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Abstract

Technological transformation during the 2010s reshaped U.S. skill demands, but
workers experienced divergent outcomes. Understanding this heterogeneity requires
identifying not just whether skills changed, but how they changed. We develop a
measurement framework from job postings in 2010 and 2018, constructing aligned
skill spaces for 514 occupations covering over 75% of U.S. employment. Two geometric
dimensions (transformation magnitude and shifts in occupational distinctiveness)
jointly reveal three distinct processes. Cognitive distance arises when new require-
ments conflict with existing expertise, creating heterogeneous adaptation. Scaffolded
learning occurs when new capabilities build cumulatively on existing foundations,
enabling collective upgrading. Simplification emerges when technology eliminates
specialized requirements. Validating these interpretations against within-occupation
wage dispersion, we find each mechanism produces its predicted pattern. Among
high-wage occupations with substantial transformation, cognitive distance gener-
ates 4.8-percentage-point wage spread widening while scaffolded learning maintains
stability. Among low-wage occupations with minimal transformation, simplification
produces 4.2-percentage-point compression. The same geometric feature (declining
distinctiveness) produces opposite wage effects depending on transformation context.
The qualitative nature of skill change determines worker outcomes, not magnitude
alone.
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1. Introduction

Technological transformation during the 2010s fundamentally reshaped the U.S. economy.
Workers did not experience this change uniformly: some acquired new capabilities and
advanced, others lost value as old expertise eroded, and some adapted collectively within
their fields. Yet existing frameworks focus primarily on whether technology substitutes
for or complements tasks within fixed occupational boundaries, missing the mechanisms
that generate these divergent outcomes.

Task-based and exposure-index approaches explain aggregate wage polarization but
cannot distinguish among transformation processes. These approaches link technology to
tasks (Autor and Dorn, 2013; Acemoglu and Restrepo, 2019) or trace disruption from trade
and automation (Autor, Dorn, and Hanson, 2015; Cortes, Jaimovich, and Siu, 2017; Webb,
2019; Felten, Raj, and Seamans, 2021). Recent work shows labor market structure matters:
technology clusters in skill-adjacent occupations, constraining mobility within a given
occupational structure (Fan, 2025). Yet how technology transforms occupational structure
itself (which boundaries shift, how skill relationships reconfigure) remains unmeasured.
Without observing how occupations move in skill space, both internally and relative to
others, we cannot infer the underlying dynamics driving change or predict their impact
on workers.

We introduce a newmeasurement infrastructure that overcomes three obstacles. First,
aggregating noisy job postings requires filtering firm-specific terminology while retaining
true occupational signals. Second, embeddings must capture functional similarity so that
geometric distances represent genuine skill relationships. Third, comparing across time
requires aligning independently trained embeddings without assuming skill persistence.
Our two-stage neural architecture resolves these challenges using contrastive learning
and Orthogonal Procrustes alignment on 21 stable occupations, reducing anchor distance
error by 82%. The resulting dataset spans 191,919 job postings across 514 occupations
covering 75% of U.S. employment.

This framework produces two diagnostic metrics: Skill Evolution Magnitude (SEM),
the geometric distance between 2010 and 2018 embeddings, representing howmuch an
occupation’s skill profile changed; and shifts in distinctiveness rankings (∆RANK), the
change in relative uniqueness within the occupational structure, capturing whether an
occupation became more or less geometrically distinct from neighboring occupations.
Neither dimension alone suffices: many occupations show similar magnitudes of change.
Measuring distinctiveness alongside magnitude enables characterizing transformation
qualitatively—whether occupations specialized, converged, or simplified—distinctions
invisible in magnitude alone.

Critically, neither metric alone determines economic outcomes. The same distinc-
tiveness decline can signal boundary erosion toward cross-domain capabilities or simpli-
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fication of specialized requirements. These are opposing processes requiring different
worker responses. Only the full geometric constellation (transformation magnitude, dis-
tinctiveness shifts, and neighbor configurations) reveals which process operates.

Measuring transformation requires both dimensions because a single magnitude
metric would obscure the qualitative character of skill evolution. An occupation can trans-
form by deepening its specialized expertise, thereby reinforcing its unique professional
boundaries, or by converging toward capabilities common to other professions, thereby
eroding them. Measuring shifts in distinctiveness alongside magnitude is essential be-
cause the combination reveals qualitatively different transformation processes. Whether
boundaries reinforced, converged, or eroded through simplification proves decisive for
labor market outcomes. These represent fundamentally different economic processes
invisible in a scalar measure of change. Jointly analyzing these metrics reveals three dis-
tinct processes of skill transformation, each defined by whether new capabilities proved
conflicting, cumulative, or eliminative in relation to existing expertise.

Cognitive Distance arises when new skill requirements conflict with established ex-
pertise. High-wage occupations like Financial Managers experienced major skill shifts
toward analytical and computational capabilities: quantitative modeling, predictive ana-
lytics, and data-driven decision-making. By 2018, Financial Managers’ nearest neighbors
in skill space included Economists and Statisticians—analytical professions requiring
fundamentally different cognitive paradigms than traditional finance. Acquiring these
capabilities required reconciling conflicting approaches: algorithmic reasoning versus
relationship-based judgment, statistical modeling versus experiential assessment. Some
workers successfully integrated both domains, commanding premiums for rare dual ex-
pertise. Others struggled with cognitive conflicts. This heterogeneous adaptation resulted
in widened wage dispersion.

Scaffolded Learning arises when new capabilities build cumulatively on established
expertise. Occupations such as Architects evolved through additive skill development.
Emerging tools like Building Information Modeling (BIM) built directly upon core archi-
tectural knowledge. The occupation’s neighbors remained within the built environment
ecosystem (Landscape Architects, Civil Engineers), not converging toward generic analyt-
ical work. Every digital feature mapped to concepts architects already mastered: spatial
relationships, structural systems, material properties. Learning BIM meant extending
familiar mental models rather than integrating conflicting paradigms. Work structure
proved indivisible: contemporary projects cannot accommodate practitioners using dif-
ferent systems, forcing collective adoption. This enabled collective upgrading with stable
wage structures.

Simplification arises when technology eliminates specialized requirements. Low-wage
occupations such as Library Technicians saw declining distinctiveness as automation elim-
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inated specialized procedural tasks. Neighbors shifted from specialized roles (pharmacy
technicians, office specialists) to generic servicework (vehicle cleaners, dining attendants).
Digital catalog systems automated classification procedures, barcode scanning eliminated
transaction recording expertise, integrated software reduced routing specialization. The
procedural expertise that would have generated experience premiums became less criti-
cal. Job posting language in 2018 emphasized nearly identical competencies as 2010, yet
the occupation’s position in skill space shifted dramatically. Their roles converged with
generic service work, eroding wage premiums and compressing pay spreads.

Empirically, occupations undergoing cognitive distance transformations exhibit 4.8-
percentage-point wage spread widening, scaffolded learning contexts maintain stable
dispersion, and simplification experiences show 4.2-point compression. The validation
lies in correctly predicting directional effects from geometric signatures: declining dis-
tinctiveness predicts widening when paired with high transformation magnitude and
cross-domain neighbors (cognitive distance), but compression when paired with low
transformation and shift to generic neighbors (simplification). This demonstrates both
dimensions jointly determine outcomes—boundary erosion alone cannot predict direction
without considering transformation magnitude and neighbor context. A critical finding:
the same geometric feature (declining distinctiveness) produces opposite wage effects
depending on transformation context—demonstrating that no single metric captures
mechanism type. Matching our 514 occupations to Bureau of Labor Statistics wage data,
we achieve coverage of 432 occupations representing 72% of U.S. employment, examining
within-occupation wage spreads (P75-P25) from 2010 to 2018.

Our approach follows an arc from representation to validation. We first develop in-
frastructure using contrastive learning to construct skill embeddings where geometric
relationships capture occupational similarity. We then query this representation to iden-
tify systematic geometric patterns across 514 occupations. From these measurements,
we develop economic interpretations for these signatures, grounded in theory of human
capital and occupational boundaries, and generate falsifiable predictions about their labor
market consequences. The validation of these predictions (each mechanism predicts spe-
cific dispersion dynamics, and observed patterns align) confirms that our interpretations
correctly identify genuine economic mechanisms.

This framework provides the first systematic method to diagnose distinct mechanisms
of occupational transformation using language-based skill embeddings. The qualitative
form of skill change (whether conflicting, cumulative, or eliminative) proves decisive
in determining economic outcomes. Existing exposure indices cannot distinguish these
mechanisms: an occupation with high AI exposure might face cognitive distance, scaf-
folding, or simplification. Exposure alone cannot reveal which. Task-based frameworks
characterize occupational content but not relational dynamics (whether boundaries shift
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or persist). Our geometric approach captures both internal transformation and external
repositioning. Recognizing these mechanisms enables targeted policy responses: bridg-
ing support for cognitive distance, domain-specific training for scaffolded learning, and
transition aid for workers displaced by simplification. Beyond policy, understanding trans-
formation types informs firm adoption strategies and explains rising within-occupation
inequality as technology creates heterogeneous adaptation pressures.

Our analysis establishes occupation-level patterns while leaving micro-mechanisms
for future investigation. Section 2 positions our work within literature. Section 3 details
measurement infrastructure. Section 4 develops the analytical framework. Section 5
presents empirical patterns and validation. Section 6 concludes with implications.

2. Related Literature

Our work builds on and extends four distinct literature streams that have each provided
crucial insights into how technology affects labormarkets, while leaving themeasurement
of occupational boundary dynamics as an unaddressed frontier.

Task-Based Approaches and Their Limitations

The foundational insight of the task-based approach recognized that technology’s im-
pact on labor operates heterogeneously through specific tasks that define occupational
content. This framework successfully explained broad patterns of wage polarization
by demonstrating how technology substitutes for routine tasks while complementing
non-routine cognitive work, with recent extensions distinguishing displacement from
reinstatement (Acemoglu and Restrepo, 2019) and identifying which specific skills drive
outcomes (Deming, 2017; Autor and Dorn, 2013). Studies document occupation-specific
disruption from trade shocks (Autor, Dorn, and Hanson, 2015) and routine job displace-
ment (Cortes, Jaimovich, and Siu, 2017), with recent work developing exposure indices that
predict technological impacts through patent-task overlap (Webb, 2019) and AI capability
assessments (Felten, Raj, and Seamans, 2021). However, by design, these approaches focus
on the internal composition of occupations—the tasks within existing boundaries—rather
than how technology might reshape the boundaries themselves. While this literature ex-
cels at measuring whether an accountant’s tasks are becoming more analytical or routine,
it cannot capture whether the distinction between “accountants” and “financial analysts”
is becoming sharper or more blurred.

Recent work demonstrates that labor market structure determines technology’s distri-
butional impact. Fan (2025) shows that automation clusters in skill-adjacent occupations,
creating “mobility traps” where workers’ most accessible transitions lead to equally threat-
ened jobs, revealing that adjustment depends on distance-dependent transferability across
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the occupational network. Bocquet (2024) demonstrates that the network structure of
occupations, particularly “bridge occupations” linking distinct clusters, significantly af-
fects reallocation speed following technology shocks, with slow reallocation creating
substantial adjustment costs. Rio-Chanona et al. (2021) model how workers navigate an
occupational mobility network in response to automation, finding that network structure
plays a crucial role in determining unemployment levels, with occupations in particular
areas having few transition opportunities. These studies advance our understanding of
how occupational proximity and network position shape worker adjustment, taking the
structure of skill relationships as given to analyze flows between occupations.

Our contribution is complementary: we study how technology transforms occupa-
tional structure itself. Rather than analyzing worker flows between occupations with
fixed boundaries, we measure how those boundaries shift—whether requirements extend
toward cross-domain capabilities, build on existing expertise, or erode through simplifi-
cation. These boundary reconfigurations determine adaptation pressures for incumbent
workers within their current occupations, operating through mechanisms distinct from
the mobility constraints emphasized in network-based approaches. By measuring oc-
cupational boundary dynamics directly, we provide the foundation for understanding
both internal pressures on workers and the changing landscape through which displaced
workers must navigate.

Text-as-Data and EmbeddingModels in Economic Analysis

The emergence of large-scale text data has revolutionized the measurement of economic
phenomena, enabling researchers to move beyond static surveys to dynamic, real-time
observation of market demands (Gentzkow, Kelly, and Taddy, 2019). In labor economics,
analysis of job posting data reveals systematic variation in employer skill demands and
how requirements respond to labor market conditions (Modestino, Shoag, and Ballance,
2020). Vacancy text analysis demonstrates effects on matching efficiency (Marinescu
and Wolthoff, 2020), while skill complementarities can be measured through posting
co-occurrence patterns (Atalay et al., 2020).

Recent advances in representation learning (Dell, 2025) enable conversion of unstruc-
tured data into structured embeddings where geometric relationships capture economic
similarity. These methods have demonstrated power across diverse applications: lever-
aging portfolio holdings to construct asset representations for pricing (Gabaix et al.,
2025) and using foundation models to capture rich career history representations for
wage decomposition (Vafa, Athey, and Blei, 2024). However, applications to labor mar-
kets have focused primarily on measuring skill inventories or content similarities within
occupations rather than the relational architecture between economic categories. Our
work addresses the challenge of measuring how the distinctiveness between occupations
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evolves—the boundary dynamics that determine labor market competition.

Occupational Boundaries and Labor Market Dynamics

A parallel literature has long recognized that occupational boundaries play a crucial role
in determining labor market outcomes, affecting everything from wage setting to worker
mobility patterns. Occupational boundaries are reinforced by licensing requirements
affecting 29% of U.S. workers (Kleiner and Krueger, 2013), while skill transferability gov-
erns transition costs between occupations (Gathmann and Schönberg, 2010; Lise and
Postel-Vinay, 2020). Research on occupational mobility has demonstrated that transitions
between occupations involve substantial human capital costs, while declining occupa-
tional tenure suggests that these boundaries may be becoming more porous (Kambourov
and Manovskii, 2009). Theoretical work on monopsony power emphasizes how occupa-
tional specificity affects firms’ wage-setting ability (Manning, 2003). Despite the theoretical
importance of occupational boundaries, this literature has been limited to inferring bound-
ary changes from their consequences—mobility patterns or wage differentials—rather
than directly measuring the boundary erosion process itself.

Innovation Economics and Technological Reorganization

The innovation economics literature has long emphasized that the most significant im-
pacts of new technologies often come not from direct task substitution, but from the
reorganization of economic activity they enable. General purpose technologies fundamen-
tally reshape production processes through complementary organizational innovations
(Bresnahan and Trajtenberg, 1995), suggesting that technological change should affect not
just the content of individual jobs but the entire architecture of how work is organized.
Our framework provides the first systematic approach to measuring this reorganization at
the occupational level, quantifying how technology reshapes the competitive landscape
between related professions.

Addressing these measurement limitations requires moving from static taxonomies
to direct observation of firms’ revealed skill demands. Recent advances in representation
learning (Dell, 2025) enable conversion of unstructured text into structured embeddings
where geometric relationships capture economic similarity. Contrastive learning methods
have proven effective for economic applications requiring nuanced similarity measure-
ment. We adapt these techniques to construct occupational skill spaces, developing the
first comprehensive framework for measuring both internal skill transformation and
boundary dynamics simultaneously.

Our contribution bridges these literature streams by developing the measurement in-
frastructure necessary to observe occupational boundary dynamics directly. This enables
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us to move beyond inferring boundary changes from their consequences to measuring
the boundary evolution process itself, providing new insights into how technological
transformation reshapes the fundamental architecture of labor market competition.

3. A New Engine for Measuring Skill Change

3.1. Data and Economic Motivation

The central empirical challenge of this paper is to move beyond indirect proxies and
directly measure the changing skill content of occupations. This creates an unexplored
opportunity for systematic occupational analysis, but one that requires solving three
interconnected measurement challenges that reveal why existing approaches prove insuf-
ficient.

First is the fundamental challenge of quantifying occupational skill relationships in a
way that reflects genuine economic costs. Understanding technological change requires
measuring how similar or different occupations are in terms of their skill requirements,
where similarity serves as a proxy for the real economic cost of worker transitions—the
time, effort, and lost productivity involved in acquiring new expertise. The distance from
Financial Analyst to Quantitative Analyst may seem small given their shared domain, yet it
requires substantial investment in mathematical and programming skills. Conversely, the
distance from Financial Analyst to Credit Analyst, while perhaps seeming larger due to
different specializations, may actually involve highly transferable analytical capabilities.

Second, beyond measuring static relationships, we must characterize how occupa-
tions themselves evolve over time. Rather than relying on expert judgment about which
occupations face technological disruption, we need systematic measures derived directly
from job posting text that capture both the magnitude of internal skill reconfiguration
and changes in occupational boundaries with related professions. This characterization
must be sensitive to the emergence of new skill combinations and the obsolescence of
established expertise.

Third, any temporal comparison requires solving a fundamental measurement prob-
lem: ensuring that changeswe observe reflect genuine occupational transformation rather
than methodological artifacts. When comparing skill requirements across years, we need
a framework that preserves each period’s internal logic while enabling valid measurement
of change across time.

Job postings represent firms’ real-time, revealed preferences in competitive labor
markets. When firms craft job descriptions, they define precise skill boundaries to attract
specific human capital while distinguishing roles from potential substitutes. This makes
job posting text powerful for observing not just skill inventories within occupations,
but the architecture of professional identity as employers perceive and value it. Unlike
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static classification systems, job postings capture the dynamic reality of what skills firms
actually demand when competing for workers, immediately reflecting new technological
requirements and evolving skill combinations.

Traditional data sources cannot address these measurement challenges adequately.
The O*NET database represents a systematic skill documentation effort through expert
review, cataloging hundreds of detailed occupational characteristics. Our measurement
objectives require observing skill demand at high temporal resolution across the full
heterogeneity of specific competencies—from Python programming to regulatory compli-
ance to robotic surgery. Expert review systems like O*NET provide valuable standardized
taxonomies but update more slowly than real-time firm requirements.

However, this direct approach presents measurement challenges that reveal why naive
text analysis fails. Individual job postings contain substantial firm-specific jargon, boil-
erplate language, and idiosyncratic variations that can obscure genuine occupational
signals. Simple averaging of job postings would muddy the occupational signal, giving
equal weight to well-written postings with clear skill requirements and boilerplate-heavy
postings with generic language that provides little occupational insight. The semantic
complexity of skill descriptions means that simple keyword-based approaches fail to
capture functional relationships between different skill terms—they cannot understand
that Python and R represent functionally similar analytical capabilities for a data scien-
tist, or that stakeholder management represents a more sophisticated manifestation of
communication skills. Most fundamentally, any measurement framework must produce
representations that are simultaneously temporally stable within occupations and maxi-
mally discriminative between similar occupations, as these boundary distinctions carry
the greatest economic significance for understanding technological change.

Our solution begins with two comprehensive corpora of online job vacancy postings
that capture the economy’s skill demands at two critical time points: 2010, representing the
immediate aftermath of the Great Recession, and 2018, after nearly a decade of technolog-
ical advancement and economic recovery. These postings were systematically collected
frommajor job boards and company career pages, providing comprehensive coverage
across all skill levels and industries.

The transformation from raw vacancy text to analysis-ready data requires amulti-stage
processing pipeline designed to ensure both quality and representativeness. Each posting
undergoes systematic quality assessment using automated algorithms that evaluate se-
mantic coherence, grammatical structure, and content relevance, with scores ranging
from 2–7. Text length filtering removes postings with insufficient information (fewer than
50 words) or likely errors (exceeding 5,000 words), while duplicate detection employs
both exact text matching and semantic similarity to identify and remove near-duplicate
postings that could artificially inflate certain occupational signals.
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To balance computational feasibility with analytical coverage, we implement stratified
sampling that caps each occupation at between 50 and 200 postings per year, ensuring
adequate sample sizes for stable prototype generation while preventing large occupations
from dominating the analysis. When occupations exceed the 200-posting threshold, we
employ quality-weighted sampling to ensure our final samples capture representative
skill requirements rather than being skewed toward particular employers or regions. This
systematic processing yields two high-quality analytical corpora containing 90,545 job
postings for 2010 and 101,374 job postings for 2018, spanning 514 distinct occupations that
appear in both years. This sample covers approximately 72% of total U.S. employment,
ranging from highly specialized professions to widespread service occupations.

The temporal comparison reveals patterns that foreshadow our findings: average
word count per posting increases from 348 words in 2010 to 468 words in 2018, reflecting
growing sophistication in job descriptions as firms recognize the importance of precise
skill specification. Detailed data processing procedures, including quality assessment
algorithms, duplicate detection methods, and stratified sampling implementation, are
provided in Appendix 6.

3.2. Model Architecture and Training

Our measurement approach adopts a “Build, Then Align” philosophy that resolves a fun-
damental tension in temporal analysis. Our approach creates the most accurate possible
map of each era using its own information, then carefully aligns them to enable rigorous
comparison. This preserves fidelity to each period’s skill relationships while maintaining
the ability to measure change systematically.

Our architecture is guided by three fundamental requirements that emerge from our
economic objectives. The first requirement is semantic richness: our representations must
capture nuanced functional relationships between skills that drive economic outcomes
rather thanmere textual similarity. This extends beyond keywordmatching to understand
that Python programming and R statistical analysis serve similar analytical functions for
data scientists, while stakeholder management represents a more sophisticated manifes-
tation of communication skills.

The second requirement is robust centrality: each occupation’s skill signature must
represent stable, core requirements rather than being distorted by firm-specific jargon or
sampling artifacts. Different firms may use varying terminology for identical capabilities,
and our systemmust identify consistent occupational signals that persist across surface
variations.

The third requirement ismaximal separation: the framework must excel at distinguish-
ing between similar, potentially substitutable occupations, as these boundary distinctions
carry the greatest economic significance for understanding technological change.
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This measurement challenge requires a system that captures functional skill relation-
ships determiningworker transition costs, identifies stable occupational signals persisting
across employer-specific and idiosyncratic posting variations, and distinguishes between
occupations where boundary differences matter most for understanding skill transfer-
ability. We construct a custom two-stage architecture addressing these requirements
sequentially. The first stage aggregates job posting text to extract occupation-level skill
signatures while filtering both firm-specific language and idiosyncratic noise. The sec-
ond stage positions these signatures in a geometric space where distances reflect skill
similarity as revealed through employer hiring requirements.

Our solution implements a three-stage architecture that addresses these requirements
sequentially. The first stage leverages the E5-large embedding model (Wang et al., 2022)
to provide semantic richness, converting each job posting into a 1024-dimensional vector
that captures sophisticated semantic relationships between skill terms.1 E5’s transformer
architecture understands that when a Database Developer posting lists Oracle PL/SQL,
Exadata, Informatica, Tableau, and AutoSys alongside monitoring ETL loads and automat-
ing manual processes, these represent a coherent data engineering workflow rather than
isolated requirements.

The second stage employs a custom Attention Network (AttnNet) designed to address
robust centrality by learning to identify genuine occupational signals while filtering firm-
specific noise. The architecture consists of a single linear transformation layer (1024→
1) that processes each of 32 randomly sampled job postings independently to generate
attention logits, followed by softmax normalization to create importance weights that
sum to one. This differs fundamentally from transformer self-attention, which computes
relationships between postings. Our mechanism asks a more focused question: How
representative is this specific posting of the occupation’s core skill requirements? For
occupations with fewer than 32 postings, the system implements zero-paddingwith binary
masking to ensure padded positions receive effectively zero attention weights.

The third stage implements a Compression Network (CompressNet) that transforms
clean 1024-dimensional representations into discriminative 128-dimensional prototypes
through a two-layer multilayer perceptron (1024 → 512 → 128) with ReLU activations
and dropout regularization. The network includes an additive skip connection providing
direct linear projection (1024→ 128) that ensures stable gradient flow during training
and allows the model to learn both complex non-linear transformations and simpler
linear projections of the skill space. This stage maps cleaned vectors into a well-separated
layout where similar occupations remain appropriately close while dissimilar occupations

1Embedding in machine learning refers to mapping discrete objects (words, documents, occupations)
into a continuous vector space where geometric properties—distances, angles—correspond to meaningful
relationships. In our application, occupations are embedded into R128 such that proximity reflects skill
similarity as revealed through employer hiring requirements.
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achieve clear separation.
The compression to 128 dimensions learns a task-specific subspace that filters irrel-

evant variation. The original 1024-dimensional E5 embedding space captures seman-
tic information including tone, style, and contextual markers reflecting firm-specific,
industry-specific, or regional linguistic patterns. A job posting for an Accountant at a tech
startup may differ linguistically from one at a manufacturing firm despite identical core
skill requirements. For constructing a stable occupational map, this contextual variation
represents noise rather than signal. The CompressNet learns to preserve only dimensions
of variation useful for distinguishing occupations while collapsing dimensions reflect-
ing irrelevant linguistic artifacts. This dimensionality reduction acts as regularization,
producing representations that capture transferable skill requirements stripped of con-
founding context-specific language, while also providing computational efficiency that
makes economy-wide measurement tractable. Complete implementation details, includ-
ing hyperparameters, initialization schemes, and convergence monitoring procedures,
are provided in Appendix 6.

Our approach leverages a fundamental property of occupational classifications: job
postings from the same occupation should require similar skill profiles, while postings
from different occupations should be distinguishable. This assumption—that occupational
categories (SOC codes) reflect genuine skill boundaries—provides the supervisory signal
for learning. Our data includes SOC code assignments generated by Lightcast’s expert-
curated algorithms, which map job postings to standardized occupational classifications.
This enables systematic supervision at scale while maintaining consistency with official
taxonomies.

Our architecture processes occupations rather than individual job postings. During
training, each sample consists of k = 32 randomly drawn postings from a single occupa-
tion. The model receives three such samples simultaneously: an anchor occupation, a
positive sample (32 different postings from the same occupation), and a negative sample
(32 postings from a different but similar occupation). All three mini-batches flow through
the shared two-stage architecture in parallel. AttnNet processes each batch independently,
learning attention weights that aggregate the 32 postings into a single 1024-dimensional
vector representing that occupation’s skill signature. These three occupation-level vectors
then pass through CompressNet, which maps them to final 128-dimensional positions.
The triplet margin loss compares the three outputs, encouraging the model to position
the anchor closer to its positive match (same occupation, different postings) than to the
negative alternative (different occupation). Backpropagation adjusts both AttnNet and
CompressNet weights jointly, teaching the attentionmechanismwhich postings carry gen-
uine occupational signal and teaching the compression network which semantic features
distinguish similar occupations.
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The Challenge: A Crowded
& Overlapping Space

Raw Embedding Space

Raw data contains latent struc-
ture (A/B are similar) but is ob-

scured by noise (hollow) and overlap.

Our Two-Stage Solution

Stage 1 (top) demonstrates how the AttnNet
distills a noisy cloud into a clean vector. Stage 2
(bottom) shows how the CompressNet maps these
vectors to create a separated, structured layout.

1. AttnNet: Distills Signal

2. CompressNet: Separates Prototypes

The Outcome:
A Measurable
Semantic Space

The final map correctly cap-
tures semantic similarity, where
d(A,B) < d(B,C) < d(A,C).

Learned Prototype Space

Accountant

Auditor

Financial Analyst

d
(
A

,
B

)

d
(
B
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)

d
(
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FIGURE 1. A Two-Stage Architecture for Measuring Occupational Skill Content. Panel 1
illustrates the measurement challenge: raw embeddings contain latent occupational
structure (blue and green groups share similar skills) but individual job postings include
firm-specific noise (hollow circles) and spatial overlap. Panel 2 demonstrates our solution:
AttnNet learns to aggregate each occupation’s postings by weighting genuine skill signals
(filled circles) over noise, producing clean occupation-level vectors (top); CompressNet
then positions these vectors tomaximize separation between similar occupations (bottom).
Panel 3 shows the outcome: a learned prototype space where geometric distances between
occupations (Accountant, Auditor, Financial Analyst) reflect skill similarity as revealed
through employer hiring requirements. The distance ordering d(A,B) < d(B,C) < d(A,C)
captures the economic intuition that Accountants and Auditors require more similar skill
portfolios than either shares with Financial Analysts.
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Our training approach employs contrastive learning (Chen et al., 2020; Dell, 2025),
specifically supervised contrastive methods (Khosla et al., 2020), to teach the system
skill relationships through systematic comparisons, which proves essential for learning
discriminative representations where geometric distances reflect genuine skill substi-
tutability. Each training step processes triplets: an anchor occupation, a positive sample
(different postings from the same occupation), and a negative sample (postings from
a similar but distinct occupation). All three samples flow through the complete archi-
tecture, with both AttnNet and CompressNet processing each sample in sequence—the
attention mechanism first aggregates posting clouds into clean intermediate vectors, then
the compression network maps these to final 128-dimensional prototype positions.

Crucially, both networks train jointly through the same contrastive objective. This end-
to-end learning approachmeans the attentionmechanism learns to filter noise specifically
inways that help discrimination, while the compression network receives clean, de-noised
inputs that make boundary learning easier. This joint optimization proves superior to
the obvious alternative of first cleaning data with predetermined criteria, then learning
occupational boundaries separately.

The training proceeds in two phases that address distinct optimization challenges
sequentially. Phase 1 trains AttnNet using mean squared error loss to reproduce pre-
computed occupation centroids. This provides a dense, stable learning signal teaching the
attention mechanism to identify postings reflecting an occupation’s central tendency—a
straightforward aggregation task establishing a sensible initial filtering policy. Phase 2
then trains the full architecture jointly using triplet margin loss (Schroff, Kalenichenko,
and Philbin, 2015), introducing a sparser and more challenging signal that carves out
fine-grained decision boundaries between similar occupations. This curriculum prevents
forcing a randomly initialized attention mechanism to simultaneously learn basic aggre-
gation and complex discrimination, which can produce unstable training dynamics. The
sequential approach allows the system to master representational stability before tackling
the harder metric learning objective.

Formally, during the warm-up phase, the model is trained using mean squared error
(MSE) loss against pre-computed occupation centroids:

(1) LMSE =
1
N

N∑
i=1

∥ĥi − ci∥
2

where ĥi denotes the predicted representation of occupation i and ci is the corresponding
centroid.
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In the main training phase, we adopt the triplet margin loss:

(2) Ltriplet =
1
M

M∑
j=1

max
(
0, ∥haj − hpj ∥

2 − ∥haj − hnj ∥
2 + α

)

where each triplet consists of an anchor vector haj , a positive sample h
p
j , and a negative

sample hnj , with margin parameter α = 0.5.

Input:
A Triplet of Samples

Anchor Sample

Positive Sample

Negative Sample

Shared
Architecture

AttnNet CompressNet

Aggregation
(k → 1)

1

2

3

128D

128D

128D

Evaluation
& Update

L

A’

P’

N’

d
(
A

′ ,
P

′ )

d
(
A

′ ,
N

′ )

Triplet Loss Objective

d(A′, P ′) +margin < d(A′, N ′)

A single loss value com-
putes a unified gradient to
update the shared weights.

FIGURE 2. Contrastive Learning with Occupational Category Supervision. The training
process uses triplets of occupation samples, where each sample contains k = 32 randomly
drawn job postings from a single occupation. The anchor and positive samples draw from
the same occupation (both blue, indicating shared SOC code), while the negative sample
draws from a different occupation (green). All three samples pass through the shared
architecture simultaneously: AttnNet aggregates each set of 32 postings into a single
occupation-level vector (the k → 1 aggregation), filtering noise through learned attention
weights; CompressNet then maps these three vectors to final 128-dimensional positions
(A’, P’, N’). The triplet margin loss evaluates whether d(A′,P′) +margin < d(A′,N′), with
backpropagation updating both networks to satisfy this constraint. This joint optimization
teaches AttnNet which postings are representative and CompressNet which features
distinguish occupations.

The effectiveness of contrastive learningdepends critically onnegative sample selection—
choosing which different occupation to contrast against the anchor. Random negatives
produce trivial learning signals because obviously distinct occupations (e.g., Accountants
versus ConstructionWorkers) require no sophisticated discrimination. We instead employ
semi-hard negative mining, restricting negative samples to each occupation’s most similar
neighbors based on pre-computed embeddings.2 This focuses the model on learning fine-

2We identify similar neighbors using cosine similarities of mean E5 embeddings computed before training,
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grained distinctions between genuinely similar occupations—such as Software Engineers
versus Data Scientists—ensuring our measurements capture boundary dynamics that
determine skill transferability.

Themodel successfully learns genuine skill similarity: decreasing triplet loss and near-
est neighbor analysis show that learned representations cluster occupations according to
skill similarity rather than superficial characteristics. Technical occupations cluster ap-
propriately with programming-focused roles grouping together while remaining distinct
from hardware-oriented positions, while healthcare occupations cluster by functional
care delivery requirements, with Registered Nurses closest to Licensed Practical Nurses
based on patient care skills while remaining distinct from Physicians despite shared
workplace environments.

3.3. Aligning Vector Spaces for Temporal Comparison

Wealign the two vector spaces usingOrthogonal Procrustes analysis, following established
methods for aligning embedding spaces across time periods (Hamilton, Leskovec, and
Jurafsky, 2016), with 21 stable occupations as anchor points. This approach rests on
an economic assumption: while individual occupations may undergo substantial skill
changes between 2010 and 2018, the overall architecture of skill relationships exhibits
relative stability over this period. Our contrastive learning process creates an alignment
challenge: the triplet margin loss optimizes only relative relationships within each year,
not absolute positions. The constraint that occupation A should sit closer to P than to
N remains satisfied under any rotation or reflection of the entire space. Independent
training on two datasets thus produces two embedding spaces with arbitrarily different
coordinate systems—dimensions in 2010 have no inherent correspondence to dimensions
in 2018. Without alignment, we cannot distinguish genuine occupational transformation
from coordinate system artifacts. An occupation moving from position (0.5, 0.3) in 2010 to
(0.3, 0.5) in 2018 might reflect skill change, arbitrary rotation, or both.

This stability assumption reflects our understanding that technological change pri-
marily affects the content of occupational skill requirements rather than completely
reorganizing the fundamental structure of skill relationships across the entire economy.
Most fundamental relationships characterizing the 2010 labor market should persist in
2018 despite technological advancement. Technology may alter specific programming
languages required for software roles or introduce new analytical tools for financial posi-
tions, but it rarely transforms the basic architecture of how different professional domains
relate to each other.

This stability assumption enables our alignment byproviding anchorpoints—occupational

creating restricted sampling pools that exclude obviously dissimilar occupations while maintaining sufficient
variation for effective learning.
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relationships that should remain approximately constant across time periods. We selected
21 stable occupations to serve as anchors based on three criteria: licensing requirements
that constrain skill evolution, specialized training that creates stable professional bound-
aries, and fundamental service needs that remain consistent over time. These anchors
span five conceptual categories: Healthcare Practitioners (including Dentists, Pharma-
cists, Physical Therapists), Skilled Trades (including Electricians, Plumbers, Carpenters),
Protective and Civil Services (including Police Officers, Firefighters, Elementary School
Teachers), Transportation (including Airline Pilots, Truck Drivers), and Human Services
(including Hairdressers, Chefs, Medical Assistants). The verification process confirmed
that 21 of our 23 candidate anchors appeared in both datasets with sufficient data quality.
The complete list of anchor occupationswith SOC codes, selection criteria, and verification
procedures are detailed in Appendix 6.

We implement temporal alignment using Orthogonal Procrustes analysis, which finds
the optimal rigid transformation to align two point clouds while preserving their internal
geometric structure:

(3) Q∗ = argmin
Q

∑
o∈anchors

∥po,2010 − Q · po,2018∥2

subject to the constraint that Q⊤Q = I. The algorithm treats our 21 stable occupations
as anchor points, identifying the orthogonal transformation matrix that minimizes the
sum of squared distances between corresponding prototypes. The orthogonality con-
straint ensures the transformation preserves distances and angles within the 2018 space,
maintaining the skill relationships we’ve carefully learned.

The alignment achieves an 82% reduction in anchor pair distances (from 1.17 to 0.21),
confirming the transformation captures genuine correspondences rather than artifacts.
This dramatic improvement in anchor alignment provides strong evidence that our linear
transformation assumption is appropriate and that the method successfully establishes
a common coordinate system for temporal comparison. Mathematical implementation
details, including the SVD solution and validation metrics, are provided in Appendix 6.

The aligned 2018 prototypes complete our measurement infrastructure, enabling re-
liable quantification of occupational change. With both years embedded in the same
coordinate system, we can construct specific metrics of occupational transformation that
capture the economic phenomena we seek to understand rather than methodological
noise. This measurement engine represents a novel methodological contribution, provid-
ing the first systematic approach for quantifying occupational skill change at economy-
wide scale using job posting text. With this measurement engine constructed and its
internal components validated, we can now turn to the decisive test: whether these new
measures reveal meaningful, previously unobservable patterns in real-world wage and
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employment outcomes.

4. Measuring Occupational Transformation

4.1. Two Geometric Dimensions

Section 3 developed measurement infrastructure for embedding occupations in aligned
skill spaces, positioning each occupation based on the capabilities employers seek when
hiring. This enables observing how 514 occupations repositioned between 2010 and 2018
as technological change reshaped skill requirements across the economy. The natural
next question: how do we characterize this movement systematically?

Any movement in geometric space possesses two fundamental properties that provide
complementary information. First, magnitude captures how far an occupation’s skill
requirements changed—the distance its prototype vector traveled in the embedding space
between time periods. Second, relative positioning captures whether the occupation
moved toward or away from other occupations—changes in its proximity to neighboring
occupations. These correspond to scalar information (distance traveled) and relational
information (proximity to neighbors), both independently informative about the nature
of transformation.

Magnitude alone provides incomplete characterization because it discards directional
information. Two occupations can travel identical distances to completely different desti-
nations. One may move to an isolated region where its skills remain unique, maintaining
distance from all potential substitutes. Anothermaymove toward a crowded areawhere its
skills now resemble many others, with proximity to multiple neighbors. Magnitude alone
cannot distinguish these geometrically opposite situations—one occupation preserved its
distinctiveness despite transformation, while the other converged toward neighbors. This
motivates measuring relative positioning to capture changes in occupational distinctive-
ness that magnitude misses.

We formalize these properties through two measures. Section 4.2 defines Skill Evolu-
tion Magnitude (SEM), quantifying transformation magnitude through geometric distance
traveled. Section 4.3 defines changes in distinctiveness rankings (∆RANK), capturing
whether an occupation became more or less distinctive relative to all others through prox-
imity patterns to nearest neighbors. Critically, proximity patterns—asymmetric versus
uniform—form distinct geometric signatures, which we define formally below. Section 4.4
shows these measures combine in systematically different ways across occupations. Sec-
tion 5 develops the mechanism explaining why these combinations predict opposing
economic outcomes.

Our empirical approach combines three elements: occupational wage levels from BLS
data, which provide baseline context; transformation magnitude (SEM) from embedding
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movements; and distinctiveness shifts (∆RANK) from proximity patterns. Neighbor iden-
tity—which occupations occupy adjacent skill space—provides evidence for interpreting
what transformation and boundary shifts represent economically.

4.2. Measuring TransformationMagnitude (SEM)

Skill Evolution Magnitude quantifies the intensity of an occupation’s internal skill recon-
figuration between 2010 and 2018. We measure this using cosine distance between an
occupation’s prototype vectors across time periods:

(4) SEM = 1− p2010 · p2018
∥p2010∥ ∥p2018∥

where p2010 and p2018 represent an occupation’s prototype vectors in the respective years.
This scalar measure ranges from 0 (identical skill requirements) to 2 (completely reversed
skill profiles), providing continuous quantification of transformation intensity.

Geometrically, SEMmeasures the distance an occupation’s prototype vector traveled
in the embedding space. Large SEM values indicate substantial repositioning—the occu-
pation’s 2018 skill requirements differ markedly from its 2010 requirements. Small SEM
values indicate relative stability—the occupation maintained similar competency profiles
despite the surrounding technological transformation. This geometric displacement di-
rectly captures the magnitude of change in what employers sought when hiring for this
occupation.

Economically, SEM captures the internal skill reconfiguration that occurred within
occupational boundaries. When an occupation’s prototype vector moves substantially,
this indicates employers demanded different capabilities in 2018 than in 2010. Incumbent
workers face human capital updating pressure—the skills that made them valuable in 2010
may have partially depreciated, while entirely new competency domains became essential.
SEM quantifies the degree to which technological change rewrote the competency require-
ments for successful job performance within the occupation’s traditional scope. High
SEM occupations experienced fundamental reconceptualization of role requirements,
while low SEM occupations experienced incremental evolution within stable competency
frameworks.

Consider Financial Managers (SEM = 0.67) versus Elementary School Teachers (SEM =
0.12). Financial Managers’ prototype vectors show substantial displacement, indicating
employers sought markedly different capabilities in 2018—quantitative analytics, pre-
dictive modeling, data-driven forecasting—compared to traditional relationship-based
financial planning in 2010. Teachers show modest evolution, with 2018 requirements em-
phasizing technology integration within stable pedagogical competencies. Both adapted
to technological change, yet transformation magnitudes differed substantially.
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Empirically, SEM exhibits substantial variation across our 514 occupations. Values
range from 0.076 to 0.751 with a positively skewed distribution (mean = 0.229). This pat-
tern reveals that most occupations experienced modest skill evolution consistent with
incremental technological adaptation. However, a significant tail underwent intensive
transformation, reflecting fundamental shifts in their human capital requirements. The
positive skew indicates that while technological change during 2010–2018 was not uni-
formly disruptive, a meaningful subset of the economy experienced substantial restruc-
turing warranting systematic measurement.

SEM quantifies transformation magnitude but not the nature of that transformation.
Two occupations with identical SEM may have absorbed fundamentally different types of
capabilities with completely different economic implications. An occupation might add
sophisticated new tools that integrate deeply with existing domain expertise, requiring
all practitioners to master capabilities building on their specialized knowledge. Another
might adopt broadly-applicable analytical skills used across many professions, enabling
some workers to develop competencies valuable beyond their original occupational con-
text. Both show high SEM—substantial skill reconfiguration occurred—yet the geometric
character of change differs. Magnitude alone provides incomplete information about
transformation’s character.

This limitationmotivates our secondmeasure, which captures changes in occupational
distinctiveness by examining how an occupation repositioned relative to neighboring
occupations in skill space.

4.3. Measuring Distinctiveness Shifts (∆RANK)

Distinctiveness captures whether an occupation’s skill requirements remain geometrically
separated from neighboring occupations. We measure distinctiveness through proximity
patterns to nearest neighbors in skill space.

The Neighborhood Separation Index (NSI) quantifies the relationship between an
occupation’s closest neighbor and its broader local neighborhood:

(5) NSI =
d1
d̄5

where d1 represents the cosine distance to an occupation’s nearest neighbor and d̄5 rep-
resents the average cosine distance to its five nearest neighbors. This ratio detects local
geometric asymmetry in proximity patterns. LowNSI values indicate the nearest neighbor
sits substantially closer than other local neighbors—an asymmetric configuration. High
NSI values indicate all nearby neighbors maintain similar distances—uniform spacing.

When NSI is low (d1 ≪ d̄5), the nearest neighbor sits substantially closer than others,
creating asymmetric proximity. This geometric configuration means one specific neigh-

19



boring occupation sits unusually close. Consider a geometric example: if an occupation’s
nearest neighbor is at distance 0.05 while the next four neighbors average 0.20, NSI = 0.25.
This pronounced asymmetry shows one specific neighbor converged substantially more
than others. Section 5 examines whether asymmetric proximity patterns predict distinct
labor market outcomes.

When NSI is high (d1 ≈ d̄5), all nearby neighbors maintain comparable distances,
creating uniform spacing. This geometric configuration means no single neighbor sits
substantially closer than others. Consider a contrasting geometric example: if an occupa-
tion’s five nearest neighbors are all at distances 0.14–0.18, NSI = 0.90. No single neighbor
became unusually close—the local geometry stayed symmetric. The occupation main-
tained balanced separation from its entire neighborhood. Section 5 examines whether
uniform spacing patterns predict distinct labor market outcomes.

NSI levels alone prove insufficient because they capture static positioning rather than
dynamic change. An occupation might maintain high NSI simply because it always oper-
ated in a sparse region, not because its boundaries strengthened during this period. We
require temporal measurement: ∆NSI = NSI2018 − NSI2010 isolates changes in distinctive-
ness from starting conditions. However, even this faces limitations because the entire
occupational landscape reorganized simultaneously—an occupation might experience
NSI changes simply because surrounding occupations transformed, not because its own
boundaries shifted economically.

The solution employs percentile rank changes, creating our final measure: ∆RANK
= NSI_rank2018 − NSI_rank2010. We convert each occupation’s NSI to its percentile rank
within the economy-wide distribution for each year, then measure how this rank shifted.
This percentile-based approach captures whether an occupation became more or less
distinctive relative to how all other occupations simultaneously evolved. Falling ∆RANK
indicates an occupation lost distinctiveness compared to the broader economy—it moved
toward lower NSI percentiles as either its own nearest neighbor converged or it fell behind
others’ increasing separation. Rising ∆RANK indicates an occupation gained distinctive-
ness—it moved toward higher NSI percentiles by maintaining or increasing separation
while others’ boundaries eroded. ∆RANK isolates relative positioning dynamics, provid-
ing clean measurement of competitive environment changes independent of internal
evolution.

4.4. Systematic Geometric Patterns

When we compute SEM and ∆RANK across 514 occupations, systematic variation emerges
in how transformation magnitude and distinctiveness shifts combine. Different patterns
appear with distinct geometric signatures. These combinations vary in ways that prove
economically meaningful, though Section 5 will develop the mechanism explaining why.
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Some occupations exhibit substantial internal change combined with falling distinc-
tiveness. Among occupations with high SEM (above median transformation magnitude),
a subset shows declining ∆RANK with mean value of −0.26. These occupations show
asymmetric proximity patterns—their NSI declined as nearest neighbors became substan-
tially closer relative to local neighborhood averages. The geometric signature indicates
transformation coincided with asymmetric convergence to nearest neighbor.

Other occupations show comparable transformation magnitude yet stable distinc-
tiveness. Among high-SEM occupations, another subset maintains stable ∆RANK with
mean value of +0.04. These preserve uniform spacing patterns—distances to all neigh-
bors remain proportional as NSI maintained levels despite internal skill reconfiguration.
The geometric signature indicates transformation occurred without creating particular
proximity to any specific alternative occupation.

A third group combines minimal internal change with falling distinctiveness. Among
occupations with low SEM (below median transformation magnitude), many show de-
clining ∆RANK with mean value of −0.23. These display NSI decline without substantial
prototype vector movement. The geometric signature indicates distinctiveness eroded
despite limited internal skill evolution.

These patterns also differ in the identity of nearest neighbors observed in 2018. Among
occupations with falling distinctiveness and high transformation, many find 2018 neigh-
bors in analytical professions requiring statistical modeling, quantitative forecasting, or
data-driven decision making. Among those with stable distinctiveness despite transforma-
tion, neighbors remain in original professional clusters—design professions, healthcare
specialties, legal services—maintaining coherent domain boundaries. Among those with
falling distinctiveness but low transformation, neighbors shift toward general service
roles. The neighbor configurations vary systematically, though what this variation means
for workers requires mechanism development.

The geometric patterns from Section 4.3 suggest these combinations may reflect dif-
ferent transformation processes. Asymmetric proximity describes convergence toward
specific neighbors, while uniform spacing describesmaintained separation from all neigh-
bors. If this geometric intuition holds, these signatures should predict different economic
outcomes. High transformation with asymmetric proximity may create different worker
pressures than high transformation with uniform spacing. Minimal transformation with
proximity changes may operate through entirely different mechanisms than substantial
transformation with boundary stability. Section 5 examines whether combinations of
transformationmagnitude, distinctiveness shifts, and neighbor configurations indeed pre-
dict opposite wage dynamics within occupations experiencing different transformation
patterns.
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4.5. The Complementarity of SEM and∆RANK

SEM and ∆RANK capture complementary aspects of occupational reorganization, pro-
viding distinct information about transformation character. Across our 514 occupations,
the correlation between SEM and ∆RANK is 0.08, indicating the measures identify largely
orthogonal dimensions. This low correlation demonstrates that transformation magni-
tude and distinctiveness shifts vary independently—high transformation can occur with
falling, stable, or rising distinctiveness; distinctiveness can shift substantially regardless
of transformation magnitude.

Yet Section 4.4 showed certain combinations appear systematically rather than ran-
domly. This reveals that while the measures are mathematically independent, they com-
bine in patterns suggesting underlying processes structure how occupations reorganize.
SEM alone tells transformationmagnitude but not the nature of change—whether transfor-
mation moved the occupation toward capabilities found in other professions or occurred
within professional boundaries. ∆RANK alone tells boundary shifts but not whether sub-
stantial capabilities changed—distinctiveness can erode without transformation or main-
tain while capabilities evolved substantially. Together, themeasures enable characterizing
transformation comprehensively.

This complementarity validates the two-dimensional framework introduced in Sec-
tion 4.2. Magnitude alone provides incomplete information about transformation because
identical distances can reflect movement toward isolation or convergence. Distinctiveness
shifts alone miss whether internal capabilities evolved substantially. The combination re-
veals transformation’s geometric signature—how occupations repositioned both internally
and relationally—providing the foundation for mechanism development.

Section 5 leverages this complementarity to develop a formal mechanism explaining
why geometric combinations predict opposing economic outcomes. The measures jointly
identify transformation patterns; Section 5 explains what these patternsmean for workers
facing technological change.

4.6. FromMeasurement to Mechanism

Section 4 established two geometric properties characterizing occupational movement
in skill space—transformation magnitude (SEM) and distinctiveness shifts (∆RANK)—that
vary systematically across occupations. These patterns are systematic but require inter-
pretation: What do different combinations mean economically? Do they predict distinct
labor market outcomes? Section 5 investigates by developing economic interpretations of
geometric signatures and testing whether they predict opposing wage dynamics.
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5. Patterns, Mechanisms, and Validation

5.1. The Concentration of Technological Transformation

We construct occupational skill embeddings and compute transformation measures (SEM,
∆RANK) for 514 occupations appearing in both our 2010 and 2018 job posting samples.
To validate these measures and examine labor market outcomes, we merge with Bureau
of Labor Statistics Occupational Employment and Wage Statistics (OEWS) data, which
provides occupation-level employment counts and wage distributions at the 25th, 50th,
and 75th percentiles for May 2010 and May 2018.

OEWS uses Standard Occupational Classification (SOC) codes to define occupations.
Between 2010 and 2018, BLS revised the SOC system—some occupations were redefined,
merged, or split. Of our 514 occupations with embeddings, we achieve clean 1-to-1 matches
for 432 occupations where SOC definitions remained consistent, enabling reliable wage
comparisons. We exclude 82 occupations with classification changes to ensure observed
wage evolution reflects actual dynamics rather thandefinitional artifacts. The 432-occupation
sample represents 91 million workers in 2010 (72

TABLE 1. Workforce Composition and Baseline Economic Context, 2010–2018

Wage Group
N

Occupations
Employment
2010 (millions)

Employment
2018 (millions)

Employment
Growth (%)

Wage Growth
P50 (%)

Low-wage (bottom 75%) 324 74.5 81.7 +9.6 +16.1
High-wage (top 25%) 108 16.5 20.3 +23.0 +11.9

Total 432 91.0 102.0 +12.1 +14.3
Note:Wage groups defined by 2010 median wage. Employment figures represent sample coverage (72% of
total OEWS employment). Growth rates are employment-weighted means.

TABLE 2. Skill Transformation Intensity by Wage Group

Wage Group
Mean
SEM

Mean Boundary
Erosion

% High-SEM
Occupations

% Eroding
Boundaries

Low-wage 0.247 −0.087 22.6% 31.3%
High-wage 0.449 −0.053 74.3% 32.0%
Note: SEMmeasures occupational skill reconfiguration magnitude. Boundary Erosion =−∆RANK. High-SEM
classification determined by Jenks natural breaks algorithm. Eroding defined as ∆RANK <−0.1. All statistics
employment-weighted.

Table 2 reveals transformation concentrated in high-wage work. High-wage occupa-
tions show mean SEM of 0.449 compared to 0.247 for low-wage occupations—an 81.9%
difference. Yet boundary erosion shows no wage gradient: 31.3% of low-wage versus 32.0%
of high-wage occupations experienced falling distinctiveness. This confirms SEM and
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∆RANK measure distinct dimensions. The technological disruption narrative accurately
describes high-wage work but misrepresents both broader workforce experience and crit-
ical heterogeneity within high-wage transformation itself—occupations showing similar
transformation magnitudes faced fundamentally different mechanisms.

TABLE 3. Empirical Classification Structure and Analytical Focus

HIGH-WAGE OCCUPATIONS (>P75, N=108)

High SEM (74.3%) Low SEM (25.7%)

Boundary Erosion Type 1: Cognitive Distance Included in
(∆RANK <−0.1) [FOCUS] regression

Stable Boundaries Type 2: Scaffolded Learning Included in
(∆RANK≥−0.1) [REFERENCE] regression

LOW-WAGE OCCUPATIONS (≤P75, N=324)

High SEM (22.6%) Low SEM (77.4%)

Boundary Erosion Included in Type 3: Simplification
(∆RANK <−0.1) regression [FOCUS]

Stable Boundaries Included in [REFERENCE]
(∆RANK≥−0.1) regression (for Type 3)

Note: This table illustrates the conceptual structure of the empirical analysis. Occupations are stratified by
2010 median wage. Within each stratum, they are classified by transformation magnitude (High/Low SEM)
and boundary dynamics (Erosion/Stable). Percentages are employment-weighted and show the concentration
of high-SEM transformation in high-wage work. The analysis focuses on comparing the [FOCUS] cells to
their [REFERENCE] counterparts to identify the distinct effects of boundary erosion in high- versus low-
transformation contexts. All four cells within each stratum are included in the regression analysis.

This concentration reflects that high transformation operates differently across wage
levels. High-wage occupations hold specialized expertise where boundary erosion sig-
nals movement toward other domains; low-wage occupations hold generic capabilities
where distinctiveness loss signals commodification.Wage level thus reveals whether trans-
formation operates from specialized or generic human capital. We focus on dominant
configurations—high-SEMamong high-wage occupations (74.3%) and low-SEMamong low-
wage occupations (77.4%)—examining mechanisms where they operated most intensively
rather than imposing uniform treatment effects across heterogeneous contexts.

Ourmechanism labels—CognitiveDistance, ScaffoldedLearning, Simplification—describe
specific cells in thewage-stratified design shown in Table 3. Cognitive Distance (high-wage,
high-SEM, eroding boundaries) versus Scaffolded Learning (high-wage, high-SEM, stable
boundaries) is identified through the High-SEM× Boundary_Erosion interaction in the
high-wage sample. Simplification (low-wage, low-SEM, eroding boundaries) is identified
through the Low-SEM×Boundary_Erosion interaction in the low-wage sample. Section 5.2
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examines each mechanism in detail before validating their distinct wage effects.

5.2. Three Distinct Processes Driven by Different Mechanisms

Section 4.3 identified two geometric patterns in how occupations repositioned: asym-
metric proximity (one neighbor substantially closer than others) and uniform spacing
(all neighbors at comparable distances). These patterns prove diagnostic of underlying
mechanisms. We now examine specific occupations’ neighbor configurations and what
they reveal about the relationship between new skill requirements and existing expertise.
Three systematic patterns emerge, each combining transformation magnitude and dis-
tinctiveness shifts in ways that create fundamentally different economic pressures for
incumbent workers.

TABLE 4. Three Processes of Technological Transformation with Representative Occupa-
tions

Process Characteristics Representative Occupations

Type 1: Cognitive Distance High SEM (0.546) Financial Managers, Computer and
Creating Heterogeneous Adaptation High Neighbor SEM (0.562) Information Systems Managers,
High-wage + High-SEM Boundary Erosion (−0.263) Medical and Health Services Managers,
+ Eroding Chemical Engineers, Economists

Type 2: Scaffolded Learning High SEM (0.524) Actuaries, Aerospace Engineers,
Enabling Collective Upgrading High Neighbor SEM (0.523) Statisticians, Financial Analysts,
High-wage + High-SEM Stable Boundaries (+0.042) Materials Scientists
+ Stable

Type 3: Barrier Reduction Low SEM (0.250) Shipping, Receiving, and Traffic Clerks,
Through Simplification Low Neighbor SEM (0.259) Library Technicians, Printing Press
Low-wage + Low-SEM Boundary Erosion (−0.233) Operators, Couriers and Messengers
+ Eroding

Note: Processes identified by transformation intensity (SEM), boundary dynamics (∆RANK), and coordination
(Neighborhood_SEM). Neighborhood_SEM is the mean SEM of an occupation’s five nearest neighbors in skill
space, measuring the transformation intensity of proximate occupations. Characteristics show mean values.
Representative occupations selected as clear exemplars.

Type 1: Cognitive Distance and Heterogeneous Adaptation

Type 1 occupations exhibit high SEM (mean 0.546) combined with falling ∆RANK (mean
−0.263), indicating substantial skill reconfiguration alongside boundary erosion. Financial
Managers exemplify this pattern. The neighborhood evolution provides decisive evidence
for skill content. In 2010, Financial Managers’ five nearest neighbors were Agents and
Business Managers of Artists/Performers/Athletes, Compensation and Benefits Managers,
Insurance Underwriters, Aerospace Engineers, and Market Research Analysts—reflecting
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business administration, risk management, and project coordination capabilities. By
2018, the nearest neighbors became Economists, Statisticians, Civil Engineers, Purchas-
ing Managers, and Agents/Business Managers—a dramatic shift toward analytical and
quantitative professions. The convergence with Economists and Statisticians reveals em-
ployers sought analytical capabilities—data analytics, statistical modeling, quantitative
reasoning—representing fundamentally different competencies from traditional financial
management expertise.

By 2018, Financial Managers absorbed predictive modeling, quantitative risk assess-
ment, anddata-driven strategic planning. Thewage separationpatternweobserve suggests
this work proved organizationally flexible—firms could accommodate practitioners with
varying skill bundles. Somepositions emphasized analytical capabilitieswhile othersmain-
tained traditional relationship management and qualitative judgment, both coexisting
under the same occupational title. This organizational flexibility enabled heterogeneous
adaptation across the incumbent workforce.

These analytical capabilities proved cognitively distant from traditional financial man-
agement expertise, creating high-variance acquisition costs across workers. Traditional
Financial Managers developed relationship-based judgment, industry knowledge, and
qualitative reasoning over careers. The new capabilities—statistical modeling, compu-
tational thinking, data science frameworks—require fundamentally different cognitive
approaches. Acquiring them demanded paradigm integration: reconciling conflicting
ways of approaching problems rather than building additively on existing knowledge.

This cognitive distance created heterogeneous adaptation patterns. Some workers
successfully integrated both paradigms, bridging the conceptual gap between traditional
financial judgment and quantitative analytics. Others struggledwith the cognitive conflicts,
maintaining traditional approaches. The variance in acquisition success generated inter-
nal scarcity—only a subset of Financial Managers developed the analytical capabilities
employers increasingly valued.

This internal scarcity generates the wage separation we observe. While occupational
skill requirements evolved (boundary erosion), heterogeneous adaptation created winners
and losers within the occupation.Workers who successfully bridged the cognitive distance
acquired analytical capabilities that proved valuable within and beyond finance. These
capabilities created external options—statistical modeling and quantitative analytics com-
manded value across research, policy analysis, and strategic consulting, enabling workers
who mastered them to capture premiums. Workers maintaining traditional approaches
lacked such leverage.

The result: within-occupation divergence driven by differential acquisition success.
Workers whomastered cognitively distant capabilities pulled away at the distribution’s top
while those who couldn’t adapt experienced slower growth. Internal scarcity from high-
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variance acquisition costs generated wage separation despite—indeed because of—similar
technological exposure across the occupation.

Type 2: Scaffolded Learning and Collective Upgrading

Type 2 occupations show comparable transformation magnitude (mean SEM 0.524) yet
stable distinctiveness (mean∆RANK+0.042). Architects exemplify this pattern. Technology
transformed practice through Building Information Modeling, integrated design systems,
and advanced environmental modeling. The neighborhood evolution reveals skill content
remained domain-bound. Architects’ 2018 neighbors stayed within the built environment
ecosystem—Landscape Architects, Civil Engineers, Soil Scientists—not converging toward
generic analytical capabilities. New tools required deep architectural principles: spatial
relationships, structural systems, environmental factors, building codes specific to design
practice. These capabilities built directly on knowledge architects already possessed,
maintaining occupational distinctiveness while transforming practice.

The stable wage pattern we observe suggests work organization required uniform
capabilities across all practitioners. The integrated nature of modern design workflows
appears to have precluded mixing traditional and digital approaches within project
teams—contemporary projects required all participants work within the same digital
environment. This organizational constraint meant all architects practicing contempo-
rary work faced the same adoption imperative.

New capabilities scaffolded onto existing architectural knowledge rather than requir-
ing cognitive paradigm shifts. Building Information Modeling maps directly to concepts
architects already mastered: spatial relationships, structural systems, material properties,
building codes. Every digital feature corresponds to traditional architectural principles
practitioners spent careers developing. Learning BIMmeant extending existing mental
models—applying familiar spatial reasoning to digital environments, translating estab-
lished design principles into new software interfaces.

This scaffolding created uniform acquisition costs across incumbent practitioners.
While learning curves existed, they followed predictable paths leveraging accumulated
domain expertise. The cognitive distance between traditional architectural practice and
digital tools proved minimal—architects could build new capabilities on established foun-
dations rather than integrating conflicting paradigms. All architects practicing contempo-
rary work possessed the prerequisite conceptual knowledge enabling successful adapta-
tion.

This uniformity in acquisition costs generates the stable wage distribution we observe.
While occupational skill requirements evolved substantially, scaffolded learning enabled
collective upgrading. All practitioners could successfully adapt by building on existing
expertise, precluding the internal scarcity that generates wage separation.
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The capabilities architects developed remained valuable primarily within architecture,
limiting external options. Enhanced proficiency in integrated design systems commanded
value for architectural practice but transferred poorly to other professional contexts.With-
out external opportunities creating differential premiums for early adopters, practitioners
at all levels upgraded together through uniform acquisition, maintaining existing wage
hierarchies rather than creating separation. Stable wages reflect collective adaptation
through scaffolded learning, not absence of transformation. Aerospace Engineers and
Actuaries show parallel patterns—advanced tools requiring deep domain knowledge (aero-
dynamics, mortality modeling) with neighborhoods reflecting coordinated advancement
within specialized corridors.

Type 3: Barrier Reduction Through Simplification

Type 3 combines minimal transformation (mean SEM 0.250) with boundary erosion (mean
∆RANK −0.233). Library Technicians exemplify this pattern. Job posting language in
2018 emphasized nearly identical competencies as 2010: patron assistance, circulation
management, basic reference support. Yet distinctiveness fell substantially through sim-
plification—technology eliminated specialized knowledge rather than demanding new
capabilities.

The neighborhood evolution provides stark evidence. In 2010, Shipping Clerks’ nearest
neighbors were functionally related logistics roles—a coherent professional community.
By 2018, neighbors became unrelated production and service work: retail salespersons,
machine operators, general laborers. Library Technicians show sharper dissolution: 2010
neighbors were skilled support roles (pharmacy technicians, office specialists). By 2018,
neighbors included vehicle cleaners and dining room attendants. Digital catalog sys-
tems eliminated specialized classification knowledge previously distinguishing Library
Technicians from general service workers.

Technology eliminated specialized procedural knowledge rather than demanding
cognitively distant new capabilities. Barcode scanning automated transaction record-
ing, digital inventory platforms eliminated coordination knowledge, integrated software
reduced routing specialization. The specialized expertise that would have generated
experience premiums became less critical. Meanwhile, entry-level wages across these oc-
cupations and newly-proximate neighbors remained similar—basic requirements became
comparable, creating limited variance at the bottom. This predicts wage compression:
top wages rise modestly as specialization premiums erode while bottom wages remain
stable, narrowing overall spread.

Three distinct mechanisms link technological change to worker outcomes through
different acquisition cost structures. Type 1: New requirements proved cognitively distant
from existing expertise, creating high-variance acquisition costs that generated heteroge-
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neous adaptation and internal scarcity. While occupational boundaries eroded, not all
workers successfully bridged the cognitive gap. Workers who did acquire the capabilities
gained external options (skills proved portable across analytical roles), amplifying pre-
miums through differential compensation. Type 2: New requirements scaffolded onto
existing knowledge, creating uniform acquisition costs that enabled collective upgrading.
All practitioners could adapt by building on established expertise,maintaining stable wage
structures despite substantial transformation. Enhanced capabilities remained valuable
primarily within the occupation, limiting external options for differential premiums. Type
3: Technology eliminated specialized knowledge requirements rather than demanding
new capabilities, eroding both occupational distinctiveness and the experience premi-
ums protective expertise once commanded. The diagnostic framework (SEM × ∆RANK)
identifies which mechanism operated based on geometric signatures in skill space.

5.3. Validating Mechanisms ThroughWage Dispersion

We test predictions using OEWS percentile wage data (P25, P50, P75) to construct within-
occupation wage spreads (P75−P25) and examine evolution between 2010 and 2018. We
estimate separate models for higher-wage and lower-wage occupations because bound-
ary erosion operates differently across these contexts—Type 1 dynamics (heterogeneous
adaptation from cognitive distance) versus Type 3 dynamics (commodification through
simplification).

The higher-wage sample comprises occupations above the 75th percentile of 2010
median wage distribution (N=108), capturing professional work where transformation
concentrated. The lower-wage sample comprises occupations below this threshold (N=324).
We use the 75th percentile cutoff because transformation concentrated in upper wage
tiers (Table 2), providing clean separation between contexts. We estimate the following
specification separately for each sample:

(6) Yi = β0+β1·1{SEMi > α}+β2·(−∆Ranki)+β3·[1{SEMi > α}×(−∆Ranki)]+β4Xi+εi

where Yi is occupation i’s wage outcome,3 1{SEMi > α} indicates occupations above the
skill evolution threshold α identified by Jenks natural breaks,4 and−∆Ranki measures
declining distinctiveness (positive values indicate convergence toward other occupations’
skill profiles).5 The coefficient β3 captures how declining distinctiveness affects wages

3We estimate four specifications with different dependent variables: (1) P75 wage growth= (Wage75,2018 −
Wage75,2010)/Wage75,2010, (2) P50 wage growth, (3) P25 wage growth, and (4) wage spread change= P75 growth
− P25 growth.

4The Jenks algorithm partitions the SEM distribution to minimize within-group variance, identifying a
natural threshold separating substantial fromminimal skill change occupations.

5∆Ranki is the percentile rank change in the NSI distribution from 2010 to 2018, where NSI (Nearest
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differently depending on the magnitude of skill change. The vector Xi includes employ-
ment growth and log median wage in 2010 as controls. For lower-wage occupations, we
use 1{SEMi ≤ α} to identify occupations with minimal skill change. Both specifications
use robust standard errors (HC1).

TABLE 5. Within-Occupation Wage Dynamics in Higher-Wage Occupations

(1) (2) (3) (4)

P75
Growth

P50
Growth

P25
Growth

Spread
Change

1{SEM > α} 0.0188 0.0165 0.0124 0.0064
(0.0140) (0.0133) (0.0131) (0.0111)

−∆Rank −0.0259 −0.0083 0.0174 −0.0434**
(0.0270) (0.0308) (0.0234) (0.0218)

1{SEM > α} × (−∆Rank) 0.0463 0.0160 −0.0017 0.0480*
(0.0298) (0.0332) (0.0291) (0.0257)

Employment Growth −0.0534*** −0.0469** −0.0138 −0.0396*
(0.0205) (0.0225) (0.0300) (0.0223)

Log(Median Wage 2010) 0.0140 0.0324 0.0036 0.0104
(0.0315) (0.0279) (0.0293) (0.0267)

Constant −0.023 −0.236 0.086 −0.109
(0.352) (0.311) (0.327) (0.298)

N 108 108 108 108
R2 0.106 0.088 0.021 0.095
Note: OLS with robust standard errors. Sample: occupations above 75th percentile of 2010 median wages.
Spread Change =∆(P75−P25). 1{SEM > α} indicates occupations above the Jenks threshold for skill evolution
magnitude.−∆Rank measures declining occupational distinctiveness (positive values = convergence toward
other occupations). * p < 0.10, ** p < 0.05, *** p < 0.01.

Table 5 examines higher-wage occupations. Focus on the final column (Spread Change).
The interaction term 1{SEM > α} × (−∆Rank) shows a coefficient of +0.048 (SE=0.026,
p = 0.061). Among occupations experiencing substantial skill change, those whose skill
requirements became less distinct from other occupations saw wage spreads widen 4.8
percentage points more than occupations whose distinctiveness remained stable. This
compares occupations with similar amounts of skill change but different patterns: some
converged toward capabilities used in other professions, others evolved within their
specialized domains.

The wage separation concentrates at the top. High earners (75th percentile) in occupa-
tions with declining distinctiveness saw wages grow 4.6 percentage points faster, while
low earners (25th percentile) saw essentially no difference (−0.2pp). The top pulled away

neighbor Similarity Index) measures euclidean distance to the closest occupation in embedded skill space.
Multiplying by−1 makes positive values correspond to declining distinctiveness.
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TABLE 6. Within-Occupation Wage Dynamics in Lower-Wage Occupations

(1) (2) (3) (4)

P75
Growth

P50
Growth

P25
Growth

Spread
Change

1{SEM ≤ α} −0.0077 −0.0018 0.0048 −0.0125*
(0.0092) (0.0106) (0.0088) (0.0073)

−∆Rank 0.0307 0.0170 0.0050 0.0258*
(0.0232) (0.0203) (0.0202) (0.0150)

1{SEM ≤ α} × (−∆Rank) −0.0304 −0.0121 0.0117 −0.0422**
(0.0249) (0.0221) (0.0227) (0.0172)

Employment Growth −0.0198** −0.0302** −0.0258*** 0.0060
(0.0077) (0.0120) (0.0061) (0.0049)

Log(Median Wage 2010) −0.0459*** −0.0540*** −0.0585*** 0.0126
(0.0102) (0.0083) (0.0092) (0.0104)

Constant 0.686*** 0.794*** 0.851*** −0.165
(0.108) (0.091) (0.099) (0.110)

N 324 324 324 324
R2 0.086 0.130 0.138 0.034
Note: OLS with robust standard errors. Sample: occupations at or below 75th percentile of 2010 median wages.
Spread Change =∆(P75−P25). 1{SEM ≤ α} indicates occupations below the Jenks threshold for skill evolution
magnitude.−∆Rank measures declining occupational distinctiveness (positive values = convergence toward
other occupations). * p < 0.10, ** p < 0.05, *** p < 0.01.

from the bottom, creating the spread widening we observe.
Declining distinctiveness reveals what kind of skill change occurred. These occupa-

tions converged toward analytical and computational capabilities used across professional
domains—skills that conflict with traditional expertise rather than building on it. Inte-
grating quantitative modeling, data analysis, or algorithmic reasoning into professions
built on relationship-based judgment or experiential knowledge creates cognitive dis-
tance. Some workers successfully acquired these cross-domain capabilities, developing
expertise valuable beyond their original occupation. Others maintained traditional ap-
proaches. This uneven adaptation generated internal scarcity: only a subset mastered the
new analytical skills employers increasingly valued, commanding wage premiums. In
contrast, occupations maintaining stable distinctiveness experienced similar skill change
magnitudes but through domain-specific tools that scaffolded onto existing expertise,
enabling more uniform adaptation.

Table 6 examines lower-wage occupations. The interaction term 1{SEM ≤ α} ×
(−∆Rank) shows a coefficient of −0.042 (SE=0.017, p = 0.014). Among occupations ex-
periencing no striking skill change, those whose skill requirements became less distinct
from other occupations saw wage spreads compress 4.2 percentage points more than
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occupations whose distinctiveness remained stable. This compares occupations with
similar amounts of skill change but different boundary dynamics.

The compression concentrates at the top.High earners (75th percentile) in occupations
with declining distinctiveness saw wages grow 3.0 percentage points slower, while low
earners (25th percentile) saw essentially no difference (+1.2pp). The top compressed
toward the bottom, narrowing the wage distribution.

Declining distinctiveness without substantial skill change signals erosion of special-
ized requirements rather than adoption of new capabilities. The convergence toward less
distinct skill profiles indicates that occupation-specific expertise became less valuable.
This eroded the knowledge barriers that previously protectedworkers with experience and
specialized procedural knowledge, compressing returns to occupation-specific human
capital. High earners who commanded premiums for occupation-specific expertise saw
those advantages diminish as distinctiveness declined, while low earners—whose com-
pensation never relied heavily on specialized knowledge—experienced minimal change.

The key validation comes from opposite effects of similar distinctiveness decline.
Among high-wage occupations with substantial skill change, declining distinctiveness
associates with 4.8 percentage point wage spread widening (p = 0.061). Among low-
wage occupations with no striking skill change, similar magnitude distinctiveness decline
associates with 4.2 percentage point compression (p = 0.014). The same geometric pat-
tern—falling distinctiveness—produces large effects in opposite directions depending
on transformation context and the relationship between new requirements and existing
expertise.

This validates that our geometricmeasurement framework successfully identifies qual-
itatively distinct processes—skill change requiring integration of cognitively distant capa-
bilities creating high-variance acquisition costs and internal scarcity, versus simplification
eliminating protective knowledge barriers. The mechanismmatters: declining distinctive-
ness signals entirely different worker pressures depending on whether it accompanies
substantial skill change or minimal change, and whether baseline occupation-specific
human capital is high or low.

The results prove robust to alternative specifications. Using a 70th percentile cutoff
(N=130 higher-wage, N=302 lower-wage) yields consistent patterns: 4.7 percentage point
widening for higher-wage occupations (p = 0.041) and 3.9 percentage point compression
for lower-wage occupations (p = 0.020). The qualitative pattern—opposite effects of
declining distinctiveness across transformation contexts—persists across specifications,
confirming results capture genuine processes rather than artifacts of particular sample
definitions.
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5.4. Contributions and Limitations

Direct measurement using job posting embeddings reveals structured heterogeneity with
clear economic significance. We provide systematic observation of how employer skill
demands evolved across 514 occupations during 2010–2018, with labor market validation
across 432 occupations representing 72% of U.S. employment.

The measurement infrastructure reveals that occupational transformation operates
through qualitatively distinct mechanisms linked to acquisition cost structures. Cogni-
tively distant capabilities create high-variance acquisition costs generating heterogeneous
adaptation and wage separation through internal scarcity. Scaffolded capabilities create
uniform acquisition costs enabling collective upgrading and maintaining stable wage
structures. Technological simplification eliminates specialized knowledge, producing
commodification and wage compression. These processes are validated through opposite
wage dispersion effects from similar boundary characteristics.

These findings carry limitations inherent to occupation-level analysis. We cannot
observe individual worker trajectories, distinguish selection from adaptation, or identify
firm-specific strategies. The patterns provide strong evidence for qualitatively distinct pro-
cesseswhile leavingmicro-mechanisms for investigation usingworker-level and firm-level
data. Our contribution is demonstrating that comprehensive skill evolution measurement
is feasible at economy-wide scale, that distinct mechanisms explain diverse patterns,
and that the measurement apparatus successfully identifies occupations experiencing
qualitatively different technological processes with different consequences for workers.

6. Conclusion

When technology reshapes skill demands, the nature of required capabilities varies fun-
damentally. Some new requirements prove cognitively distant from occupational exper-
tise—demanding integration of conflicting paradigms about how to approachwork. Others
scaffold onto existing knowledge—extending capabilities within established professional
frameworks. Still others represent simplification rather than enhancement—technology
eliminating specialized knowledge requirements altogether. These differences create qual-
itatively distinct pressures for incumbent workers attempting to adapt. We identify three
systematic processes through which skill change operates during technological transfor-
mation and validate that these processes generate divergent wage patterns, demonstrating
they represent genuine mechanisms rather than taxonomic convenience.

The framework emerges frommeasuring skill evolution relationally across 514 occu-
pations. We developed aligned embedding spaces from 191,919 job postings capturing
employer requirements in 2010 and 2018, enabling observation of how occupations reposi-
tioned in skill space. Combining transformationmagnitude with distinctiveness dynamics
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reveals geometric signatures diagnostic of underlying skill content.
Our approach represents measurement-first discovery. We build infrastructure to

observe skill transformation independently of labor market outcomes, identify system-
atic geometric patterns in how 514 occupations evolved, develop economic interpreta-
tions grounded in acquisition cost theory, and validate interpretations through wage
dynamics. This arc—independent measurement enabling discovery and validated in-
terpretation—demonstrates that comprehensive skill evolution analysis is feasible at
economy-wide scale and reveals structured heterogeneity invisible in exposure-based
approaches.

Three distinct processes emerge. Type 1 features high transformation alongside erod-
ing distinctiveness—occupations converged toward capabilities valued across professional
contexts, creating adoption challenges from cognitive distance between new requirements
and existing expertise. Type 2 shows comparable transformation magnitudes but stable
distinctiveness—new capabilities remained embedded within occupational domains, en-
abling scaffolded learning. Type 3 involves minimal transformation despite distinctive-
ness erosion—technology simplified rather than enhanced requirements, eliminating
protective specialized knowledge. The critical insight: transformation operates through
qualitatively distinctmechanisms, not scalar shifts. Technology doesn’t uniformly increase
or decrease skill requirements—it transforms them in fundamentally different ways. Ca-
pabilities can conflict with existing expertise (cognitive distance), build cumulatively on
domain knowledge (scaffolded learning), or eliminate specialized requirements (simplifi-
cation). Whether skills became less occupationally distinct tells us nothing about internal
dynamics among workers without knowing what kinds of capabilities changed and their
relationship to existing expertise. The qualitative nature of transformation—how new re-
quirements relate to existing expertise—determines worker outcomes, not transformation
magnitude alone.

The empirical validation confirms these represent economicallymeaningful processes.
Distinctiveness decline in Type 1 contexts—high transformation toward cross-domain
analytical capabilities—associates with 4.8 percentage point wage spread widening, while
distinctiveness decline in Type 3 contexts—minimal transformation toward generic ser-
vice work—associates with 4.2 percentage point compression. Validation comes from
prediction-outcome alignment. The diagnostic framework—combining wage level, trans-
formation magnitude, boundary dynamics, and neighbor identity—classifies occupations
by mechanism type. Each mechanism generates distinct predictions: cognitive distance
predicts widening through heterogeneous acquisition costs, scaffolded learning predicts
stability through uniform costs, simplification predicts compression through eroded
premiums. All three predictionsmaterialize as expected, confirming the diagnostic frame-
work successfully identifies which transformation process operated in each occupation.
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Effects concentrate at the 75th percentile where theory predicts—internal scarcity gen-
erating premiums in one case, experience premiums eroding in the other. This pattern
replicates across specifications andproves economically substantial, affecting occupations
employing millions of workers. The mechanisms require continued investigation—our
occupation-level analysis establishes systematic processes operate, but understanding
individual trajectories, firm strategies, and temporal dynamics demands further study.
We demonstrate these patterns link to wage dispersion through economically reasoned
mechanisms generating predictions empirical evidence validates, not merely statistical
associations between technological change and compensation.

These findings have implications for howpolicy approaches technological change. Skill
building occurs throughmultiple channels—firm investments, public subsidies, individual
worker decisions—and uniform policies assuming homogeneous technological pressure
will be inefficient. Our diagnostic framework reveals distinct adaptation challenges: some
occupations require incumbent workers to acquire capabilities within their roles, and for
some (cognitive distance) this proves more challenging than others (scaffolded learning).
Other occupations (simplification) may benefit more from policies enabling pathways to
roles with better prospects than from retraining in eroded capabilities. The contribution is
diagnostic not prescriptive—we identify which occupations facewhich pressures, enabling
future work to evaluate targeted interventions rather than assuming uniform skill-biased
technical change.

This measurement infrastructure enables research previously infeasible. Researchers
can identify which occupations experienced which mechanism, enabling studies evaluat-
ingwhether different policy approacheswork for different transformation types. Firms can
assess whether their workforce faces adaptation challenges requiring within-occupation
skill building or whether mobility pathways might better serve workers. The framework
provides diagnostic capacity—identifying which pressures workers face—that future work
can use to evaluate intervention effectiveness rather than assuming technological change
operates uniformly.

Fundamental questions about skill evolution lack systematic empirical investigation.
Do skill transformations diffuse geographically, radiating from innovation centers, or
emerge simultaneously? When do processes accelerate—gradually or through discrete
shifts? How do industry contexts shape adaptation patterns—manufacturing versus ser-
vices, regulated versus unregulated sectors? Do institutional arrangements mediate which
mechanisms dominate—labor protections, educational systems, employment regulations?
Howdo transformations varywithin occupational hierarchies—senior versus junior practi-
tioners, specialists versus generalists? Rich longitudinal data capturing skill requirements
exist across countries, time periods, and contexts yet remain underutilized for study-
ing these dynamics. Job postings, resumes, training records, professional certifications
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combined with advancing methods for extracting semantic structure from text enable
investigating skill evolution at economy-wide scale. Our analysis demonstrates this re-
search direction proves productive, revealing patterns invisible to static task taxonomies
or exposure-based approaches. The field would benefit frommore systematic empirical
investigation of skill change dynamics using rich observational data.

Understanding how technological transformation affects workers requires diagnos-
ing what types of skill changes occur in specific contexts—whether capabilities prove
cognitively distant or scaffolded, requirements enhanced or simplified, tasks divisible or
indivisible. Three qualitatively distinct processes create systematically different adapta-
tion pressures. The diagnostic framework we developed identifies which process operates
through geometric signatures in how skill requirements evolve relationally, validated
across 432 occupations representing 72% of the U.S. workforce. This enables mechanism-
specific understanding rather than uniform treatment of technological change. Rich
representations from large-scale empirical data provide foundation for systematic study
of skill evolution as economies transform.
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Appendix A: Technical Implementation Details

A.1. Data Processing and Corpus Construction

Quality assessment algorithms evaluate postings using semantic coherencemetrics, gram-
matical structure analysis, and content relevance scoring. Specific filtering criteria in-
clude:
• text length bounds (50–5,000 words),
• quality score thresholds (minimum 4.0 on a 7-point scale), and
• duplicate detection using both exact string matching and cosine similarity thresholds.
Stratified sampling employs quality-weighted selection when occupations exceed 200

postings, with sampling probabilities proportional to quality scores and inverse docu-
ment frequency (IDF) weights to ensure representative coverage across firm types and
geographic regions.

The semantic coherence evaluation uses automated linguistic analysis to identify
postings with clear job descriptions, coherent skill requirements, andminimal formatting
errors. Grammatical structure analysis employs syntactic parsing to ensure postings
contain complete sentences and logical organization of requirements. Content relevance
scoring validates that postings contain substantive skill and qualification information
rather than purely administrative or legal text.

Duplicate detection operates at two levels: exact string matching identifies identical
postings across different sources or timeperiods,while semantic similarity detection using
cosine similarity thresholds (> 0.95) identifies near-duplicates with minor variations in
wording or formatting. The stratified sampling algorithm ensures balanced representation
across firm sizes, geographic regions, and industry sectors when occupations exceed the
200-posting threshold.

A.2. Model Architecture and Training Details

The two-phase training process begins with a warm-up stage using mean squared error
(MSE) loss for 2 epochs at learning rate η = 1× 10−4, training only AttnNet parameters
against pre-computed occupation centroids. This initialization ensures attention weights
begin frommeaningful baselines rather than random values.

Formally, the MSE loss is defined as:

(A.1) LMSE =
1
N

N∑
i=1

∥∥∥ĥi − ci
∥∥∥2 ,

where ĥi denotes the predicted representation of occupation i and ci is the corresponding
centroid.
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The main contrastive training employs triplet margin loss with margin α = 0.5 for
25 epochs at learning rate η = 3 × 10−5, with batch size 32 triplets and weight decay
λ = 1× 10−5, using the Adam optimizer with default momentum parameters. The triplet
loss is given by:

(A.2) Ltriplet =
1
M

M∑
j=1

max
(
0, ∥haj − hpj ∥

2 − ∥haj − hnj ∥
2 + α

)
,

where each triplet consists of an anchor vector haj , a positive vector h
p
j (same occupation),

and a negative vector hnj (different but related occupation).
Padding and masking implementation uses zero-vector padding for occupations with

fewer than 32 postings, with binary masks ensuring padded positions receive attention
logits of −1 × 109 before softmax normalization, effectively zeroing their contribution.
CompressNet skip connections add the direct linear projection (1024→ 128) to the main
pathway output using element-wise addition. Both AttnNet and CompressNet components
use Xavier initialization for linear layers, with bias terms initialized to zero.

Training convergence monitoring tracks triplet loss reduction, attention weight en-
tropy (ensuring attention does not collapse to single postings), and validation performance
on held-out occupation pairs. Early stopping employs a patience of 5 epochs if validation
loss stops improving.

Appendix B: Anchor Occupation Selection andMethodology

B.1. Selection Criteria and Conceptual Categories

We selected anchor occupations based on three criteria designed to identify occupations
with inherently stable skill requirements: (1) licensing requirements that legally constrain
skill evolution, (2) specialized training programs that create stable professional bound-
aries, and (3) fundamental service needs that remain consistent despite technological
change.

Our 21 verified anchors span five conceptual categories:
• Healthcare Practitioners: Dentists (29-1021), Pharmacists (29-1051), Physical Thera-
pists (29-1123), Veterinarians (29-1131), Speech-Language Pathologists (29-1127).

• Skilled Trades: Electricians (47-2111), Plumbers, Pipefitters, and Steamfitters (47-2152),
Carpenters (47-2031), HVACMechanics (49-9021), Brickmasons and Blockmasons (47-
2021).

• Protective and Civil Services: Police and Sheriff’s Patrol Officers (33-3051), Firefighters
(33-2011), Elementary School Teachers (25-2021), Postal Service Clerks (43-5051).

• Transportation: Heavy and Tractor-Trailer Truck Drivers (53-3032), Airline Pilots,
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Copilots, and Flight Engineers (53-2011), Railroad Conductors and Yardmasters (53-
4031).

• Human and Personal Services: Hairdressers, Hairstylists, and Cosmetologists (39-
5012), Chefs and Head Cooks (35-1011), Medical Assistants (31-9092), Security Guards
(33-9032).

B.2. Verification Process and Data Quality

From 23 candidate anchors, verification confirmed that 21 appeared in both 2010 and 2018
datasets with sufficient data quality for reliable prototype generation. Two candidates
(Dental Hygienists, 29-2021; Postal Service Mail Carriers, 43-5052) were excluded due to
insufficient representation in one or both periods.

The verification process required each anchor occupation to have at least 50 high-
quality postings per year and quality scores above the dataset median. The final anchor
set represents approximately 4% of our total sample (21 of 514 occupations), providing
sufficient constraint for alignment without over-determining the transformation. This
proportion follows established practices in computer vision and signal processing for
landmark-based registration, where 3–5% of features typically serve as reliable anchors.

B.3. Mathematical Implementation of Alignment

Orthogonal Procrustes analysis minimizes the objective function:

(B.1) Q∗ = argmin
Q

∥XQ− Y∥2F subject to Q⊤Q = I,

where X,Y ∈ R21×128 represent the matrices of anchor occupation prototypes from 2010
and 2018, respectively, and Q is the orthogonal transformation matrix.

The solution computes the singular value decomposition

X⊤Y = UΣV⊤,

and constructs
Q = VU⊤,

ensuring det(Q) = 1 for proper rotation without reflection.
The algorithm centers both point clouds at their centroids before computing the trans-

formation, then applies the same translation to all occupations. This ensures the alignment
preserves both the relative positions and the absolute positioning of the occupational
clusters.
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B.4. Alignment Implementation and Validation

The Procrustes alignment process operates on the 21 verified anchor occupations, com-
puting the optimal orthogonal transformation matrix Q∗ to minimize distances between
corresponding anchor prototypes across 2010 and 2018. Implementation uses singular
value decomposition to ensure the transformation preserves distances and angles within
the 2018 space while reorienting it to match the 2010 coordinate system.

Alignment validation employs distance-based metrics to confirm successful transfor-
mation. The disparity between anchor sets after alignment is 0.4946, indicating the root
mean square distance between corresponding anchor pairs in the aligned space. More
critically, the average distance between anchor pairs before alignment (1.1663) reduces
substantially to 0.2120 after standardization and alignment, representing an 82% reduction
in anchor disparity.

This dramatic reduction in distances between theoretically stable occupations pro-
vides strong evidence that the linear alignment assumption is appropriate and that the
transformation captures genuine occupational correspondences rather than arbitrary
coordinate matching.

The successful alignment enables reliable temporal comparison by establishing a com-
mon coordinate system where changes in occupational positions represent genuine skill
requirement transformations rather than methodological artifacts. All 514 occupations
in the 2018 dataset are transformed using the same rotation matrix computed from the
anchor occupations, preserving the internal geometric structure of the 2018 skill space
while making it directly comparable to the 2010 reference frame.
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