally estimated parameters, which indicate considerable

technological shifts between the two periods. For the initial period, the estimated ¢ is 0.6 for

3Lise and Postel-Vinay (2020)’s estimates are presented on a monthly basis, which I have adjusted to an
annual scale.

%Lindenlaub (2017)’s estimates span from 1990 to 2010.

360Online Appendix ?? provides further details on the numerical implementation.

57 All moments are directly computed from the two periods of data from NLSY, except for unemployment,
for which I use the statistics from the Bureau of Economic Analysis (BEA) to avoid the age composition effects
present in NLSY. For example, by the late 2010s, a larger segment of the NLSY 79 cohort was above age 50,
making them more likely to be out of the labor force. Additionally, the unemployment rate from NLSY, derived
from the number of jobs held since the last survey, averages 9 percent, notably higher than BEA data. However,
this decision primarily affects vacancy posting cost parameters.
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low- and high-wage occupations, suggesting that skills are substitutable in production. In the
late 2010s, there was a significant rise in skill complementarity in production, reflected in the
reduction of ¢ to 0.3 for both types of occupations. Firms also encounter rising costs of skills
in occupation operation, as reflected in the increase of both the scale and the convexity of the
cost function (7 and p). As discussed in Section IV.B, this increased complementarity as well
as the operational costs of skills intensifies firms” incentives to mix skills. Lastly, the cost of

posting vacancies remains relatively constant.
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B.4 Identification of Parameters

I begin by estimating the elasticity parameters in production and occupation operation cost,
denoted by ¢ and p. As highlighted by Caselli and Coleman (2006), the challenge arises
when allowing for the endogenous choice of the efficiency of inputs under constraints, as the
elasticity parameters cannot be separately identified. To overcome this challenge, I estimate ¢
using the relative wage within occupation instead of relying on absolute wage levels.
Specifically, based on the model, the wage that workers receive per period is given by
the share w of the output of the worker-firm match, reduced by the occupation design
cost, formulated as w(x,y) = wf(x,y) — C(y). Consequently, within each occupation, the

difference in wage relative to a base worker type Aw(x,y) can be articulated as follows:

o

- A/ (6)

K

Aw(xy) = w [Z(xkyk)"

k=1

where A is occupation-specific and does not depend on the cost parameter T or p. This
formulation enables the identification of o independent of the cost parameters. To carry out
the estimation equation (6), I first adjust the wage for occupation fixed effects in order to
account for A and w. Next, I compute the within-occupation difference of the adjusted wage
relative to the lowest skill type worker.®® Last, I target the correlation between this adjusted
within-occupation relative wage and worker abilities x.*

I now turn to the identification of the cost parameters p and 7. To begin with, note that the

first-order condition of firms’ optimization problems in the submarket (x,y) can be simplified

in ratios to Z—: = <§—’;) ‘%‘7, a relationship that exclusively depends on the parameters ¢ and p.
With ¢ already estimated, I then target the skill ratio y;/yx, which aligns with the moment of
the degree of hybridization of occupations. Further, for employed workers, the distribution of
employment across various occupations is governed by wages w(x,y). Given the parameters
described above, this functional relationship allows the estimation of t.

Lastly, given the calibrated unemployment benefits b, the parameters of the matching,
production, and cost functions, equation (??) reveals that the probability of exiting unemploy-
ment only depends on the vacancy posting cost. By targeting the unemployment level, c is

identified.

38Refer to Section IV.B for an in-depth discussion on how worker skill types are calibrated.
% According to equation (6), o can be identified from the correlation of any skill with the adjusted wage, which
is what I use as the target.
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B.5 Calibration of Skill Supply

I carry out the calibration of two key aspects of skill supply variation: the Markov probability
of worker skill adjustment in a steady state equilibrium and the variation in worker skill
supply spanning two data periods that the model aims to align with two steady states. I will
tirst delve into the details of the skill variation between data periods and then explore the skill
evolution within a model period as guided by the Markov process, following the approach of
Lise and Postel-Vinay (2020).

Across-period Skill Supply Variation: Considering the potential influence of skill sup-
ply variation on skill mixing, I calibrate the model to reflect workers” choices in occupation,
college major (if attended), and employment status, in line with the approach of Lise and
Postel-Vinay (2020). This calibration introduces variation in worker skill supply across two
periods. Worker skills are adjusted based on the requirements of an occupation or a college
major; they increase if the requirements exceed the original skills and decrease if the require-
ments are lower or if the worker is unemployed. The speed of this adjustment is asymmetric
and skill-specific.

Specifically, following the estimates from Lise and Postel-Vinay (2020), as presented in
online Appendix Table B3, a worker’s skills accumulate at a rate of +y; times the gap between
the worker’s skill j and the occupation’s requirement for that skill each year. The value
of 7; depends on whether it relates to learning or depreciation (upward or downward
accumulation). Additionally, workers can lose skills when not employed, with unemployment
treated as requiring a zero level for all skills. However, I specify such that a worker’s skill
level cannot fall below their initial endowments. For changes in skills while in school, I specify
that workers spend an average of three years learning the skills of their majors.

I incorporate two modifications into this framework. First, since Lise and Postel-Vinay
(2020)’s estimates are based on weekly data, I adjust them by multiplying by the number of
working weeks, set at 47. Second, I align Lise and Postel-Vinay (2020)’s estimates of cognitive,
interpersonal, and manual skills with my analysis’s categories of analytical, interpersonal,
and routine skills.*’ Since Lise and Postel-Vinay (2020)’s estimates do not include computer
skills, I use their cognitive skill estimates as a proxy.

In calculating the skill adjustment, I first standardize both worker skills and occupation

skill requirements. Then, for example, if a worker is employed in an occupation that requires

40Their exclusion restriction imposes that (i) the ASVAB mathematics knowledge score only reflects cognitive
skills; (2) the ASVAB automotive and shop information score only reflects manual skills; (3) the Rosenberg
self-esteem score only reflects interpersonal skills.
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a standard deviation higher in analytical skill compared to the worker’s analytical skill, the
worker will accumulate 0.36 standard deviations of analytical skill in a year due to learning on
the job. Conversely, if a worker’s interpersonal skill is higher than required, it will decrease
by only 3 x 10* standard deviations, almost remaining unchanged, as interpersonal skills are

estimated to be very hard to lose.

Table B3: Annual Skill Learning and Depreciation Rate

O*NET Measures NLSY Measure 7@3%’;%1 'y;lp 'y;.iown
Analytical AFQT score 033 036 0.10
Interpersonal Deming (2017) social skill ~ 0.33 ~ 0.05 0.00003
Routine ASVAB mechanical 033 1.00 0.36
Computer OCC/Major’s 2005 value  0.33 036  0.10

Notes: This table illustrates for each O*NET skill measure, its corresponding skill measure using NLSY79&97
data, and the learning and depreciation rate for these different skills. The AFQT is the same as the one used by
Altonji, Bharadwaj, and Lange (2012) followed by Deming (2017), which controls for age-at-test, test format,
and other idiosyncrasies. Deming (2017)’s social skill measure consists of sociability in childhood and sociability
in adulthood in NLSY79, and two questions from the Big 5 inventory gauging the extraversion in NLSY97.
The average of workers” ASVAB mechanical orientation and electronics test scores are used for mechanical skill.
Since ASVAB scores are not available for the NLSY97 survey, they are imputed based on predictive regression
using the NLSY79 survey. Workers” occupations” or college majors” O*NET computer skill scores in the year
2000 are used as their endowed computer skill. The skill accumulation/depreciation rate is directly from Lise and
Postel-Vinay (2020)’s estimates based on monthly data converted to annual values. Skill learning/depreciating
while attending college is specified to be 33% per year.
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